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Abstract

The exposure of oral antiretroviral (ARV) drugs in the female genital tract (FGT) is variable and almost
unpredictable. Identifying an efficient method to find compounds with high tissue penetration would streamline
the development of regimens for both HIV preexposure prophylaxis and viral reservoir targeting. Here we
describe the cheminformatics investigation of diverse drugs with known FGT penetration using cluster analysis
and quantitative structure—activity relationships (QSAR) modeling. A literature search over the 1950-2012 period
identified 58 compounds (including 21 ARVs and representing 13 drug classes) associated with their actual
concentration data for cervical or vaginal tissue, or cervicovaginal fluid. Cluster analysis revealed significant
trends in the penetrative ability for certain chemotypes. QSAR models to predict genital tract concentrations
normalized to blood plasma concentrations were developed with two machine learning techniques utilizing drugs’
molecular descriptors and pharmacokinetic parameters as inputs. The QSAR model with the highest predictive
accuracy had R? . =0.47. High volume of distribution, high MRP1 substrate probability, and low MRP4 substrate
probability were associated with FGT concentrations >1.5-fold plasma concentrations. However, due to the
limited FGT data available, prediction performances of all models were low. Despite this limitation, we were able
to support our findings by correctly predicting the penetration class of rilpivirine and dolutegravir. With more data
to enrich the models, we believe these methods could potentially enhance the current approach of clinical testing.

HE IDEAL PREEXPOSURE PROPHYLAXIS (PrEP) regimen

for protection from HIV remains undefined. Previous
studies of FDA-approved antiretrovirals (ARVs), such as
tenofovir with or without emtricitabine, using standard
treatment doses and dosing frequencies have shown mixed
success (0-73%) in preventing HIV acquisition in high-risk
populations.' A possible explanation for the failure of some
of these trials is the lack of necessary preclinical and early
clinical phase data to guide optimal selection and dosing of
PrEP regimens.*

The tissues of the female genital tract (FGT) are primary
sites of HIV transmission, and ARV concentration in the FGT
at the time of HIV exposure is a critical determinant of PrEP
success.>® Further, because these tissues may act as a latent
HIV reservoir, eradication strategies cannot be successful
unless adequate ARV concentrations are achieved.” Un-
fortunately, ARV penetration into the FGT is highly chal-

lenging to prognosticate due to a large amount of interclass
and intraclass variability.8 As a result, the extent of FGT
penetration can be evaluated only by costly and complex
clinical testing. Therefore, alternative mechanisms to iden-
tify highly penetrative compounds that can be utilized for
PrEP are greatly needed. Identifying structural characteristics
of compounds likely to be favorable for FGT penetration can
expedite the early phase drug development process, stream-
line early clinical studies, and possibly lead to faster market
approval.

Cheminformatics approaches, such as quantitative struc-
ture activity relationship (QSAR) modeling, are extensively
utilized in drug discovery and development as effective
means to prioritize candidate compounds for experimental
testing.”'” These techniques have been particularly helpful for
ADME/Tox predictions, providing a useful and reliable al-
ternative to in vivo assessments. QSAR modeling has also been
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helpful in predicting drug distribution/penetration into specific
biological compartments such as the blood-brain barrier
(BBB); for instance, a highly predictive model of penetration
(R*=0.80 in an external validation set of 10 compounds) as
well as specific contributors to penetration, such as van der
Waals surface area and active transport, was reported recent-
ly."" A similarly predictive model for FGT penetration would
help inform the development process and assist in the search
for ideal PrEP candidates.

To date, no computational technique to predict FGT pen-
etration has been published. Considering recent evaluations
of transporter and metabolizing enzyme expression in the
FGT showing several possible contributors to penetra-
tion,'*'? we hypothesized that the development of a predic-
tive model could benefit from the incorporation of drugs’
transporter profiles and other biological Parameters as addi-
tional molecular descriptors. Zhou et al.'* examined the ex-
pression of 19 transporters in the FGT using reverse
transcriptase polymerase chain reaction (RT-PCR) and found
that several uptake (OCT2, ENTI1, OATP-D) and efflux
(MDRI1, BCRP, and MRPs 1, 4, 5, and 7) transporters were
qualitatively expressed at levels equal to or greater than the
liver. Moreover, a study by Nicol et al. using real-time PCR
(qPCR) provided quantitative evidence of a high expression
of MRP4 (120-310% of liver expression) in the epithelial and
submucosal cells of vaginal and cervical tissue.'® The find-
ings from these studies thus provide a biologically plausible
foundation on which to build a predictive model for FGT
penetration using both structural and biological characteris-
tics of drugs.

In this study we attempted both the analysis and modeling
of FGT drug penetration based on chemical structures and
computed biological properties, specifically drugs’ trans-
porter interaction profiles. First we compiled, curated, and
integrated from the literature a set of 58 drugs with known
FGT penetration. Second, we clustered this set into smaller
groups of drugs with similar structures and analyzed the
variation (and potential concordance) of FGT penetration
within each cluster. Third, we conducted the QSAR model-
ing of FGT penetration of 58 drugs using both chemical
and biological descriptors. The results showed distinctive
structure—activity relationships, especially within certain
clusters of structurally similar drugs.

A literature search was conducted in the PubMed database
focusing on any clinical study reporting pharmacokinetic
(PK) data for any compound in the lower FGT using specific
search terms (female genital tract or vaginal tissue or cervical
tissue or gynecologic tissue and drug penetration or distri-
bution) and filters (human, 1950-2012). EMBASE and Web
of Science were also searched. Studies that reported data in
vaginal tissue (VT), cervical tissue (CT), or cervicovaginal
fluid (CVF) were isolated. The endpoint of interest was the
tissue penetration ratio (TPR), defined as a tissue or CVF
isolated concentration or area-under-the-concentration-time
curve (AUC) divided by a plasma concentration or AUC
taken at the same time point or interval. If a publication did
not report a specific TPR value, it was calculated when the
appropriate data were available. In the event that multiple
TPR values generated from different techniques (i.e., steady-
state AUC ratio vs. single time point ratio) were reported, the
TPR was chosen based on an algorithm created according to
pharmacologic rigor as follows: VT or CT steady-state AUC
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preferred over (>) VT or CT single dose AUC > CVF steady-
state AUC > CVF single dose AUC > VT or CT steady-state
single time point>VT or CT single dose single time
point > CVF steady-state single time point > CVF single dose
single time point. If multiple TPR values were reported that
were generated from the same technique (i.e., two steady-
state AUC ratios), the TPR from the study with the larger
sample size was chosen. AUCs were preferentially selected
to negate the effect of differential dosing and/or sampling
times between studies, though this was not possible for many
compounds.

The TPRs from all identified compounds were included in
a database with the drug’s generic name, therapeutic class,
chemical structure and SMILES string (imported and/or
checked using Chemspider at www.chemspider.com), and
physicochemical properties such as plasma protein bind-
ing percentage (PPB%) and volume of distribution (Vy),
which were obtained from the drug package inserts. Two-
dimensional structures of the 58 drugs were obtained and
standardized according to procedures described previously.'*
In addition to including the raw TPR data, we grouped
compounds into three discrete categories based on their ac-
tual TPR value. ““Poor” penetrators were defined as com-
pounds with a TPR in the 0.00-0.49 range (compounds that
had FGT concentrations or exposures <50% that of plasma
exposure), ““‘good” penetrators were defined as compounds
with a TPR from 0.50 to 1.49 (compounds with FGT expo-
sures 250% and <150% that of plasma exposure), and
“excellent” penetrators were defined as compounds with a
TPR 2 1.50 (compounds that had FGT exposures = 150% that
of plasma exposure).

MOE ver.2009.10 (Chemical Computing Group, Mon-
treal, Canada) was used to calculate the octanol/water
partitioning coefficient (log P, a measure of lipophilicity
or membrane permeability) and molecular weight (MW).
Transporter interaction scores (from O to 1 based on the
likelihood of being a substrate) were calculated for each drug
using a collection of QSAR classification models developed
previously.'> Seven transporters were included: efflux
transporters MDR1, MRP1, MRP2, MRP3, MRP4, BCRP,
and the uptake transporter OCT1. Where available, we used
experimental data on the substrate status of our compounds
for these transporters instead of predicted values.

To perform hierarchical cluster analysis, the Sequential
Agglomerative Hierarchical Non-overlapping (SAHN)
method implemented in the ISIDA/Cluster program (http://
infochim.u-strasbg.fr) was employed. Each compound was
represented by one cluster at the start. Then, m compounds
were merged iteratively into clusters using their pairwise
Euclidean distances stored in a squared m + m symmetric
distance matrix. The two closest objects (molecules or clus-
ters) were iteratively merged to form a new cluster and the
distance matrix was updated with the newly formed cluster
distances. The process was repeated until one cluster re-
mained. Associations between clusters were analyzed using
the Wilcoxon rank-sum test, with alpha set at 0.05. Re-
lationships between TPR and descriptors were determined by
linear regression. Any significant relationships identified in
linear regression were then incorporated into a multivariate
analysis using stepwise regression. Statistical analyses were
performed using R 2.15.3 [R Core Team (2013) www.R-
project.org/] and SigmaPlot version 11.0 (Systat Software,
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Inc., San Jose, CA; www.sigmaplot.com). We also conducted
an a posteriori evaluation of the effectiveness of our cluster
analysis by correctly predicting TPR for compounds not used
for model development including the nonnucleoside reverse
transcriptase inhibitor (NNRTI) rilpivirine and the integrase
strand transfer inhibitor dolutegravir.

Random Forest and k Nearest Neighbors (kNN) machine
learning algorithms were used to conduct QSAR modeling of
FGT. We followed the predictive QSAR modeling work-
flow,'® which consists of the following three major steps: (1)
data preparation/analysis, (2) model building, and (3) model
validation/selection. Here we followed a 5-fold external
cross-validation procedure: the full set of 58 compounds with
known experimental activity was randomly split into five
training (80% of the modeling set) and external validation
sets (the remaining 20%). Models were built using the
training set compounds only, and the external set compounds
were never taken into account to build and/or select the
models. Pearson’s correlation coefficient (R2) and root mean
square error (RMSE) were used to assess the prediction
performances of developed models. Then, selected models
were applied to the external set compounds to predict their
experimental properties. This overall procedure was repeated
five times to ensure that every compound from the modeling
set was present only once in the external test set.

Our initial literature search identified 60 unique chemical
compounds, representing 13 therapeutic classes. Since we
used two-dimensional representation of chemical structures,
two stereoisomer compounds (levofloxacin and ofloxacin)
were excluded from analysis, resulting in 58 compounds with

THOMPSON ET AL.

FGT data: 20 poor penetrators, 22 good penetrators, and 16
excellent penetrators. Supplementary Table S1 (Supple-
mentary Data are available online at www.liebertpub.com/
aid) contains a list of the entire set of compound and their
associated TPR value used for our computational analysis.
ARVs are highlighted in Fig. 1, which illustrates the large
variability in reported TPR for these compounds, both be-
tween and within therapeutic class. Of the remaining non-
ARYV compounds, 17 had multiple TPRs reported within the
same study, but only two had TPRs reported from different
sources. Based on the a priori TPR reporting algorithm, the
following were included: VT or CT steady-state AUC
(n=1)>VT or CT single dose AUC (n=2)>CVF steady-
state AUC (n=19)>CVF single dose AUC (n=0)>VT or
CT steady-state single time point (n=5)>VT or CT single
dose single time point (n=25) > CVF steady-state single time
point (n=3)>CVF single dose single time point (n=3).

When compounds were stratified according to the pene-
tration class and analyzed for associations with physico-
chemical and pharmacokinetic parameters, MRP1 and MRP4
substrate scores, and Vd exhibited significant trends (Fig. 2).
For MRP1 substrate scores, the difference in median values
between ‘““‘poor’” and ‘‘excellent” TPR groups, as well as
between “‘poor’ and all other compounds, was statistically
significant (p=0.03 and 0.04, respectively). For MRP4
substrate scores similar comparisons yielded p-values of 0.06
and 0.01. Among pharmacokinetic parameters, Vd was sig-
nificant in both comparisons (p<0.001), while %PPB
was not significant in either comparison (p=0.12 and 0.22,
respectively).
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Distribution of reported tissue penetration ratios (TPRs) for antiretroviral compounds (21 of 58 drugs). Adapted

from Thompson ef al.* Black dots represent steady-state AUC ratios in tissue or cervicovaginal fluid (CVF); white dots
represent single time point ratios in the CVF. Solid black lines represent the range of TPRs reported in the literature. Dashed
black lines correspond to the selected ranges for poor (TPR 0.00-0.49), good (TPR 0.50-1.49), and excellent (TPR >1.5)
penetrators, respectively. Histogram inset shows the distribution of TPRs across all compounds. TPRs for all drugs used in
analyses are included in Supplementary Table S1. NRTI, nucleoside reverse transcriptase inhibitor; 3TC, lamivudine; FTC,
emtricitabine; TFV, tenofovir; ZDV, zidovudine; ddl, didanosine; d4T, stavudine; ABC, abacavir; PI, protease inhibitor;
DRV, darunavir; IDV, indinavir; ATV, atazanavir; APV, amprenavir; LPV, lopinavir; RTV, ritonavir; NNRTI, non-
nucleoside reverse transcriptase inhibitor; NVP, nevirapine; EFV, efavirenz; ETV, etravirine; RPV, rilpivirine; DLV,
delavirdine; INSTI, integrase strand transfer inhibitor; RAL, raltegravir; DTG, dolutegravir; RA, receptor antagonist; MVC,

maraviroc.
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FIG. 2. Distribution of MRP1 (A) and MRP4 (B) substrate scores (from O to 1 with 1 representing a high likelihood of
being a substrate), volume of distribution (C), and plasma protein binding values (D) across groups with poor, good, and
excellent tissue penetration ratio, shown as boxplots with median (dashed line), mean (solid line), and individual values.

Hierarchical analysis identified seven distinct chemical
clusters ranging in size from two to nine compounds. We
applied our cluster analysis to the variables identified above
in Fig. 3, which shows a detailed distribution for MRP1 and
MRP4 scores and volume of distribution values, along with
drug classes and structural clusters. Because we previously
identified these variables as being significantly associated
with TPR, we would expect to see an overall trend among all
compounds, with individual clusters in varying degrees of
agreement with the overall trend. Figures 3A and B demon-
strate a weak but statistically significant relationship between
TPR and Vd (R*=0.18; p=0.001) but poor (R*=0.072;
p=0.044) correlation between TPR and MRP1 substrate
score and no correlation between TPR and MRP4 substrate

score (Fig. 3C; R>=0.007; p=0.533). When these variables
(in addition to %PPB) were included in our stepwise re-
gression, Vd and %PPB were the only significant variables
affecting TPR (R*=0.274; p<0.001), with the MRP1 sub-
strate score dropping below the level of significance
(p=0.074). These trends are consistent with those observed
in some, but not all individual clusters. Table 1 showcases
specific trends within two classes of drugs that differ in their
agreement with the results observed in Fig. 3. Among the
protease inhibitors (PIs), which cluster together and have
trends similar to the overall observation for all variables,
indinavir has a high TPR, while the other three PIs penetrate
poorly. The volume of distribution and %PPB of indinavir
differ from the remaining compounds. Among the NRTIs,



1062

A 2 Drug Class
& 1.5 » X i
g < NSAID
% 1 1 * > NRTI
§ 05 ’;-- Y . A NNRTI
T i
5 & o WE, a = Integ.Inhib
9 o5 ¢ ™ o X .
=5 U, *
- ;
2 * " | R%=0.181; p=0.001 .
18 o y=-0.150+0.478x s
: i1 Azole
2 o5 0 05 1 o Misc.
volume of distribution, L/kg, log10
B 2 15 »
|
o 15| > LA
g g v %
o 1[- . Cost S
5 » X -
£ 05 s oo 3 g ol
g 1+ “m 0 — g
= o (A',’ {
s W cim o o &8
@ (o] J it *.O‘I e
8 0.5} o v 2
- . =]
2 [ 2 > R2=0.072; p=0.044 2 45l
-1.5¢ o y=-0.429+0.684x
l . g : ; 2
2% 02 0.4 06 0.8

MRP1

which do not agree with the overall trends, abacavir, stavu-
dine, and didanosine have the lowest TPRs while having
similar PPB%, Vd, and MRP4 substrate scores but lower
MRPI1 substrate scores compared to other NRTTIs.

In our a posteriori analysis, we used known values for each
of the significant variables identified in the linear regression
model (MRP1 and MRP4 substrate scores and Vd) for ril-
pivirine and dolutegravir to generate individual TPR esti-
mates based on the regression equations shown in Fig. 3. The
TPR for rilpivirine was overpredicted by only 4% using the
MRP4 substrate score as the predictive variable (predicted
TPR 0.71, actual TPR 0.68), but underpredicted by 25% using
the MRP1 substrate score (predicted TPR 0.51) and over-
predicted by 50% using Vd (predicted TPR 1.02). The TPR for
dolutegravir was systematically overpredicted by 457% using
the MRP4 substrate score (predicted TPR 0.32, actual TPR
0.07), by 514% using the MRP1 substrate score (predicted
TPR 0.36), and by 985% using Vd (predicted TPR 0.69).

The use of kNN and RF with Dragon'” and SiRMS'® de-
scriptors failed to produce robust QSAR models for both
continuous and classification scales. The best continuous
model predicted two of the five test sets with R* values
>0.40. When combined, they contained 24 compounds;
predictions for these compounds were only modestly suc-
cessful (R*=0.47; p <0.0001). Performance of classification
models did not differ from random models.

ARV FGT penetration is a critical determinant of PrEP
success. The lack of reliable approaches to predict the pen-
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etration of ARVs into the FGT represents a significant ob-
stacle to develop the next generation of PrEP agents. The
time and resources required for conducting clinical studies to
determine this characteristic could be drastically reduced if
validated predictive models were available. Cheminfor-
matics approaches enable fast, inexpensive, and streamlined
analyses of drug characteristics, including tissue distribution,
and can help in identifying those compounds capable of
penetrating well into the FGT. In this study, we attempted to
accurately compute and analyze chemical and biological
characteristics that promote FGT penetration using both
qualitative and quantitative assessments.

We were able to compile a small dataset of 58 compounds
spanning 13 different drug classes. Our attempt to build an
externally predictive QSAR model was unsuccessful due to
numerous factors, including the small size and high molec-
ular diversity of the dataset. This was unfortunate, as a
comprehensive QSAR model that makes predictions based
on the influence of many variables in combination most
closely represents physiologic activity. To overcome this
setback, we conducted a more stepwise approach to identi-
fying important variables, which included chemical cluster
analysis and stepwise regression. Our cluster analysis iden-
tified the physiologic characteristics of certain drugs that are
significantly associated with TPR. Indeed, the data generated
from our cluster analysis showed that Vd is predictive of FGT
penetration (Fig. 3A). This finding should be self-evident, as
Vd depends on the physiologic properties of the body and the
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TABLE 1. TISSUE PENETRATION RATIO AND PROPERTY PROFILE FOR TWO CLUSTERS OF SEVERAL PROTEASE
INHIBITORS (n=4) AND NUCLEOSIDE REVERSE TRANSCRIPTASE INHIBITORS (11=2)

Drug Class log TPR log P Vd, liter/kg %PPB MDRI BCRP MRPI MRP4
Indinavir PI 0.66 2.8 2.7 60 0.9 0.8 1.0 0.4
Darunavir PI 0.18 2.4 1.8 95 0.8 0.8 0.6 0.3
Amprenavir PI -03 -29 6.5 90 1.0 0.8 0.0 0.4
Ritonavir PI -0.59 5.0 0.4 99 1.0 0.8 0.7 0.5
Atazanavir PI -0.74 4.7 1.3 86 0.8 0.8 0.9 0.5
Lopinavir PI -1.10 5.2 0.9 99 0.9 0.8 0.8 0.3
Tenofovir NRTI 0.76 -1.6 0.8 1 0.4 0.0 0.6 1.0
Emtricitabine NRTI 0.6 -0.5 1.4 2 0.3 0.1 0.3 0.1
Lamivudine NRTI 0.6 -0.8 1.3 36 0.3 1.0 0.3 0.1
Zidovudine NRTI 0.4 -1.9 1.5 38 0.3 1.0 0.4 1.0
Didanosine NRTI —-0.68 0.1 0.9 2 0.4 0.1 0.2 0.5
Abacavir NRTI -1.1 0.4 0.8 50 1.0 1.0 0.2 1.0
Stavudine NRTI -1.3 -1.0 0.5 0 0.2 0.1 0.2 0.2

log P was calculated using MOE ver. 2009.10 (Chemical Computing Group, Montreal, Canada); experimental volume of distribution
(Vd) and protein binding percentage (%PPB) values were obtained from package inserts. Substrate scores for transporters were calculated based on

Sedykh er al.'®

PI, protease inhibitor; NRTI, nucleoside reverse transcriptase inhibitor.

physiochemical properties of the drug. For example, a Vd of
<0.2 liter/kg typically indicates that a drug primarily resides
in blood (e.g., DTG; Vd=0.25 liter/kg, TPR =0.07), whereas
higher values indicate distribution in tissues and fat (e.g.,
IND; Vd=2.6 liters’kg, TPR =4.5).

Among the transporter interactions evaluated in the cluster
analysis (MDR1, BCRP, MRP1-4, OCT1), the most signifi-
cant transporters were found to be MRP1 and MRP4 (Fig.
2A), though neither of these was found to be significant after
adjustment for Vd and %PPB. MRP4 and MRP1 are efflux
transporters that affect many classes of drugs, including
ARVs. Although little is known about the actual activity of
these transporters in the FGT, very recent studies have con-
firmed the presence of MRP1 and MRP4 in these tissues.'*"?
The localization of these transporters in tissues may account
for the disparate TPRs observed. For example, it may be that
substrates of MRP4 would be less likely to accumulate in the
FGT if the transporter was located on the luminal membrane.
Conversely, MRP1 substrates would tend to accumulate if it
was located basolaterally within epithelial tissue. The ob-
servation by Nicol that MRP4 and MRP1 are both present in
the epithelial layer of vaginal tissue supports this hypothe-
sis.!® Additional evidence is provided by observed trends
among NRTIs (Table 1). For example, both tenofovir and
abacavir are MRP4 substrates; however, tenofovir has a
much higher TPR than abacavir and, unlike abacavir, is a
probable substrate of MRP1. It is important to note that our
substrate probability descriptor is unrelated to the affinity or
avidity of the compound for a particular transporter. For
example, tenofovir and abacavir may have different avidities
for MRP4, but both have been shown to be MRP4 substrates.

The recognition of Vd and transporter substrate probability
as predictive variables for TPR was confirmed in our a pos-
teriori analysis of rilpivirine and dolutegravir. Though
dolutegravir’s TPR was overpredicted by nearly 10-fold, the
predictions for rilpivirine were much closer to the actual value,
with one prediction being within 4% of the actual TPR. Im-
portantly, the use of the MRP4 substrate score as the predictive
variable resulted in a correct assignment of TPR class (i.e.,
poor, good, or excellent) for both drugs. Prediction using the

MRP1 substrate score also correctly assigned rilpivirine as a
good penetrator. Although these cheminformatics approaches
did not always identify specific TPR values, the correct esti-
mation of penetrator class still represents an improvement on
the current method of clinical testing.

There are several limitations to our analysis, mainly arising
from our data set. The large amount of variability in reported
TPRs was the primary obstacle to achieving high dataset
quality. This was not surprising, as generating pharmacoki-
netic data for the FGT includes complex sample collection
and bioanalytical techniques. Selecting the most accurate
TPR for each compound was difficult in cases in which
multiple TPR values were reported (which occurred for 40
out of the 58 retrieved compounds). This was particularly
problematic for compounds in which disparate TPR values
spanned penetrator class assignments (occurring for 10 com-
pounds). In most of these cases, TPR variability was limited to
adjacent classes [i.e., poor and good (ABC), good and excel-
lent (TFV)] but larger variation was observed [i.e., poor and
excellent (ddI)], increasing the importance of choosing the
“correct” value. Although an a priori selection algorithm was
used to correct for this, it may be that the TPRs used here did
not represent true penetrative ability. For example, dose-
dependent changes in transporter activity (e.g., saturation at
high doses not used in these studies) could not be accounted for
despite our algorithm. Furthermore, it is intuitive to think that a
larger data set would result in a more predictive model.
Though a larger amount of data may improve the predictive
capabilities of our model, successful QSAR models have been
developed with data sets of similar size.'’

We were further limited in our ability to generate a high-
quality predictive model due to the necessity of including
TPR values for both CVF and tissue; conducting separate
analyses for each compartment would greatly limit our ability
to find any significant variables due to small sample size.
Some drugs may achieve vastly different concentrations be-
tween these two compartments as a result of the physico-
chemical properties of the drug (e.g., lipophilicity, size) or
physiologic factors (e.g., transporter localization). In other
words, the factors affecting penetration into the CVF may not
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be the same as those governing penetration into tissue, and
vice versa. Thus, we may have overlooked or misidentified
important variables simply because we used a TPR from one
compartment versus another. This may explain some of the
apparent disparity in our results. For example, it was noted
above that transporter localization may explain why TPR as-
sociates differentially with MRP4 and MRP1 despite these
both being efflux transporters. However, it may be that one of
the transporters contributes to CVF penetration and the other
contributes to tissue penetration; we would be unable to dis-
cern this with our current model. Importantly, data generated
in our laboratory have shown that regardless of whether a
compound is a good or poor penetrator, it would be classified
similarly whether using CVF or tissue measurements.”"

Overall this study represents the first attempt at building a
predictive model for FGT penetration using cheminformatics
approaches applied to 58 compounds. Our best performing
QSAR model did not achieve a high predictive ability;
however, our cluster analysis identified high MRP1 and low
MRP4 substrate probability and high Vd as significant pre-
dictors of FGT penetration. Additional compounds are nee-
ded to enrich the modeling set and allow for further analysis
and an increase in predictability. Once validated, a truly
predictive model of FGT penetration could be utilized to
screen drug candidates at the early stages of development and
isolate those compounds ideally suited for PrEP or active
viral reservoir targeting.
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