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Abstract

Tumor ploidy is increasingly recognized as a determinant of therapeutic response, but the mechanisms by which ploidy
shapes sensitivity to specific cytotoxic agents remain unclear. Here, we investigated the relationship between ploidy and
gemcitabine response using pharmacogenomic reanalysis, isogenic cancer cell systems, live-cell imaging, intracellular pharma-
cokinetic/pharmacodynamic (PKPD) measurements, and mathematical modeling. Across public pharmacogenomic datasets,
gemcitabine emerged as a low-ploidy-selective cytotoxic agent. In matched isogenic low- and high-ploidy cell systems,
higher-ploidy cells were consistently less sensitive to gemcitabine across multiple lineages. Focused live-cell imaging and
PKPD measurements in near-diploid and near-tetraploid SUM-159 cells showed that both states formed intracellular dFdCTP,
but high-ploidy cells exhibited weaker and slower treatment responses, with delayed accumulation of cell death. To quantify
these differences, we developed a delay-aware live/dead model driven by intracellular dFdCTP exposure. The best-fit model
identified both reduced effective gemcitabine potency and a substantially longer delay from intracellular drug action to observed
death in high-ploidy cells. Specifically, the inferred mean delay was approximately 17.5 hours in near-diploid cells versus
42.5 hours in near-tetraploid cells. The model also supported a thresholded, nonlinear, and ploidy-dependent mapping from
administered gemcitabine dose to effective intracellular drug action. Together, these results establish ploidy as a determinant of
both the magnitude and timing of gemcitabine response and provide a quantitative framework for linking intracellular drug
exposure to delayed cytotoxic outcomes across ploidy states.
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Introduction
Whole-genome doubling (WGD) can buffer the fitness costs of chromosome missegregation. Emerging evidence indicates

that WGD-positive cancer cells tolerate loss-of-heterozygosity events better than near-diploid cells [1], a principle supported by
subsequent computational and experimental analyses of ploidy-dependent copy-number fitness landscapes [1, 2]. Conversely,
lower-ploidy cells have less copy-number redundancy, so the same chromosome-loss event is more likely to create a lethal dosage
imbalance, p53-dependent arrest, or death in the subsequent G1 phase [3–6]. Consistent with this model, our ALFA-K framework,
which infers karyotype fitness landscapes from longitudinal single-cell chromosome-count data, showed that regions near the
diploid state are more rugged than regions near the tetraploid state [7]. We recently extended this concept into a mechanistic
modeling framework by introducing a ploidy-dependent post-missegregation survival function. When this function was inferred
by jointly fitting longitudinal tumor-burden trajectories and terminal single-cell chromosome-number distributions from in vitro
and in vivo studies, the model’s ability to recapitulate both datasets was highly sensitive to the form of the survival function [?].
Together, these findings suggest that ploidy is a quantitative determinant of whether chromosome-segregation errors are lethal,
tolerated, or converted into heritable karyotypic variation.

Many anticancer drugs elevate chromosome missegregation either directly, by disrupting mitosis, or indirectly, by generating
replication and DNA-damage lesions that persist into mitosis. A ploidy-dependent survival framework predicts that near-diploid
cells should be particularly vulnerable to CIN-inducing therapies, because missegregation events, especially chromosome-loss
events, impose larger immediate fitness costs before genome doubling. Consistent with this prediction, analysis of breast cancer
cell-line drug responses identified multiple mitotic spindle poisons, including paclitaxel, vinblastine, and vinorelbine, among the
strongest ploidy-associated agents [8]. Surprisingly, gemcitabine showed the strongest association with ploidy in this analysis.
Although gemcitabine is classically viewed as an S-phase antimetabolite, an independent human artificial chromosome loss assay
showed that it is also a potent inducer of chromosome loss, ranking among the highest CIN-inducing drugs tested and increasing
chromosome loss by approximately 35–45-fold [9]. Independent drug-sensitivity studies have also identified gemcitabine as a
low-ploidy-selective compound [10]. These observations nominate gemcitabine as an unexpected but compelling candidate for
testing whether ploidy modifies chemotherapy response.

Gemcitabine acts as a nucleoside analogue that inhibits ribonucleotide reductase, depletes dNTP pools, and induces severe
DNA replication stress. Even mild replication stress can increase lagging DNA, most lagging-DNA lesions form micronuclei,
and roughly half of lagging-DNA-derived micronuclei can contain whole or near-whole chromosomes [11]. High or sustained
gemcitabine exposures can produce persistent S-phase arrest associated with cell killing, whereas lower or clinically relevant
pulse exposures may allow cells to survive the initial S-phase insult, undergo prolonged S/G2 delay, and only later either recover
or progress toward lethal downstream fates [12]. Thus, gemcitabine provides a clinically relevant setting in which replication
stress can be coupled to later chromosome-segregation defects.

Several well-established mechanisms of gemcitabine resistance reduce either the formation or the lethality of replication stress.
Upstream pharmacologic mechanisms include reduced intracellular drug exposure or activation, through low hENT1/SLC29A1
or low dCK [13–15]; increased drug inactivation or dephosphorylation, through CDA or NT5C1A [16, 17]; and on-target
metabolic rescue through upregulation of RRM1/RRM2, which restores dNTP availability and blunts gemcitabine-induced
fork collapse [18–20]. In parallel, resistant cells can tolerate replication stress through stronger checkpoint and fork-protection
programs, including ATR/CHK1/WEE1-, NEK9-, or CK2-dependent buffering, thereby delaying or preventing conversion of
S-phase damage into lethal mitosis [21–24]. However, these canonical mechanisms primarily explain variation in intracellular
drug burden, fork collapse, and checkpoint control. Whether baseline ploidy itself modifies gemcitabine response remains less
well understood.

Here, we test whether ploidy state predicts gemcitabine sensitivity across isogenic cancer cell systems. We combine
ploidy-shifted cancer cell models, gemcitabine response measurements, chromosome-segregation phenotyping, and mathematical
modeling to determine whether differences in chromosome-number state are associated with altered vulnerability to gemcitabine-
induced cytotoxicity.
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Results
Cytotoxic and signaling-directed agents show opposing ploidy associations across cancers

To identify therapeutic classes associated with ploidy-dependent drug response, we integrated GDSC drug-sensitivity measure-
ments with CellPassports ploidy estimates, classified compounds into broad functional categories, and tested for enrichment of
ploidy-associated drugs within each category (Methods ??).

Figure 1. Ploidy predicts gemcitabine response across independent pharmacogenomic datasets.
(A) Pearson correlation coefficient between ploidy of a given cell line and IC50 of that cell line is
shown for multiple drugs administered to Breast Adenocarcinoma (BRCA). Data source: "Genomics
of Drug Sensitivity in Cancer" database (GDSC) [25]). (B) Ploidy of 41 breast cancer cell lines
correlates with their response to 46 drugs. Figure taken from [8]. Data source: CCLE [26]. (C)
Independent pharmacogenomic data nominate gemcitabine as low-ploidy selective. In the NCI-60-
derived analysis of standard cancer therapies, gemcitabine showed the strongest negative correlation
between ploidy and drug sensitivity among the listed standard agents, consistent with preferential
sensitivity of lower-ploidy cells [10].

Across cancers, cytotoxic agents
were significantly enriched among com-
pounds whose IC50 increased with
ploidy in 8/24 cancer types, whereas
the opposite pattern was observed in
only one cancer type (p-value → 0.01;
Supplementary Table 1). In contrast,
signaling-targeted agents were signif-
icantly enriched among compounds
whose IC50 decreased with ploidy in
5/24 cancer types, whereas the reverse
pattern was observed in only two can-
cer types (p-value → 0.01; Supplemen-
tary Table 2). These results support a
broad but non-universal trend linking
lower ploidy to cytotoxic vulnerability
and higher ploidy to relative sensitivity
to signaling-targeted therapies.

Gemcitabine emerges as a can-
didate low-ploidy-selective cyto-
toxic agent in breast cancer

Figure 2. High-ploidy cells are Gemcitabine-resistant. (A) Across six low- versus high-ploidy isogenic pairs, the change in ploidy strongly predicts the
change in gemcitabine response (left). Right: Drug response curves and flow cytometric DNA content analysis of three representative isogenic pairs (marked
by arrows in the left plot). (B) Live-cell imaging of Gemcitabine treated near-2N and near-4N isogenic SUM-159 cells.

To move from broad drug classes
to a specific therapeutic candidate, we
next asked whether any individual cyto-
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toxic agents showed consistent ploidy-
associated response patterns across independent pharmacogenomic datasets. Gemcitabine emerged as a particularly strong
candidate in this analysis. In GDSC breast cancer cell lines, higher ploidy was associated with reduced gemcitabine sensitivity
(Fig. 1A). This relationship was further supported by independent analyses of breast cancer cell lines and standard anticancer
agents from other pharmacogenomic resources, which likewise identified gemcitabine as preferentially active in lower- ploidy
cells (Fig. 1B,C). Together, these orthogonal datasets nominate gemcitabine as a robust low-ploidy-selective cytotoxic agent and
motivated direct experimental testing in controlled isogenic systems.

Isogenic cell systems confirm that high-ploidy cells are gemcitabine-resistant

We have established a robust experimental panel consisting of four isogenic lineage-pairs derived from three cancer cell lines
(Fig. 2A). Each pair comprises a low-ploidy (range 2 - 3.5) and a high-ploidy counterpart (range 4 - 5.2). These pairs exhibit
significant genomic divergence, with ploidy differences ranging between 0.9 and 2.6 haploid genome equivalents. We ensured
isogenic lines maintained a differential chromosome number through more than 5 passages. This diverse panel allowed us to
decouple the phenotypic effects of increased ploidy from the specific method of its acquisition.

Figure 3. Gemcitabine metabolism, intracellular dFdCTP accumu-
lation, and ploidy-dependent response in SUM-159 cells. (A) Schematic
of gemcitabine (dFdC) uptake and metabolism. Extracellular dFdC enters
cells and can be phosphorylated through the deoxycytidine salvage pathway
to dFdCMP, dFdCDP, and dFdCTP, the active triphosphate metabolite that
can be incorporated into DNA. Gemcitabine metabolites can also be deami-
nated to dFdU species, and dFdCDP inhibits ribonucleotide reductase, thereby
perturbing endogenous deoxynucleotide synthesis. (B) Time-resolved mea-
surements of dFdU and dFdCTP in matched SUM-159 near-diploid (2N) and
near-tetraploid (4N) cells following gemcitabine exposure. dFdU levels were
broadly similar between 2N and 4N cells, whereas dFdCTP accumulated to
higher levels in 4N cells. (C) Representative bright-field and NLS-mCherry
images of SUM-159 2N and 4N cells treated with DMSO or gemcitabine.
Gemcitabine caused marked loss of viable/nuclear signal in 2N cells, whereas
4N cells retained more cells and nuclear signal under the same treatment
condition, consistent with relative gemcitabine resistance despite detectable
active-metabolite accumulation.

Across SNU-668, SUM-159, and MDA-MB-231 iso-
genic systems, the higher-ploidy derivatives were consis-
tently less sensitive to gemcitabine across the dose range
producing robust cytotoxicity (Fig. 2A).

To investigate the cellular basis of this ploidy-
associated resistance in greater detail, we performed high-
temporal-resolution live-cell imaging in matched near-2N
and near-4N SUM-159 cells (Fig. 2B), together with PKPD
profiling of intracellular dFdCTP in the same ploidy states.
These experiments showed that, although 4N cells accumu-
lated greater levels of dFdCTP and had similar deactivation
trajectories (Fig. 3B), they showed delayed and reduced cy-
totoxicity relative to near-2N isogenic cells (Fig. 3C). This
motivated a joint PKPD/live-dead modeling framework
to distinguish differences in intracellular drug exposure
from differences in the timing and potency of downstream
cytostatic and cytotoxic responses.

despite measurable intracellular formation of the active
metabolite in both cell states and had similar deactivation
trajectories (Fig. 3B), high-ploidy cells

Gemcitabine-induced death is delayed, with longer
inferred delay in high-ploidy cells

We first asked whether time-resolved live/dead imaging
data could be explained by a compact model in which
gemcitabine response is driven by intracellular dFdCTP ex-
posure. To this end, we developed a delay-aware live/dead
compartment model in which intracellular dFdCTP expo-
sure modulates live-cell growth immediately while feeding
a latent transit chain that converts drug-induced damage
into delayed cell death (Fig. 4A; Supplementary methods
). We fit the model jointly to alive/dead counts across gem-
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citabine doses, replicates, and ploidy states. The default model used an intracellular dFdCTP signal surface derived from the
PKPD measurements, an empirical dose-response correction consisting of a ploidy-specific power-law term and a shared Hill
gate, immediate cytostasis, delayed cytotoxicity through a transit chain, and drug-independent baseline and confluence-associated
death.

Table 1. Best-fit parameters for the default gemcitabine live/dead model.

Parameter Units Brief definition 2N 4N

r day→1 Max. proliferation rate of live cells 1.25 1.78
K cells (or live objects) Carrying capacity 25,358 20,512
ktr day→1 Transit rate governing delay from effec-

tive dFdCTP exposure to death signal
6.84 2.82

ntr dimensionless Number of transit compartments in the
linear-chain delay model

5 5

kkill day→1
(µM dFdCTP)

→1 Cytotoxic potency per unit delayed intra-
cellular drug signal

217.3 129.9

kclear day→1 Clearance/disappearance rate of ob-
served dead cells

0.152 0.062

kcyto (µM dFdCTP)
→1 Cytostatic potency controlling suppres-

sion of proliferation by intracellular drug
8041 1163

ω dimensionless Dose-scaling exponent: administered
gemcitabine –> intracellular drug signal

0.253 0.488

µbase day→1 Baseline drug-independent death hazard 0.117 0.017
µconf day→1 Confluence-associated death hazard scale 0.051 0.054

The fitted model reproduced the major features of the live and dead object trajectories across both 2N and 4N cells (Fig. ??).
In particular, the model captured the high-dose decline in live cells, the delayed accumulation of dead objects, and the qualitative
separation between low-dose, intermediate-dose, and high-dose gemcitabine responses. The best fit was obtained with ntr = 5

transit compartments across 8,780 alive/dead observations (Table 1; Supplementary Table 2).
The transit-chain component provided an empirical estimate of the delay between effective intracellular dFdCTP exposure

and observed death. For the best model, ntr = 5. The fitted transit rates were ktr,2N = 6.84 day
→1 and ktr,4N = 2.82 day

→1,
corresponding to approximate mean delays ntr/ktr of 0.73 days (↑ 17.5 hours) for 2N cells and 1.77 days (↑ 42.5 hours) for 4N
cells. Thus, although the model does not explicitly track cell-cycle states, it infers a substantially longer delay from effective
gemcitabine activity to death commitment in 4N cells.

The fitted potency parameters also differed by ploidy. The 2N cells had higher fitted drug-induced cytotoxic potency
(kkill,2N = 217.3) than 4N cells (kkill,4N = 129.9). Similarly, immediate cytostatic potency was larger in 2N cells (kcyto,2N =

8041) than in 4N cells (kcyto,4N = 1163). Together, these results indicate that the fitted model attributes the stronger gemcitabine
sensitivity of 2N cells to both stronger immediate proliferation suppression and stronger delayed death, whereas 4N cells exhibit
a slower delayed-death timescale (Fig. 4D; Table 1).

The initial PK-derived dFdCTP signal surface was insufficient by itself to align the lowest and intermediate gemcitabine doses.
The best model therefore included an empirical effective dose-response correction consisting of a ploidy-specific power-law
term and a shared Hill gate (Eq. (1)). The fitted Hill gate had EC50 = 0.0185 µM and Hill coefficient h = 2.69, placing the
inferred activation threshold in the dose range where the live/dead trajectories transition from near-control behavior to substantial
response. Overall, the fitted correction suppressed effective drug action at the lowest doses, amplified the intermediate response
range, and compressed higher doses relative to the reference dose (Table 3). Here, the ploidy-specific terms imply that 2N cells
map the same administered gemcitabine dose to a stronger effective intracellular drug-action signal than 4N cells, particularly in
the low-to-intermediate dose range. We interpret this as evidence for a thresholded, nonlinear, and ploidy-dependent mapping
from administered gemcitabine exposure to effective intracellular response.

To determine whether ploidy alters the conversion of intracellular gemcitabine exposure into downstream replication-stress
signaling, we measured checkpoint activation 24h after gemcitabine treatment in matched near-2N and near-4N SUM-159
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cells. Gemcitabine induced phosphorylation of CHK1, and to a lesser extent CHK2, at lower administered doses in 2N cells
than in 4N cells (Fig. 4E). Because CHK1 is a canonical effector of ATR-dependent replication-stress signaling, these data
indicate that low-ploidy cells activate the replication-stress/DNA-damage checkpoint at lower gemcitabine doses. Together
with intracellular dFdCTP measurements and live/dead imaging, this supports a model in which high-ploidy resistance reflects
attenuated conversion of gemcitabine exposure into checkpoint activation and delayed cytotoxicity.

Figure 4. Ploidy reshapes gemcitabine metabolism, checkpoint activation, and delayed cytotoxicity (A)
Delay-aware gemcitabine live/dead model. Extracellular gemcitabine is converted into an effective intracellular
active-drug signal (dFdCTP), which feeds a latent transit chain representing the delay between damage initiation and
observed cell death. The terminal transit compartment drives gemcitabine-induced conversion of live cells into dead
cells, while dead cells are subsequently cleared. (B) Predicted and observed live-dead dynamics of isogenic near-2N
and near-4N cells treated with Gemcitabine. Only 1 of 10 doses is shown. (C) Intracellular dFdCTP signal drivers used
for the gemcitabine live/dead model. Baseline-subtracted dFdCTP measurements and the corresponding PK-derived
signal curves are shown for 2N and 4N cells at the calibrated gemcitabine reference doses. Solid lines denote 2N
profiles and dashed lines denote 4N profiles; colors indicate administered gemcitabine dose. These ploidy-specific
dFdCTP signal surfaces provide the upstream drug exposure input used for cytostasis and delayed cytotoxicity in the
live/dead model. (D) Ploidy-associated parameter differences. Bars show log2 fold-changes comparing 4N to 2N
fitted parameter values. Negative values indicate lower fitted values in 4N cells. The 4N fit shows a lower transit rate,
corresponding to a longer inferred delay from effective dFdCTP exposure to death commitment. (E) Gemcitabine
induces stronger low-dose checkpoint activation in 2N cells. Immunoblotting shows higher phospho-CHK1, and to a
lesser extent phospho-CHK2, at lower gemcitabine doses in 2N compared with 4N cells. (F) High-ploidy cells show
milder gemcitabine-induced perturbation of dCMP abundance. At 24 hours, gemcitabine causes a larger fold-change
in deoxycytidine monophosphate levels in 2N cells, whereas 4N cells show significantly less dCMP perturbation.

To determine whether
attenuated checkpoint ac-
tivation could reflect re-
duced upstream nucleotide-
pathway perturbation rather
than only decreased check-
point sensitivity to dam-
age, we performed un-
targeted metabolomics 24
hours after gemcitabine
exposure to ask whether
low- and high-ploidy cells
differed in the upstream
metabolic consequences
of treatment, focusing
on nucleotide-pathway metabo-
lites detected in the assay.
Gemcitabine produced a
marked reduction. Gemc-
itabine produced a marked
reduction in dCMP abun-
dance in 2N cells, whereas
4N cells showed a signifi-
cantly smaller fold-change
(Fig. 4F). Because dCMP
lies in the deoxycytidine
salvage pathway that over-
laps with gemcitabine acti-
vation, this result suggests
that high-ploidy cells ex-
perience a milder pertur-
bation of deoxycytidine
nucleotide metabolism at
the same administered
dose. Together with the
lower pCHK1/pCHK2 in-
duction in 4N cells, these
data support an upstream
metabolic contribution to
the attenuated replication-
stress response in high-
ploidy cells.
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Discussion
Our results establish that ploidy is associated with both the magnitude and timing of gemcitabine response. Across public

pharmacogenomic datasets, gemcitabine repeatedly emerged as a low-ploidy-selective cytotoxic agent. In matched isogenic
systems, higher-ploidy cells were less sensitive to gemcitabine, and in the SUM-159 live/dead model this relative resistance
was associated with weaker fitted cytostatic and cytotoxic potency together with a substantially longer delay from effective
intracellular dFdCTP exposure to observed death. Thus, the current data support a parsimonious interpretation in which ploidy
reshapes gemcitabine response through altered effective drug-action mapping and delayed execution of cell death.

The immunoblotting data provide a mechanistic anchor for the model-inferred ploidy-dependent potency shift. Gemcitabine
induced stronger phosphorylation of CHK1, and to a lesser extent CHK2, at lower doses in 2N than in 4N cells, consistent
with stronger replication-stress/DNA-damage checkpoint activation in low-ploidy cells at matched administered dose. However,
checkpoint activation can be both a marker of damage and a protective response. Future time-resolved and cell-cycle-resolved
measurements will therefore be needed to determine whether 4N cells experience less initial replication stress, delayed checkpoint
activation, enhanced fork protection, or greater tolerance of damage carried into mitosis.

The metabolomics data suggest one possible upstream contribution to this phenotype. Although dNTPs were not directly
detected, gemcitabine caused a larger reduction in dCMP abundance in 2N cells, whereas 4N cells showed a smaller fold-change.
This is consistent with the possibility that high-ploidy cells better maintain cytidine/deoxycytidine nucleotide homeostasis during
gemcitabine exposure. This interpretation is also important for evaluating intracellular dFdCTP measurements: because 4N
cells are larger, greater total dFdCTP accumulation in 4N cells (Fig. 3B), need not imply greater effective drug pressure per
unit DNA, cell volume, replication fork, or competing cytidine nucleotide pool. One plausible explanation is that proliferative
high-ploidy cells that have successfully adapted to genome doubling are under selection for stronger nucleotide-homeostasis
programs, including larger baseline nucleotide reserves, enhanced de novo pyrimidine synthesis, or greater capacity to buffer
salvage-pathway perturbation. Such adaptations would be expected to support replication of a larger genome and may incidentally
reduce the effective replication-stress burden imposed by gemcitabine. However, because steady-state dCMP abundance does
not directly measure dNTP pools or nucleotide flux, future isotope-tracing and targeted dNTP/dFdCTP measurements will be
required to distinguish increased de novo synthesis from altered salvage, catabolism, nucleotide utilization, or scaling effects
related to cell size and DNA content.

A second, non-mutually exclusive interpretation is that higher-ploidy cells may also be better able to tolerate the chromosomal
consequences of replication-stress-induced missegregation. Under-replicated DNA becomes most dangerous when cells enter
mitosis before replication is complete, because unresolved loci can generate ultrafine anaphase bridges, chromatin bridges,
acentric fragments, micronuclei, and post-mitotic genome loss [27–29]. In this framework, high ploidy is not expected to be
uniquely compatible with upstream pharmacologic resistance mechanisms, which primarily reduce effective intracellular drug
burden. Instead, high ploidy is most compatible with downstream resistance mechanisms that require survival after imperfect
genome duplication, including tolerance of under-replicated DNA entering mitosis, bridge or micronucleus resolution, senescence
or PGCC-like persistence, and viable exit from abnormal mitoses [30–33]. Thus, our results support a model in which gemcitabine
resistance can arise not only by reducing the initial replication lesion, but also by increasing the probability that cells survive the
chromosomal damage produced when replication stress is carried into mitosis.

Methods
Pharmacogenomic analysis of ploidy-associated drug classes

We integrated drug-sensitivity data from GDSC [25] with cell-line ploidy estimates from CellPassports [34] . Drugs were assigned
to six functional categories using DrugBank [35] and PubChem [36] CYTOTOXIC, EPIGENETICS AND TRANSCRIPTION,
IMMUNOSUPPRESSIVE AGENTS, SIGNALING, ANTINEOPLASTIC AGENTS, and HORMONES AND ANTIHOR-
MONES. For each drug, we calculated the Pearson correlation coefficient between cell-line ploidy and IC50 across matched
cell lines. We then tested for enrichment of drug classes among compounds with strong positive or negative ploidy-response
correlations using the enrichment() function from the R package EnrichIntersect.
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Cell viability and cell death assay

Cell viability assays were carried out using the IncuCyte live-cell imaging system (Sartorius). Briefly, 2N and 4N SUM-159-
NLS-mCherry cells were plated in four replicates in 96-well plates (Falcon, Corning, New York, USA) at a density of 1000 cells
per well and treated with a 10-point 2X serial dilutions of gemcitabine within the concentration range of 0 and 800 nM. Sytox
Deep Red (S11381, ThermoFisher Scientific) nucleic acid stain was also added to monitor dead cells. Plates were then incubated
in the IncuCyte CO2 incubator for 10 days while four separate images were captured from each well every 2 hours using 10!
objective in red, infrared and phase channels. Red object count (ROC) per well was calculated as a measure of viable cells and
near-infrared object counts (NOC) per well was calculated as a measure of dead cells when the treatment was performed.

Quantification of Gemcitabine Metabolites by LC–MS/MS

SUM-159 cells were seeded and treated with vehicle or gemcitabine for the indicated time points up to 48 h. For each condition,
2 ! 106̂ cells were collected, pelleted by centrifugation at 1,000 rpm for 5 min at 4°C, washed with cold PBS, flash frozen in
liquid nitrogen, and stored at 80°C until metabolite extraction. For extraction, frozen cell pellets were resuspended in 500 µL
ice-cold methanol and vortexed vigorously. Samples were vortexed again and centrifuged at 16,000 ! g for 5 min at 4°C. A total
of 700 µL supernatant was transferred to a new 1.5-mL tube and evaporated to dryness at 37°C using a centrifugal evaporator.

Dried extracts were reconstituted in 100 µL of 10 mmol/L ammonium bicarbonate/acetonitrile [35:65, v/v]. After centrifuga-
tion at 16,000 ! g for 5 min, 70 µL of the supernatant was transferred to LC–MS vials for analysis. Quantification of gemcitabine
(dFdC), gemcitabine monophosphate (dFdCMP), gemcitabine diphosphate (dFdCDP), gemcitabine triphosphate (dFdCTP), and
the deaminated metabolite 2,2-difluorodeoxyuridine (dFdU) was performed using a Xevo TQ-S micro triple quadrupole mass
spectrometer coupled to an ACQUITY UPLC H-Class Bio system (Waters).

Two microliters of each sample were injected onto a SeQuant ZIC-pHILIC column (5 µm, 4.6 ! 150 mm; Merck Millipore)
maintained under hydrophilic interaction chromatography conditions. The flow rate was 0.5 mL/min. Mobile phase A consisted
of 10 mmol/L ammonium bicarbonate with 0.05% ammonium hydroxide, and mobile phase B consisted of acetonitrile. The
gradient was as follows: 0–5 min, linear gradient from 65% B to 40% B; 5–7 min, linear gradient to 0% B; 7–9 min, isocratic at
0% B; 9–9.1 min, linear gradient to 65% B; and 9.1–15 min, isocratic at 65% B for column re-equilibration.

Analytes were detected by multiple reaction monitoring in positive-ion mode using nitrogen as the nebulizing and desolvation
gas and argon as the collision gas. Source conditions were as follows: ion source temperature, 150°C; desolvation temperature,
550°C; desolvation gas flow, 1,200 L/h; cone gas flow, 110 L/h; and capillary voltage, 2.0 kV. Representative MRM transitions
were monitored using compound-specific cone voltages and collision energies optimized with authentic standards: dFdC, 264.1 >
112.0 (20 V, 15 eV); dFdCMP, 344.0 > 112.0 (20 V, 20 eV); dFdCDP, 424.0 > 112.0 (20 V, 25 eV); dFdCTP, 503.1 > 112.0 (20 V,
35 eV); and dFdU, 265.1 > 113.0 (20 V, 15 eV).

Metabolite abundance was quantified by calculating the peak area ratio of each analyte to its corresponding internal standard.
Calibration curves were generated using authentic metabolite standards spiked with matched internal standards and processed in
parallel with experimental samples. Metabolite levels were normalized to cell number, and dFdCTP accumulation and dFdU
formation were reported relative to time-zero controls, as indicated.

PKPD measurement of intracellular dFdCTP

To construct the intracellular drug-action input for the live/dead model, we used PKPD measurements of gemcitabine metabolites
collected for the matched 2N and 4N cell states. The live/dead model was driven by the intracellular active metabolite dFdCTP,
rather than by parent gemcitabine concentration. For each ploidy, PKPD sheets corresponding to the main-dose and low-initial-
dose gemcitabine conditions were used to define calibrated dFdCTP time courses. The main 2N and 4N PKPD sheets were
treated as 1.0 µM gemcitabine reference-dose profiles, whereas the low-initial-gemcitabine 2N and 4N sheets were treated as
0.1 µM reference-dose profiles.

PKPD dFdCTP measurements were reported in ng/mL and converted to µM-equivalent concentrations using the dFdCTP
molecular weight,

503.1 ng/nmol.
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Because
1 nmol/mL = 1 µM,

the conversion was
CdFdCTP (µM) =

CdFdCTP (ng/mL)

503.1 ng/nmol
.

The resulting dFdCTP profiles were baseline-subtracted using the first measured time point so that the model input represented
treatment-induced intracellular dFdCTP above the initial measured level.

Image analysis

Cell segmentation and classification with HALO
Cell segmentation was achieved by training a single-cell segmentation neural network in Halo-AI platform [37]. At the

beginning, a training dataset was collected by selecting a subsample of images from the data. Two main selection criteria were
considered during the image sampling. First, the training set must have representative images from both 2N and 4N cells. Second,
multiple images were sampled from different time points for each cell type 2N and 4N to ensure the capture of cell change over
time during the training process. After the selection of train set, nucleus of cells was labeled using Halo built-in labeling tools.
Finally, the training process was performed until all cells are accurately segmented. Another object classifier was trained on
the top of the cell segmentation classifier results to classify each segmented cell to either dead, alive or transitional cell. At the
beginning, cells are labeled either dead or alive by tracking the cells over the time and by observing changes in their nuclei. The
object classifier was trained iteratively until the cell were classified correctly.

Western blotting

Cells were seeded in 6-well plates at 2 ! 105̂ cells per well and treated with the indicated compounds at the indicated concentrations.
Forty-eight hours after treatment, culture medium was aspirated and cells were washed once with cold PBS. Cells were lysed
in ice-cold RIPA buffer containing 50 mmol/L Tris-HCl pH 8.0, 150 mmol/L NaCl, 1% NP-40, 0.1% SDS, and 0.5% sodium
deoxycholate, supplemented with protease and phosphatase inhibitor cocktails. Lysates were clarified by centrifugation at 14,000
! g for 10–15 min at 4°C, and protein concentrations were determined using the DC Protein Assay (Bio-Rad, 500-0111).

Equal amounts of protein were resolved by SDS-PAGE and transferred to low-fluorescence nitrocellulose membranes.
Membranes were blocked in LI-COR Intercept Blocking Buffer for 1 h at room temperature and incubated overnight at 4°C with
primary antibodies against phospho-CHK1, phospho-CHK2, and !-actin as an internal loading control. After washing with PBS-T,
membranes were incubated for 1 h at room temperature with species-appropriate IRDye 680RD- or IRDye 800CW-conjugated
secondary antibodies protected from light. Membranes were washed again with PBS-T followed by PBS and imaged using a
LI-COR Odyssey infrared imaging system.

Untargeted Metabolomics

Untargeted global metabolomics was performed on samples from SUM-159 cells via ultra-high performance liquid chromatogra-
phy/tandem mass spectroscopy methods, including: 1) acidic positive ion conditions, one chromatographically optimized for
more hydrophilic compounds, the other chromatographically optimized for more hydrophobic compounds; 2) basic negative
ion optimized conditions; and 3) negative ionization. In total 474 compounds were detected in the samples. Raw signals were
median normalized and missing values were imputed using the half minimum detected value for that compound.
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