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Treatment response assays are often summarized by sigmoididunctions comparing
cell survival at a single timepoint to applied drug concenaition. This approach has
a limited biophysical basis, thereby reducing the biologal insight gained from such
analysis. In particular, drug pharmacokinetic and pharmamynamic (PK/PD) properties
are overlooked in developing treatment response assays, a@hthe accompanying

summary statistics con ate these processes. Here, we utiie mathematical modeling to
decouple and quantify PK/PD pathways. We experimentally ndulate speci ¢ pathways

with small molecule inhibitors and Iter the results with mehanistic mathematical
models to obtain quantitative measures of those pathways. feci cally, we investigate
the response of cells to time-varying doxorubicin treatmets, modulating doxorubicin
pharmacology with small molecules that inhibit doxorubiai ef ux from cells and DNA
repair pathways. We highlight the practical utility of thiapproach through proposal of
the “equivalent dose metric.” This metric, derived from a mehanistic PK/PD model,
provides a biophysically-based measure of drug effect. We @lne equivalent dose as
the functional concentration of drug that is bound to the nuteus following therapy.
This metric can be used to quantify drivers of treatment respnse and potentially guide
dosing of combination therapies. We leverage the equivalérdose metric to quantify
the speci c intracellular effects of these small moleculenhibitors using population-scale
measurements, and to compare treatment response in cell les differing in expression of
drug ef ux pumps. More generally, this approach can be leveaged to quantify the effects
of various pharmaceutical and biologic perturbations on &gatment response.

Keywords: mathematical modeling, breast cancer, pharmacokine
treatment response
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INTRODUCTION models are constructed to describe observed behaviors of the
system under investigation. The model is then tto experirtedn
The parameterization ofn vitro treatment response data is data, yielding a set of parameter values that provide mectianis
central to biomarker and drug discovery and the quantitativ jnsight into observed data. There exist several models in the
study of cancer therapies. With recent exceptioraf(er et al., |Jiterature that explicitly incorporate drug pharmacokinet{€K)
2016; Harris et al., 20)6investigation of treatment response and pharmacodynamics (PD) to describe treatment response.
in vitro has been limited to cell survival assays that assess cgilyitro, transit compartment models have been used to describe
viability at a single, speci ed timepoint following treatmewtith  the temporal relationship between drug application and e ects
a temporally constant concentration of drug. A range of drug(|obo and Balthasar, 200More biologically-motivated PK/PD
concentrations are evaluated in these assays, and thésresel models have been emp]oyed to Study Speci c pharmacokinetic
conventionally summarized by Hill function parameters, alhi  and pharmacodynamic parametetssfkelma et al., 2003, 2013
quantify cell survival with respect to applied drug concentmt  pK/PD models have also been developed to investigate treatmen
(Fallahi-Sichani et al., 20).3While this approach has yielded responsein vivo (Simeoni et al., 2004; Sanga et al., 2006;
signi cant insights into cancer biology, it is fundamerial \wang et al., 2015 Recently, we proposed and validated a
limited by the coarseness of parameters used to summariggupled PK/PD model of doxorubicin treatment respoirseitro
treatment response. In particular, these parameters do nqlicKenna et al., 20)7 The model incorporates measured
explicitly characterize the dynamics of treatment and sgbeet  doxorubicin pharmacokinetics and pharmacodynamics and
response. Further, response metrics are reported relativieeto tpredicts response to a Speci ed treatment timecourse on a
extracellular concentration of drug in the assay, overlagkdrug  cell line-speci ¢ basis. The model behaves consistently acros
exposure times and variable cell line pharmacologic propertieg wide spectrum of treatment protocols and cell lines, thereby
This not only impairs analysis afi vitro treatment response data, demonstrating that the response dynamics of cancer cell lines
but also presents a challenge in translating these therapi@g.  to doxorubicin is predictable within this framework. Spedilty,
There are a host of biochemical processes that modulatethe PK model-estimated concentration of doxorubicin bound
tumor cell's response to therapy. For example, the accumulatioo the cell nucleus is predictive of cell line pharmacodynamic
of drug within cells can be altered by drug metabolism ofrates. We further noted a mismatch of drug uptake and response
modi cation of surface proteins that regulate drug ux thrghh  among the investigated cell lines, suggesting that eacHiroell
the membrane (arsen and Skladanowski, 1998; Larsen et alhas an intrinsic sensitivity to stress induced by doxorirbic
2000. Indeed, the multi-drug resistance protein 1 (MDR1) isBy explicitly modeling both drug uptake and subsequent e ect,
a well-studied mechanism of resistance to cytotoxic thespi these processes can be independently quanti ed to study each
(Clarke et al., 2005This ATP-dependent pump actively e uxes component of treatment responsgl¢Kenna et al., 2007
drug from cells, decreases drug accumulation within ceitel It is the goal of the present eort to demonstrate the
confers resistance to anthracyclines, taxanes, and $etbm  utility of a mechanistic, mathematical modeling framework
agents [lechetner et al., 1998 Similarly, pharmacodynamic in quantifying treatment response and PK/PD pathways. We
response to therapies can be altered through modulation déverage mathematical models to Iter experimental dataiébdy
signaling pathways downstream of the therapeutic targethWitquantitative measures of speci c cellular processes. Spédlgi ca
respect to DNA-damaging agents, changes in DNA repaiwe experimentally perturb doxorubicin pharmacokinetics and
pathways, which are activated in response to treatment, cgsharmacodynamics with chemical inhibitors of each process. W
alter sensitivity to those agent&i(k et al.,, 1998; Bouwman modulate pharmacokinetics in an MDR1 over-expressing cell line
and Jonkers, 20)2For example, DNA-dependent protein kinase and modulate pharmacodynamicsa DNA-PK in a BRCA1-
(DNA-PK) plays a major role in the repair of double strand DNA mutated cell line. These data are analyzed with the proposed
breaksvia non-homologous end joining §mith and Jackson, PK/PD model to yield quantitative measures of these pathways.
1999. Increased expression of DNA-PK has been shown tWe further illustrate the utility of our approach by proposing
confer resistance to doxorubicin, an anthracycline comiyon the equivalent dose metric, which we derived from the PK
used clinically $hen et al., 1998 Fundamentally, cell line- model. The equivalent dose is analogous to that in radiation
speci c pharmacokinetic and pharmacodynamic properties, sucktherapy, which is used to compare radiation fractionation
as those described above, drive observed treatment responsehedules Kowler, 1999 In the context of chemotherapy,
Using conventional methods, these processes are con ated e de ne equivalent dose as a functional measure of drug
the parameters used to summarize vitro dose response exposure. We specify that for a given equivalent dose, tredtme
data Prentice, 1976; Fallahi-Sichani et al., 20The resulting response dynamics are similar. As this approach accounts for
parameters are imprecise measures of drug e cacy, which §mitvariable pharmacologic properties, we posit that it allows for
the biological insights to be gained from the data. more precise comparisons among cell lines relative to metrics
More precise technologies are required to advance systerhased on extracellular drug concentration. We demonstraite th
approaches to studying cellular response to therapyderson experimentally through comparison of treatment response in
and Quaranta, 2008We posit that a mechanistic, mathematicalcell lines diering only in MDR1 expression. The modeling-
modeling framework is essential to maximize the knowledgbéased framework proposed in this work can be leveraged to
gained through treatment response studié&r(keelov et al., more precisely quantify the e ects of various pharmaceutical an
2013, 201k In this paradigm, biologically-motived mathematical biologic perturbations on treatment response.
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MATERIALS AND METHODS as follows:
Mathematical Model of Doxorubicin Nrc. Nrc.

dNre !y D Nrer 1 e g
Treatment Response dt .DI
Doxorubicin is an anthracycline that remains standardeaf-e 0 t<oO0
therapy for several cancer§acar et al., 2093 Ultimately, ke tB/D ot o (5)
doxorubicin induces a host of cellular stress responseshwhic '
either inhibit further DNA synthesis allowing for cellular kq.t,D/ D kdvb.D/r_g/ 1o t<8 ©)

recovery, or initiate a cascade leading to cell deaik\(irtz,

1999. At high doxorubicin concentrations, extensive DNA
damage often results in cell deatia apoptosis. Low to moderate
concentrations of doxorubicin induce cell senescence afid c
deathvia mitotic catastrophe Chang et al., 1999; Eom et al.,
2009. Whereas, apoptosis is immediate (on the order of hour

to days), mitotic catastrophe is a relatively protracted en ) . e :
ys) D yp pesd carrying capacity describing the maximum number of cells that

the order of several days). be ob din th . al ¢ "
We previously developed and validated a parsimoniou;ﬁ:'an € E ser¥e ”m tet' ezpelilmt_-:‘nt_a SYs ?r:n ibldldzl()hls
treatment response model to describe doxorubicin € number ot cells at time. LogISuC growth models have

pharmacokinetics and pharmacodynamickicKenna et al., ggclilthnallly bgen uhsed ttot (Ije.scrllei. g{gt? szglgégletytff
2017). Briey, a three-compartment model was employed to iological species whose total size is limit€ib(lee, , Jarre

describe the uptake and binding of doxorubicin in Canceretal.,201)3 This equation accurately describes our experimental

cells. This process is modeleih mass conservation through syste_m (dgscrlt_)ed In section I_Dox_oru_blpln Treatment Response
. ) Imaging), in which cell population is limited by the surfacesar
Equations (1-3): . . :
of the experimental platform. Prior to treatment (i.es 0), cells
q are modeled to have a constant proliferation rd¢g, Following
.t Y i i iatei i
Ce D kFE\TICF-t/ KerCe .t/ Q) treatment at D 0, Equation (5) assumes an immediate induction
E

wherekp and ky are the proliferation and dose-speci ¢ death
rates, respectivel\D is the delivered dose [de ned to be the
bound concentration of drugCg, calculated with Equations
41—3)], r is a dose-specic constant describing the rate at
which treatment induces an eect, is the dose-specic

dt of a stable, post-treatment death ratg ). Equation (6) allows
dCe .t/ VE for a smooth induction of drug e ect following treatment to

dt D kEF\TICE't/ keeCr.t/ keeCr U/ (2) 3 maximum death rate okgp, while ultimately allowing for
dCs.t/ recovery of the cell population. The dynamics of this induction

at D krgCr .t/ (3) and decay is governed hy A weighted averaging approach

is used to incorporate both Equations (5, 6) in the treatment
response model. This model was designed to describe cell death

\évhere S!E.(t).’ %F ®, and”CIB (tf) are tgeb con(;:entratlons of via apoptosis Equation (5) and mitotic catastrophe Equation (6)
oxorubicin in t gextrace ular, free, and bound compartites t experimental data well. Further details on the model can
respectively, at time. The free compartment represents drug be found inMcKenna et al. (2017)

that has diused into the cell, while the bound compartment
represents drug that has bound to DNA. Thg parameters

are rate constants that describe the movement of doxornbici
between thé" andj" compartments; for examplégg describes TABLE 1 | Model parameter de nitions.
the rate of drug transfer from the free, intracellular compaent

to the extracellular compartment. Similar de nitions apply to
ker and keg. The volumes of the extracellular and intracellular

Model Units  De nition
Parameter

compartments are denoted by, and vg, respectively (see k- h 1 Rate of drug in ux into cell

Table 1for a full list of model parameter de nitions). We note .. h 1 Rate of drug ef ux from cell

that in this model, several intracellular processes, incgd Keg h1 Mixed rate of drug binding and DNA repair
doxorubicin metabolism and dissociation from DNA, are notc_ M Extracellular doxorubicin concentration
eXp”Citly considered. In previous worI{\/(cKenna etal, 20])7 C nM Intracellular, extranuclear doxorubicin concentration
we evaluated the performance of several candidate mOin% nM Concentration of doxorubicin bound to the nucleus
in describing our experimental data (described in section, M Equivalent dose

Doxorubicin Uptake Imaging and Image Processing) with the, ‘
kaike information criterion. Of the proposed models, we found, '

Akal . ' prop ! kp h 1t Proliferation rate of cells

that Equations (1-3) best balanced accuracy and the number o

model parameters.

Count  Number of cells

Count  Carrying capacity of experimental system

.. : . . Kd.a h 1 Death rate assumed in Equation (5)
A logistic growth model, Equation (4), modi ed by either of 1 . )
t irical i d dent f ti E fi b h Death rate assumed in Equation (6)
wo empirical time-dependent response functions, Equatians ( r h 1 Rate of induction and decay of death rate in Equation (6)

6), re ecting distinct mechanisms of cell death, was proposed
to describe population level response to doxorubicin therapgomplete listing of model parameter de nitions.
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Cell Lines
Applied Drug Concentration The MDA-MB-468 and SUM-149PT cell lines were obtained
! through American Type Culture Collection (ATCC, http:/
' www.atcc.org) and maintained in culture according to ATCC
v recommendations. Cell lines were passaged no more than 30
Delivery C Efflux times before being discarded. To facilitate automated &nag
E analysis for identifying and quantifying individual nuclaitime-
lapsed microscopy experiments (described below), each cell lin
kFE was modi ed to express a histone H2B conjugated to monomeric
red uorescent protein (H2BmRFP; Addgene Plasmid 18982) as
previously describedjuaranta et al., 2009; Tyson et al., 2012
To specically modulate doxorubicin pharmacokinetics,
the H2BmRFP-expressing MDA-MB-468 cell line (MDA-
MB-468428) was transduced to express a green uorescent
protein (GFP)-tagged MDR1 protein (ABCB1 gene, Origene
Technologies, Rockville, MD). Following transduction, the cell
' line was cultured in 100 nM doxorubicin for 2 weeks to select a
: doxorubicin-resistant phenotype (MDA-MB-4§®r1). These
Equ IValent Dose cells were serially imaged to ensure that all surviving ségisly
expressed GFP.

Drug Binding
DNA Repair

FIGURE 1 | Overview of equivalent dose metric. The response to therapig :
determined by the applied drug concentration and cell-specc pharmacologic Th? SUM-149PT cell line possesses a_ BRCAl 228_8de|T
properties. Traditionally, therapeutic response is sumnrized relative to the mutation (E|St|’0dt et al, 20@6 BRCA1 is involved in
applied extracellular concentration of drug. We propose t@ equivalent dose maintaining genome stability through its role in repairing
metric, Deq, to summarize the contributions of various pharmacologic double strand DNA-breaksvia homologous recombination
properties in shaping treatment response. We de ne equivalet dose as a (Gudmundsdottir and Ashworth, 2006The BRCA1 mutation
measure of the functional drug concentration that enters ta cell. The . . .
equivalent dose is calculated through a mechanistic bioptsical model that causes an increased reliance on altemat,G_D,NA damage repair
considers several sources of variability in shaping treatemt response. The pathways, such as non'homOIOQOUS end lom”ﬁglr(mer etal,
metric consolidates variable drug uptake (quanti ed withkgg), ef ux (quanti ed 2009. The DNA damage repair pathway mediated by DNA-
with keg), and binding (quanti ed withkgg) into a single descriptor of PK was targeted with a small molecule inhibitor to specigall
treatment. The equivalent dose summarizes pharmacologicrpperties to modulate doxorubicin pharmacodynamics in the SUM-149PT
provide biological insight into treatment response and ailvs for more precise .
comparison of treatment response among cell lines. cell line.

Chemicals

Doxorubicin was purchased from Sigma Aldrich (St. Louis, MO)

Equivalent Dose and dissolved to a 1 mM stock concentration in sterile salore

We dene equivalent doseDey as a functional measure subsequent experiments. Tariquidar (TQR) is a third-generat
of therapy, a summary statistic connecting the amount oMDRL inhibitor that non-competitively inhibits MDR1 function
drug delivered with the biological e ect of that drug. In the (Mistry et al., 200). TQR is leveraged to modulate doxorubicin
context of doxorubicin therapy, we de ne equivalent dose apharmacokinetics in the MDA-MB-46§br1 cell line. NU7441
the functional concentration of drug that is bound to the is @ DNA-PK inhibitor that has been investigated as a means
nucleus following therapy. To calculateq for a specied to improve treatment response to DNA-damaging ageatisa0
treatment condition (i.e., extracellular drug concentoat et al., 2006; Ciszewski et al., 2)1MU7441 is used to modulate
timecourse), Equations (1-3) are populated by cell-line- angloxorubicin pharmacodynamics in the SUM-149PT cell line.
treatment-speci cker, kre, and keg parameters derived from TQR and NU7441 were both purchased from Selleckchem
experimental data (described below). The model is thefiBoston, MA). Each was dissolved to a 1 mM stock concentration
simulated using the experimentally-de ned treatment cdiwti.  in DMSO. We subsequently refer to these therapies (TQR and
Deq is the maximum concentration of bound drugCg) NU7441) as sensitizers. All solutions were stored in 280

as predicted by the simulation. We hypothesize that theliquots at-80C.

equivalent dose metric can account for variable cell line L .

pharmacologic properties through its explicit consideratidn o DOXO0rubicin Uptake Imaging and Image

ker, kre, and ke rates, and it can be leveraged to quantifyProcessing

the e ect of agents that modulate those properties. NotablyTime resolved uorescent microscopy was employed to
in proposing the equivalent dose, we lump pharmacodynamicharacterize the uptake of doxorubicin by each cell line (MDA-
e ects into the keg term. Speci cally keg is a mixed measure MB-46828, MDA-MB-468ypr1, and SUM-149PT) using a
of doxorubicin binding and DNA repair and describes the modi cation of the previously-published drug uptake assay
functional net binding rate. The equivalent dose is illugth (McKenna et al., 20)7 The method leverages the intrinsic
in Figure 1 uorescence of doxorubicin to quantify the movement of
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doxorubicin from the extracellular space into cells. Brig y TABLE 2| Filter settings.
each cell line was introduced into 96-well microtiter platgs .
10,000 cells per well. Each well was imaged at 20-25min

age Excitation (nm) Dichroic (nm) Emission (nm)

intervals via uorescent microscopy with a 20 objective in 470140 515, longpass 515, longpass
2 2 image montages on a BD Pathway 855 Bioimager (BP 470/40 515, longpass 570, longpass
Biosciences, San Jose, CA). Imaging began 1h prior to apd 470/40 515, longpass 575/25
continued for approximately 24h foII_oyving application of L 470/40 515, longpass 540/50
1mM of doxorubicin. After 8, doxorubicin was removeda 548/20 595, longpass 645/75

media replacement. This timeframe allowed for an extended
observation of drug uptake without inducing morphological Fluorescence imaging lter sets used to collect pharmacokinetics data.
changes and cell death that would limit the e ect of the
measurement. To measure the e ect of TQR and NU7441
on drug uptake kinetics in the MDA-MB-4Ggr1 and the images i D 5) were collected at each timepoint. The excitation,
SUM-149PT cell lines, respectively, each sensitizer was applidichroic, and emission Iters for each image are listedable 2
over a range of concentrations (250-2nM for TQR and 2 To constructT, images of each uorophore were collected
mM 16nM for NU7441 bothvia a 2-fold dilution series) 1h from control samples. Specically, control images of GFP,
prior to doxorubicin application. At least three replicates oflea H2BRFP-positive cells, doxorubicin, and background were
treatment condition were collected. collected. For each uorophore, the image with the highest
The collected images were subsequently post-processed ifgensity is assumed to be the true image; i.e., the corredipgn
correct for uneven background illumination and to isolateet entry in T is set to 1. The relative intensity of the other
contribution of each uorophore in the experiment. First, the four images with respect to the true image are then estimated.
illumination function for each image was estimatetb(ies et al., This normalized spectrum is deposited into the row of

2009. The image is de ned: corresponding to the current uorophore.T is estimated
at each timepoint to compensate for any temporal changes
IDL CChb in uorophore intensity.

With an estimate of T and a spectral image set for
wherel is the imagel is the illumination function,C is signal €ach well at each timepoint, the underlying signals (i.e.,
from cells, andb is the background. The signal from cells wasSH28, SVMDR, SDox, Sbackground Can be estimated using QR
removed from each image through use of a median disc Itedecomposition [implemented in MATLAB (Mathworks, Natick,
with a radius of 50, isolatinb. To estimateL, the background- MA)]. This can be done on a per-pixel basis as shown in
only images in each well were averaged over all timepoints. Rupplementary Figure 1 However, as we are only interested
smooth surface was t to this averaged image, and the Surfad@ the intracellular and extracellular doxorubicin Sigﬂals,
was normalized to a maximum value of 1. Each image in théhe average value from each image in the intracellular

time series was divided by this surfat$ {o correct for uneven and extracellular I, lig) space was calculated using a
illumination. Following illumination correction, a thrémld- ~ cell segmentation (as detailed above). Each signal can then
based approach was used to segment each cell. be recovered:

To account for the various uorophores in the experiment
(H2BRFP, MDR1GFP, and doxorubicin), a linear unmixing SH28) SMDRI SDoxi - Sbackground T4 nD EUREERLY
approach was employed to isolate the signal from each SH2BE SMDRE DoxE Shackgrounde e lse

uorophore to more precisely quantify doxorubicin
accumulation Zimmermann, 200k The approach leverages
spectral imaging data collected at multiple excitation an
emission wavelengths to isolate the signal from each uom_ph Finally, Sox is converted into doxorubicin concentration. We
This ”.‘eth"d can also be used for background subtraction bXssume that doxorubicin signal is linearly proportional ts it
modeling the background (here, the signal from cell CUItureconcentration pox| (McKenna et al., 2097

media) as an additional uorophore. For these experiments, we ’ b
de ne four uorophores of interest: MDR1GFP, doxorubicin, Shox D a[Dox C b

H2BRFP, and background. The observed images are modeled as a

linear combination of the signals from each of these uoropt® T calibrate this model, images are collected on a series of
wells containing a range of known doxorubicin concentraso
SH28 SUDR SDox Shackground T4 n D 11 12 ... In Estimates ofa and b were obtained by tting the doxorubicin
signal equation to these control data. The image processing
WhereS{ZB is the Signal from the HZBRFE\ADR is the Signal pipeline is illustrated irSupplementary Figure 1
from the GFP-tagged MDR %y is the signal from doxorubicin,

and Syackground the background signal from cell culture media. Doxorubicin Treatment Response Imaging
T is the transformation matrix that estimates the contritarti  Using the previously-published dose-response assay, each cell
from each uorophore in creating each imagdn this work, ve  line was treated with a range of doxorubicin concentrations

where Sox1 and Soxe are the signals from doxorubicin in
he intracellular and extracellular spaces, respectivelyiléim
e nitions apply for the other signalS
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(5,000-10nM via a 2-fold dilution series) for 24h as [i.e., the equivalent dose is simp@s, which can be directly
monotherapy. Additionally, the sensitizing e ects of TQR calculated withkgg, ke, and kgg values measured from drug
and NU7441 in the MDA-MB-46@pr1 and the SUM-149PT uptake studies], the equivalent dose for co-treatment ciows
cell lines, respectively, were investigated by applying thosmn be estimated by comparing treatment response dynamics
therapies over a range of concentrations 1 h prior to applicatiofirom co-treatment conditions to those from doxorubicin
of doxorubicin. TQR concentrations in a 2-fold dilution $86 monotherapy treatments. With appropriate experimental design
from 250 to 2nM were used for the MDA-MB-4{8Rr1 cell to isolate each equivalent dose parameter (keg, ke, and
line, and NU7441 concentrations in a 2-fold dilution seriemi  kgg), this approach can quantify the e ect of each sensitizing
2mM to 15nM were used for the SUM-149PT cell line. Theseagent on their PK/PD pathway. Speci cally, by assuming the
combination studies were each performed at three doxoruabicie ect of each sensitizing therapy is limited to a single eqigint
concentrations. All drug (doxorubicin and sensitizer) wasdose parameter, the e ect of TQR oker and the e ect of
removed from each wellia media replacement at 24 h. TheseNU7441 orkrggcan be measured. As response under all treatment
cells were imaged dailyia uorescent microscopy for at least conditions (i.e., doxorubicin monotherapy and co-treatmhen
15 days following treatment. For these studies, uoreseencwith a sensitizer) can by summarized by the parameters in
microscopy images were collected using a Synentec Cellavigquations (4-6) (i.ep D [Kqa, Kdp., I]), we use model parameters
High End platform (SynenTec Bio Services, Munster, Germanytp compare treatment response timecourses.

with a 20 objective and tiling of 25 images. To generate images, The response parameters) from doxorubicin monotherapy
the H2BmRFP uorophores were excited with 529 nm light forexperiments are rst interpolated with respect to equivalent
650 ms, and emissions were collected at 585nm. Nuclei wedese via a local linear approach. This yields a continuous
segmented and counted in ImageJ (http://imagej.nih.ghv/ij set of parameterspgs) across all possible equivalent doses in
using a previously-described, threshold-based methedck the range from no treatment to maximal doxorubicin dose.
et al., 201pto quantify cell population. Six replicates of eachThe t parameter valuesy; ) for each of them co-treatment
treatment condition were collected. Media was refreshedyeveconditions are then matched to the interpolated parameters
3 days for the duration of each experiment to ensure su cientfrom doxorubicin-only treatment conditionspgs) to estimate
growth conditions for surviving cells. Data were manuallythe equivalent doseDes) for each co-treatment condition.
truncated when cell populations reached carrying capacity. ASpeci cally,Dest is the set of equivalent doses that correspond
this point, signals from neighboring nuclei overlap, and thé ce to the best matches betwegm and pest in the L, norm

counting algorithm becomes unreliable. sense (i.e., Minpest Pt ,). This process is illustrated in
. Supplementary Figure 2 The following constrained objective
Model Fits function, G (ky), can then be used to estimakg (the equivalent

The three-compartment model described in Equations (1-3}ose parameter under investigation; ekgr andkgg) for each of
was t to the uptake data under each treatment conditionihen sensitizer concentrations:

(doxorubicin monotherapy and doxorubicin combination with
sensitizer) for each cell line using a non-linear least sesiar

optimization implemented in MATLAB. Of note, each cell xn )
line is assumed to have a single set of compartment model G kx D min Desii  Di kg
. . ke
parametersKer, krg, andkgg) for each sensitizer concentration; iD1
i.e., a parameter set for doxorubicin monotherapy and a set suchthatkqc1 kxg 089D [1,..1] @)

for each sensitizer concentration. The mean errors of the

best-t model across all timepoints and treatment conditon

with respective standard deviations are reported. SimilaHg where theD; is the equivalent dose calculated for each co-
pharmacodynamic model described by Equations (4-6) was freatment condition as described below, armdks; is the
to the dose response data from all treatment conditions, (i.eestimated equivalent dose for ti# co-treatment condition.
doxorubicin monotherapy and doxorubicin combination with Speci cally, in calculatingdjfor the NU7441 experiments, we
sensitizer) for each cell line. Each treatment conditioreach  x kgr andkgg values and optimiz&gg values corresponding to
cell line was t independently, yielding cell line- and tre&nt  each sensitizer concentration in the co-treatment comwdisi. The
condition-speci ¢ parameter values. This was also accompisheconstraints in the objective function ensure thaig increases
through a non-linear least squares optimization implemerited monotonically with sensitizer concentration. Similarfpr the
MATLAB, and we report the mean percent errors of the best- tTQR experiments, we gr andkeg and optimizekgg for each
models across all imepoints. For additional details on thelel  sensitizer concentration. This objective function was imized

tting procedure see McKenna et alvicKenna et al., 2097 via a constrained optimization routine implemented in

. . MATLAB. The non-parametric interpolation and optimization
Measurement of Pharmacologic Properties procedures were utilized as we did not assume any functional
With Equivalent Dose relationships between model parameters and equivalent dose.

We assume, by de nition, that each unique treatment respons®vhile this tting procedure could have been made more robust
timecourse corresponds to a specic equivalent dose. As they proposing such functional relationships, we implemented thi
equivalent dose is perfectly known for doxorubicin monothyggy  non-parametric approach to allow for greater generalizabilit
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Comparison of Cell Lines With Equivalent TQR incrementally sensitize cells to doxorubicin. For example
Dose at a xed dose of 156 nM doxorubicin, increasing the TQR

As the MDA-MB-46&pr:1 line was engineered from the concentration from 0 to 250 nM increased the death rektg,j
MDA-MB-46825 line, we hypothesize that the response offom 0.16( 0.23) 10 ?h 't02.21( 0.1) 10 ?h *.TQR
these cell lines to doxorubicin therapy is not signi cantly monotherapy did not a ect the growth of these cells as shown
di erent when comparedvia equivalent dose. Speci cally, the in Supplementary Figure 3Treatment response timecourses of
mechanism of action of MDR1 is to increase drug e ux, which the MDA-MB-468pr1 line to doxorubicin monotherapy are

e ectively reduces the equivalent dose in the MDA-MB-ggR1  Shown in Figure 3A. These data are t with Equations (4—
line for a given treatment timecourse. Indeed, the propose®). and the best-t models are overlaid on the observed cell
equivalent dose metric was developed to account for the digri counts. The mean percent error of the best- t model across all
pharmacokinetic properties between these cell lines to morémepoints and treatment conditions is 10.3%. Prior to treati)
precisely compare their respective responses to therapy. To téd¢ MDA-MB-468pr1 line demonstrated a proliferation rate
this hypothesis, survival of the parental MDA-MB-468 cell (ko) of 2.12 (1 0.03) 10 2 h ®. Treatment response varied
line is compared to that of the MDA-MB-46fr1 cell line. This smoothly with doxorubicin concentration, and this resporise
comparison is made utilizing a conventional treatment respn guanti ed by the parameters irFigures 3B-D Notably, high
assay in which survival is assessed 72h following treatmei@riance in parameter estimates is observed as values of
Speci cally, each cell line was treated with a range of dobimin ~ @PProach 0.05 h* and values okyp, approach 0 h. There
concentrations (5,000—10 nMa a 2-fold dilution series) for 24 h ~ €Xists intrinsic uncertainty at this limit as the rapid dynas )

as monotherapy, and survival was assessactell counting. coupled with smalkyp, € ects cannot be resolved by the current
Survival data for each cell line was t with a pair of Hill data. This uncertainty i for smallkyy, does not a ect model
functions. The rst of these Hill functions assumed the désbe ~ Predictions as demonstrated by a sensitivity analysis in previ
the applied doxorubicin concentration. The second utilizee t Work (McKenna etal., 2097

equivalent doseleq) calculated with cell-line speci &gr, ke, By leveraging the proposed mechanistic model and equivalent
andkgg values. We report th&Gsp (drug concentration at half- dose statistickrg values for each TQR concentration can be

maximal e ect) for each cell line as measured extracellular €stimated using the measured treatment response data and
doxorubicin concentration and equivalent dose. the optimization routine outlined in section Measurement of

Pharmacologic Properties With Equivalent Dose. To make

these measurements, the equivalent dose for each doxamubic
RESULTS monotherapy condition was rst calculated with the PK model

. parameters measured in the doxorubicin uptake studies.
Treatment Response in MDA-MB-468  \ipr1 Speci cally, keg, ker and kg were measured to be 0.313
Cell Line ht 308 10° h ! and 0.0212 h?, respectively. The
The measured intracellular doxorubicin concentrationequivalent dose statistic was then estimated for each co-
timecourses for the MDA-MB-46gr1 cell line under treatment condition. To perform this estimation, treatment
doxorubicin monotherapy and combination therapy with response parameters from co-treatment conditions were
TQR are shown in Figure 2A Intracellular doxorubicin matched to those from doxorubicin monotherapy conditions
increases with TQR concentration. The average intracelluldFigures 4A-Q. As the equivalent doses for all monotherapy
concentration at the end of each experiment, estimated witisonditions are perfectly known (i.eCg D Deq for doxorubicin
the last 10 timepoints, is signi cantly dierent among the monotherapy), the equivalent dose for each co-treatment
treatment groups (one-way ANOVAy < le-5). Equations (1-3) condition can be estimated with the matching process illatstd
are tto these data, and the best- t models are overlaid on thén Supplementary Figure 2 Briey, parameter values are
timecourses. The mean error of the best-t pharmacokineticestimated across a range of equivalent doses utilizing petexs
models was 45.6 (47.4) nM across all timepoints and treatment from the doxorubicin monotherapy experiments. The equivalen
conditions, and the corresponding model parameters are showstose for each treatment condition can then be estimated
in Figures 2B-D Increasing TQR concentrations decreasédy matching measured parameter values to those estimates.
doxorubicin e ux in the MDA-MB-468ypr1 cell line in a To demonstrate the ecacy of the parameter matching
dose-dependent manner. For example, the e ux rateg) is in comparing treatment response timecourses, a subset of
decreased from 0.216 0.028) h! to 0.046 ( 0.008) h!l as responses from doxorubicin monotherapy and co-treatment
TQR increases from 2 to 250 nM (the bounds here and belowonditions are color-coded to their estimated equivalensel
correspond to the 95% con dence interval of the parametefFigures 4D—F. Note similar dynamics for similarly-colored
estimates)ker values varied with TQR concentration, all falling data, indicating the e cacy of the parameter matching in
within [1.63,3.46] 10 6h 1. comparing treatment response timecourses. With estimates
Treatment response timecourses for the MDA-MB-¢68:  of equivalent dose for all co-treatment conditions, theg

cell line under doxorubicin combination therapy with TQR value for each TQR concentration was estimated with the
are shown inFigures 2E-G Equations (4-6) are t to these optimization routine summarized by Equation (7). As we
data, and the best-t models are overlaid on the observetl celypothesized that the e ect of TQR is limited kpg (Figure 40),
counts. Model parameters are shown Figures 2H-J For a  kgr and krg values were xed to the values reported above
xed concentration of doxorubicin, increasing concenfats of  in the optimization routine. The optimizedkgg values for all

Frontiers in Physiology | www.frontiersin.org 7 May 2019 | Volume 10 | Article 616


https://www.frontiersin.org/journals/physiology
https://www.frontiersin.org
https://www.frontiersin.org/journals/physiology#articles

McKenna et al.

Equivalent Dose for Chemotherapy

B —_
1500 W 5
i} 0 nM TQR - a
4 * 2nMTQR | © o
a 4 nM TQR @
x 8 nM TQR S 3 ol @ @
I  16nMTQR < Q a
31 nM TQR = 2
= ¥ 62nMTQR 5
o O 125nMTQR| .42 1
5 ’2\ % 250 nM TQR 10° 10? 102
ST 1000
8 -
Sc 0.3
o9
o ‘ES' 0.2 é @
P
SE 2
=3 0.1 o
O c @ a aq
O o Q
&) 0
b= 500 - 10° 102
0.03
0.02 % % % %
mf 25 1
= 1]
o 1 1 1 1 L L 1 o o 2
0 5 10 _ 15 20 25 0 10 1o
Time (hours) TQR Concentration (nM)
E 78 nM Dox + TQR F 156 nM Dox + TQR G 312 nM Dox + TQR
4 4 4
Q 0 nM
R 3.5 3.5 S e
S 3 3 I 8 nM
— 31 nM )
X 55 2.5 I 125nM s
§ L
8 2 2 K
— 15 1.5
D -
O 1 1 e
0.5 0.5 £ - Lo L
@~ -
0 (1]
0 100 200 300 o 100 200 300
Time (hours post-treatment)
H 0.03 ! 0.03 J 0.03
0.025 0.025 « * 5 £ 8 O 78 nM Dox
é E d o & 0.025 O 156 nM Dox
0.02 + % 0.02 * O @ * 312 nM Dox
—~ £ O o © ° @ 0.02f T
~_ 0.015 o) w_ 0.015 o o L
< T £ s 3 o q
= o.01 ¥ 3 = o.01 T £ o0.015
3 * < ~
S 0.005 =~ 0.005 i
5 T 0.01 g
0 (o] 78 nM Dox 0 (] 78 nM Dox % é * ﬁ w
O 156 nM Dox O 156 nM Dox 0.005 %
-0.005 * 312 nM Dox -0.005 % 312 nM Dox +
-0.01 -0.01 (1]
10° 102 10° 102 10° 102
TQR Concentration (nM)
FIGURE 2 | Doxorubicin and TQR combination studies in the MDA-MB-468pr1 cell line. Timecourses of the mean intracellular concenttian of doxorubicin with
corresponding standard deviations are shown for each treaent condition in (A). Doxorubicin accumulation increases along with TQR concerations. Equations
(1-3) were t to the data, and the best- t models are overlaid onthe data (smooth lines) in a. Model parameter ts correspondlig to the best- t models are shown in
(B-D). Similarkgg and keg vales are observed across all TQR concentrations. There isteend of decreasingkgg values with increasing TQR concentrations
(Continued)
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FIGURE 2 | (C), consistent with MDR1 inhibition by TQR. Cell counts of MDAMB-468),pRr1 following combination treatment with TQR and doxorubicin @& show in
panels (E-G). In each plot, a xed concentration of doxorubicin is applied vith variable TQR concentrations. These counts are t with Eqations (4-6) as described in
section Model Fits, and the best- t model is overlaid on the c# counts [smooth lines in panel{E-G). Error bars represent the 95% CI from six experimental rejghtes
for each treatment condition. Model parameters with corregonding 95% CI are shown in(H-J) as a function of TQR concentration. For each doxorubicin
concentration, the death rate Ky 5 and kq p) increased with TQR concentratior(H,I).
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FIGURE 3 | Treatment response in MDA-MB-46§,pR1 (left column) and SUM-149PT (right column) cell lines undeioxorubicin monotherapy. The top row [panels

(A,E)] shows cell counts over time from treatment response studig for each cell line. For these studies, cells were treated thi a xed concentration of doxorubicin for
24 h. These counts are t to Equations (4-6) as described in se@n Model Fits, and the best- t model is overlaid on the cell ounts [smooth lines in(A,E)]. Error bars
represent the 95% CI from six experimental replicates for e treatment condition. Model parameters with correspondig 95% CI are shown in the bottom three rows
as a function of doxorubicin concentration. Panel§B-D) show ts from the MDA-MB-468 ) pr1 experiments, and panels(F—H) show ts from the SUM-149PT
experiments. For each doxorubicin concentration for eachell line, the death rateKy 5 and kg ) increased with increasing doxorubicin concentrations.

TQR concentrations are shown iRigure 4H. Decreasingre The equivalent dose can summarize all treatment conditions
values were observed with increasing TQR concentration§) the MDA-MB-468ypr1 cell line and is predictive of response.

matching the measurements from the uptake studiesurther, this statistic can be leveraged to quantify the € ec
in Figure 2 of TQR.
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FIGURE 4 | Leveraging equivalent dose to estimate the effect of TQR imé MDA-MB-468ypr1 cell line. The equivalent dose for each doxorubicin monothapy
condition was rst calculated with the PK model parameters measured in the doxorubicin uptake studies. The equivalent dse statistic was then estimated for each
co-treatment condition by matching treatment response paameters from co-treatment conditions to those from doxorulicin monotherapy conditions. Parameter
values from all doxorubicin monotherapy and co-treatment enditions are plotted as a function of equivalent dos€A-C). A subset of responses from doxorubicin
monotherapy and co-treatment conditions are color-coded b their estimated equivalent dosgD—F). Similar dynamics are observed with similarly-colored dat
demonstrating the ef cacy of the parameter matching in compaing treatment response timecourses. As TQR impairs the fuation of the MDR1 pump, we
hypothesized the effect of TQR is limited to thégg parameter (G). With estimates of equivalent dose for all treatment condiins, the kg value for each TQR
concentration was estimated with the optimization routinesummarized by Equation (7H). These values, calculated with treatment response data, age well with
direct measurements ofkgg reported in Figure 2. We note the large con dence intervals are a result of the optization approach, in which the value (Mrg)

was optimized.

Treatment Response in SUM-149PT Cell across all NU7441 concentrationsFigures 5B-0). Given
Line its eect on DNA-PK, NU7441 is not expected to aect

The measured intracellular doxorubicin  concentrationintracellular doxorubicin accumulation.

timecourses for the SUM-149PT cell line under doxorubicin Treatment response timecourses for the SUM-149PT cell
monotherapy and combination therapy with NU7441 are showrline under doxorubicin co-treatment with NU7441 are shown
in Figure 5A. NU7441 treatment did not aect intracellular N Figures 5E-G Equations (4-6) are t to these data, and
doxorubicin accumulation following treatment. The aveeag the best-t models are overlaid on the observed cell counts.
intracellular doxorubicin concentration at the end of eachModel parameters are shown ifigures 5SH-J For a xed
experiment, estimated with the last 10 timepoints, did notconcentration of doxorubicin, increasing concentratioms
demonstrate signi cant di erences at the D 0.05 level (one- NU7441 incrementally sensitized cells to doxorubicin. For
way ANOVA). Equations (1-3) are t to the uptake data, example, with a xed dose of 156nM doxorubicin, NU7441
and the best-t model is overlaid on the timecourses. Theconcentrations increased the death rateyd) from 0.25
corresponding model parameters are shownFigures 58-D  ( 0.16) 10 2 h ' to 2,00 ( 0.06) 102 h ' NU7441
The mean error of the best- t pharmacokinetic model was 77.gnonotherapy did not a ect the growth of these cells as shown

( 71.4) nM across all treatment conditions and timepointsin Supplementary Figure 3Treatment response timecourses of
Further, similar values okeg, ker, and keg are observed the SUM-149PT line to doxorubicin monotherapy are shown in

Frontiers in Physiology | www.frontiersin.org 10 May 2019 | Volume 10 | Article 616



McKenna et al. Equivalent Dose for Chemotherapy

FIGURE 5 | Doxorubicin and NU7441 combination studies in the SUM-149F cell line. Timecourses of the mean intracellular concertion of doxorubicin with
corresponding standard deviations are shown for each treaent condition in a. No signi cant difference in doxorubiciraccumulation was observed as a function of
NU7441 concentration. Equations (1-3) were t to the data, ad the best- t models are overlaid on the data (smooth lines) ifA). Model parameter ts corresponding
to the best- t models are shown in (B-D). For each model parameter, similar vales were observed acss all NU7441 concentrations, consistent with the similar
intracellular doxorubicin timecourses irfA). Counts of SUM-149PT cells following combination treatmenwith NU7441 and doxorubicin are show in panel{E-G) In
each plot, a xed concentration of doxorubicin is applied wih variable NU7441 concentrations. These counts are t with Egations (4—6) as described in section
Model Fits, and the best- t models are overlaid on the cell coats [smooth lines in panels(E-G). Error bars represent the 95% CI from six experimental reightes for
each treatment condition. Model parameters with correspoding 95% CI are shown in panelgH-J) as a function of NU7441 concentration. For each doxorubicin
concentration, the death rate kg 5) increased with NU7441 concentration(H). The parameters shown in panelgl,J) are unable to be resolved with the current data as
discussed in section Model Fits.

Figure 3E These data are t with Equations (4—6), and the besttesponse varied smoothly with doxorubicin concentrationda

t models are overlaid on the observed cell counts. The meaihis response is quanti ed by the parameterdHigures 3F—H
percent error of the best- t model across all treatment cdiatis By leveraging the proposed mechanistic model and equivalent
is 11.9%. Prior to treatment, the SUM-149PT line demonstratedose statistickpg values for each NU7441 concentration can

a proliferation rate kp) of 2.58 ( 0.03) 10 2h 1 Treatment be estimated using the measured treatment response data
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FIGURE 6 | Leveraging equivalent dose to estimate the effect of NU744ih the SUM-149PT cell line. The equivalent dose for each doxobicin monotherapy
condition was rst calculated with the PK model parameters masured in the doxorubicin uptake studies. The equivalent dge statistic was then estimated for each
co-treatment condition by matching treatment response paameters from co-treatment conditions to those from doxorulicin monotherapy conditions. Parameter
values from all doxorubicin monotherapy and co-treatment anditions are plotted as a function of equivalent dos¢A-C). A subset of responses from doxorubicin
monotherapy and co-treatment conditions are color-coded o their estimated equivalent dosgD—F). Similar dynamics are observed with for similarly-coloredata,
demonstrating the ef cacy of the parameter matching in compaing treatment response. As NU7441 impairs the function DNAK, we hypothesized the effect of
NU7441 is limited to thekgg parameter (G). With estimates of equivalent dose for all treatment condins, the kgg value for each NU7441 concentration was
estimated with the optimization routine summarized by Equt#on (7). Increasing values okgg are observed with increasing NU7441 concentrations, indating an
increase in functional drug bound(H). These values cannot be directly observed with the uptake stly, demonstrating the utility of the equivalent dose in eghating
parameters that cannot be directly measured with current tehniques.

and the optimization routine summarized by Equation (7).the e cacy of the parameter matching in comparing treatment
To make these measurements, the equivalent dose for eadsponse timecourses, a subset of responses from doxorubicin
doxorubicin monotherapy condition was rst calculated with monotherapy and co-treatment conditions are color-coded to
the PK model parameters measured in the doxorubicin uptakéheir estimated equivalent dosé&igures 6D—F. Note similar
studies. Speci callkgr, keg andkeg were measured to be 4.00  dynamics for similarly-colored data. With estimates of elent

10 6h 1and 0.165 hl, and 0.236 h, respectively. These were dose for all co-treatment conditions, thie-g value for each
calculated by tting the SUM-149PT uptake studies assumingNU7441 concentration was estimated with the optimization
constant parameters for all NU7441 concentrations. Theoutine summarized by Equation (7). As we hypothesized
equivalent dose statistic was then estimated for eachezsitent  that the e ect of NU7441 is limited tokeg(Figure 6G), kre
condition. To perform this estimation, treatment responseand kgr values were xed to the values reported above in
parameters from co-treatment conditions were matched testho the optimization routine. The optimizedkrg values for all
from doxorubicin monotherapy conditionsF{gures 6A-Q. As  NU7441 concentrations are shown figure 6H. Increasingkeg

the equivalent doses for all monotherapy conditions are p#lfe  values were observed with increasing NU7441 concentrations
known, the equivalent dose for each co-treatment conditiorindicating the functional increase in drug with NU7441,
can be estimated with this matching process. To demonstrat@ediated through its e ect on DNA-PK. We note that the DNA
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FIGURE 7 | Comparison of MDA-MB-4684,5 and MDA-MB-468)y pr1 cell lines using equivalent dose. The intracellular doxdpicin concentration with 95% CI for
each cell line is shown in(A). The MDA-MB-468,g line demonstrates increased intracellular accumulationfaloxorubicin relative to the MDA-MB-468§,pR1 line.
Equations (1-3) are t to the doxorubicin uptake data, and thébest- t models are overlaid on the data in a (smooth line). Theorresponding parameters with 95% CI
are shown in(B-D). The MDA-MB-468og data are shown in red, and the MDA-MB-46§,pr1 data are shown in blue. Notably, the ef ux of drug from the
MDA-MB-468ypr1 (krg) line is signi cantly greater than the corresponding rate ithe MDA-MB-468,,g line p < 0.05). Treatment response is traditionally
summarized by cell survival and plotted against applied dgiconcentration. The cell count relative to control for eacleell line is shown as a function of extracellular
doxorubicin concentration and equivalent dose ir(E,F), respectively. While a signi cant difference is observed wén comparing these cell linesvia EGgcalculated
with the extracellular doxorubicin concentration, no sigircant difference is observed when comparing theECs statistic derived from the equivalent dose. The
equivalent dose can account for the differing pharmacokirtéc properties to reveal similar doxorubicin pharmacodymaics in these cell lines.

repair pathway a ected by NU7441 is not directly measured irpharmacokinetic models across all timepoints were 44.7 and
the uptake studies. Recall from section Equivalent Doselkifiat  58.7 nM for the MDA-MB-46825 and the MDA-MD-468/pRr1
is a mixed measure of doxorubicin binding and DNA repairlines, respectively.

and describes the functional net binding rate. Thus, thedaees The survival of each cell line 72h following treatment
cannot be directly compared to the values extracted from thes compared as a function of extracellular doxorubicin
uptake study. concentration and equivalent dose Figures 7E,F The EGsg

The equivalent dose can summarize all treatment conditionas measured with the extracellular doxorubicin concentrati
in the SUM-149PT cell line and is predictive of response. Furthefor the MDA-MB-46825 and the MDA-MB-46§pr1 are
this statistic can be leveraged to quantify the specic e ett 0101.6 ( 28.9) and 350.6 (109) nM, respectively. These

NU7441 with observed treatment response data. measures indicate that there is a statistically signi cant
. di erence between these cell linep & 0.05, t-test). The

Comparison of MDA-MB-468  \ipr1 EGso as measured with the equivalent dose for the MDA-MB-

and MDA-MB-468 2 4682 and the MDA-MB-46§pr1 lines are 53.3 (15.1)

The measured intracellular doxorubicin  concentrationand 93.7 ( 29.2) nM, respectively. These values are not
timecourses with accompanying best-t models for thedierent at p D 0.05 (-test), indicating the similarity of
MDA-MB-468,5 and MDA-MB-468,pr1 cell lines are shown these lines. Indeed, the only dierence between cell lines is
in Figure 7. Decreased doxorubicin accumulation was observethe overexpression of the MDR1 e ux pump. The intrinsic
in the MDA-MB-468ypr1 cell line relative to its parental line, sensitivity of these cell lines to treatment should remain
MDA-MB-46825. Notably, drug e ux was signi cantly elevated similar, and the equivalent dose re ects this similarity.
in the MDA-MB-468,pRr1 line relative to its parental line with The response of the MDA-MB-468g and MDA-MB-

kee values of 1.01 (0.08) 10 'h land 0.52(0.04) 101 468ypr1 cell lines are not signi cantly dierent as measured
h 1, respectively{ < 0.05). The mean errors of the best-t byDeq
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DISCUSSION Therapies that target PK/PD pathways o er the potential to
sensitize cells to cytotoxic therapies, increasing the eycaf
We have proposed and demonstrated the utility of atherapy and allowing for lower doses of such therapeutics. The
mathematical modeling framework to quantify pharmacologicapproach proposed in this work provides a means to quantify
properties. We further proposed a new metric, the equivalenthe respective contributions of PK/PD pathways, providing
dose Deg), which provides a biochemically-based measure ofnechanistic insight into treatment response. This approach
treatment e ect. With the data presented here, we show thagj ers from current methods used to assess drug synergism
a mechanistic mathematical model of treatment response caghd antagonism@hou, 2006 Jones et al., 2014; Foucquier and
succinctly summarize a range of treatments to allow for moresyedj, 2015; Chen and Lahav, 2016; Lederer et al.) 2Thé&se
precise comparison of treatment response among cell linefethods have great utility in discovering and quantifyinaigl
Further, we have shown how this model provides quantitativenteractions; however, they cannot be leveraged to undecst
biological |n5|ght into the biochemical drivers of treatnte the mechanisms under|ying the identi ed Synergy/antam]j
response. We demonstrate that a mathematical modeling/hile other methods have leveraged mechanistic data to
framework allows for quanti cation of pharmacologic process dentify synergy Al-Lazikani et al., 2012; Gao et al., 2017;
through population-scale measurements. Yin et al., 201} the proposed equivalent dose framework
Treatment response is driven by cell-line specicprovides quantitative mechanistic insight into intracediubrug
pharmacologic properties. Conventional summary statisticg ects and allows for predictions of treatment response under a
of treatment response data often con ate these pharmacologigariety of treatment conditions. We posit that this mechaicist
properties, limiting their utility. To more e ectively advantee  approach could facilitate clinical translation of combination
study of treatment response, methods that explicitly considefherapies. Notably, therapeutic approaches intended to seesiti
this variability are needed to more precisely quantify biotadji tumors to doxorubicin have demonstrated great preclinical
drivers of treatment response. While previous treatmengctivity; however, their e cacy has been limited in clinidaigls.
response assays provide insight in the relative sensiti¥ity 0 Speci cally, negative results have been seen with TQR due to
cell line to therapy fallahi-Sichani et al., 20),3the proposed excess toxicities and inactivit sztai et al., 2005; Fox and Bates,
approach quanti es specic drivers of treatment sensitivity. 2007. Similarly, DNA-PK inhibitors such as NU7441 have yet to
Through the approach proposed in this work, we demonstrat@lemonstrate an e ect clinically despite their preclinical premi
how intracellular pharmacologic properties can be quanti ed(zhao et al., 2006; Helleday et al., 2008; Davidson et al3).201
using limited data from population-level observations ofye posit that the proposed modeling framework can be used to
treatment response. identify more e ective strategies for dosing and assesdiegéd
This work is limited by its use of doxorubicin, which is therapeutics. In particular, the proposed modeling approach can
intrinsically uorescent, thereby allowing for the uptakeodtel  provide preciseguidance on the necessary dose adjustments to
to be t with experimental data. However, this approachachieve a desired e ect in the context of combination therapy.
need not be limited to uorescent drugs. With appropriate As we have demonstrated, a target equivalent dose can be
experimental design, the approach summarized by Equation (Zchieved in a variety of ways. For example, the extracellular
can be leveraged to quantify any of the rates proposed in thgrug concentration timecourse can be tuned to reach a spedci e
model. Indeed, the optimized values of doxorubicin e ux in equivalent dose. Alternatively, the same equivalent dase c
the MDA-MB-468,pr1 line in Figure 4 are similar to those be achieved by altering cell line pharmacologic properties
values measured by the uptake assayigure 2 Further, the through sensitizers with concomitant changes in the exdlatar
e ect of NU7441 in altering pharmacokinetics was quanti ed doxorubicin timecourse. While realizing this goial vivo will
using only the treatment response data, as this e ect cannot b@quire a more complete model of treatment response (i.e., one
directly measured in the uptake assay. Importantly, this worlkthat incorporates plasma pharmacokinetics and organ system
demonstrates that all treatment conditions collapse ontingle,  toxicities), we have demonstrated the proposed model to be
smooth trajectory through parameter space as a function afobust to various doxorubicin treatments and is general to
equivalent dose, and this property can be leveraged to provideensitizing agents.
guantitative insight into the biological drivers of treagmt While the results of this study are promising, several
response. While cell lines could not be compared without peecislimitations exist in the current approach. The rst order
estimates of all model parameters, this approach can nevesthel pharmacokinetics model assumes static kinetic rates thHroug
be used to quantify therapeutic perturbations within a giventhe experiment, and the pharmacokinetic rates were inveigiija
cell line. It is straightforward to extend the proposed modglin at only a single concentration. These rates are calculateoh as
approach as a means to more precisely quantify the e ects @fverage over all observed cells, not accounting for inteteellu
other parameters in the experimental microenvironment (e.g.heterogeneity. Further, these kinetics may saturate ascitun
how does pH or a speci ¢ nutrient concentration a ect treatment of doxorubicin concentration. This method remains to be
response?). In this way, these variables can be mapped onalidated in additional cell lines with other pharmacoloticgets
a unied treatment response framework to more e ciently to address its generalizability. Additional propertiesimfvitro
advance precision medicine approaches. More generally, tlssays not explicitly considered in the current model haver bee
approach outlined in this work demonstrates how mathematicashown to confound observed e ects. For example, local cell
modeling can be used as a “lter” to derive more specicdensities have been found to a ect treatment resporiseséne
measures from experimental data to advance systems biology.et al., 201) Finally, this model is deterministic and does
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not consider either population heterogeneity or cell evalnoti JW aided MM in developing the numerical methods to t the
Despite these limiting assumptions, we note the accuracyef ttproposed models. All authors reviewed the manuscript.
equivalent dose in summarizing population-level response to a
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