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ABSTRACT: Transient flux profiles from in vitro flow-through cell experiments exhibit different characteristics depending upon the properties
of the penetrants and vehicle mixtures applied. To enable discrimination of the chemical properties contributing to these differences, a
consistent mathematical model should first be developed. A mixed effects modeling framework was used so that models can be estimated
with as few parameters as possible, while also quantifying variability and accounting for correlation in the data. The models account for
diffusion and binding within the membrane as well as dynamics on the diffusion coefficient. The models explain key features of the data,
such as: lag time, sharp peaks in flux, two terminal phases, and low flux profiles. The models with dynamic diffusivity fit the data better than
those without—particularly the sharp peaks. The significance of changing diffusivity over time suggests that vehicle effects are transient and
are more accurately estimated when dynamics are modeled. © 2014 Wiley Periodicals, Inc. and the American Pharmacists Association |
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INTRODUCTION

For a topical exposure to a chemical or drug to result in a
systemic exposure, the chemical (penetrant) must be absorbed
across the dermal barrier. Whether in industrial or medical
settings, the penetrant, in its pure form, will rarely come into
contact with the skin. There is usually a vehicle that serves
to solubilize the penetrant. In many cases, the permeability of
the penetrant through the various layers of the skin is mod-
ulated by the constituents of the vehicle to the extent that it
is the mixture that defines the ultimate level of exposure to
the penetrant. Because of this interaction between the vehicle—
penetrant mixture and the dermal barrier, there is marked
interest in vehicle and penetrant interactions with respect to
transdermal absorption.

The rate and extent of transdermal absorption depends
on several characteristics of the penetrant: its partitioning
into skin, diffusivity through the skin, and exposure at the
skin surface.’? Several studies have demonstrated the effects
of vehicles on the absorption rates of topically applied com-
pounds, by modulation of these characteristics. The permeabil-
ity of halogenated methanes has been shown to be increased
by up to 73-fold in corn oil compared with water.® In a va-
riety of cases, the partition coefficient of the penetrant into
the stratum corneum has been reported to be effected by ve-
hicles ranging from oil, water emulsion, and petrolatum* to
propylene glycol (PropGlyc), octonol, and ethyl decanoate® to
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isopropylmyristate.® Terpenes have been shown to enhance the
diffusivity of 5-fluorouracil in excised epidermal membranes.”
Much progress has been made toward predicting transder-
mal absorption. Several models have been developed that take
into account the chemical properties of the penetrant to de-
scribe its permeability coefficient. The original work of Potts
and Guy,? based on a linear free-energy relationship (LFER)
among molecular weight, lipophilicity, and permeability, has
been further refined in more recent literature. Bunge and
Cleek®!° have divided the Potts and Guy model into compo-
nents representing resistances due to stratum corneum and
epidermis. Hostynek and Magee!! developed an LFER utiliz-
ing indicator variables to account for vehicle effects and also
accounting for hydrogen bonding activity. In a comprehensive
review of related literature, Abraham and Martins'? rigorously
developed a model across all of the data, utilizing descriptors
for molecular size, hydrogen bonding potentials, polarity, and
refractivity. An important limitation of this work, however, was
that all of the compounds were exposed in an aqueous vehicle.
In the case of industrial and pharmaceutical exposure, one
should also consider the effects of complex mixtures on absorp-
tion, where the multiple constituents of the vehicle may have
cumulative or synergistic effects. Previous studies have demon-
strated the effects of multicomponent mixtures on the rate and
extent of transdermal absorption.!®1% In particular, these met-
rics have been shown to be modulated by the specific composi-
tion of the vehicle. Riviere and Brooks'41® have used a mixture
factor to account for the effect of composition of the mixture
on permeability coefficient in an in vitro system, and total ab-
sorbed dose fraction in an ex vivo system. The mixture factor
in these studies is a multivariate linear function that combines
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chemical descriptors of the penetrant and vehicle constituents
in a quantitative structure to property relationship (QSPR).
When applied as an additive factor to the existing LFERs, the
mixture factor improves the predictability of the QSPR, demon-
strating the effect of the vehicle composition.!”

Previous analyses of these, and similar, data have modeled
a summary statistic of the individual absorption experiments
(like permeability coefficient or fraction absorbed). That ap-
proach may lose information about how the mixture affects the
absorption of the penetrant. That is, one would like to isolate
the effect to modifications in partition, diffusivity, or solubility
of the penetrant. The difference would be seen in the ability to
predict the time course of absorption.

In a new approach to the analysis of these data, a mixed
effects modeling framework is applied to simultaneously
estimate parameters using all of the data within a given ex-
perimental system, while modeling the full time course of ab-
sorption. This improves the accuracy of parameter estimates by
accounting for random variations, and the commonality of
parameters, between experimental units. In addition, data
have been collected in two different membrane systems, which
should allow for the identification of common dynamics in the
system not related to the membrane such as binding within the
apparatus, evaporation of the vehicle, and protein binding in
the receptor well.

METHODS AND MATERIALS
Experimental Apparatus

Membrane and transdermal absorption data have been col-
lected in two experimental systems: silastic membrane flow-
through diffusion cell (FTDC); porcine skin FTDC. Both exper-
imental systems share a common set of 12 chemical penetrants
in (up to) 24 vehicle combinations that are topically applied.
Each system should allow for the isolation and quantification
of certain dynamics of the diffusional flux. This work examines
several mathematical models for the flow-through systems to
accurately describe the dynamics and extent of mass transfer
with the goal of explaining them in terms of penetrant and
vehicle effects.

The silastic or porcine skin is punched from prepared ma-
terials (1.6 and 1.9 cm diameter, respectively) and placed into
a Bronough FTDC.'® A combination of penetrant and vehicle
totaling 20 uL is applied in the donor well on the surface of
the membrane. Perfusate, containing bovine serum albumin, is
pumped into the receptor well at a nominal rate of 4 mL/h. The
receptor well is approximately 4 mm deep and the radius of the
cell is 0.45 cm. Perfusate is sampled with a frequency of every
15 min through 120 min, then every 60—480 min. The penetrant
mass in perfusate is assayed by scintillation counter and con-
verted to an observed value of flux as percent of dose per hour.
Further experimental details for the porcine skin diffusion ex-
periment are described elsewhere,’® and the complementary
silastic data are presented here for the firsttime.

Penetrants

Table 1 lists the C'*-tagged chemicals used as penetrants in the
studies. The abbreviations shown are used in this paper.
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Table 1. Chemicals Used in Treatments

Abbreviation Chemical Name
AZ Atrazine

CP Chlorpyrifos

EP Ethylparathion
FN Fenthion

MP Methylparathion
NP Nonylphenol

PC Pentachlorophenol
PH Phenol

PN p-Nitrophenol
PZ Propazine

SZ Simazine

TZ Triazine

Table 2. Vehicles Used in Treatments

Eth PG

Eth+MNA PG+MNA
Eth+MNA+SLS PG+MNA+SLS
Eth+PG PG+SLS
Eth+PG+MNA w
Eth+PG+MNA+SLS W+MNA
Eth+PG-+SLS W+MNA+SLS
Eth+SLS W+PG

Eth+W W+PG+MNA
Eth+W+MNA W+PG+MNA-+SLS
Eth+W+MNA+SLS W+PG+SLS
Eth+W+SLS W+SLS

Eth, ethanol; MNA, methyl nicotinate; W, water; PG, propolyne glycol; SLS,
sodium laureth sulfate.

Vehicles

The dosing vehicles are combinations of five constituents:
ethanol (EtOH), water, PropGlyc, methyl nicotinate (MNA), and
sodium lauryl sulfate (SLS). Table 2 shows the combinations of
these components as used in the experimental procedures.

Modeling Approach

The goal in modeling these data is to capture the dynamics of
the flux profiles in parameters that can be related to physic-
ochemical properties of the treatments. Such parameters are
likely to be mixture properties of the chemical components of
the treatments, and as such should relate to a physical, as op-
posed to empirical, model of the membrane system. Despite the
differences in the physical systems between the two membrane
systems studied, silastic and porcine skin, they are modeled si-
multaneously to allow for shared mechanics such as boundary
effects in the donor and receptor wells. This approach should
add some power in isolating and identifying boundary versus
membrane mechanics.

A common model is developed that describes all of the data.
Each replicate in each treatment has its own unique set of
parameters. The similarity of replicates within a treatment
should generate similar parameters, which will correlate to
chemical properties of the treatment. Finding one model that
describes all of the observed data while capturing treatment
effects in the parameters is the goal of this endeavor.

The model must describe three primary shapes of flux pro-
files. Figure 1 shows an example of each. The atrazine in
ethanol profile (AZ+EtOH) is typical of many of the profiles
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Figure 1. Flux profiles for replicates of selected treatments.

obtained in a vehicle consisting largely of ethanol in a way
that there is a rapid rise to a peak flux followed by a two-
phase absorption profile. The triazine in ethanol (TZ+EtOH)
is similar but peaks much earlier. The profile for chlorpyrifos
in propylene glycol and methylnicotinic acid (CP+PG+MNA)
is very different in that the flux is low and the system appears
to reach a steady state. These shapes are also exhibited by
porcine skin treatments, though the fluxes are generally much
lower. In short, the model must capture: lag time, maximum
flux, biphasic attenuation, and quasi-steady-state behavior.

It is observed that when pure ethanol is used as a vehicle, the
surface of the membrane is dry at the end of the experiment.
This could indicate that the ethanol is either evaporating or
penetrating the membrane. If this happens at a faster rate than
the penetrant is absorbed, then the penetrant will concentrate
in the donor compartment. This concentrating effect may ex-
plain the rapid rise in flux for these treatments. Models that do
not account for this effect will bias the permeability estimates
by inferring a low donor compartment concentration.!® This
effect may also be occurring, with less dramatic consequences,
when ethanol is part of the vehicle mixture (as opposed to being
the only constituent).

The mathematical models to efficiently describe (capture
the dynamics and estimate parameters with good precision)
each of these profiles would be significantly different. The
CP+PG+MNA profile may require only a single compartment,
whereas the AZ+EtOH and TZ+EtOH would require a sec-
ond compartment to account for the second phase. In addition,
the slow peak for AZ+EtOH and fast peak for TZ+EtOH sug-
gest either much variability between experiments in the con-
centration effect of ethanol or that triazine’s permeability is
high enough that the concentration effect is inconsequential.
So, these three profiles are representative of models that are
common in a way that they all have a donor and receiver well
(compartments), but differ in a way that the CP+PG+MNA
profile can be described with one compartment, the TZ+EtOH
with two compartments, and the AZ+EtOH with two compart-
ments plus a concentration effect of ethanol.

Chittenden, Brooks, and Riviere, JOURNAL OF PHARMACEUTICAL SCIENCES 103:1002-1012, 2014

RESEARCH ARTICLE - Pharmacokinetics, Pharmacodynamics and Drug Transport and Metabolism

As was mentioned above, previous analyses of these data
have used the individual profiles to identify mean parameters
by treatment. It is now proposed to use all of the data available
to estimate parameters for a common model. Moreover, this
common model will include random effects on the structural
parameters to help quantify the differences between replicates
and treatments.

The reasons for selecting against modeling the individual
profiles separately are many folds. The fact that different indi-
vidual profiles would require different parameters causes prob-
lems in a couple ways. The different models may indicate differ-
ent rate-limiting processes between treatments. In some cases,
this could cause misidentification of the parameter of interest.
Given that a future goal is to produce a quantitative structure
to property relationship (QSPR) for permeability and partition
coefficient, accuracy in the estimates of these parameters is vi-
tal. Spurious or systematic errors in parameter estimates will
degrade the precision and accuracy of QSPR predictions. Fur-
thermore, to use the QSPR to make predictions for new pene-
trant and vehicle combinations, one would need to know which
structural model to apply. Thus, the individual approach is not
extensible.

Modeling the pooled data within a treatment, which would
also be equivalent to modeling the treatments’ mean flux pro-
files, is rejected for similar reasons. In fact, pooling the data
in this way can lead to bias in parameter estimates when the
differences between the replicates are not merely because of
the random measurement error.

A mixed effects framework is chosen to estimate a common
structural model for all of the treatments while preserving the
individual estimates for each replicate. In the mixed effects
framework, there is a central value for each of the model param-
eters. The random effects account for differences between the
replicates, modifying the parameters for each profile. In iden-
tifying a structural model for the data, it is naively assumed
that differences in parameter values between treatments and
replicates are purely random. A flux profile that does not con-
tain enough information to identify a parameter will drive that
parameter estimate for that profile to the population median
(most likely) value. The value in such a model lies in its future
use to identify relationships between predictor properties and
random effect estimates in the development of QSPR models.

Model Development

The data collected comprise longitudinal measurements of ma-
terial flux in 288 treatments (12 compounds by 24 vehicle mix-
tures) with three to five replicates per treatment, all in two in
vitro flow-through systems of silastic and porcine skin mem-
branes. A structural model for fitting all of these data must
be capable of capturing several features of individual profiles,
including:

lag time

sharp peak

loss of dose

multiple terminal phases
quasi-steady state

Figure 1 shows example profiles exhibiting one or more of
these features. These dynamics may be due to the mechanisms
of:
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® evaporation of solvent

® Joss of solute by evaporation, binding, or precipitation

® codiffusion of solvent and solute, with exhaustion of sol-
vent

® reversible binding or partitioning within the membrane
material

To capture these dynamics, a three-part model is proposed,
consisting of: the donor well, the membrane, and the recep-
tor well. This allows for separation of the mechanisms of mass
transport. The donor and receptor wells are treated as well
mixed compartments. The membrane is treated as either a com-
partmental model, or a partial differential model.

Several models that address transient diffusion have been
previously published.?°26 To minimize the number of esti-
mated parameters, the present work uses the basic diffusion
equation®’?® for the membrane model, which treats the mem-
brane as a homogeneous space across which the penetrant dif-
fuses:

aC *C
ﬁ:D@’ 0<X<h (1a)
dMy aC
—7 =DAn 3% e (1b)
M, oC Q:
I DA, x|y, Mrvr (1c)
CX,T=0)=Co(1—H@)) (1d)

The model comprises equations for: the mass transport of
penetrant through the membrane (Eq. 1a), which is the partial
differential equation (PDE) for diffusion; the boundary condi-
tions at the donor well (Eq. 1b) and receptor well (Eq. 1¢); and
the initial condition within the membrane (Eq. 1d). The inde-
pendent variables are time (7) and distance in the membrane
(X) ranging from 0 to 2. The dependent variables are the con-
centration in the membrane (C), the mass in the donor well
(Mj), and the mass in the receptor well (M,). The parameters
are diffusivity (D), cross-sectional area of the membrane (A,,),
receptor well volume, and perfusion rate (V;, @,). The initial
condition, where H is the Heaviside function, specifies a zero
concentration everywhere in the membrane at 7' = 0 except at
the boundary at X = 0, where it is some initial concentration
(Co).

Equation 1a can be modified to account for reversible binding
within the membrane by augmenting the system.?8-3° If bound
penetrant is presumed to be spatially stationary and the bind-
ing is treated as a volume reaction, the PDE in Eq. 1a is mod-
ified by adding a dependent variable for the bound concentra-
tion in the membrane (¥ (X, 7)) and accounting for forward and
backward transfer of penetrant according to rate constants k¢
and ky:

iC  _PC

o7 =Doxs —MC+mF (2a)
of
o = kC—hF (2b)
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The donor well boundary condition in Eq. 1b can be rewritten
considering wetted membrane area (Aq), donor well volume (V3)
as functions of time, and assuming instantaneous equilibra-
tion with partition coefficient (Ky,,) at the membrane boundary
(Co = KanCy) to get the membrane boundary condition:

0C  CdVy KamAdDiC

Ttvar T v, ax @)

X=0

Similarly, the receptor well mass balance yields a bound-
ary condition that incorporates a partition coefficient (K.y),
the membrane area (A,), and a binding coefficient such that
Cl,—, = fuKimC:, and the receptor well Eq. 1c becomes:

i fukmAuD 0C  Q

aT V. X VrCZO @)

X=h

Note that if the fraction unbound f, = 0, then there is a
Dirichlet boundary at the receptor with C(h, T) = 0.

Several simplifications have been made in this model. Equa-
tion system la-la is simplified by taking diffusivity only as
a function of time, not position in the membrane, so diffusiv-
ity changes with time uniformly at all locations in the mem-
brane. The model considers only one membrane barrier, rather
than two membranes in series, which is a more physiologi-
cally relevant description of the porcine skin system.>1? The
single-membrane model would be a reasonable approximation
as long as one of the physiological membranes dominates the
resistance. That is, the single membrane model could work well
for compounds that transit quickly through either the stratum
corneum or the viable epidermis, but would be less accurate in
cases where resistance in both regions of the skin are similar.
Finally, none of the parameters of the model are taken to be
functions of concentration of the vehicle or penetrant.

Nondimensionalizing the equations makes them easier to
work with. In general, working with the nondimensional form
makes tuning the integrator simpler. In the case of equation
system 2a and 2b, a parameter is eliminated making the model
uniquely estimable. The dimensionless form for equation sys-
tem la—1la is given by the system of Eqgs. 5a—-5d, with nondi-
mensional variables written in lower case:

e %
Ezﬁ, xe[O,l], tSO (53)
ac ac
— — Kjg— + Koqc =
[Bt Ll + Kyqc O]x:() (5b)
ac ac
—-K ro K rC =
[81,‘ 1 E + 2rC O]le (50)
cx,00)=1—-H(x), x¢€ [0, 1] (5d)

The terms in the boundary conditions have been condensed

into constants Kiq, Ksq, Kir, and K,,. Nondimensionalization
of equation system 2a and 2b with the relations K = % and

ky = h% eliminates a parameter from the model.

2
* T Ke-f

o ox (62)
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i (6b)

c—f

This simplification fixes a relationship between D and &y,
making the model estimable from the flux data. The implied
assumption is that the flux is a measure of the slower of the dif-
fusion coefficient and backward rate constant, if they differ by
orders of magnitude, or a combination of the two, if they are of
similar magnitude. A study?® of theophylline diffusion through
stratum corneum used a binding model similar to Eq. 2a, but
fixed the value for K from previous data to identify k¢ and &y,.
Interpretation of the results shows that k,h%/D # 1 for that ex-
periment. The choice of fixing the relationship between D and
ky, rather than fixing K, which would require additional data,
introduces bias into the parameter estimates. So, even if the
model given by Egs. 6a and 6b fits the data well, the parameter
estimates should be interpreted cautiously.

The linear system of Eq. 5a has an analytical solution for the
case where all of the coefficients are constant. For cases with
nonlinearities or variable coefficients, one must resort to nu-
merical methods for the solution of the equations. The method
of lines (MOL)3! approach is used whereby the spatial differ-
entials are discretized, leaving a system of N + 1 ordinary
differential equations for each of the membrane PDEs, where
N is the number of discrete divisions of the spatial dimension
of the membrane.

Using forward differences for the first-order partial deriva-
tives,

dc cip1—¢;

0x Ax (7a)

826‘ _ Cit1 — 2Ci +ci1
02 Ax?

(7b)

Equations 5a and 6a are approximated as Egs. 8 and 9a,
where i (0 < i < N) denotes the node of the discretization.

de; _ Ciy1—2¢it ¢

&= ad ®
2Rt gy 92)
dd’;" =¢;—fi (9b)

The boundary conditions are given by:
% =K ClA_xCO — Ksqco (10a)
% = Klr% — Koy (10b)

The discretized system approximates the solution to the
PDEs with increasing accuracy as N increases. The MOL so-
lution for various values of N is compared with the analytical
solution in Figures 2—4. The discretized system for N = 1 cor-
responds to an instantly equilibrated membrane with a linear
concentration profile. This system would be unable to account
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Figure 2. Comparison of analytic and MOL predictions for Eq. 5a.
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Figure 3. Comparison of analytic and MOL relative error for Eq. 5a.

for time lag because the initial flux must be nonzero. The root
mean square error (RMSE) values for each N are tabulated
in Table 3. The relative bias in estimating the diffusion coef-
ficient with the discretized model shows increasing accuracy
as N increases. In the interest of saving computational time in
estimating parameters for the models, the lowest value for N
that maintains reasonable accuracy should be used. The timing
for 100 simulations, relative to the case for N = 1 shows a dra-
matic increase in run time at N > 50, whereas N = 20 provides
a balance of accuracy and speed for parameter estimation.

Models

Four models are derived using the discretized membrane model
and boundary conditions above. In the models below, y;; and
f;j are the observed and predicted flux for profile i at time ;.
Random effects are denoted with a preceding nand are taken to
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Figure4. Comparison of estimated profiles from MOL approximation
to analytic profile of Eq. 5a.

Table 3. Bias in Estimated Diffusion Coefficient, RMSE, and
Relative Timing for Values of N Approximating Eq. 5a

N Relative RMSE Relative Timing
Bias
1 1.438e-01 4.433e-01 1.000
2 —2.131e-01 7.125e-02 1.000
3 —1.094e-01 3.553e—02 1.182
4 —6.748e—02 2.208e—02 1.727
5 —4.650e—02 1.546e-02 1.636
10 —1.528e-02 5.675e-03 2.545
20 —5.571e-03 2.437e-03 3.818
50 —1.732e-03 9.070e—04 7.545
100 —7.846e-04 4.452e-04 15.000
500 —1.436e—04 8.779e-05 132.818
1000 —7.119e-05 4.382e-05 256.364

be normally distributed with covariance matrix 2. The resid-
uals ¢; (difference between predicted and observed flux) are
assumed to be independently and normally distributed with
mean zero and variance (¢ + bf 5)2. A partition coefficient from
the vehicle to the membrane (K,) is confounded with Cy and
D, so for this work partitioning is subsumed in the diffusivity
parameter (D).

Model 100

Model 100 incorporates Eqs. 8 and 10a to predict flux. It is
parameterized by diffusivity (D) and fraction of dose available
for permeation (F). Fixed effects are incorporated (D, and
Fat) to describe the difference in diffusivity and availability
in the different materials. Random effects are incorporated in
D and F, which are taken to be distributed log-normally and
inverse logistically, respectively.

yij =Ffij (Fi.Dit;) + &5 (11a)
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p-_ 1 (11b)
1 + e~ (FtFmartnr;)
D, = e(D+Dmat+p;) (11e)

Model 200

Model 200 incorporates Eqgs. 9a and 10a to predict flux. It is
parameterized as Model 100, with the addition of the partition
coefficient parameter K, and the removal of F,,,,;. The partition
coefficient is log-normally distributed with a random effect and
a fixed effect for material (K q:).

yij =fij (Fi. Di. Ki, ;) + &ij (12a)
Fi = % (12b)
D; = e(P+Pmaitnn;) (12¢)
K; = e(KKmatn;) (12d)

Model 120

Model 120 is a modification of Model 100 to include a dynamic
change in diffusivity due to the vehicle effects. Diffusivity is
multiplied by a positive factor D4y, during a time range param-
eterized by an onset time T, and duration Tg,. These addi-
tional parameters incorporate random effects in a log-normal
distribution. The material effect on dose availability (Fi,a¢) is
removed.

vij =fij (Fi.Di t;) +&ij (13a)
1
P = T 13b
1+ e (Fts) (13b)
D; (t) = (P Pmat 00 (foni <t < ) (13¢)
ton,i = onenton’i (13d)
tdur,i = tduremdur'i (138)

Model 220

Model 220 makes the same modifications to Model 200 as Model
120 makes to Model 100.

yij =Ffij (Fi.Di. Ki. ;) + €5 (14a)
1
p—__ Y 14b
1 + e~ F+r) (14b)
K; = e(E+Kmar+nx;) (14c¢)
Di t) = e(D+Dmat+nDi+nDdynAi(t°“'i <t<td“rvi)) (14d)
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(14e)

e Neon,i
ton,L = lon€ ™!

(14f)

tdur,i = tduremdur'i

Computation

There is a limited selection of nonlinear mixed effects model-
ing software available for the use for problems such as this.
Regardless of the software chosen, the majority of the compu-
tational time is used in the evaluation of the objective function,
which for complicated differential equation models means the
prediction of the individual profiles. This is a task that can
be parallelized. Because of the limitations on the size of the
equation system in some tools, and lack of parallelization in
others, a tool was chosen that would allow one to implement
the prediction as efficiently as possible.

The equations were implemented in C++, using the SUNDI-
ALS CVODE solver.?? The interface was designed such that all
of the individual profiles are computed in a single call. The pre-
dictions for the individual profiles are split across the available
computing cores on a single machine using OpenMP. The C++
library is dynamically linked with the R statistical software
platform,® and the estimation accomplished with the SAEM
algorithm provided by the saemix package3* for R. Computa-
tions were carried out on a dual chip Intel Xeon processor with
a total of eight cores.

Convergence of the algorithm was established by viewing
plots of log-likelihood and parameter values over the iteration
history to ensure that they enter a stable distribution during
burn in and solve within said distribution. The log-likelihood,
AIC, and BIC are computed by importance sampling. Standard
errors of the estimates come from the Fisher Information Ma-
trix, computed by linearization. Maximum a posteriori (MAP)
estimates of the random effects and individual parameters are
computed by regression. The MAP estimates are used to predict
the individual profiles.

RESULTS

Four models were assessed for goodness of fit: the simple mem-
brane (Model 100), the membrane with binding (Model 200),
and both with dynamics on diffusivity (Models 120 and 220).
Each of the four models was estimated with both a diagonal-
only and full covariance matrix for the random effects. The flux
observations for the porcine skin membranes were orders of
magnitude lower than those for the silastic membranes. A con-
stant variance error model resulted in poor fits for the porcine
skin data, whereas an exponential model resulted in poor fits
for the silastic data with high peak values. A combined additive
plus proportional error model worked well across the models
and allowed a good comparison of model predictions.

Model 100 worked well for predicting peak fluxes in many of
the silastic cells. There were several treatments for which the
more sharply defined peaks (common with treatments contain-
ing EtOH) were severely under predicted. In addition, many of
the low flux profiles (flux < 2% dose/h) were very poorly pre-
dicted.

Model 200 predicted the apparent two-phase flux of some of
the profiles quite well, with binding allowing for an extended
half-life of the flux profile. Some of the sharper peaks still were
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poorly estimated, but the low flux profiles were estimated with
much higher precision.

Model 120 included a dynamic diffusivity and provided sub-
stantial improvement in fit based on RMSE and R?. Subjec-
tively, it radically improved the fit of the sharp peaks and tails
of nearly all profiles.

Model 220, like Model 120, improved the fit greatly as com-
pared with Models 100 and 200. It has the lowest values for R?
and RMSE so appears to fit this dataset the best, though differ-
ences in individual profiles from Model 120 are not generally
apparent.

The limited dose availability parameter (F') describes loss of
penetrant through a secondary pathway such as evaporation or
irreversible binding. The parameter is constrained by logistic
transformation to values between 0 and 1, and allows the mod-
els to fit profiles where the total accumulated flux (area under
the curve) is less than 100% of the dose. It is especially impor-
tant for profiles where the flux profile is decaying but the total
absorption is low. Model 100 only fit well when a material effect
was added to dose availability. The other models did not suffer
when the material effect was removed and the variance of the
random effect on F' was unchanged. Attempts to fit Models 200
and 220 with a fixed dose availability of 100%, to attribute low
flux to the partition coefficient, resulted in poor fits to the data.

Figure 5 shows the MAP predicted values for each replicate
of the treatments noted above. Only the fits for the diagonal
covariance are shown as they are virtually indistinguishable
from those for the full covariance. The models with the dy-
namic diffusivity (120, 220) show a remarkably better fit to
the data with sharp peaks. The change in diffusivity is nec-
essary to accommodate both lag and the high peak in the
AZ,EtOH,SI treatment. Partitioning (Models 200, 220) helps
with the CP,PropGlyc+MNA,SI profile, but is not readily dis-
tinguishable from the Model 120 fit.

Overall performance of the models is assessed in Figure 6.
Models 120 and 220 show the best agreement between the ob-
served and MAP predicted flux values, whereas Models 100 and
200 show much more dispersion. Table 4 shows the goodness
of fit statistics for the models. Note that AIC and BIC over-
whelmingly support Model 220 with full covariance as the best
fit. Table 5 gives the parameter estimates for the fixed effects.
Table 6 gives the variance—covariance matrix of the random
effects and shows the post hoc shrinkage in the final row.

DISCUSSION

All of the models investigated capture the time lag exhibited by
the data. Initial experiments with compartmental models and
diffusion models with fewer spatial discretization points per-
formed poorly in this regard. The simplest model investigated
(Model 100) fails to account for sharp peaks and long half-
lives, especially when these two characteristics appear within
the same treatment. The addition of intramembrane binding
helps somewhat with these, but the dynamic diffusivity models
(Models 120 and 220) capture the sharp peaks best.

The random effect on diffusivity should account for vehi-
cle effects between treatments, so the improved fit with the
dynamic diffusivity models indicates that at least for some
treatments, the effect is either temporary or slowly accumu-
lating. Time-dependent effects due to vehicle comprising EtOH
have been reported in the literature.’ Modulation of penetrants’
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Figure 6. MAP estimated flux versus observed flux.
Table 4. Model Fit Statistics
Model —2LL AIC BIC R? RMSE NPAR
Model 100 Mat(D,F) diag 82,356 82,372 82,419 0.629 6.23 8
Model 100 Mat(D,F) full 82,312 82,330 82,383 0.629 6.24 9
Model 120 Mat(D) diag 52,202 52,226 52,296 0.930 2.63 12
Model 120 Mat(D) full 50,787 50,831 50,960 0.923 2.75 22
Model 200 Mat(D,K) diag 62,753 62,773 62,832 0.757 4.87 10
Model 200 Mat(D,K) full 61,275 61,301 61,378 0.770 4.76 13
Model 220 Mat(D,K) diag 47,793 47,823 47,911 0.940 241 15
Model 220 Mat(D,K) full 45,953 46,013 46,189 0.943 2.36 30

—2LL, —2%Log Likelihood; AIC, akaike information criterion; BIC, Bayesian information criterion; R2, coefficient of determination; RMSE, root mean square
error; NPAR, number of fitted parameters.
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Table 5. Fixed Effect Parameter Estimates for Model 220

Parameters Estimate SE

F 5.374e — 01 1.270e — 02
Diff 3.143e — 05 1.064e — 06
beta_MatIDPS(Diff) 1.540e + 00 6.315e — 02
K 2.775e + 00 1.374e — 01
beta_MatIDPS(K) 4.819e + 00 7.911e — 02
Dgyn 0.000e + 00 0.000e + 00
ton 4.787e + 00 2.791e — 01
tdur 1.739% + 02 5.191e + 00
a 8.747e — 02 5.193e — 04
b 1.769e — 01 2.693e — 08

diffusivity by codiffusing permeability enhancers in the dosing
vehicle have been anticipated as well. 2535

The use of a mixed effects model to tease out the differences
in parameter values between treatments is powerful and con-
venient. It is powerful because it can capture the variability
within treatments as well as between treatments. The conve-
nience comes from not having to postulate individual models
per treatment or specify initial estimates for each profile, as
would be necessary if modeled individually. However, the use
of more complicated models than required for many treatments
combined with the use of random effects on the structural pa-
rameters raises the specter of over fitting. One would expect
that the treatments that may be well described by model 100
would show regression to the mean when fit with Model 220.
There is a subset of treatments that is driving the estimation of
the additional parameters in more complicated models. These
effects lead to shrinkage in the a posteriori parameter esti-
mates that limit their utility in covariate model building and
inference.?® In addition, the simplification in Eq. 6a introduces
bias into the parameters. Therefore, although the current anal-
ysis is useful for identifying models that can describe the data,
it is probably not useful for identifying particular parameter
values within groups of treatments.

The plot of individual predictions versus observations in
Figure 6 clearly shows better agreement for Models 120 and
220, which both have the dynamic diffusion terms added. They
also almost always fit the data with high peaks better than the
other models.

As the models become more complex, the ability to identify
the parameters is potentially reduced. The dynamic diffusion
term may be confounded with the partition coefficient in a way
that both can be used to describe a flux profile with two terminal
phases. There are few treatments with high peaks and a second
phase where both parameters would be uniquely identified.
This may explain why these two models are so similar in their
diagnostics. The randomness in the onset and duration of the

Table 6. Estimated Random Effect Covariance Matrix for Model 220
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dynamics as well the size of the effect on diffusivity are probably
the main source of over fitting.

The choice of error model has a dramatic effect on the ability
to fit the models. This has much to do with the structure of
the data. Some of the treatments exhibit very low fluxes along
their entire profile (e.g., flux < 1%/h), whereas others show
high peaks followed by low plateaus. The fact that many pro-
files show exclusively low profiles means that additive models
will generally ascribe such measurements to pure noise while
proportional error models will fit them at the expense of the
large peaks; at least in the face of model misspecification. The
combined error model used this analysis mostly avoided the
worst of the additive and proportional behavior, but still is not
optimal. Although the combined model establishes a fixed error
at low fluxes and a proportional error at high fluxes, the desired
behavior based on sensitivity of the assay and adjustments for
baseline levels may indicate a fixed error at high flux and a
proportional error at low fluxes. In addition, the ability to ad-
just the error level based on the membrane system used in the
treatment may be useful as the majority of low flux profiles are
observed in the porcine skin system. Limitations in the soft-
ware used for this analysis made such an option inaccessible,
but it would be worthwhile in the future to switch software as
the improved precision in estimation should improve the esti-
mates of the parameters and increase the utility of the lower
flux data in the models.

CONCLUSIONS

Four different models of flux in flow-through membrane cells
have been tested to assess their ability to fit the data from treat-
ments consisting of permutations of 24 vehicle mixtures and 12
penetrants in two membrane systems. A mixed effects model-
ing framework has been applied so that models can be esti-
mated with as few fixed effect parameters as possible, whereas
also quantifying variability and accounting for correlation in
the data. The models account for diffusion and binding within
the membrane as well as dynamics on the diffusion coefficient,
without making many assumptions about the mechanisms of
those dynamics. To varying degrees, the models explain key
features of the data, such as: lag time, sharp peaks in flux, two
terminal phases, and low flux profiles.

The models with dynamic diffusivity fit the data much bet-
ter than those without, particularly with respect to the sharp
peaks. There is overwhelming support for models that include
intramembrane binding, particularly when comparing within
the class of models that also include dynamic diffusivity. The
ability to capture the low flux profiles is a function of a dose
availability parameter that was tested in various models and
included in all models presented here. The data originate from

F Diff K Ddyn ton tdur
F 4.2819 0.2076 —0.5263 0.0302 —1.0692 0.0405
Diff 0.2076 1.4032 0.9404 —0.0944 —0.0264 0.1070
K —0.5263 0.9404 2.6668 —0.1781 —0.1256 0.0647
Dgyn 0.0302 —0.0944 —0.1781 1.1046 0.7994 0.1495
ton —1.0692 —0.0264 —0.1256 0.7994 3.1024 0.6780
tdur 0.0405 0.1070 0.0647 0.1495 0.6780 1.3577
Shrinkage 0.1668 0.2280 0.1843 0.1929 0.3142 0.3655
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two different membrane systems with very different fluxes,
which the models address by using a combined proportional
plus constant error model.

Further work to add covariate effects as functions of chem-
ical properties of the penetrants and vehicle constituents
should focus on models that incorporate dynamics on the dif-
fusivity. Concerns about over fitting could be diminished by
searching for structural models for such dynamics that relate
to the physical mechanisms in action. Additional data should
also be introduced to fix some parameters of the model to im-
prove estimability while preserving physical meaning of the
parameters.

The mixed effects modeling approach explored in this work
provides a framework for combining data from different experi-
ments and handling the diverse sources of variability. This may
be a powerful approach for linking data in multiscale experi-
ments, where different experiments are optimized to differen-
tiate components of the absorption process. Such an approach
could relate in vitro experimental data to in vivo observations
and provide a platform for extrapolating in vitro assays to in
vivo predictions with an emphasis on projecting potential vari-
ability.
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