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S
table nanoparticles capable of specifically
binding to cancer cells and delivering
high doses of therapeutic compounds

could be transformational for cancer therapy
by more efficiently delivering drugs into can-
cer cells, while simultaneously reducing toxic
side effects in healthy cells and tissues.1�3 An
ideal targeted nanoparticle drug carrier, or
“nanocarrier,” should have (i) the capacity for
carrying high levels of multiple diverse molec-
ular cargos, for example, small molecules,
drugs, siRNAs, peptides, and imaging agents;

(ii) the ability to reside in the blood for
extended periods without elimination by
the immune or excretory systems; and (iii) the
specificity for binding only to targeted disease
cells (either endotheliumor epithelium),while
avoiding normal, healthy cells. To achieve
these combined features, we have recently
developed a modular, composite nanocarrier
termed a “protocell” (Figure 1).4�6 Protocells
synergistically combine the advantages of
liposomes (low inherent toxicity, immuno-
genicity, and long circulation times) and
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ABSTRACT A quantitative understanding of the advantages of nanoparticle-based drug

delivery vis-à-vis conventional free drug chemotherapy has yet to be established for cancer or

other diseases despite numerous investigations. Here, we employ first-principles cell biophysics,

drug pharmaco-kinetics, and drug pharmaco-dynamics to model the delivery of doxorubicin

(DOX) to hepatocellular carcinoma (HCC) tumor cells and predict the resultant experimental

cytotoxicity data. The fundamental, mechanistic hypothesis of our mathematical model is that

the integrated history of drug uptake by the cells over time of exposure, which sets the cell

death rate parameter, and the uptake rate are the sole determinants of the dose response

relationship. A universal solution of the model equations is capable of predicting the entire,

nonlinear dose response of the cells to any drug concentration based on just two separate measurements of these cellular parameters. This analysis reveals

that nanocarrier-mediated delivery overcomes resistance to the free drug because of improved cellular uptake rates, and that dose response curves to

nanocarrier mediated drug delivery are equivalent to those for free-drug, but “shifted to the left;” that is, lower amounts of drug achieve the same cell kill.

We then demonstrate the model's general applicability to different tumor and drug types, and cell-exposure time courses by investigating HCC cells

exposed to cisplatin and 5-fluorouracil, breast cancer MCF-7 cells exposed to DOX, and pancreatic adenocarcinoma PANC-1 cells exposed to gemcitabine. The

model will help in the optimal design of nanocarriers for clinical applications and improve the current, largely empirical understanding of in vivo drug

transport and tumor response.

KEYWORDS: drug delivery . mathematical modeling . mesoporous silica nanoparticle .
pharmacokinetics�pharmacodynamics model . protocells
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porous nanoparticles (stability and an enormous capa-
city for simultaneous delivery of multiple cargos).
We have demonstrated that protocells have a 100-
fold greater specificity in target-cell binding than
equivalent fluid-phase liposomes.4 Furthermore, using
amodel of hepatocellular carcinoma (HCC), wedemon-
strated that protocells carrying a cocktail of doxorubicin
(DOX), 5-FU, and cisplatin were so potent that a single
targeted protocell could kill a multidrug-resistant hepa-
tocellular carcinoma cell in vitro, while sparing normal
hepatocytes.4

Here, using a mathematical modeling framework
based on first principles of drug and cell mass con-
servation, with biophysical parameters describing cel-
lular uptake rates of the drug/nanoparticle and cellular
death rates, we accurately predict the dose response
of HCC to DOX, 5-FU, and cisplatin administered as
free drugs or loaded into protocells, and provide
mechanistic understanding of the observed increased
efficiency and efficacy of targeted nanoparticle-
based delivery compared to that of the free drug.
In particular, delivery of DOX using protocells was
found to kill higher numbers of cells in a colony than
the delivery of free DOX due to increased uptake
rates by cells in nanocarrier-mediated delivery and
mitigation of drug loss by MDR efflux pumps such as
P-glycoprotein (Pgp).
The integrative research studying cellular response

to both free and nanoparticle-delivered chemo-
therapeutic drugs has so far focused on one particular
aspect of response, such as the dose response curve
or the pharmacokinetics�pharmacodynamics of a
particular drug.7�10 The area under the concentration
versus time curve (AUC) has been the major predictor
of anticancer agent effects on cell death. The survival of
cells relative to controls, when plotted against either

the extracellular AUC or CaT (where C is concentration
of drug, T is exposure time and a is a constant depen-
dent on tumor type), yields a nonlinear, sigmoidal curve
that can be typically described by the Hill model.7 In
line with these phenomenological approaches, many
ad-hoc modifications have been made to the Hill
model to describe dose response curves obtained from
in vitro cytotoxicity experiments, including examining
the shape of the concentration-versus-time curve and
exploring how cell damage is affected or determined
by drug accumulation within the cells.10,11 However,
the Hill-type models do not allow one to predict
how features like the duration of drug exposure
(a crucial factor in determining the shape of the dose
response curve) affect cell kill. To address this problem,
various mechanistic models have been developed,
including exponential kill models9 and other types of
models7,8,12�16 that rely on compartmental models of
drug action. However, these models require measure-
ments of many biological properties of tumor cells and
drugs (e.g., cell cycle phase specificity, cell cycle time,
and the level of drug resistance), making them difficult
to use in predicting dose response curves.
Here, we use an integrated experimental and math-

ematical modeling approach, which builds on our
prior efforts,17,18 to study and quantify in vitro tumor
drug response. Using experimental cytotoxicity data,
we develop a simple yet mechanistic mathematical
model from first principles, coupling the cell and drug
dynamics, and fit this model to the data to obtain
parameters describing cellular uptake of;and re-
sponse to;the drug. We demonstrate that the cell
death rate is a universal mechanistic, predictable func-
tion of the time-integral of drug exposure, replacing
the unnecessarily complicated and ad-hoc phenomen-
ological models of cell death described above.8,9,16

Figure 1. Protocell design. Nanoporous silica cores are loaded with multiple drug cargos by adsorption to the high
surface area silica matrix. The drug-loaded core is then enveloped by a single lipid bilayer, which is further functionalized
with (1) polyethylene glycol (PEG) to reduce nonspecific interactions with its environment; (2) targeting peptides to direct
protocell binding to specific cells; and (3) pH-responsive peptides which cause disruption of endosomes and the bilayer
coating upon particle internalization into acidic intracellular compartments, allowing drug delivery into the cytosol of
the target cell.
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Furthermore, after calibrating themodel using just two
drug concentration data points, we accurately predict
the nonlinear dose response curves for all drug con-
centrations and for both types of delivery methods,
that is, free drug and drug-loaded protocells, to both
drug sensitive and resistant HCC cell types. We then
demonstrate the general applicability of the model
formulation to different cell/drug types, delivery vehi-
cles, and time courses. These differences are simply
and uniquely accounted for by different values of two
fundamental parameters, cell death and drug uptake
rates.

RESULTS AND DISCUSSION

Mathematical Model. We performed a set of mono-
layer in vitro assays (see Materials and Methods) where
the dynamics of viable cells (change in viable popula-
tion of cells over time due to drug uptake) and drug
(change in drug concentration over time due to uptake
by cells) were interdependent. Thus, we developed a
mathematical model, from first principles of cell and
drugmass conservation, which describes the dynamics
of the viable population of cells as a function of drug
concentration and the history of drug uptake by the
cells. (See Supporting Information Text for details and
formulation.) Below, we report the solutions describing
the changes in viable cell population and drug con-
centration over time for the three scenarios considered
in the experiments.

Scenario 1: Continuous Drug-ExposureModel. Defin-
ing the dimensionless variables, n̂ = n/n0, σ̂ = σ/σ0,
t̂ = λnot, equations S1�S4 (Supporting Information
Text) leads to semianalytical implicit solutions for drug
and cell concentrations σ̂ and n̂ as a function of time t̂:

t̂ ¼ �
Z σ̂

1

dσ̂0

σ̂0(1þΦ(1 � σ̂0 þ lnσ̂0))
n̂ ¼ 1þΦ(1 � σ̂þ lnσ̂) (1a,b)

where σ0 and n0 are initial drug and cell concentrations
and λ is the specific rate of uptake of drug (by a unit
concentration of cells). The dimensionless constant
Φ = (λAσ0)/(λn0) is the ratio between the characteristic
time scales associated with cell death and drug uptake
by the cells.

Scenario 2: Discontinuous Drug-Exposure Model. If
drug exposure in the above scenario is discontinued at
t̂ = t̂d, eq 1a,b is only valid for t̂ < t̂d, that is, while drug is
delivered continuously to the cells. It is straightforward
to demonstrate that, for t̂ > t̂d, eq 1a,b can be replaced
by (eqs S5 and S6, Supporting Information Text):

t̂ > t̂d:

n̂ ¼ n̂(t̂d) e�Φ(1 � σ̂(t̂d))(t̂ � t̂d) and σ ¼ 0 (2a,b)

where n̂(t̂d) and σ̂(t̂d) are the concentrations of viable
cells and of drug, calculated from eq 1a,b at t̂ = t̂d.
Equation 2a,b describes apoptosis of cells in the colony

at an exponential rate set by the total uptake of drug
σ0 � σ(t̂d) that has occurred up to time t̂ = t̂d.

Scenario 3: Constant Drug-ConcentrationModel. For
experimental conditions simulating constant drug
concentration σ̂(t̂) = 1, eqs S7, S8 lead to the solution
(Supporting Information Text):

σ̂u ¼ (Φ=2)�1=2 tanh((Φ=2)1=2 t̂);

n̂ ¼ 4
e(2Φ)1=2 t̂

(e(2Φ)1=2 t̂ þ 1)2
(3a,b)

where σ̂(t̂) is total concentration of drug taken up from
time 0 to time t̂.

Analysis of Coupled Cell and Drug Dynamics. Asymptotic
behaviors of eq 1a,b can be found for short and long
drug exposure times, respectively (in dimensional
variables):

λn0t , 1:

n

n0
� 1 � 1

2
λAσ0λn0t

2 , and
σ

σ0
¼ e�λn0t (4a)

λn0t . 1:

n

n0
∼ e�λA(σ0 � σ¥ )t and σ � σ¥ (4b)

where σ¥ is the drug concentration value as time t goes
to infinity and drug uptake by the cells is completed,
and is calculated from eq 1b with n = 0. On the basis of
the model assumptions, eq 4a reveals that the cells
initially uptake drug, thus decreasing drug concentra-
tion over time at an exponential rate λn0. As the drug
concentration tends to a constant long-time value σ¥,
cells begin to die. At large times, cell death is expo-
nential, with death rate λA(σ0 � σ¥) linearly propor-
tional to the total amount of drug σ0� σ¥ that the cells
have taken up (total uptake). Similar cell viability
dynamics occur for discontinuous (eq 2) and constant
(eq 3) drug exposure.

Analysis of Cellular Biology Parameters. The parameter
values obtained from the fits of the mathematical
model to the experimental data (Figure 2; Materials
and Methods) are reported in Figure 3 versus initial
DOX concentration σ0 in themedium for drug sensitive
and resistant HCC cell lines (Table S1, Supporting
Information Text). Because the drug is packaged at
high concentration within the protocell carrier, the
effective uptake rates λn0 of drug by the cells are
higher for protocell-based delivery than for free drug
delivery (Figure 3A)with the same total amount of drug
administered in the medium. The uptake rates are
independent (within error) of initial DOX concentration
σ0 (and roughly on cell line) for both methods of
delivery. The total amount of DOX, that is, σ0 � σ¥,
taken up by the cells (inset) increases as expected with
initial DOX concentration σ0, and is higher for proto-
cell-based delivery than free-drug delivery.
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The long-time death rates λA(σ0 � σ¥) for the drug
sensitive and resistant cell lines (Figure 3B) increase
with initial DOX concentration σ0 for both methods of
delivery. The protocell delivery of DOX leads to higher
death rates than those corresponding to free-drug
delivery, especially for MDR cells. The results also
suggest that for the cells and drug considered here,
serum percentage has a negative effect on death rate,
which could be a result of protein association with the
supported lipid bilayer (Figure 1) of the protocell
causingmodest leakage of DOX. Moreover, the specific
death rates λA for both drug resistant and sensitive cell
lines are independent (within error) of the method
of delivery and initial DOX concentration σ0 (inset). This
supports the model hypothesis (Supporting Informa-
tion, eq. S3, Text) that a linear long-time death rate
λA(σ0 � σ¥) proportional to the total uptake of drug is
sufficient to capture the behavior of the cells, at least
within the range of drug concentrations studied here,
without the use of unnecessarily complicated models
of cell death.8,9,16 Altogether, these results imply
that the protocell-based delivery is more efficient and
effective at killing cells than free-drug.

Test of the Time-Dependent Model. As a first test of
model predictivity, we investigated the effect of
the duration of cell exposure to DOX on cell death
(Figure 4) by using experimental data corresponding
to delivery for 4 h only to MDR HCC cell lines via

both free DOX and DOX-loaded protocells at two initial
DOX concentrations σ0. We applied the mathematical
model eq 2a,b with td = 4 h. We kept the values of
the parameters λn0 and λA the same as previously
calculated from the corresponding continuous DOX-
exposure experiments (Figure 3; Supporting Informa-
tion, Table S1, Text), since according to the model
assumptions these parameters are intrinsic properties
of the cells independent of the time-delivery protocol.
The curves predicted by the mathematical model
agree (Figure 4) with the data corresponding to 4 h

drug exposure (coefficients of determination R2 =
0.988 and 0.982 for the free DOX and DOX-loaded
4 h-exposure curves at an initial DOX concentration
σ0 = 92.5 nM; and R2 = 0.995 and 0.973 for σ0 = 298 nM),
thus validating the model assumptions and equations.
When drug is delivered for 4 h only, cells begin to
regrow with a doubling time of mitosis of about
25�32 h while at the same time the kill effect of the
drug declines; thus, we do not expect the parameters
of the model to accurately predict cell viability values
for times longer than this doubling time. Consistent
with the mathematical model, continuous delivery
leads to higher total uptake; that is σ0 � σ¥ > σ0 �
σ(4 h), because σ(4 h) > σ¥, and thus higher death rates
and total death are achieved. This result is consistent
with the observation that the uptake time scale 2 h <
(λn0)

�1 < 15 h, and thus after 4 h the drug uptake
process is typically far from being completed.

General Applicability of the Model. We tested the gen-
erality of the model by applying it to continuous time-
exposure experiments of HCC cells to different drug
types, that is, cisplatin (cis) and fluorouracil (5-FU).
The long-time death rates λA(σ0 � σ¥) and specific
death rates λA for cis and 5-FU were obtained for
both parental and MDR HCC cell lines at a single
value of initial drug concentration σ0, and are inde-
pendent of deliverymethods and cell line (within error)
(Supporting Information, Table S2, Text). The uptake
rates of drug by the cells λn0 and total amount of drug
taken up by the cells σ0 � σ¥ for cis and 5-FU are also
roughly insensitive to the deliverymethod and cell line
(within error). Therefore, in vitro, there is no apparent
advantage in using protocells to deliver cis and 5-FU to
HCC cells in contrast to the case for DOX (Figure 3).
These observations are consistent with the MDR cell
line remaining sensitive to cis and 5-FU, which are
not substrates for P-glycoprotein (P-gp; a transporter
that transports substrates across extra- and intracellu-
lar membranes), and with the fact that cis and 5-FU

Figure 2. Sample fits of eq 1 (solid curves) to cytotoxicity data (symbols: fraction of viable cells n/n0 with S.D.) at different drug
concentrations, used to calculate mean values of drug-uptake rate and cell-death rate parameters. (A) Drug resistant (red; initial
DOX concentration σ0= 9.6 μM) and sensitive (blue; σ0= 286 nM) HCC cell lines exposed to free DOX. (B) Drug resistant HCC cells
(red;σ0=2.4μM) exposed toDOX-loadedprotocells. Additionalfits toupper and lowerboundsof the experimentalmeasurements
(dashed) were used to calculate standard deviations of the parameters (Supporting Information, Tables S1,S2; Text).
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administered in dimethyl sulfoxide (DMSO) can diffuse
readily into cells. However this DMSO delivery ap-
proach cannot be used in vivo or in human patients,
so it is reasonable to expect that there may be an
advantage of using protocell-mediated delivery in a
clinical setting. Note finally that the model correctly
predicts lower uptake for these drugs than for DOX
when protocells are used, which is consistent with the
observation that the former drugs are loaded at lower
concentration than DOX in the protocells.

We then tested applicability to different cell types,
by revisiting our in vitro experiments17with continuous
delivery of free DOX to MCF-7 breast cancer cell lines.
By fitting the numerical solution of eq 1 at t = 96 h
to the dose response data at several initial drug
concentrations σ0 for MDR and parental MCF-7 cells

(Supporting Information, Figure S1A, Text), we obtained
the parameter values: λn0 = 0.1 h�1 and λA = 0.08 h�1

μM�1 (MDR); λn0 = 0.07 h�1 and λA = 0.4 h�1 μM�1

(parental). The coefficients of determination for the fits
were R2 = 0.98 (MDR) and 0.94 (parental). These param-
eter values are similar to those found for HCC cells
(parental) and larger for MDR MCF-7 than MDR HCC,
which is consistent with the observation that smaller
values ofσ0 are necessary to achieve the same kill inMDR
MCF-7 than MDR HCC cells.

Finally, we tested the model on a different cell type
and drug, that is, on humanpancreatic adenocarcinoma
cells continuously exposed to free gemcitabine, as well
as to constant gemcitabine concentration (Materials
and Methods). By fitting the numerical solution of eq 1
(continuous exposure) and eq 3 (constant exposure)

Figure 3. DOX-loaded protocell delivery (red and white symbols with S.D.) leads to higher uptake rates and thus higher rates
of cell death compared to free DOX (blue). (A) Uptake rate λn0 by drug-resistant (MDR, diamonds) and sensitive (parental,
squares) HCC cell lines. Inset: total uptake of drug σ0 � σ¥, that is, the difference between initial and long-time drug
concentrations in the medium. (B) Long-time cell death rate λA(σ0 � σ¥), established in the colony after total drug uptake
σ0 � σ¥ has occurred. Inset: specific death rate λA, that is, the death rate per unit concentration of drug uptaken. The
parameters were calculated by fitting eq 1 to the time-dependent cytotoxicity data (e.g., see Figure 2). For protocells, initial
DOX concentration σ0 is the product of the concentration of protocells in the medium times the average concentration of
drug in protocells. σ0= 2.4 and 9.6 μM (MDR cells), and 0.0857 and 0.286 μM (sensitive).
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at t= 96h (Supporting Information, Figure S1B, Text), we
found the parameter values: λn0 = 0.028 h�1 and λA =
0.74 h�1 μM�1 (continuous); λn0 = 0.025 h�1 and λA =
0.668 h�1 μM�1 (constant). The coefficients of determina-
tion for the fits were R2 = 0.94 (continuous) and 0.99
(constant). The similarity of parameter values is expected
because these values are a property of the cell/drug com-
bination and should be independent of time protocol of
delivery. Also, the larger specificdeath rates found in these
experiments are consistent with the observation that cell
kill is achieved at smaller initial drug concentrations.

Prediction of Dose Response Curves. We used the aver-
age values of the specific death rate λA and uptake rate
λn0 calibrated (Figures 2,3; Supporting Information,
Table S1, Text) from the time-dependent data of HCC
cell viability at two values of initial drug concentra-
tion σ0, and predicted theoretical dose�response
curves spanning the full range of drug concentra-
tions by numerically integrating eq 1a,b up to t =
24 h (Materials and Methods). A comparison of the
theoretical and experimental dose response curves,
that is, fraction of viable cells n/n0 at t = 24 h versus

Figure 4. Continuous delivery of DOX over time (thick symbols and solid lines) leads to higher long-time death rates com-
pared to delivery for 4 h (thin symbols and dashed lines). The percentage of viable cells n/n0 versus time t (symbols with S.D.)
for free DOX (blue) and DOX-loaded protocells (red) delivered for 4 h and continuously for 72 h to MDR HCC cell lines; 10%
serum; eq 1 (thick lines) and eq 2 (dashed lines). Initial DOX concentrations σ0 = 0.0925 μM (A) and 0.298 μM (B).
The mathematical model, with parameters calibrated from the continuous-drug exposure experiments, is predictive of the
viability corresponding to the 4-h exposure experiments. The increase in viability observed at long times (symbols) is due to
resumed proliferation and not accounted for in the mathematical model of cell kill.

Figure 5. Mathematical model predicts dose�response curves. Numerical integration of eq 1 at t = 24 h (solid, dashed, and
dotted curves) and experimental cytotoxicity data (symbols with S.D.): free DOX (blue squares, parental; diamonds, MDR);
DOX-loaded protocells (red). R2 = 0.987 (MDR, free DOX), 0.991 (MDR, DOX-loaded protocells), and 0.996 (parental, free
DOX). For prediction of each dose�response curve, a single value of drug uptake rate λn0 and specific cell death rate λA
parameters was calculated (Materials and Methods; Supporting Information, Table S1, Text) by fitting eq 1 to time-course
viability data at two drug concentrations (dark-outlined symbols), and then averaging the two resulting values for each
parameter. Inset: “equivalence” between free-DOX and DOX-loaded-protocell dose�response is demonstrated by super-
posing least-squares fits (R2 = 0.999) through the two data sets (by rescaling the free-drug concentration by a factor of 1/5
determined empirically).
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initial drug concentration σ0, for free DOX and DOX-
loaded protocells is reported in Figure 5 (coefficients
of determination R2 = 0.987, 0.991, and 0.996 for MDR
cell line with free DOX, DOX-loaded protocells, and
parental cell line with free DOX). The parameter values
used were λA = 0.051 (h 3 μM)�1 and λn0 = 0.19 h�1

(MDR with DOX-loaded protocells); λA = 0.025
(h 3 μM)�1 and λn0 = 0.069 h�1 (MDR with free DOX);
λA = 0.769 (h 3 μM)�1 and λn0 = 0.069 h�1 (parental with
free DOX). The ability to accurately predict the entire
dose response curves from parameter fits based on
using just two experimental concentration values,
despite the nonlinear nature of drug response and
without incorporating complicated kinetic arguments
to describe cell death, provides further support to the
mathematical model assumptions.

“Equivalence” between Free-Drug and Protocell Dose�
Response Curves. We further validated the mathematical
model by demonstrating equivalence between free
DOX and DOX-loaded HCC dose response (Figure 5,
inset), by superposing least-squares fits through the
two sets of dose�response data (rescaling the initial
drug concentration σ0 for the free-drug case by a factor
of roughly 1/5 determined empirically). This remark-
able result validates the mathematical model predic-
tion (Materials and Methods) that differences in drug
response corresponding to different experimental con-
ditions of drug uptake and cell death can be accounted
for through different values of the associated rate
parameters in the model (Figure 3), while the funda-
mental functional relationships, for example, eq 1 be-
tween dose and response, universally apply to all cell
and drug types, delivery time-courses, and delivery
vehicles, that is, free drug versus protocells. For the
case where DOX-loaded protocell and free DOX
delivery are compared, the results in Figure 5 imply
that the delivery of DOX using protocells is more
efficient (because of higher cellular uptake rates)
and affords a kill equal to the kill achieved by delivery
of free DOX at a higher total concentration or at a later
time.

Model Implications. We demonstrated the general
applicability and predictive power of themathematical
model presented here by applying it to different cell
and drug types, and to both free and nanocarrier-
mediated drug delivery. Actually, this general model-
ing approach based on conservation laws has been
successfully applied to the prediction of patient-spe-
cific response to drug and of response to immunother-
apy in mice.19,20 To date, extensive research has been
conducted to study the drug delivery capabilities
of nanoparticles compared to the traditional methods
of delivery.2,21,22 It has been shown that nanoparticles
loaded with drugs are often superior in reaching
intended targets than other approaches. Here we
sought to understand the mechanisms underlying
how the delivery of DOX and other drugs to HCC tumor

cells using the protocell drug delivery vehicle results in
more efficient and effective cell death than traditional
free-DOX delivery. We found that this outcome primar-
ily occurs because the protocell delivery allows the
cells to uptake the drug at higher rates, which then
leads to faster rates of death. The initial concentration
of DOX σ0 necessary to obtain the same amount of cell
kill is less for protocell-mediated delivery compared to
free-DOX delivery. This warrants the use of protocells
as a viable alternative in the clinical setting. The ability
of the protocells to circumvent or overcome the drug
resistant pumps5 within the cells and to be loadedwith
extremely high concentrations of DOX allows them to
outperform free drug and other nanocarriers.

The two model parameters, that is, the integrated
history of drug uptake by the cells over time of
exposure and the uptake rate, sum up all higher-order
phenomena (such as endosomal escape efficiency
of the protocells etc.) that potentially play a role in
determining drug response. Accordingly, these phe-
nomena are not directly modeled in the mathematical
formulation, as the two parameters are instead directly
measured from “calibration” experiments as described
throughout (see especially Figure 2 and associated
text). We have also demonstrated that (see, e.g.,

Figure 3), as a result of a number of higher-order
phenomena, accounted for by different values of the
two parameters, nanoparticle-based delivery leads to
higher uptake rates and thus higher cell kill than free-
drug delivery. Direct incorporation of higher-order
mechanisms could in principle lead to an “ab-initio”

predictive model that would potentially not require
calibration. Furthermore, the protocell platform incor-
porates two pH-sensitive triggers that help to very
efficiently deliver drug into the cytoplasm. First, acid-
ification of the endosome destabilizes the supported
lipid bilayer allowing drug escape and, second, the
fusogenic peptide incorporated in the supported lipid
bilayer serves as a proton sponge leading to endosome
swelling and disruption. Together these triggers help
to rapidly deliver the drug into the endosome so that
endosomal escape efficiency is not in any way rate
limiting anddoes not need to be specifically accounted
for in the model as presented here.

CONCLUSIONS

Over 70 years of chemotherapy research have re-
sulted in phenomenological explanations of cell death,
typically confined to specific cell and drug types, but
have failed to provide a unified mechanistic under-
standing of how underlying biophysical processes
affect drug uptake and cellular death rates. We pre-
sent a universal solution of first-principle conserva-
tion equations of cell and drug mass, incorporating
the fundamental biological hypothesis that the history
of drug uptake by the cells is the sole determinant
of death rates. This general mathematical model
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quantifies and predicts in vitro dose response of dif-
ferent human tumor types to a variety of drugs, eluci-
dates the advantages of targeted nanoparticle-based

drug delivery directly to cancer cells, and will help in
the rational design of nanocarriers and drug dosing
regimens.

MATERIALS AND METHODS

Experimental Determination of Dose�Response and Time-Dependent
Viability in HCC Cells by Free Drug and Drug-Loaded Protocells. Detailed
materials and methods that include procedures used to syn-
thesize drug-loaded, SP94-targeted protocells have been pub-
lished in the Supporting Information section of C. Ashley, et al.5

Parental Hep3B (ATCC cat. no. HB-8064) were grown according
to manufacturer instructions. MDR was induced via exposure
to increasing concentrations of DOX in 24 h intervals (25, ..., 100,
150, ..., 500, 600, ..., 900 nM; 1, 1.5, ..., 3, 4, and 5 μM), interspersed
with 48 h recovery periods, duringwhich cells were incubated in
complete growth medium without DOX.23

Dose�response curves for parental and MDR Hep3B, when
exposed to free and protocell-encapsulated DOX, cisplatin, and
5-FU, were determined by seeding 6-well plates with 106 cells/
well, allowing cells to adhere overnight, and then exposing cells
to initial concentrations σ0 = 0.1�10000 nM of drug in phenol
red-free DMEM containing 10% or 50% FBS for 24 h at 37 �C.
Here varying levels of serum were used to assess the stability
of the protocells in complex media representative of in vivo
environments. Cells that remained adherent were dislodged
from the well using a cell scraper, centrifuged (4000 rpm, 2min)
to remove excess drug, and stained with SYTOX Green nucleic
acid stain and Alexa Fluor 647-labeled annexin V. The numbers
of viable (double-negative) and nonviable (single- or double-
positive) cellswere determined via flowcytometry (FACSCalibur);
SYTOX Green fluorescence was excited by the 488-nm laser and
collected in the FL1 channel, while Alexa Fluor 647 fluorescence
was excited by the 633-nm laser and collected in the FL3 channel
(670-nm longpassfilter). The concentrations of drugnecessary to
kill 50% (LC50) and 90% (LC90) of cells were determined from the
dose�response curves.

Time-response curves were then determined by continu-
ously incubating cells with the LC50 or LC90 values of drug for
30min to 72 h (continuous drug exposure). Discontinuous drug-
exposure time-response curves were constructed by exposing
cells to free or protocell-encapsulated drug up to td = 4 h and
then incubating them in fresh medium for 30 min to 72 h. Cell
viability was determined at various times points as described
above. Parental andMDRHep3B exposed to 1 μMof CsA for 72 h
to reverse any Pgp-mediated resistance24were used as controls.
The time-dependent viability and doubling rates of untreated
cells were used to normalize all viability data.

Experimental Determination of Apoptosis in PANC-1 Cells by Free
Gemcitabine. Cells were plated at a density of 5000 cells/well of
a 96-well plate (Corning); 24 h after plating, the medium was
replaced and gemcitabine was given at increasing concentra-
tions σ0 = 0, 3.1, 6.2, 12.5, 25, 50, 100, 500, and 1000 nM.
Additionally, two experimental groups were tested at the same
time. One group received only an initial dose of gemcitabine at
one of the above concentrations (continuous drug exposure).
Another group received one of the above concentrations
of gemcitabine every 24 h, simulating a relatively “constant”
exposure. Cell viability was determined with the MTS assay,
according to manufacturer's protocol (Promega), at t = 1, 2, 24,
48, 72, and 96 h after initial gemcitabine exposure. All experi-
ments were repeated three times.

We also used previously published data17 of continuous
DOX exposure of human breast cancer MCF-7 cells (both
parental and MDR) to test the mathematical model. For these
cells, as well as for the human pancreatic cancer PANC-1 cells
exposed to gemcitabine as described below, dose�response
data revealed the existence of a subpopulation of <10% of cells
who were intrinsically resistant to the drugs used and survived
at all drug concentrations applied. In the mathematical model
analysis and for the purpose of comparing model results to
in vitro viability data, these cells were removed from the analysis.

Mathematical Model of Coupled Cell and Drug Dynamics. The math-
ematical model from fundamental mass conservation con-
siderations coupled with cytotoxicity monolayer data for pro-
tocells and free drug quantifies the advantages of the former
nanocarrier drug delivery platform to tumor cells.

Equivalence of Dose�Response Curves. The drug concentra-
tion variable σ̂ can be numerically eliminated from eqs 1a,b
to obtain dose�response curves, that is, cell viability as function
of initial drug concentration (through the parameter Φ) and
time, n̂ = F(Φ,t̂). The functional form of F cannot be expressed
analytically. This simple result demonstrates “equivalence”
of dose�response curves corresponding to different values of
drug uptake and cell death rate parameters particularly when
these differences are due to different cell/drug types or delivery
mechanisms, that is, nanocarriers versus free drug. Despite these
differences, dose response is a universal function solely of
dimensionless time t̂ and the parameterΦ. Similar considerations
apply to the other time-exposure courses considered eqs 2 and 3.

Calculation of Drug Concentration and Cell Viability. Here,
the solutions of eq 1were calculated by numerical integration of
the corresponding differential eqs. S1�S4 (Supporting Informa-
tion Text), usingMathematica (routine “NDSolve”),25 and then fit
to the cytotoxicity time-dependent data for continuous drug
exposure of HCC cells at two different initial drug concentra-
tions σ0 for each cell type thus calibrating the death and uptake
rate parameters Φ and λn0, as shown in examples in Figure 2,
where by fitting both the mean and the upper/lower bounds of
the range of viability measurements at each concentration
produced estimates of sensitivity of the model parameters
(Figure 3; Supporting Information, Tables S1,S2, Text). Similar
fits were performed for continuous drug-exposure to different
drug types (Supporting Information Text).

Time dependent curves were also produced and compared
to the discontinuous drug-exposure experiments with HCC cells
by evaluating eq 2 using the same parameter values found from
the fits described above for continuous exposure (Figure 4).

To predict dose�response curves for HCC cells (Figure 5),
the parameter values found at two concentrations by the fits to
the continuous drug-exposure data described above were then
simply averaged; eq 1was numerically evaluated at time t=24 h
for all concentrations σ0 to produce the curves in Figure 5.
A graph was then constructed by rescaling drug concentration
to superpose dose�response data corresponding to free-drug
and protocell delivery to demonstrate equivalence of the
dose�response curves (Figure 5, inset). Equations 1 and 3 were
also directly fitted at t = 96 h to dose�response data for MCF-7
breast cancer cell lines exposed continuously to DOX and to
dose�response data for pancreatic adenocarcinoma PANC-1
cell lines exposed both continuously and to a constant con-
centration of gemcitabine, respectively, to produce the curves
in Supporting Information Figure S1, Text.
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