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Understanding drug responses at the cellular level is essential
for elucidating mechanisms of action and advancing preclinical
drug development. Traditional dose-response models rely on
simplified metrics, limiting their ability to quantify parameters
like cell division, death, and transition rates between cell states.
To address these limitations, we developed Bayesian Estimation
of STochastic processes for Dose-Response (BESTDR), a frame-
work modeling cell growth and treatment response dynamics to
estimate concentration-response relationships using longitudinal
cell count data. BESTDR enables quantification of rates in
multistate systems across multiple cell lines using hierarchical
modeling to support high-throughput screening. Validation of
BESTDR with synthetic and experimental datasets demonstrates

its accuracy and robustness in estimating drug response. By
integrating mechanistic modeling of cytotoxic, cytostatic, and
other drug effects, BESTDR enhances dose-response studies,
facilitating robust drug comparisons and mechanism-specific
analyses. BESTDR offers a versatile tool for early-stage preclin-
ical research, paving the way for drug discovery and informed
experimental design.

Significance: BESTDR leverages time-course cell count data to
provide mechanistic insights into drug actions, distinguishing
cytostatic, cytotoxic, and state transitions, thus advancing dose-
response modeling crucial for preclinical research and develop-
ment of targeted therapies.

This article is part of a special series: Driving Cancer Discoveries with Computational Research, Data Science, and Machine Learning/Al

Introduction

In vitro cell culture experiments and dose-response modeling are
fundamental tools in pharmacology and early drug development (1).
These studies aim to quantify how drug concentration affects cell
growth, guiding the identification of efficacious compounds and,
when paired with molecular profiling, enabling discovery of bio-
markers for drug response (2-5).

High-throughput drug screens test a range of compounds across
panels of cell lines to prioritize candidates for further study (6-9).
Increasingly, these experiments use real-time imaging to track live
cell counts longitudinally (10, 11). These technologies support la-
beling of distinct phenotypes, such as apoptotic cell states (12),
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mutation status, epigenetic states (13, 14), and cell cycle phases (15).
These multidimensional data provide an opportunity to better un-
derstand drug responses and cell kinetics, given appropriate statis-
tical methods to incorporate multiple states and time points.

In traditional viability assays, drug response is modeled using relative
cell count fold change as a function of drug concentration and sum-
marized using statistics for efficacy (e.g., Emq) or potency (e.g., ICsq;
refs. 16, 17). Recent modeling advances addressed changes in the
concentration-response (CR) functional relationship. For example,
DrFIT accounts for nonmonophasic concentration responses that de-
viate from the standard Hill function, leading to increased flexibility via
a mixture of Hill functions accounting for multiple pathways (18).
Gaussian processes can model the relationship between concentration
and viability and account for experimental noise (19). Other studies
employ Gaussian processes (20), neural networks, and machine learn-
ing methods (21) to better account for prediction variability. These
methods still use cell counts as the response variable, which are sensitive
to assay conditions and may not reflect the mechanisms of drug action
such as cytostatic (i.e., inhibition) and cytotoxic (i.e., killing) effects (22,
23). For example, viability based on normalized cell counts cannot
capture variability introduced by factors like stochasticity in cell cycle
timing. To address these challenges, time-invariant metrics were de-
veloped that are robust to assay duration (22, 24); however, these
metrics do not differentiate between drug mechanisms of action. An-
other approach estimates the cytotoxic and cytostatic responses with a
Gaussian process for each drug response mechanism (25) but is re-
stricted to single-cell states, limiting its use for complex response
mechanisms. Although cell cycle models can reveal mechanism-specific
effects (26), they are typically bespoke and lack a general framework
linking drug concentration to dynamic rate changes.

Here, we present a novel framework, Bayesian Estimation of
STochastic processes for Dose-Response (BESTDR), for quantifying
drug effects on cell-kinetic mechanisms in culture. Using
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longitudinal cell count data across concentrations (Fig. 1A),
BESTDR models population growth as a branching process (27-29),
in which individual cells stochastically divide, die, or switch states
(Fig. 1B). Each fate occurs at a rate that can vary with drug con-
centration (Fig. 1C). From the data and model (Fig. 1A and B),
BESTDR infers CR functions for each rate (Fig. 1C) by estimating
their posterior distributions (Fig. 1D). These curves reveal mecha-
nisms of action; for example, cytostatic and cytotoxic drugs may
produce similar net growth yet differ in how they modulate division
and death rates (Fig. 1E).

BESTDR also incorporates data from multiple cell states to model
complex systems, such as cell cycle transitions or state switching
(Fig. 1F and G), enabling drug-specific response estimation across
growth, death, and transition mechanisms without added mathe-
matical complexity (Fig. 1H). It supports high-throughput screens
(HTS) via hierarchical modeling to account for variability across
experiments or cell lines. By enabling flexible modeling of complex
dynamics and handling of dataset heterogeneity, BESTDR is well
suited for diverse applications. The R package is freely available on
GitHub. In sum, BESTDR fills a gap in modeling drug effects on cell
population dynamics by linking concentration to mechanism, an
essential advance for early-phase drug development (15, 30).

Materials and Methods

Estimation of branching process parameters

The likelihood of a d-type continuous-time Markov Branching
Process (CTMBP) at time t started by N individuals at time 0 is
approximated by a d-dimensional multivariate normal distribution.
This normal likelihood is justified because, in a CTMBP with a
sufficiently large initial population, the distribution of cell counts at
any given time approximates a normal distribution according to the
Central Limit Theorem (28, 31). Given the starting individuals,
time, and structure of the branching process, the mean and variance
are numerically solved as a linear system of ordinary differential
equations (see Supplementary Appendix for additional details).
Because of the Markov property and time-homogeneity assumption,
when multiple time points exist for the same trajectory, these are
split up to act as individual samples, increasing the effective number
of samples used to estimate the parameters.

The mean and variance at some time and a given concentration
are both solved as functions of the starting number of individuals at
the previous time, the estimates for all rates at that concentration,
and the length of time between observations. As the variance is
calculated from the stochastic process rather than representing a
noise term, the variance in the data serves to help estimate addi-
tional parameters that would be unidentifiable using ordinary dif-
ferential equation (ODE)-based methods that do not account for
the variance. For example, populations with faster division and
death rates exhibit higher variance in cell counts than those with the
same net growth rate but slower rates; we leverage this variance to
distinguish these rates.

When different drug concentrations are present in the data, a CR
function fy(c) can be assumed for rate parameter 6 with parameters
01, 01, ..., 6. BESTDR estimates each of these parameters to pro-
vide an estimated CR curve for each rate parameter. The likelihood
function is updated by writing the mean and variance as functions
of drug concentration. We use the four-parameter logistic function
for modeling the CR for each rate although BESTDR is flexible to
any statistical model. For a rate parameter, 0, the four-parameter
logistic function is defined by 6, (the rate at concentration 0), 6;,
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(the rate as the concentration goes to infinity), 85 (the log-
concentration when the rate is at the midpoint of 6, and 6;,), and
0y, (the Hill coefficient or slope at 8sy). We enforce that all rates be
positive by defining d6 as the difference between min (6, 6;,¢) and
max (0o, 0 ); that is, if the function is decreasing, then we estimate
0;ns and d and define 6y = 8;,r + db. Priors are provided for each
of the four parameters of the curve from a zero-truncated normal
distribution for the 6,/ Oinf, d0, and 6h and a normal distribution for
0s0. BESTDR uses Hamiltonian Monte Carlo to estimate posterior
distributions for each parameter of each CR function. More math-
ematical details are provided in the Supplementary Appendix.

Simulation of in silico experiments

Simulations were performed using the R package estipop v0.0.1
(https://github.com/Michorlab/estipop). For each of the simula-
tions, we defined parameters representing the rates in single-dose
studies or the parameters of the curve in CR studies. When
modeling CR curves, we generated rates at each tested drug con-
centration and generated cell count trajectories according to the
underlying mechanistic process to use as data for estimation. We
include details for each of the simulations along with priors used
in the Extended Methods in the Supplementary Appendix.

Estimation of rates

Inference was performed using Stan v2.34.1 (https://mc-stan.org/)
in the R package cmdstanr v0.7.1 (https://mc-stan.org/cmdstanr/)
within our software package (32). We processed all data such that
each observation contains the cell count at the current time for each
type, the cell count for each type at the previous time, and the
difference in time. The results from our estimation are samples from
a posterior distribution that are summarized using the mean, vari-
ance, and confidence intervals (CI). Details for how to use the
software to estimate rates are provided in the vignettes in the Sup-
plementary Appendix.

Data preprocessing and analysis

Data preprocessing was performed in R v4.3.2 (RRID:
SCR_001905) using the tidyverse v2.0.0 (RRID: SCR_019186)
package for data manipulation and plotting.

HCT116 p53-VKI cell data

Lineage tracing data were downloaded and converted from lin-
eage tracing over each time point to cell counts (33). We truncated
the first 20 hours after treatment to account for the time required
for the drug to take effect. The single-dose model used our single-
dose birth-death process code for inference whereas the dose—
response model used our logistic dose-response birth—death process
code (included in the package and described in the Supplementary
Appendix).

Hierarchical model data

Cell count time-course data for the multi-cell line, multidrug
experiments were downloaded from the original database for
datasets labeled as HTS001 (https://doi.org/10.5281/zenodo.
18292966) as well as the small cell lung cancer (SCLC) dataset
HTS031  (https://doi.org/10.5281/zenodo.18292966)  provided
alongside Thunor (34). For each condition, two technical repli-
cates were performed for each cell line, dose, and drug combina-
tion over the 120 hours of the experiment. We preprocessed each
dataset such that each observation contained the drug, cell line,
dose, current and previous cell count, and time interval.
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Figure 1.

BESTDR workflow uses viable cell counting data to inform a branching process model of cell growth in order to estimate CR parameters. A, Synthetic example of
longitudinal cell counting data that are used to model the effects of drug concentration on cell growth in viable cells in which cell growth is observed in culture in
the presence of varying drug concentrations. B, Branching process models are used to represent cell state transitions of individual cells fates for which each
transition rate represents the rate of that event occurring in order to describe the population growth. A single type model describes cells that can undergo a cell
division event at rate b(c) or a death event at rate d(c). C, Transition rates can be described by a CR function parameterized by unknown parameters that
BESTDR attempts to estimate in order to estimate the function. D, BESTDR uses the model assumptions along with priors to update the normal likelihood model
for cell counts, estimating each of the parameters of the CR curve. The resulting CR curve is a posterior distribution built on the posterior parameter estimates. E,
Similar net growth curves (purple) can come from different birth and death rates that represent mechanisms of response to a drug. Cytostatic and cytotoxic
responses are represented by changes in the birth and death rates, respectively, whereas a mixed response can also arise. BESTDR is able to distinguish these
responses by estimating the separate curves. F, Cell state-specific phenotypes allow counting cells in individual states such as G; or S/G,/M, which provides more
dimensions of data to estimate specific drug effects. G, Multitype branching process models can define additional cell-specific events like cell phase transitions
or phase-specific death. H, BESTDR includes multitype methods in the same framework to estimate state-specific transition rates and further understand how
cell lines respond to drugs with respect to specific mechanisms.

Cell cycle dynamic model data chromatin structure and transcriptional regulation. For each cell type,
Cell count time-course data from in vitro experiments of cells three independent biological experiments were conducted. Counts of
treated with doxorubicin and gemcitabine at various concentrations ~ Oct4-GFP+  (reprogrammed) cells and Oct4-GFP— (non-

were downloaded from the original database (26). For each condi-  reprogrammed) cells were measured every 2 days between 0 and 4 days
tion, three technical replicates were performed, and cell counts were  in culture . We preprocessed each dataset such that each observation
recorded every 30 minutes over 96 hours. We preprocessed each  contained the cell type, current and previous cell counts, and time
dataset such that each observation contained the drug, dose, current interval.
and previous cell count, and time interval.
Cell culture experiments

Reprogramming dynamic model data HCT116 p53-VKI cells (Lahav lab, Harvard Medical School) were

Cell count time-course data were obtained from in vitro reprog-  seeded in 96-well plates and imaged using an Incucyte S3 imaging
ramming experiments comparing cells with and without the K36M  platform (RRID: SCR_023147). Cisplatin (CHEBI:27899) was added
mutation, which inhibits H3K36 methylation, significantly altering at increasing concentrations (maximum concentration of 25 umol/L

AACRJournals.org Cancer Res; 2026 OF3

920z Aseniged 9z uo isenb Aq Jpd-|8 | -GZ-Ued/0.L2€LE/L8LL-G2-NVO 2. ¥S-8000/85 | L0 1/10p/ipd-ajo1e/sa.1180ued/B10"s|euINOLIOEE//:dRY WOl papeojumo]


https://aacrjournals.org/

McDonald et al.

with a twofold increase for seven dose points: 0, 0.385 pumol/L,
0.770 pmol/L, 1.550 pmol/L, 3.125 pmol/L, 6.25 umol/L,
12.50 umol/L, and 25.0 pmol/L) 24 hours following cell seeding, and
cells were grown under these conditions for 72 hours. Cells were not
tested for Mycoplasma or authenticated before running experiments.
Multiwell plates were imaged every 4 hours over the 72-hour period
following addition of cisplatin. Dead cells were monitored using
staining for ethidium bromide. Imaging was performed using a 10X
objective to identify the total number of cells using the GFP channel
(300 ms acquisition time) and dead cells using the red fluorescent
protein channel (RFP; 400 ms acquisition time). The top-hat seg-
mentation algorithm of the Incucyte S3 software platform was used to
detect objects, including GFP+ (total cells) and GFP+ RFP+ (dead
cells). We set the parameters for the GFP+ objects at a radius 30 um
and an intensity threshold of 0.1 and filtered for objects smaller than
100 um?, whereas the parameters for the RFP+ were set at a radius of
15 um and an intensity threshold of 0.05 and filtered for objects
smaller than 30 pm?

Results

BESTDR is a statistical framework for estimation of drug
response

Standard viability assays (Fig. 1A) measure drug response by
normalizing viable cell counts at each concentration and time point
to control levels and then fitting a curve to estimate parameters like
the ICso (35, 36). However, these methods are sensitive to assay
duration and experimental noise and offer limited mechanistic in-
sights. To address these limitations, we developed BESTDR, a
framework for estimating rate-based CR relationships from viability
assay data. BESTDR models longitudinal cell counts across single or
different states using a multitype CTMBP (Fig. 1B), in which each
possible cell event (e.g., division, death, or state transition) occurs
independently, with exponentially distributed waiting times (27).
This framework captures the randomness of single-cell fate deci-
sions while supporting tractable likelihood approximations.

Each event is governed by a rate function defined by a CR curve,
parameterized by a set of variables, 6, = (6, ..., 0x) (Fig. 1C).
Using observed cell counts, X(c,t), BESTDR estimates posterior
distributions over these parameters, p(6i|c,X). In the single type
setting, this refers to p(b|c, 0, X) and p(d|c, 64, X) (Fig. 1D). Pa-
rameter estimation is performed via Hamiltonian Monte Carlo (37,
38) using a multivariate normal likelihood function that only re-
quires calculating the mean and variance (Materials and Methods;
refs. 28, 31). Importantly, variance, typically treated as noise, cap-
tures underlying transition variability, enabling estimation of ad-
ditional mechanistic parameters (Fig. 1E). Measurement error is
modeled as an additive term in the variance (Materials and
Methods; Supplementary Appendix). BESTDR provides a statisti-
cally rigorous and computationally efficient approach for estimating
mechanistic drug response from standard viability assays.

Deconvolving cytostatic and cytotoxic drug responses in silico

To validate BESTDR, we conducted in silico simulations of cell
growth and death under 12 drug concentrations. Each cell either
divides into two daughters with rate b(c) or dies with rate d(c), in
which ¢ is the drug concentration. Changes in b(c) or d(c) reflect
cytostatic and cytotoxic drug effects and can result in the same net
growth curve when the division and death rates offset each other
(Fig. 1E). BESTDR deconvolves the rate estimates separately using
the viable cell count as input; the net growth rate is defined as the
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difference between birth and death rates. To account for technical
variability, we introduced a 3% error to the observed cell counts,
representing segmentation errors between observed and true cell
counts that are similar to the accuracy of modern methods (39-41).

We simulated data by selecting parameters for the four-parameter
logistic CR curves for the birth and death rates (Supplementary
Table S1), which were used to calculate the birth and death rates at
each concentration and simulate cell counts over time (Fig. 2A).
Simulations were run for 72 hours with observations recorded every
4 hours to match standard experimental protocols. Using all time
points, we estimated the birth and death rates at each concentration
independently to assess whether BESTDR could accurately reca-
pitulate cell growth dynamics from the data. At each concentration,
the true birth and death rates fell within the 90% credible intervals
(Supplementary Fig. S1A; Supplementary Table S2). We then used
BESTDR to estimate the CR curves using all concentrations. All
parameters of the CR curves fell within the 90% credible intervals of
the posterior distributions (Supplementary Fig. S1B; Supplementary
Table S1). The largest relative errors between the true values and the
posterior means were observed for the bsy (the concentration at
which the birth rate is halfway between both asymptotes) and the
Hill coefficient for the birth rate, by, with relative errors of ap-
proximately 12.7% and 14%, respectively (Supplementary Fig. S1B;
Supplementary Table S1). Importantly, the 90% credible bands for
both the birth and death rates encompassed the true parameter
values across all concentrations (Fig. 2B). This finding demonstrates
that BESTDR can accurately estimate dynamic rates and provides
mechanism-specific insights about cell division and death beyond
net growth.

We calculated the net growth rate as the difference between the
estimated birth and death rates and compared it with the GR curve
(22) derived from the same data (Fig. 2C). The average concen-
tration at which the posterior net growth rate is 0 (NGy) is
0.251 pmol/L [90% CI, (0.226-0.275) umol/L], similar to the GR, of
0.264 pumol/L as expected as the NGy and GR, measure the same
theoretical value. Our findings indicate that BESTDR accurately
recapitulates summary statistics from in silico experiments while
offering estimates of cell growth and death rates and drug efficacy in
the original units of measurement (hour™') as opposed to a relative
response, which is unitless as in the GR.

We further constructed a scenario in which the CR may increase
by including a hormetic effect (elevated growth at low dose) in the
birth rate function, leading to an elevated growth rate at low con-
centrations (Supplementary Fig. S1C). We simulated cell growth
data for a birth-death process at 14 concentrations along these
curves for 72 hours, recording observations every 4 hours. Cell vi-
ability at 24, 48, and 72 hours shows hormesis, with normalized
counts increasing up to 1.5x the control at low concentrations
before declining (Supplementary Fig. SID). The effect becomes
more pronounced over time, highlighting that viability is not time-
invariant and that amplified hormesis may reflect subtle shifts in
underlying dynamics. We used BESTDR to estimate the birth and
death rates under a four-parameter logistic function and a Gaussian
process prior similar to bdChemo (25), cubic B-splines, and a three-
layer fully connected neural network with two heads to approximate
the CR curve (Supplementary Fig. S1E, details in Materials and
Methods and Supplementary Appendix). The four-parameter lo-
gistic function fails to capture the birth rate’s nonmonotonicity, but
the other curves within the BESTDR framework, especially the
neural network, closely approximate it. This finding demonstrates
BESTDR’s flexibility in modeling complex CR dynamics without
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Figure 2.

BESTDR estimation can deconvolve birth and death rates in viable cell counting experiments. A, Simulation of longitudinal cell counts of cells undergoing
division and death following a four-parameter CR curve at various concentrations. B, Posterior mean and 90% credible bands for the birth and death CR curves
built from the posterior distributions for the parameters that accurately recapitulate the true concentration response as shown in A. C, Comparison between the
net growth (NG; purple) and GR (orange) methods show similar predicted concentrations at which cell turnover is O based on the data in A. However, the total
efficacy is different since net growth is in hour™ units and provides a measure of the total change in cycling rate and growth rate is unitless as a measure of
relative response. D, HCT116 p53-VKI cells were seeded and grown in cell culture for 72 hours in control (white) and 12.5 umol/L cisplatin (turquoise) in 48 wells,
recording viable cell count every 4 hours in three regions per well (dataset 1). E, Live-cell lineage-tracing experiments of HCT116 p53-VKI cells (dataset 2)
recording that all cell fates have similar growth and response to cisplatin after treatment (turquoise), which is used to validate mitosis and death rates estimated
from BESTDR. F, BESTDR estimates of the average time between mitosis and death events using only cell counts (blue) were compared to the distribution-
realized mitosis and death times in the lineage-tracing data (gold), showing agreement in the distribution, with the medians (dashed lines) overlapping. G,
Normalized viability estimates of a CR and the corresponding ICso from HCT116 p53-VKI experiments at multiple concentrations. H, The birth (blue) and death
(red) response curves show that cisplatin is primarily cytotoxic with little to no effect on cycling time. I, The net growth rate (purple) CR describes the change in
cell turnover with increasing concentration. The NGsg is similar in value to the 72-hour ICsp, but the NGg is more informative as the concentration at which no net
growth occurs.

relying on parametric or mechanistic assumptions. Further experi-
ments show that BESTDR is able to distinguish between fully cy-
tostatic, cytotoxic, or mixed responses (Supplementary Appendix
Section 2).

BESTDR predicts in vitro cisplatin birth and death CR curves

To assess the performance of BESTDR with experimental data,
we compared estimates obtained from two orthogonal experimental
assays at different resolutions of data under control and treatment.

AACRJournals.org

First, we performed cell counting experiments over multiple repli-
cates, recording only cell counts representing more typical HTS
experiments for estimating drug response. Separately, we observed
mitosis and death times in single-cell live-cell lineage-tracing ex-
periments, which have higher resolution but lower throughput for a
single replicate. To obtain the first dataset, HCT116 p53-VKI cells
were treated with cisplatin and viable cell counts were recorded
every 4 hours for 72 hours, without drug and with 12.5 pmol/L
cisplatin, for multiple replicates (Materials and Methods). Cells grew
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exponentially in control and cisplatin but started undergoing apo-
ptosis approximately 20 hours after treatment initiation (Fig. 2D).
To obtain the second dataset (33, 42), HCT116 cells were cultured
without cisplatin for 2 days, followed by cisplatin treatment at
12.5 umol/L for 3 days; throughout the entire duration of the ex-
periment, each cell’s fate was tracked and recorded (Supplementary
Fig. S1F). The two datasets are comparable in terms of the total
number of viable cells at each time point, with the second dataset
providing information on cell fates that are used to validate esti-
mates obtained by BESTDR from the first dataset. We observed
doubling times of 20.3 hours in dataset 1 versus 20 hours in dataset
2 in control conditions, and similar maximum cell counts at around
16 to 20 hours after treatment before the drug effect manifested in
dataset 2, suggesting that the different methods of tracking cell
growth yield comparable results (Fig. 2D and E).

Using BESTDR, we estimated the birth and death rates from the
count data in dataset 1 and compared them with the time-to-
mitosis and time-to-death distributions from dataset 2. The esti-
mated mean time to mitosis was 17.6 hours (95% CI, 15.7-19.9)
for control cells and 40.4 hours (95% CI, 29.2-58.0) for treated
cells, which are similar to the lineage-tracing means of 15.4 and
34.0 hours, respectively (Fig. 2F). The estimated mean times to
death under cisplatin were 42.0 hours (95% CI, 32.0-64.1) for
control and 17.4 hours (95% CI, 15.0-21.4) for treated cells,
compared with 21.2 hours observed in the lineage-tracing data.
Although not all estimates fall exactly within the corresponding
ClIs, the differences are within the range expected given stochastic
variation and differences in experimental design. In particular,
lineage-tracing times are direct realizations from individual cells
and thus may reflect higher biological and measurement noise
than the model-based population-level estimates. Furthermore,
the distribution of death times in the control condition could not
be robustly estimated because of the low number of observed
death events in that setting (Fig. 2F). Overall, these comparisons
support the ability of BESTDR to recover key mechanistic features
from bulk count data.

To investigate BESTDR’s ability to estimate a CR curve, we
treated HCT116 p53-VKI cells with eight concentrations of cisplatin
and tracked viable counts for 72 hours, including the data from the
previous experiment at 0 and 12 pmol/L (Supplementary Fig. S1G).
Because of the 20-hour delay until manifestation of cisplatin’s effect,
we analyzed cell counts after 24 hours within higher concentrations
to focus on the exponential growth phase, counting cells at 44 and
64 hours (20 and 40 hours after our initial time point). We chose a
four-parameter logistic function to model the 20- and 40-hour vi-
ability curves, yielding an estimated ICso of 5.1 and 2.5 pmol/L,
respectively (Fig. 2G). The shift in ICs, underscores the limitations
of normalized viability, which depends on the experimental stop-
ping time and is not directly comparable with rate-based metrics.
BESTDR revealed that the death rate increased with concentration
over the range tested whereas the birth rate remained constant,
changing by only about 0.001 hour™" across the range. This ob-
servation suggests that cisplatin primarily induces apoptosis rather
than inhibiting cell division, with a net difference in death rate of
0.080 hour™" (Fig. 2H). This finding corroborates previous studies
(43) and the lineage-tracing data, showing similar mitotic times but
differing death rates between untreated and cisplatin-treated cells
(Supplementary Fig. SIF).

We used BESTDR to estimate the concentration at which the
net growth rate is half that of the control (NGsy) and 0 (NGy),
respectively. The NGs, was estimated as 2.26 umol/L (90% CI,

OF6 Cancer Res; 2026

2.16-2.37 pumol/L; Fig. 2I), which was comparable but lower than
the ICsy of 2.5 pmol/L (Fig. 2G), whereas the NG, was estimated as
4.44 pmol/L (90% CI, 4.28-4.60 pmol/L; Fig. 2I). By revealing that
cisplatin predominantly increases the death rate while keeping the
cell birth rate largely unaffected, BESTDR offers valuable mecha-
nistic insights into drug action.

Accounting for cell clearance in multitype models

We next investigated whether incorporating both viable and
dead cell counts improves treatment response estimation com-
pared with using viable counts alone. We analyzed in silico data
obtained in a setting in which viable cells may divide or die with
logistic CR functions, b(c) and d(c), and dead cells clear from the
population at a constant rate, k (Fig. 3A and B). Clearance
represents loss of adherence to the plate and disintegration of
apoptotic cells; in those scenarios, cells are no longer counted
and appear as a decrease in dead cell counts (44). We simulated
cell growth during treatment at 10 different concentrations,
tracking viable and dead cells with clearance set to zero
(Fig. 3C) and 0.02 hour™! (Fig. 3D) and added random noise
(Supplementary Table S3). These data were used to estimate
birth and death rates using (i) BESTDR applied to viable counts
(“Live BESTDR”), (ii) BESTDR applied to viable and dead
counts, accounting for dead cell clearance (“Live-dead
BESTDR?”), and (iii) the "Static/Toxic" GR ordinary differential
equation (ODE) model (30), which estimates rates from viable
and dead counts without clearance. When clearance was zero, all
models closely fit the true birth and death rate curves. Live
BESTDR also provided accurate estimates, with area between
the curve (ABC) values of 0.023 (birth rate) and 0.029 (death
rate) although with slightly wider credible intervals due to the
use of only viable cell data (Fig. 3E; Supplementary Table S3).
Live-dead BESTDR achieved similar fits, with ABC values of
0.005 (birth rate) and 0.001 (death rate) and 95% credible in-
tervals encompassing the true curves (Fig. 3F). The Static/Toxic
model had an ABC of 0.003 for the birth rate and 0.010 for the
death rate, indicating high accuracy (Fig. 3G). These results
suggest that live-cell counting alone is sufficient for estimating
birth and death rates when there is no dead cell clearance.

When clearance was included, live BESTDR maintained similar
levels of accuracy to the previous scenario, with ABC values of 0.025
(birth rate) and 0.028 (death rate, Fig. 3H). Live-dead BESTDR
accurately recapitulated the original rates, with ABC values of 0.002
(birth rate) and 0.005 (death rate) and the true dose-response
curves falling within the 95% credible intervals (Fig. 3I). In contrast,
the ODE model’s estimates deviated significantly from the true
values at higher concentrations and even produced negative birth
rates (Fig. 3J), with ABC values increasing to 0.126 (birth rate) and
0.128 (death rate). An ODE model that accounts for cell clearance is
practically unidentifiable and produces noisy and potentially nega-
tive estimates for the rates.

Despite a slight increase in standard error of live-only BESTDR
relative to live-dead BESTDR, all parameters in the BESTDR sim-
ulations fell within the 95% credible intervals (Supplementary Table
$3). This finding illustrates that BESTDR models can effectively
estimate birth and death rates even when dead cell clearance is
unknown, outperforming ODE models that fail to account for
clearance. These observations highlight BESTDR’s robustness and
practicality for analyzing cell growth data without the need for
additional measurements of dead cells.

CANCER RESEARCH

920z Aseniged 9z uo isenb Aq Jpd-|8 | -GZ-Ued/0.L2€LE/L8LL-G2-NVO 2. ¥S-8000/85 | L0 1/10p/ipd-ajo1e/sa.1180ued/B10"s|euINOLIOEE//:dRY WOl papeojumo]



Bayesian Quantification of Mechanism-Specific Drug Responses

A B
b(c) 0.06
5
&
E 0.04 1
Q
©
[0) Glegrance
2 0.02
X l_
d(c) @ ‘ ot o
107 100° 10 100 10
Concentration (umol/L)
Concentration
c (umol/L) D
Dead 101 Dead
10,000 1,000 132‘5 10,000 1,000
=5 1078 €
3 1,000 1001 10 5 1,000 1004
o 10718 o
3 10°2 3 100
8§ 100 10729 S 101
10”
10 U T T T 10 T T T T T T T T
0 20 40 60 0 0 20 40 60 0 20 40 60
Tme (hours) Time (hours)
E F G
0.06 Birth 0.061 0.061
Birth
— Death — - I Death
3 3 0.041 5 ]
g 0.04 § g 0.04
2 2 . 2
g 0.02 g 0.02 & 0.02+
Clearance
0.00 0.00- T T T T T T T T T T
210" 10° 10! 107°107%10™" 10° 10’ 107%1072107" 10° 10
Concentratlon (umol/L) Concentration (umol/L) Concentration (umol/L)
| ]
H ] Bith 0.06 : J 0.06
- Death fé-; 1;_)-; 0.041
3 0.04 0.04
8 s S 0.021
5 o e
g 0.02 & 0.02 Clearance S 0.001
—J\_ -0.021
0.00 T T T T T T T T T T
1021072 107°1072107" 10° 10 107%107%107" 10° 10’
Concentratlon (umoI/L) Concentration (umol/L) Concentration (umol/L)

Rate - b . d E k — Truth ---- Prediction

Figure 3.

Comparing estimation of birth and death rates using viable and dead cell counts based on simulated data. A, A model for cell growth and dead cell clearance.
Viable cells can divide or die with concentration-dependent cell division and death rate functions b(c) and d(c), respectively, whereas dead cells clear with
constant rate k independent of drug concentration. B, The CR for the birth and death rates are modeled as four-parameter logistic functions and constant
clearance. €, Simulations of trajectories from a model with birth and death rates with no clearance (k = 0 hour™") and counting both viable and dead cells show a
monotonically increasing dead cell count. D, A simulated scenario with clearance (k = 0.02 hour™) allows dead cell counts to decrease at higher concentrations
when the number of viable cells also decreases. E, Live-only BESTDR estimates and 90% credible bands of the CR curves with data in which no clearance occurs.
F, Live-dead BESTDR estimates and 90% credible bands of the CR curves with data in which no clearance occurs. G, Static-toxic GR estimates of the CR curves
with data in which no clearance occurs. H, Live-only BESTDR estimates and 90% credible bands of the CR curves with data in which the true clearance rate is
0.02 hour~". 1, Live-dead BESTDR estimates and 90% credible bands of the CR curves with data in which the true clearance rate is 0.02 hour . J, Static-toxic GR

estimates of the CR curves with data in which the true clearance rate is 0.02 hour™".
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Figure 4.

Hierarchical mechanistic CR models use data from multiple cell lines for more robust estimates. A, High-throughput drug screens collect viability data across
combinations of multiple cell lines for multiple drugs. The parameters for division and death, b(c) and d(c), respectively, that form the CR curve come from a
distribution parameterized by hyperparameters, ®. We model each cell line’s birth and death rate parameters as realizations from distributions such that there is
some similarity across cell lines of the same type. B, An individual cell line has birth and death CR curves that are realizations from a distribution of possible
curves that is built from the hyperparameters for the parameters that describe each curve. C, Longitudinal cell counts over eight breast cancer cell lines show
similar response to increasing concentration of doxorubicin, leading to similarity in overall dynamics. Each cell line is measured in two replicates at each drug
over 120 hours. D, Cell line-specific estimates of the birth, death, and net growth CR curves that are estimated simultaneously in a hierarchical model, borrowing
information across cell lines. E, Estimation of rate-specific parameters over all cell lines in each drug independently results in statistics for potency (NG7s) and
efficacy (dNG) that can be used to compare drugs based on their response while accounting for the cell line-to-cell line  (Continued on the following page.)
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Hierarchical modeling for high-throughput drug screens

We then extended the live-only BESTDR model to analyze high-
throughput drug screens involving multiple cell lines. To account
for cell line-specific diversity in drug responses, we modeled drug
response of all cell lines in a hierarchical framework, which assumes
that individual curves are related (4, 9, 17, 45). Cell growth follows a
birth—death process (Fig. 4A), but the rate parameters are realized
from shared probability distributions, reflecting common dynamics
and drug responses across cell lines and resulting in cell line-
specific curves for each rate (Fig. 4B). We applied this hierarchical
model to response data from eight breast cancer cell lines treated
with 25 drugs over concentrations ranging from 1.8 x 107> pmol/L
to 3.9 umol/L (34). Each drug was modeled with BESTDR inde-
pendently, estimating cell line-specific parameters and hyper-
parameters specifying the shared distributions.

We set out to investigate cell response to doxorubicin over
multiple cell lines with similar response using a hierarchical model
(Fig. 4C). Previous studies and the Genomics of Drug Sensitivity in
Cancer database reported a geometric mean ICs, of 0.336 umol/L
(range, 0.0098-19.6 umol/L) for doxorubicin in breast cancer cell
lines with a concentration range between 0.004 and 1.02 umol/L (2),
showing that large variability exists across cell lines in the same
tissue type. In contrast, our dataset showed an average 96-hour ICs,
of 0.018 umol/L (range, 0.004-0.024 pmol/L) using traditional
metrics. This discrepancy highlights inconsistencies when using
ICs values due to differences in experimental conditions like assay
duration and reiterates the need for methods invariant to such
variability. Additional sources for this discrepancy could be due to
large cell line-to-cell line variability, which hierarchical models
address.

As we observed continued cell growth even at the highest con-
centrations tested, we introduced two metrics to avoid extrapolation
beyond the tested concentration range. First, we defined the NG5 as
the concentration at which the growth rate is 75% of the control.
Second, dNG is the net difference in growth rate between the control
and the largest dose. We found that the average 96-hour IC,s, the
concentration at which 25% growth inhibition is observed (equiv-
alent to 75% of the control), had a mean of 9.4 x 107> pmol/L
(range, (2.2 x 107°-7.1 x 10~?). The BESTDR-determined average
NG;s across cell lines was 7.5 x 1073 pumol/L (range, (2.5 x 1073-
1.5 x 1072) and the average dNG was 0.020 hour™! (range, (0.008-
0.036); Fig. 4D). These findings demonstrate that the potency values
are similar to those from viability assays whereas efficacy is unaf-
fected by experiment duration. The BESTDR-estimated curves
(Fig. 4D) indicate that the primary response of breast cancer cell
lines to doxorubicin over the concentration range tested is an in-
crease in the death rate, whereas the birth rate remains nearly
constant, suggesting that doxorubicin’s mechanism of action is
primarily cytotoxic (46).

To illustrate how BESTDR can be used to rank drugs for further
investigation in high-throughput drug-screening experiments, we
compared the potency and efficacy of 25 drugs across multiple cell
lines. To account for cell line-specific effects, we used the NG75 and
dNG statistics as determined by BESTDR (Fig. 4E). Drugs with

Bayesian Quantification of Mechanism-Specific Drug Responses

lower NG5 values, such as panobinostat, reflect greater potency
whereas drugs with higher dNG values reflect greater efficacy. The
range of NGys estimates for the grand mean across cell lines was
5.9 x 107 (panobinostat) to 1.9 x 10> (alpelisib). We then in-
vestigated the relationship between the two statistics, NGys and
dNG, for individual drugs across cell lines based on the mean of the
hyperdistribution for each statistic, which is shared across all cell
lines (Fig. 4F). The hierarchical model allows calculation of an
average response across all cell lines by using the mean of the pa-
rameter distributions for each rate to construct CR curves (Fig. 4F).
Additionally, we examined mechanism-specific responses across cell
lines by defining the metrics B;s and dB for birth rates and D75 and
dD for death rates, which refer to the concentration at which each
rate is 75% of the control and the net difference between the control
and largest dose, respectively (Supplementary Fig. S2A and S2B).
For example, volasertib, a PLK1 inhibitor, which is known to lead to
mitotic arrest, displayed a high dB and low Bys, indicating a pri-
marily cytostatic effect by inhibiting cell division although it shows
some cytotoxicity with a D75 of around 0.1 umol/L, suggesting a
mixed response as previously reported due to increased apoptotic
activity (Supplementary Fig. S2A; refs. 47-49). In contrast, doxo-
rubicin showed a high dD and low D5, suggesting a predominantly
cytotoxic response through increased cell death (Supplementary
Fig. S2B).

To investigate the generalizability of BESTDR across HTS, we
then analyzed data from two additional studies: one involving PC9-
derived non-small cell lung cancer cell lines across 14 drugs (Sup-
plementary Fig. S2C and S2D) and another with six SCLC cell lines
across 138 agents (Supplementary Fig. S2E and S2F; refs. 34, 40, 50).
In the PC9-derived cell line dataset, we observed minimal hetero-
geneity in drug response among cell lines, likely because they
originated from the same parental cell line. The SCLC dataset
exhibited greater heterogeneity, emphasizing the utility of using the
mean response to account for variability across cell lines. Our an-
alyses demonstrate that drug response data can be effectively
summarized using scatterplots combining efficacy and potency
metrics. For instance, in the PC9 study, paclitaxel emerged as the
strongest drug when considering potency and efficacy equally,
whereas seliciclib was the weakest (Supplementary Fig. S2D). In the
SCLC dataset, most drugs clustered with low dNG and high NG5
values, indicating low efficacy and potency, but certain drugs, such
as SCH-1473759, showed potential for further investigation based
on its high potency and efficacy (Supplementary Fig. S2F).

These examples illustrate how hierarchical modeling with
BESTDR can generate robust estimates by incorporating data from
multiple experiments, even when conducted under different con-
ditions. As the results are based on cell-intrinsic properties inde-
pendent of experimental conditions, BESTDR provides consistent
and reliable insights for drug ranking and selection in HTS.

Estimating transition rates between cell states across drugs
As many drugs target specific cell states or cycle phases, we next

evaluated BESTDR’s ability to estimate mechanism-specific drug re-

sponses in multistate systems. We used a simplified cell cycle model

(Continued.) variability. Drugs are ranked by the population mean across cell lines (black point) for that statistic and each cell line’s statistic shows the between
cell line variability in response, which will affect prediction of new cell line responses. Because of variability between cell lines, we include the median for each
drug (+). F, Scatterplot of the average NG7s and dNG to show the drugs with the greatest response in the top left corner. Drugs previously discussed or having a

high or low combination of potency and efficacy are labeled.
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Figure 5.

Extending our framework to the cell cycle model allows us to capture the effects of different drugs on transition rates between cell cycle phases. A, Diagram of
the cell cycle model. Here, we consider the G; phase (blue) and the combined S-G,-M phase (red). With ¢ representing drug concentration, we define the
transition rates from G; to S/G,/M and vice versa as u;(c) and u;(c), respectively, and the death rates for cells in the G; and S-G,-M phases as d;(c) and d5(c),
respectively. B, Synthetic data (light-colored lines) and deterministic estimates (dark-colored lines) obtained by simulating the cell cycle model under a single
concentration, using as parameter values the mean of the estimated parameters. C, Posterior distributions of the estimated parameters. The black solid line
indicates the parameter values used to generate the synthetic data. D, Synthetic data (light-colored lines) and deterministic trajectories (dark-colored lines)
obtained by simulating the cell cycle model at multiple concentrations, using as parameter values the mean of the estimated parameters. E, Estimated
parameters for the multiple-dose case using synthetic data using eight different concentration values. Parameter values (Continued on the following page.)
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distinguishing G; and S-G,-M phases, based on a human DNA
helicase B cell cycle reporter (26). We defined the G; to S-G,-M
transition rate as u; (c), the reverse as u,(c), and the death rates in G,
and S/G,/M as d; (c) and d,(c), respectively (Fig. 5A; Supplementary
Appendix Section 1.5). To validate BESTDR, we simulated data for
cell division and phase transitions under single- and multiple-dose
scenarios to estimate the parameters (Supplementary Appendix,
Section 1.5) and compared estimates to the ground truth. These an-
alyses demonstrate that BESTDR accurately estimates death and
transition rates between cell cycle phases (Fig. 5B-E). Posterior mean
trajectories closely fit the simulated data, confirming BESTDR’s pre-
dictive accuracy (Fig. 5B). In the single-dose setting, posterior peaks
for each rate aligned with the true parameter values (Fig. 5C), and
mean trajectories remained within the range of synthetic cell counts
across concentrations (Fig. 5D). In multidose scenarios, BESTDR
recovered the original logistic parameters, with true values falling
within the 95% credible intervals (Fig. 5E; Supplementary Appendix,
Section 1.4).

We then applied BESTDR, where each rate’s CR function is
modeled, with a Gaussian process prior to data from in vitro ex-
periments of cells treated with doxorubicin or gemcitabine at vari-
ous concentrations, counted every 30 minutes for 96 hours (26).
Model-predicted trajectories of individual replicates were localized
within prediction intervals (Fig. 5F and G), though deviations from
the data occurred, likely because of effects of cell cycle synchroni-
zation early in the experiments. Prediction intervals for the other
replicates showed similar effects (Supplementary Appendix Section
3). Posterior analysis revealed that both drugs increase the death
rate of cells in S/G,/M, with gemcitabine increasing the death rate
more at lower concentrations (Fig. 5H and I). The slight increase in
cycling rate occurs at higher concentrations but is slower than the
death rate, leading to net decrease in count, suggesting possible
hormesis-like effects, which could be tested with larger concentra-
tion ranges. The net rate effectively shows that gemcitabine strongly
increases apoptosis during S-phase (Fig. 5I). Overall, these results
support BESTDR’s capacity to infer interpretable drug mechanisms
from noisy, population-level data. Additional cell line and drug
predictions are shown in the Supplementary Appendix (Section 3).

Quantifying reprogramming dynamics with BESTDR

Finally, we applied BESTDR to model induced cellular reprog-
ramming, in which differentiated cells convert into induced plu-
ripotent stem cells (iPSC) via constant overexpression of the
transcription factors Oct4, Klf4, Sox2, and cMyc (OKSM; ref. 14).
Differentiated cells (denoted as D) and iPSCs (denoted as SD) each
have their own birth rates (bp(c) and bgp(c)) and death rates (dp(c)
and dsp(c)), as well as an irreversible transition from D to SD cells
at rate r(c) (Fig. 6A; Supplementary Appendix Section 1.6; refs. 14,
51, 52).

To validate BESTDR in scenarios with reprogramming dynamics
or irreversible transitions, we simulated single- and multiple-dose
data with the transition/reprogramming rate increasing as the
concentration increases, using a four-parameter logistic function for
each rate (20 parameters; Supplementary Appendix Section 1.6).
Unlike standard ODE models (Supplementary Appendix Equation
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1.5) that only estimate net growth, BESTDR successfully recovered
individual birth, death, and transition rates: the posterior means
closely matched the input parameter values and fell within the 95%
credible intervals for both single-dose (Fig. 6B and C) and multiple-
dose scenarios (Fig. 6D and E).

We then applied BESTDR to experimental data of cells with and
without the K36M mutation, which inhibits H3K36 methylation,
significantly altering chromatin structure and transcriptional regu-
lation and leading to faster reprogramming and a higher proportion
of iPSCS relative to wild-type (WT) cells (14). Cell counts for
nonreprogrammed (D) and reprogrammed (SD) cells were quanti-
fied via flow cytometry using an Oct4-GFP reporter (14). We used
BESTDR to estimate the birth, death, and reprogramming rates of
WT cells (Fig. 6F) and K36M-mutant cells (Fig. 6G). Although the
predicted trajectories aligned with experimental trends, deviations
were more pronounced in the K36M condition at intermediate time
points, likely because of lower cell counts and increased stochastic
variability, which can reduce the accuracy of population-level esti-
mates in sparse datasets (Fig. 6F and G). However, later time points
were similar to estimates, suggesting possible observation errors at
the time points with low cell counts (Fig. 6F and G).

We found that birth and death rates were similar between WT
and K36M-mutant cells, with the mutant-to-WT rate ratios ranging
from 0.6 (95% CI, (0.43-0.79) to 1.33 (95% CI, (1.03-1.72);
Fig. 6H). However, the K36M mutation increased the reprogram-
ming rate 252-fold (95% CI, (8.36-1806.34); Fig. 6H). Trajectories
generated from BESTDR estimates closely aligned with the experi-
mental data (14), demonstrating that approximately 85% of K36M-
mutant cells upregulated the pluripotent state reporter between days
4 and 8, compared with 5% of WT cells (Fig. 6H). BESTDR revealed
that the K36M mutation primarily increases reprogramming rates
with minimal impact on division or death. This finding demon-
strates BESTDR’s ability to quantify mutation-specific effects on
reprogramming under OKSM overexpression.

Discussion

Measuring cellular drug response is essential in preclinical re-
search to understand drug mechanisms. As technologies reveal
ever-finer phenotypes, metrics beyond viability are needed to
capture drug impacts on cell behavior. Here, we introduced
BESTDR, a Bayesian framework that estimates concentration-re-
sponse relationships from longitudinal cell count data in complex
systems. It supports flexible model specification, mechanism-
specific components, and hierarchical modeling for high-
throughput screens. This design enables inference of dynamic
processes such as cell cycling and state transitions, offering deeper
insights than traditional approaches. Furthermore, as we compu-
tationally calculate the likelihood under the Central Limit Theo-
rem, BESTDR is a more exact method for estimation than
likelihood-free methods such as Approximate Bayesian Compu-
tation, which rely on simulation and selecting summary statistics
to estimate parameters. BESTDR’s outputs can also guide future
experiments, including selection of drugs for combination therapy
based on distinct mechanisms.

(Continued.) used to generate the synthetic data (dots) and estimated parameters, represented with their mean (solid line) and 95% credible interval (shade). F,
Observed and estimated trajectories of cell cycle-specific counts under seven concentrations of doxorubicin. G, Observed and estimated trajectories of cell
cycle-specific counts under seven concentrations of gemcitabine. H, Doxorubicin CR curves for each of the cell cycle rates estimated at each of the observed
concentrations. I, Gemcitabine CR curves for each of the cell cycle rates estimated at each of the observed concentrations.
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Figure 6.

Extending our framework to the reprogramming model allows us to compare the effectiveness of reprogramming approaches of different types of cells. A,
Diagram of the reprogramming model with differentiated cells (D; blue) and iPSC cells (SD; red). With ¢ representing drug concentration, we define birth rates as
bi(c) and by(c), death rates as di(c) and d,(c), and the rate of the reprogramming process as r(c). B, Synthetic data (dark) for estimation and deterministic
trajectories (light) simulated from parameter estimates under the reprogramming model for a single cell type using BESTDR to estimate the specific rates at a
single concentration. C, Posterior distributions of the estimated parameters. The black solid line indicates the parameter values used to generate the synthetic
data. D, Synthetic data (dark) of a single cell type for estimation and deterministic trajectories (light) simulated from parameter estimates under the
reprogramming model using BESTDR to estimate the specific rates under a CR curve for each of the five parameters for eight concentrations. E, True parameter
values used to generate the synthetic data (dots) and estimated parameters, represented with their mean (solid line) and 95% credible interval (shade). F,
Observed experimental data (light) and deterministic trajectories (dark) obtained from estimates in WT cells with OSKM over 4 hours. G, Observed experimental
data (light) and deterministic trajectories (dark) obtained from estimates in K36M-mutant cells with OSKM over 4 hours. H, Estimates of the ratio between the
value estimated for the cells with the K36M mutation and the value estimated for the WT cells.

Drug dose-response modeling is sensitive to data quality. Al-
though BESTDR mitigates some errors of data generation through
an added error term, high observation noise may inflate rate esti-
mates as it cannot be fully disentangled from the intrinsic variability
of the stochastic process. Advances in computational cell tracking
could help reduce these errors (53-55). As a Bayesian framework,
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BESTDR is also influenced by prior choices and sample size, which
affect accuracy and reliability (Supplementary Appendix). When
modeling cell cycle dynamics, we observed that phase durations may
deviate from an exponential distribution, with transient oscillations
early in experiments before cells reach a stable phase distribution
(26, 56). Methods exist to alleviate these exponential waiting time

CANCER RESEARCH

920z Aseniged 9z uo isenb Aq Jpd-|8 | -GZ-Ued/0.L2€LE/L8LL-G2-NVO 2. ¥S-8000/85 | L0 1/10p/ipd-ajo1e/sa.1180ued/B10"s|euINOLIOEE//:dRY WOl papeojumo]



issues by employing the linear-chain trick, thereby allowing
BESTDR to model nonexponential times, suggesting the need for
testing a variety of possible models analogous to model selection in
regression (54, 57-59). Finally, high-throughput drug screens may miss
the concentration range in which drug response occurs, leading to flat
CR curves and inaccurate metrics such as the NGsg. Different estima-
tors such as NGys are more reliable metrics without extrapolating. This
limitation is common to all modeling and can be mitigated through
dose-finding pilot experiments.

BESTDR offers a versatile and robust framework for dose-
response modeling that leverages standard assays to uncover drug
response mechanisms. Artificial intelligence (AI) and machine
learning have transformed data analysis in pharmacology, com-
plementing traditional modeling by enabling robust preprocessing
and feature extraction, capabilities that enhance BESTDR’s ability to
model complex systems (60, 61). Algorithms that extract phenotypic
features from live-cell imaging, such as morphology-based methods
(54), can define cell states or types used as inputs for BESTDR to
assess how drugs influence morphology. Importantly, BESTDR
produces interpretable models, bridging the gap between AI-derived
“black box” features and transparent mechanistic insights. We en-
vision BESTDR as part of a hybrid pipeline combining Al-based
morphologic or multiomics feature extraction with mechanistic
modeling to yield deeper biological insights and more accurate
predictions. By integrating AI and supporting rich cellular dy-
namics, BESTDR enables more informed experimental design and
innovative drug development strategies. This holistic approach en-
hances our understanding of cellular responses and holds promise
for accelerating therapeutic discovery.

Data Availability

All data analyzed in this study are publicly available or included in the article.
Previously published datasets were used for analysis, and links to these data
sources are provided in the text and Supplementary Appendix. High-throughput
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