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ABSTRACT — The development of in silico approaches that can estimate the dermal absorption of
chemicals exposed in practical conditions is highly anticipated. In the present study, an in silico mod-
el to estimate both the dermal absorption rate and dermal permeation profile was developed for the appli-
cation of chemicals in finite dose conditions. Forty-three chemicals with molecular weights in the range
116-362 and logK ,, in the range 1.1-4.5 were used to develop an in silico model. A gradient boosting
tree approach was applied to estimate permeation parameters for diffusion and partition coefficients of
the chemicals in skin using physicochemical parameters of the chemicals such as molecular weight, lipo-
philicity, and the highest and lowest occupied molecular orbitals as the descriptor. In addition, 11 chem-
icals with different molecular weights and lipophilicities were applied on excised human skin in a finite
dose condition, and dermal absorption profiles were obtained. Consideration of donor-solvent evapora-
tion time, saturated concentrations of the chemicals, and donor-solvent coverage area on the skin surface,
in addition to estimated skin permeation parameters of the chemicals, showed comparatively good dermal
absorption profiles, although some cases of underestimation of dermal absorption were identified. It will
be necessary to verify the accuracy of this model through experiments using more chemicals. However,
the obtained results suggested that the established model may be valid to estimate the dermal absorption

of chemicals in practical conditions.
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INTRODUCTION

Recently, next-generation risk assessment has been
developed as an exposure-led, hypothesis-driven approach
that integrates non-animal experiments, such as in silico
and chemical methods, to evaluate the safety of cosmetic
ingredients (Beal et al., 2022; Paul Friedman et al., 2020;
Zobl et al., 2024). This assessment considers the absorp-
tion, distribution, metabolism, and excretion (ADME) of
exposed chemicals in humans. Chemical transport across
the skin is a multi-step process (Guy and Hadgraft, 1985;
Sugibayashi et al., 2010). Following the application of a
formulation containing chemicals, the first step involves
the partitioning of the chemicals from the formulation
into the stratum corneum (SC) layer (K,.), which is then
followed by diffusion of the chemical in the SC layer

(Dgc)- A chemical that has passed through the SC is then
distributed into the viable epidermis and dermis (VED)
(Kygp), and the chemical in the VED diffuses in the lay-
er (Dygp). The permeability coefficient of chemicals
through the skin (K) was obtained from the steady state
flux of dermally exposed chemicals applied in infinite
dose conditions. The reciprocal of K (R)) indicates the
resistance to drug permeation through the skin (Ghanem
et al., 1992). Therefore K, can be further expressed as
the sum of the resistance to permeation through the
SC (1/K, sc) and the resistance through the VED
(/K yep); VK =1/K| +1/K, ygp. In addition, K ¢ and
K, yep can be determined as K| oo = DgKg. /Ly and
K, vip = Dyep'Kse /Lygp, Tespectively, where Ly and Ly,
are the thickness of the SC and VED, respectively. Many
approaches (Potts and Guy, 1992; Barratt, 1995; Moss
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and Cronin, 2002; Lien and Gao, 1995) have been report-
ed to estimate K values using physicochemical proper-
ties of chemicals such as molecular weight (MW) and
n-octanol-water coefficient (K, ). The maximum per-
meation flux was calculated as the product of K and the
concentration of chemicals, and the steady-state blood
concentration was determined using the maximum per-
meation flux, application skin area, and the total clear-
ance from the body of chemicals (Bouzom ef al., 2012;
Hartmanshenn et al., 2016).

In addition to the prediction of steady-state blood con-
centration using K, values, steady-state skin concentra-
tion was also determined using skin permeation param-
eters of Dq, Dygp, Ko, and K, derived from Fick’s
second law of diffusion (Sugibayashi ez al., 2010). Arce
et al. (2020) analyzed the in vitro skin permeation pro-
files in infinite dose conditions to obtain skin permeation
parameters, and they reported that the skin concentration
was well predicted with skin permeation parameters when
rhododendrol solution was applied in a finite dose condi-
tion.

The Cosmetics Europe ADME Task Force compared
6 in silico models to estimate systemically absorbed
chemicals after dermal application in finite dose condi-
tions (Grégoire et al., 2021). In this comparison, the skin
permeation rate against the applied amount of chemical
absorbed over 24 hr was evaluated. These estimations
were highly variable for the safety assessment of dermal-
ly exposed chemicals. However, prediction of the perme-
ation amount-time profile of dermally exposed chemicals
can be more quantitative and may be useful in predict-
ing the blood concentration-time profile. Prediction of
skin permeation profiles requires prediction of skin per-
meation parameters, such as Dgc, Dyyp,, and K, not K
values. Several in silico models to predict skin permea-
tion parameters, such as Dg., Dy;p,, and K, have been
published. Wang et al. (2007) published prediction mod-
els of Dy and K. of the solute. Lian et al. (2008) and
Mitragotri ef al. (2011) reported the D of a solute in the
lipid matrix in the SC, Dy, and the partition of the sol-
ute to lipid bilayers in the SC, K. In addition, Kretsos
et al. (2008) yielded prediction models of K., and D,
in mammalian dermises, such as human, rat, guinea pig,
and mouse. However, a few models have been devel-
oped using the same chemical data set, and these report-
ed models have been developed with different experimen-
tal conditions.

Recently, Ellison et al. (2020) determined D, Dyp,
Ky, and K., values of 50 compounds in human skin with
the same experimental conditions. Although 50 chemi-
cals are not enough to cover a large number of chemicals,
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these skin permeation parameters are helpful in develop-
ing an in silico penetration model based on Fick's second
law of diffusion. In their report, they also described that
empirical in silico models are generally based on data sets
obtained from several different publication sources, thus
resulting in large heterogeneity. However, they investi-
gated the relationship between single physicochemical
parameters of the chemicals and the K or D measured in
their work, in spite of a weak relationship between them.

A gradient boosting tree (GBT) is a machine learning
method that combines a decision tree and boosting. The
tree is fitted based on the residuals of the previous layer,
allowing each layer to fit and modify the data of the pre-
vious layer. Boosting improves the accuracy of the pre-
diction function and minimizes the sum of the predic-
tion errors by repeatedly applying the prediction function
in series and combining the output of each function with
weights. The GBT prediction algorithm has seen growth
in its adoption as a scientific method because it is an
effective, robust, non-overfitting tool for prediction, and it
has gained attention for multiple applications. GBT anal-
ysis has been used for the estimation of skin permeation
parameters such as K (Ita and Prinze, 2024). In addition,
Yuan et al. (2023) and Abdallah et al. (2024) reported the
usefulness of GBT to predict parameters.

In the present study, GBT was used to predict skin per-
meation parameters, not the percentage of dermal absorp-
tion. This approach may be available for the estimation
of skin permeation when chemicals are applied through
different thicknesses of the SC. Furthermore, when the
percentage of dermal absorption was over- or underesti-
mated, verification of the reason is possible based on the
estimated skin permeation parameters. An in silico mod-
el for predicting skin permeation parameters was devel-
oped with the database reported by Ellison ef al., and skin
permeation profiles of chemicals in finite dose conditions
were estimated using the developed in silico model.

MATERIALS AND METHODS

Materials

Benzoic acid (BA), ethyl p-hydroxybenzoate (EP),
methyl p-aminobenzoate (M-PABA), ethyl p-aminoben-
zoate (E-PABA), and diisopropyl fluorophosphate (DFP)
as an ester inhibitor were purchased from FUJIFILM
Wako Pure Chemical Co. (Osaka, Japan). Isosorbide din-
itrate (ISDN), was purchased from Chugokukayaku Co.,
Inc. (Hiroshima, Japan). 4-Buthylresorcinol (BR), methyl
p-hydroxybenzoate (MP), propyl p-hydroxybenzo-
ate (PP), butyl p-hydroxybenzoate (BP), propyl p-amin-
obenzoate (P-PABA), butyl p-aminobenzoate (B-PABA)
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were gifts from Toko Pharmaceutical Industries Co.,
Ltd. (Tokyo, Japan). Other reagents were of commer-
cially available special grade or for high-performance
liquid chromatography (HPLC) and were used without
further purification. Table 1 summarizes the chemical
names, their abbreviations, and physicochemical proper-
ties of their MW and calculated logarithm of K, (clogP).
The clogP values were obtained from Scigress (Fujitsu,
Kawasaki, Japan), which is a computer simulation soft-
ware. Excised human skin (obtained from the abdomens
of White female donors, aged 44-59) were purchased
from K.A.C. Corporation (Kyoto, Japan). The skin sam-
ples were stored at -30°C until the in vitro skin permea-
tion experiment.

Preparation of applied chemical solutions
Applied chemical solutions of BA, BR, and FP were
prepared in phosphate-buffered saline (PBS, pH 7.4) and
those of MP, EP, PP, BP, M-PABA, E-PABA, E-PABA,
and B-PABA were prepared with PBS containing DFP
at a concentration of 0.54 pmol/mL. The applied con-
centration of chemicals was set to 60% of the saturated
concentration for each chemical. The pH and concentra-
tion of the applied solution was selected according to the
procedure of Ellison et al. (2020), because we reference
the reported in vitro skin permeation profiles through
an excised human skin model in finite dose conditions.
The saturated concentration of the chemical solution
was obtained by adding an excess amount of chemicals
to purified water or PBS containing DFP and stirring for
24 hr at 32°C. The resulting suspension was then filtered
using a syringe filter (DISMIC13HP 0.20 um, ADVAN-
TEC, Tokyo, Japan). The filtrate was diluted with puri-
fied water or PBS containing DFP, and the concentrations

were measured using HPLC to investigate the saturated
concentration. The HPLC conditions were described in
the Detection of chemical concentrations section.

In vitro skin permeation test of 11 chemicals
with excised human skin

Before in vitro skin permeation experiments, fro-
zen excised human skin samples were thawed at room
temperature. Then, the skin samples were set in Franz-
type diffusion cells with an effective permeation area of
1.77 cm? to determine the cumulative amount of chemical
permeation through the skin. PBS (1.0 mL) was applied
on the SC side (donor side) for 1 hr to hydrate the skin,
then skin impedance was measured using a low frequency
AC impedance meter (AschJapan Co. Ltd., Tokyo, Japan,
applied voltage: 5 V, frequency: 12 Hz, measuring range:
0.5 to 100 kQ) to check the integrity of the skin barri-
er. Excised human skin with an impedance above 10 kQ
was used in the experiment. The applied saline was
removed, and the chemical solution (17.7 uL; equating to
10 pL/cm?) and 6.0 mL of PBS were applied on the donor
and receiver sides, respectively. In the case of skin per-
meation experiments with ester compounds, DFP in PBS
was selected as the receiver fluid.

During skin permeation tests, the receiver solution was
stirred using a magnetic stirrer. An aliquot (500 puL) was
withdrawn from the receiver chamber and the same vol-
ume of PBS containing DFP or PBS alone was added to
the chamber to keep the volume constant. The chemi-
cal concentration in the receiver fluid was determined by
HPLC.

Detection of chemical concentrations
Chemical concentrations in the receiver solution

Table 1. Chemicals used in this experiment for in vitro skin permeation test.

Compound Abbreviation MW logK o
Isosorbide dinitrate ISDN 236.14 1.3
Methyl p-aminobenzoate M-PABA 151.16 1.4
Ethyl p-aminobenzoate E-PABA 165.19 1.86
Benzoic acid BA 122.12 1.9
Methylparaben MP 152.15 1.96
4-Butylresorcinol BR 166.22 24
Propyl p-aminobenzoate P-PABA 179.22 2.43
Ethylparaben EP 166.17 2.47
Butyl p-aminobenzoate B-PABA 193.24 2.87
Propylparaben PP 180.2 3.04
Butylparaben BP 194.23 3.57
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were determined using an HPLC system (Prominence,
Shimadzu, Kyoto, Japan) equipped with a UV detector
(SPA-20A; Shimadzu). The collected receiver solution
sample was mixed with acetonitrile in a 2:1 volume ratio
and centrifuged at 21,500 x g at 4°C for 5 min to remove
proteins and contaminants. The obtained supernatant was
injected into the HPLC system. The HPLC system con-
sisted of a pump (LC-20AD; Shimadzu), UV detector
(SPD-20A; Shimadzu), system controller (SCL-10AVp;
Shimadzu), and auto injector (SIL-20A; Shimadzu).
The Inertsil® ODS (4.6 x 150 mm, 3.5 um; GL Sciences
Inc., Tokyo, Japan) column was maintained at 40°C dur-
ing elution of the mobile phase at 1.0 mL/min rate,
0.1% phosphoric acid: acetonitrile = 55: 45 for BA, BP,
B-PABA, PP, and P-PABA, 0.1% phosphoric acid: ace-
tonitrile = 70: 30 for EP, E-PABA, MP, and M-PABA,
purified water: acetonitrile =35: 65 for BR, purified
water: acetonitrile =55: 45 for ISDN. The flow rate was
maintained at 1.0 mL/min. Peaks were detected at 254 nm
for BA, at 260 nm for BP, EP, MP, and PP, at 280 nm for
B-PABA, E-PABA, M-PABA, and P-PABA, at 210 nm
for BR, and at 220 nm for ISDN.

Measurement of applied skin area

The formulation distribution on the human skin sur-
face mounted in a Franz-type diffusion cell was observed
using a microscope (photo resolution: 2592 x 1944 pix-
els) that can be connected to a computer with a USB
cable, and the area was analyzed from the obtained image
using ImageJ.

Evaporation rate

The evaporation rate of the donor-solvent from the
skin surface was measured using weight change of the
applied solution. Excised human skin specimens were
mounted in Franz diffusion cells as described above.
Purified water was applied on the skin surface at the
volume of 10 pL/cm? using a micropipette to spread
over the entire effective diffusion area (1.77 cm?),
then purified water was absorbed using a paper towel
(1 cm x 1 cm) from the skin surface 2 min after the appli-
cation. The weight of the absorbed towel was immediate-
ly measured, and the amount of purified water was cal-
culated from the increased paper towel weight. This
procedure was repeated every 2 min up to 20 min. This
experiment was done in triplicate.

Estimation of skin permeation parameters using
a regression model

GBT was performed using JMP Pro (version 17, SAS
Institute Inc., Cary, NC, USA). The default parameters of
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GBT were used. Skin permeation parameters, Dy, Dygp,
K., and K., of 43 chemicals were cited from the pub-
lished reported by Ellison et al. (2020) that they selected
chemicals with 1.2<logarithmic K ,, (logK_, ) <4.5 and
MW < 500 Da. In addition, chemical parameters, such as
MW, melting point (MP), clogP, dipole moment, heat of
formation, electron affinity (EA), ionization energy (IP),
number of hydrogen donors and acceptors, absolute hard-
ness, and chemical potential, the highest occupied molec-
ular orbital (HOMO), and lowest unoccupied molecular
orbital (LUMO) energies were calculated using Fujit-
su SCIGRESS software (version 3.7, Kanagawa, Japan).
The LUMO-HOMO gap was also used as the descrip-
tor. Supplemental Table 1 shows molecular descrip-
tors acquired in the present study. The validation of this
prediction model was performed with 80% of samples
selected at random as the training set, and the remaining
20% of samples was assigned as the test set for the exter-
nal validation.

The GBT platform produces an additive decision tree
model that is based on many smaller decision trees that
are constructed in layers. The tree in each layer consists
of a small number of splits, typically five or fewer. Each
layer is fit using the recursive fitting methodology. The
data are recursively divided based on the relationship
between the predicted value and the response value, and
a decision tree is created. The division algorithm search-
es for all divisions of the predicted value that best pre-
dict the response. For a given tree, the predicted value for
an observation in a leaf is the mean of all observations
in that leaf (Hastie ef al., 2009). The contribution of the
explanatory variable was calculated using the error sum
of squares (SS) as an indicator of how much it is reduced
by the branching. The smaller the SS of each group by
branching means the better the branching was conducted,
and the explanatory variable used for the branching has a
higher contribution (Sall, 2002). The SS of the selected
candidates is calculated as follows:

S8, =SS

test parent” (

SS

right

_SSleﬁ)
where S§ in a node is just §? (n—1).

Calculation of skin permeation of chemicals with
finite dose

Skin permeation of chemicals was calculated using a
two-layered diffusion model composed of SC and VED
layers. The two-layered model with Fick’s second law of
diffusion was described in our previous report (Arce et
al., 2020), using the equation:
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dCsc _ GZCSC
at  SC gyx2 (D
90CyED 0%Cygp
- D (2)
at VED = gx2

Initial and boundary conditions were:

Z:O —Lsc<x<0 CSCZO

(3)
0 < x < LVED CVED = 0
>0 X = _LSC CSC = KSC . CV
x=0 Crep = Kygp - Coe and Dgp 255€ = . 4EVED
VED vep * Csc and Dge = VED ~ g, (4)
X =Lyep Cygp =0

where Ly and L, are the thicknesses of the SC and
VED, respectively. C, is the chemical concentration in the
applied formulation. C, was changed based on the evapo-
ration rate from the applied formulation and the amount
of chemical that migrated into the skin. In addition, the
cumulative amount of chemical permeated per unit area,
0, 1s expressed by Eq. (5).

Q = —Dygp fot (dCdeD) dt (5)

x=Lygp

Equations (1) and (2) were expressed with differential
equations as:

dCjj 1

= (Cijer = Cij) 6)
dZCL' 1

— =15 (Cirj = 2C; + Ciya ) (7)

Change in chemical concentration in the applied for-
mulation over time was expressed with the successive
calculation method.

Csc(t) = Ks¢ * Cy(t) (8)

In this study, permeation parameters calculated from
GBT were applied to estimate the skin permeation of
chemicals after application in finite dose conditions, and
the estimation data were compared with the observed
data obtained from in vitro skin permeation experiment
with excised human skin. For the estimation of skin per-
meation profiles, the average thickness (at least 4 differ-
ent points) of the whole skin measured using a thickness
gauge was applied. Additionally, the thickness of the SC
layer was set to 12.45 um referenced from the report by
Grégoire et al. (2021).

In addition to estimation using the two-layered dif-

fusion model described above, the skin permeation
profile of chemicals after finite dose application was
also estimated using a TCAT™ model as a module in
GastroPlus™ software Version 9.8.3 (Simulation Plus,
Lancaster, CA, USA). Chemical structure-data file (SD
file), applied chemical concentration, applied volume,
and the saturated concentration were inputted. Other
parameters such as the skin thickness (ex. SC thickness
12.45 pm) were referenced from the report by Grégoire et
al. (2021) and the initial value of the module of dermal/
subcutaneous model in GastroPlus. The input parameters,
except for SD file, are shown in Supplemental Table 2.

RESULTS

Fig. 1 shows the relationship between molecular
descriptors acquired in the present study. The top right
region shows correlation values and the bottom left region
shows the plot data between the corresponding row and
column descriptors. Several descriptors such as LUMO
and HOMO showed good relationships to electron affin-
ity, absolute hardness, and chemical potential. Thus,
electron affinity, absolute hardness, and chemical poten-
tial were removed, and the skin permeation parameters
were estimated using MW, clogP, LUMO, HOMO, MP,
dipole moment, heat of formation, and numbers of hydro-
gen donors and acceptors. GBT was applied to our data
set to reveal quantitative relationships between molecular
descriptors and skin permeation parameters. The predic-
tive ability of GBT was evaluated using 80% of the data
set selected at random and 20% of the data set samples as
the test set. Fig. 2 shows a typical example for the rela-
tionship between the logarithm of observed and estimat-
ed values for each skin permeation parameter. The sym-
bols in black and red show the training and test data sets,
respectively. A fairly good estimation of skin permea-
tion parameters was achieved because the average R? val-
ues and RMSE i1n the training set were high and appreci-
ably small, respectively (logKy.: R? 0.776 = 0.009, RMSE
0.289 £ 0.009, logDg.: R*> 0.776 £ 0.019, RMSE 0.283 +
0.012, logK,p: R? 0.912 + 0.006, RMSE 0.133 + 0.005,
and logD,;,: R? 0.754 + 0.021, RMSE 0.458 + 0.019).
In addition, except for logD,.,, estimated skin permea-
tion parameters using the test data sets seemed to achieve
relatively good estimations. To identify the molecular
descriptors that influence skin permeation parameters,
the contribution of each parameter was also confirmed
(Fig. 3a). clogP values had the maximum contribution to
all of the skin permeation parameters. On the other hand,
a relatively high influence of MW was only observed in
logD,,.,, and its contribution to other skin permeation
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Fig. 1.

Scatterplot matrix and color map of the correlations between different descriptors. Bright red indicates a strong correlation,

bright blue indicates a negative correlation, and gray shows no relationship. There is gray in the middle, and 10 shades from
bright red to bright blue are available, as shown on the right side of the figure. The data are displayed symmetrically from
the top left region to the bottom right region, with the top right showing the color map and the bottom left showing the scat-

ter plot.

parameters was not high. Supplemental Table 3 shows the
skin permeation and chemical parameters used for GBT.

Fig. 3b shows a typical example for the first layer of
the decision tree in the model to predict logKy., logD.,
logK,p, and logD,,.,. For logK., if parameters clogP
< 3.3 and LUMO > -1.12 were met, the model added
-0.00181 to the equation predicting logK,.. On the oth-
er hand, if the parameter clogP < 3.4 was met, the model
added -0.004 to the equation predicting logDq.

Vol. 50 No. 4

Fig. 4a shows the change in the applied water from
the skin surface in in vitro skin permeation conditions.
A gradual decrease in applied water was confirmed, and
the decrease rate appeared to be constant. A relationship
was confirmed from the amount of retained water on the
skin surface with time, and the slope was calculated to
be -9.6x 102 g/1.77 cm?/hr. In addition, when 17.7 pL of
solution (10 pL/cm?) was applied on excised human skin
surface mounted in a Franz-type diffusion cell, no uni-
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Fig. 2.

A typical result of prediction of skin permeation parameters of logK. (a), logDg. (b), logK,, (c), and logD,,;;, (d). The

symbols in black and red show the training and test data sets, respectively. The dotted line shows the relationship between
observed and estimated values. A fairly good estimation of skin permeation parameters was achieved because the average
R? values and RMSE in the validation set were high and appreciably small, respectively (logK.: R? 0.776 + 0.009, RMSE
0.289 £ 0.009, logDg.: R 0.776 = 0.019, RMSE 0.283 + 0.012, logK ., R? 0.912 + 0.006, RMSE 0.133 + 0.005, and log-

Dy, R20.754 £ 0.021, RMSE 0.458 = 0.019).

form distribution of the applied solution was observed
over the entire effective permeation area (1.77 cm?) even
at time zero after starting the skin permeation experiment,
as shown in Fig. 4b. The applied solution existed as sev-
eral droplets on the skin surface, and the observed area
analyzed using ImageJ (version 1.54h) was 0.58 + 0.014
cm?/1.77 cm 2.

Fig. 5 shows in vitro skin permeation profiles of
another 11 chemicals through excised human skin after
finite dose (10 pL/cm?) application. The range of MW

and clogP of the applied chemicals were 116-362 and
1.1-4.0, respectively. In addition, skin permeation pro-
files were estimated using skin permeation parameters
obtained from the constructed GBT model in the pre-
sent study. Supplemental Table 3 shows the estimated
skin permeation parameters for the 11 chemicals. Fur-
thermore, profiles calculated with GastroPlus equipped
with the TCAT™ module are also shown. PP, B-PABA,
EP, P-PABA, and E-PABA showed similar permeation
profiles compared with those predicted in our model. On
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the other hand, M-PABA showed underestimated dermal
absorption and BA, MP, BP, ISDN, and BR had overes-
timated dermal absorption over 8 hr in the model com-
pared with the observed absorption values. In addition, in
the model the slopes of the permeation profiles within 2
hr after the application of BA, MP, ISDN, and BR were
greater (higher flux) than those observed.

When skin permeation profiles were predicted using
GastroPlus equipped with the TCAT™ module, the pre-
dicted profiles did not show the same tendencies as our
prediction model. For example, the estimated skin perme-
ation profile of ISDN was much slower compared with
our predicted model.

Fig. 6 shows the relationship of the dermal absorp-
tion rate between logarithms of the observed and predict-
ed values for the 11 chemicals. The dotted lines in black
and red show 1:1 relationships and the ratio of estimat-
ed to observed dermal absorption rate within a factor of
2, respectively. The upper left and lower right show the
chemicals with overestimated and underestimated model

results compared with the observed values, respectively.
Most of the chemicals plotted within the dotted red lines.
However, for our constructed model, M-PABA was locat-
ed slightly outside near the boundary line of the factor of
2. On the other hand, when the prediction was conduct-
ed with GastroPlus equipped with a transdermal module,
underestimation was confirmed for ISDN.

DISCUSSION

In silico approaches to estimate skin permeation coef-
ficients of chemicals, K, have been developed for many
years. This approach may be useful to focus on steady-
state flux or the maximum permeation flux obtained from
the product of K and the applied concentration. There-
fore, it can be used not only in the development of chem-
icals with anticipated pharmaceutical effects after topical
application but also for the risk assessment of topically
exposed chemicals. Buist et al. (2010) proposed a sim-
ple model to predict dermal absorption in finite dose con-
ditions with K and K. obtained from infinite dose data.
However, changes in the applied chemical concentration
in the formulation on the skin surface caused by the per-
meation of chemicals through the SC layer and evapora-
tion of solvent from the formulation occurred in practical
use. Kunita et al. (2024) reported a model that predicts
dermal absorption after finite dose application by tak-
ing into account solvent evaporation from the application
site as well as the application of permeation parameters
obtained from an artificial skin membrane. However, it
may be preferable to construct in silico models to predict
the dermal absorption rate of a chemical when applied in
finite dose conditions. In the present study, evaporation
rate was measured with purified water instead of each
applied solution. When water evaporation rate was meas-
ured with several chemicals used in the present study at
60% saturated concentration, no significant difference
was confirmed compared with purified water. However,
because the evaporation rate of solvent may affect solutes
and additives in the applied formulation, it is also neces-
sary to construct a model to estimate the evaporation rate
of the volatile components in an applied formulation from
the skin surface in finite dose conditions.

Trans-epidermal (via the SC) and trans-appendage (via
hair follicles and sweat ducts) are both well-known pen-
etration and permeation routes of chemicals through the
skin (Kovacik et al., 2020; Hadgraft and Lane, 2016).
The lipophilicity of chemicals affects their penetration
and permeation routes. The two-layer diffusion model
used in the present study, which consisted of homogene-
ous layers of SC and VED connected in parallel may be
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preferable when applied to chemicals for which the pre-
dominant penetration and permeation routes are via the
trans-epidermal route. In our previous report (Hatanaka
et al., 2015), the skin concentrations of chemicals at a
steady state were estimated well for lipophilic chemicals
(clogP > 1) applied in infinite dose conditions, where-
as there was underestimation of the skin concentration
when hydrophilic chemicals (clogP < 1) were applied
due to their main permeation route being via the trans-
appendage route. Therefore, in the present study, skin
permeation parameters were estimated for chemicals with
clogP > 1.

Vol. 50 No. 4

Machine learning to estimate K, values has been
developed by many researchers. Ita and Prinze (2024)
investigated the prediction of K for 175 compounds
using random forest and GBT models. They selected sol-
ute descriptors such as excess molar refraction, com-
bined dipolarity/polarizability, overall solute hydrogen
bond acidity and basicity, and the MacGowan’s char-
acteristic molecular volume as descriptors, and regres-
sions established a statistically significant associa-
tion between these descriptors and K, values. Baba
et al. (2015) constructed a model to predict K val-
ues with the support of vector regression and ran-
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dom forest. Furthermore, molecular dynamics sim-
ulations have been applied to predict K . (Piasentin
et al., 2023) and skin permeability enhanced by pene-
tration enhancers (Gupta et al., 2019). The boosting tree
algorithm is generally robust to the overfitting problem
(Basant et al., 2016). According to evaluation with a gra-
dient boosting tree with several descriptors, the chemical
properties MW, clogP, LUMO, and HOMO were select-
ed in the present study. Potts and Guy's model for K was
defined with MW and logK . (Potts and Guy, 1992). In
addition, Lian ef al. (2008) also reported a K predicting
model with MW and logK . Furthermore, Cronin’s mod-
el is composed of not only MW and clogP but also topo-
logical and electronic parameters as descriptors (Cronin
et al., 1999). LUMO and HOMO are related to the elec-
tronic properties and structure—property relationships of
chemicals (Zaugg et al., 2019; Manrique et al., 2024).
The descriptors MW and clogP affect drug diffusivity and
the amount of drug transferred into the skin. In addition,
LUMO and HOMO are related to the reactivity of chem-
icals (Adindu et al., 2023), which is related to chemi-
cal bonding in the skin. Chemical bounding in the skin
may be related to chemical diffusivity in the skin. There-
fore, the result showed that dermal absorption through
skin is governed by molecular size, hydrophobicity, and
structural properties, which also appear to be appropri-
ate as descriptors compared with other in silico models.
Golbraikh and Tropsha (2002) reported that the predict-
ability of a machine learning model with internal cross-
validation offers a limited assessment of predictability. In
the present experiment, due to a limitation of the data set
of skin permeation parameters, an external validation was
not conducted with the coverage across the entire chem-
ical space of the data set. Therefore, further experiments
with external validation data sets may be necessary to
predict skin penetration parameters because the predicta-
bility result of this study may be optimistic.

The wettability of an applied solution on the skin
affects the effective penetration or permeation area of
chemicals. Estimated dermal absorption for most of the
chemicals applied in the present study was found to be
higher than the observed data (data not shown) when
the applied solution was assumed to be homogeneously
spread on the skin surface. This may be due to an over-
estimation of dermal absorption area compared with the
observed condition. There was no significant difference in
the contact area among chemical solutions, so the contact
area of the applied chemical solution on the skin surface
was set to 0.58 cm? to estimate dermal absorption.

Each skin penetration parameter was intentional-
ly changed by a factor of 50 or 1/50 to clarify the effect

of each parameter on the skin penetration profile of
M-PABA (Supplemental Fig. 1). The trigger of skin pen-
etration of chemicals is distribution or partition of chem-
icals into the SC layer. The partition is an equilibrium
phenomenon, which occurs in a very short period. The
amount of chemicals migrated into the surface SC layer
can be expressed with K _x C . Then, the chemicals dis-
tributed on the surface of the SC layer diffuses through
the SC layer. The chemical distribution process may
continue while the solvent remains on the skin surface
in the case of finite dose conditions. A decrease in K
may affect the amount of chemical distributed, whereas
a decrease in D may influence transfer of the chemical
into the skin. Thus, the decrease in D provides a slower
skin permeation profile of the applied chemical. In addi-
tion, a decrease in D_ influences the amount of chemi-
cal that permeates thought the skin due to the slower
decrease in the amount of the chemical in the surface SC
layer. Decrease in K, and D, also leads to a decrease
in drug migration from the applied solution into the skin
because they provide a slower decrease in the amount of
chemical in the SC layer. In addition, a decrease in D,
affects the shape of the skin permeation profile.

For the dermal absorption estimated for M-PABA,
underestimation was observed in our model. Here, the
estimated skin permeation profile for M-PABA was inten-
tionally fitted to the observed curve by changing the skin
permeation parameters. When K. and D, of approxi-
mately 13-fold and 0.1-fold, respectively, were applied,
the estimated skin permeation profile fitted well with
the observed curve. This result suggested the underesti-
mation and overestimation of partitioning and diffusiv-
ity, respectively. Intarakumhaeng et al. (2018) report-
ed an assumed mechanism of solute permeation in finite
dose conditions: solute deposition on the skin surface,
solute dissolution in skin lipids, and then solute diffu-
sion across the SC. Therefore, chemical dissolution in
skin lipids should be taken into consideration as a reason
for the underestimation, but these chemicals have moder-
ately lipophilic natures (clogP > 1). Sakata et al. (2014)
reported enhanced chemical penetration caused by “sol-
vent drag” or “plugging” effects of the formulation when
the formulation was applied as a finite dose application.
They selected lipophilic chemicals and oil solvents, but
the same tendency might also be found with the combina-
tion of hydrophilic chemicals and aqueous solvents. This
enhancement of chemical partitioning into the SC lay-
er due to a “drag solvent effect” may be clearly observed
in highly soluble chemicals, because their partitioning
into the SC layer was generally low due to their hydro-
philicity. Furthermore, regarding diffusivity, the data set
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of chemical diffusivities in the skin used for the devel-
opment of this in silico model was obtained with infinite
dose application. The hydration state by water in the SC
layer during the skin permeation study was maintained
with infinite dose application. On the other hand, water
evaporation from the formulation as well as the SC lay-
er occurred in finite dose conditions. Unlike infinite dose
conditions, skin is partially hydrated in finite dose condi-
tions, so it might be necessary to take this into account in
the contribution of chemical permeation involving polar
pathways in the SC layer. In addition, prolonged hydra-
tion affected the barrier function of the SC layer (Tan et
al., 2010; Bouwstra et al., 2003), and changes in barri-
er function of the SC layer especially affected the skin
permeation of hydrophilic chemicals. likura ef al. (2019)
reported effects of humidification on the skin permeation
of chemicals with different lipophilicities. Skin permea-
tion enhancement effects with hydration were observed
when methylparaben (logK ,, : 1.93) was applied. Yousef
et al. (2017) reported that the hydration effect on the per-
meation of salicylate esters, and the enhancement effect
due to increases in diffusivity were observed when glycol
salicylate (logK ,: 1.63) was applied. Therefore, chemi-
cal diffusivity in the SC layer obtained from infinite dose
conditions might be higher than that observed in finite
dose conditions.

In the present study, a good prediction was defined
within a factor of 2. The range of prediction accuracy
might be discussed, but other reports have applied two-
fold of the observed as an index of “a good prediction”
(Kunita et al., 2024; Davies et al., 2020), which we also
applied. In the present study, chemicals with MW in the
range of 116-362 and clogP in the range of 1.1-4.5 were
used to develop the in silico model. Therefore, predic-
tion accuracy will be lower when estimation is performed
with chemicals outside of the chemical space. When the
dermal absorption of thioglycolic acid (MW: 92.1, clogP:
0.1), which is outside of the data set range, was estimat-
ed with our model, the value was almost 100% (data not
shown), whereas the observed value was about 10% over
24 hr (Nitu Verma et al., 2023).

Predicted skin permeation profiles with GastroPlus
incorporating the TCAT™ model were slower than those
obtained from our model. When skin permeation param-
eters obtained from our model were compared with those
obtained from GastroPlus incorporating the TCAT™
model, about 10-fold higher K and about 100-fold lower
D values in GastroPlus incorporating the TCAT™ mod-
el were mainly confirmed as the difference with our mod-
el. These differences are related to a slower permeation
profile of the applied chemicals as shown in in Supple-
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mental Fig. 1. Our model may predict the skin permea-
tion profile at pH 7.4. This is the limitation of our model,
whereas the GastroPlus TCAT™ model is able generate
predictions in various applied pH conditions.

Further studies should be performed with an expanded
learning data set of skin permeation parameters. This will
lead to the development of a better model that will enable
the prediction of the amount of chemicals that penetrate
the skin in finite dose conditions. In addition, for evalua-
tion of the in silico model, chemicals with relatively bet-
ter dermal absorption exceeding 35% were used. Thus,
prediction should be evaluated with chemicals that exhib-
it low dermal absorption rates.

Conclusion

In the present study, an in silico model to predict skin
permeation parameters, such as K., Dgc, Kypp, and Dygp,
was developed using a data set obtained from excised
human skin, and the dermal absorption of chemicals was
estimated when they were applied in finite dose condi-
tions. Considering the evaporation rate and the area of
spread over the skin surface, comparatively good esti-
mates of dermal absorption, except for chemicals with a
clogP value close to 1 were observed. A learning data set
with in vitro experiments from human skin samples was
obtained from infinite dose conditions, so change in dif-
fusivity and partitioning of chemicals in the skin might
occur in finite dose conditions. Understanding of the dif-
ferences in skin permeation parameters between finite and
infinite dose conditions may help in the further develop-
ment of in silico models for dermal absorption. Further-
more, in the future, it may be useful to establish methods
to improve prediction accuracy by combining multiple in
silico models. Finally, we hope that this research result
will lead to further understanding and use of research
based on the 3Rs (reduction, refinement, replacement)
approach.
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