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Traditionally, in vitro and in vivo methods are useful for estimating human pharmacokinetics (PK)
parameters; however, it is impractical to perform these complex and expensive experiments on a large
number of compounds. The integration of publicly available chemical, or medical Big Data and
artificial intelligence (AI)-based approaches led to qualitative and quantitative prediction of human PK
of a candidate drug. However, predicting drug response with these approaches is challenging, partially
because of the adaptation of algorithmic and limitations related to experimental data. In this report,
we provide an overview of machine learning (ML)-based quantitative structure–activity relationship
(QSAR) models used in the assessment or prediction of PK values as well as databases available for
obtaining such data.
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Introduction
The discovery and optimization of any therapeutic agent with
desirable PKs and pharmacodynamics (PDs) properties is the
key focus of the drug development process. This is especially
important in any drug discovery process, because, for any new
drug candidate, a poorly designed study with incorrect dosing
threshold can cause misleading results, which might be costly
to the pharmaceutical company.1,2 Druggability is mainly depen-
dent on the metabolism and PK properties of the drug (the
DMPK), which are the main hurdles in pharmaceutical R&D.
Human PK evaluation of preclinical drugs are vital for reducing
the failure rate in clinical trials.3,4 Although issues related to PK
have improved over the past few decades, nearly half of all the
therapeutic candidates in drug development are lost because of
poor absorption, distribution, metabolism, excretion (ADME)
and toxicities.5–7 Minimizing the toxicity and optimizing PK is
crucial for any clinical trial. Therefore, the estimation of PK prop-
erties in humans before the first-in-human clinical trial is one of
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the main purposes of nonclinical studies during the drug devel-
opment process. Traditionally, in vitro–in vivo extrapolation
(IVIVE) and allometric scaling (AS) methods have been widely
used for estimation of human PK values.8,9 Although these meth-
ods are useful tools, it is challenging and impractical to apply
these complex and expensive experiments to a large number of
compounds. As a cost-effective and high-throughput alternative
to experimental methods, computational approaches to predict
PK parameters have proven increasingly appealing.10–13 Over
the past few decades, PK/PD modeling approaches have made
many advances from the basic concept of the dose–response rela-
tionship to extended mechanism-based methods. Csajka and
Verotta discussed the historical progression of the modeling of
the concentration–response relationship models to some of the
more sophisticated approaches.14 Although such mechanistic
methods require a priori knowledge, as well as high-quality data
for reliable prediction, ML-guided predictions are based on mul-
tivariate experimental data for training. A basic introduction to
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these ML methods in the context of drug discovery is provided
elsewhere.15 In silico-based based approaches are being used
extensively for modeling ADMET or PK properties (Figs. 1 and
2). Application of such prediction models to assess human PK
not only avoids preclinical to clinical extrapolation, but is also
significantly less resource-intensive compared with traditional
approaches. Validating and interpretating these approaches for
predicting PK in humans are beneficial to the design of in vitro
FIGURE 1
Modeling process for human pharmacokinetic (PK) parameter prediction. Abbre
structure–activity relationship; t½, half-life; VDss, volume of distribution at stead

FIGURE 2
Proposed architecture for parallel modeling of pharmacokinetics (PK) paramete
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and in vivo experiments. Additionally, in silico-based PK predic-
tion can also reduce the direct use of animal data, which are hard
to extrapolate to humans. Recent advances in publicly available
chemical Big Data open a new chapter in the search for more
optimized and accurate computational prediction models.16

However, regardless of their potential, it is important to scruti-
nize them and compare their performance to distinguish pro-
gress made with them. Such careful and rigorous analytical is
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necessary to understand the data and its integration into ML
approaches. In this review, we focus on ML-based models for
PK parameter prediction, because they are directly available to
researchers, more transparent, and enable the prediction of the
efficacy PK values of drugs. We explore recent advances in
human PK prediction and discuss ongoing work to address chal-
lenges in evaluating, interpreting, and implementing artificial
techniques for molecular design.
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Volume of distribution steady-state
The volume of distribution at steady state (VDss) is a vital PK
parameter that is considered a reliable indicator of drug distribu-
tion in the body; it measures the relative affinity of a drug for tis-
sues and plasma.17 Drugs that bind equally to plasma proteins
and are extensively taken up by tissues have a high volume of
distribution, whereas drugs that bind extensively to plasma pro-
teins have a lower volume of distribution. Generally, acidic drugs
have low (<1 l/kg), neutrals and zwitterions have moderate (1–
3 l/kg), and basic drugs have high (>3 l/kg) VDss values.18,19 In
addition, VDss also has an important role in calculating the
mean residence time (MRT) and half-life (t½) of a drug, thus
establishing a suitable dosing regimen.20,21 Early assessment of
VDss is important for developing medication decision and dose
TABLE 1

ML-based human PK predictive models.
a,b

Data set size Descriptors Meth

VDss
132 (acidic drugs) Molecular descriptors (total

descriptors = 178)
GA, S

216 (basic drugs): training
set, 180; test set, 36

Structural, physicochemical GA, S

1236 Mordred, PaDEL, MOE RF, S

1303: training set, 1090;
test set, 213

logD7.4, MW, max basic pKa, min acidic
pKa, Rule 13, aromatic atoms

RF

604 ACDlabs, MOE, Kt:p Deci
412 ECFP, PubChem, molecular descriptors Mult
670 Volsurf+, ACDlabs, MOE RP, P
569 E-State SVR,

Fup
878 Mordred, PaDEL, MOE RF, S

2738 Mordred, PaDEL, ADMET RF, S
ANN

5471 PubChem fingerprint PyCa
Auto
sklea

220 176 molecular descriptors GA, M
t½
1253 Mordred, PaDEL, MOE RF, S

1105 Codessa GBM
CL
1268 Mordred, PaDEL, MOE RF, S

89 ALOGP, Dragon ANN
525 E State MLR

a Search was carried out from January 2010 to February 2021.
b Abbreviations: ANN, artificial neural network; GA, genetic algorithm; k-NN, k-nearest neighbor

machine; XGB, XGBoost.
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measurement plans. Methods used to predict VDss include: (i)
extrapolation of in vivo animal data; (ii) physiologically based
PK (PBPK) modeling; and (3) computational approaches. Various
computational-based QSAR models have been reported for VDss
prediction. These models have been instrumental in the applica-
tion of the prediction of VDss values that were either not feasi-
ble, costly, or too time consuming previously (Table 1).
Predictive models for VDSS

Zhivkova and Doytchinova22 developed QSAR models using 132
acidic drugs. Models were built using a total of 178 molecular
descriptors and a stepwise linear regression approach. The devel-
oped models outperformed XXXX with Q2

Loo-CV of 0.581 and
0.625. The presence of sulfur and sulfuric groups was found to
significantly impact the VDss value predictions for acidic drugs.
Despite the smaller descriptors set and drug molecules, results
from these predictions were consistent with experimental stud-
ies. In addition, Zhivkova et al. also developed models for predict-
ing VDss values for 216 basic drugs.23 The models were
developed by applying genetic algorithms, stepwise regressions,
multiple linear regressions, and 179 structural and physicochem-
ical descriptors. The best model performed with R2 of 0.663.
Descriptors such as lipophilicity, fraction ionized, number of
od(s) Performance/Comments Refs

R Mean fold error values from 1.58 (cross-
validation) to 2.25 (external validation)

22

R, MLR R2 = 0.663, Q2
LOO-CV = 0.606, R2pred = 0.593 23

VM, XGB, GBM Best model: SVM (R2test = 0.87, RMSEtest = 0.2,
Q2 = 0.77)

24

59% and 78% within a twofold and threefold
error, respectively

26

sion tree Mean fold error of best model = 2.29 32

itask DL �63.33% accuracy 34

LS Q2 = 0.70 43

MLR R2test = 0.782 (MLR Model), Q2 = 0.55(SVR
model)

47

VM, XGB, GBM Best model: RF (R2test = 0.81, RMSEtest = 0.29;
Q2 = 0.84)

24

VM, PLS, k-NN,
, AdaBoost

40

ret, TPOT,
Keras, Auto-
rn

Best model: PyCaret (RMSE = 8.44) 41

LR, SR 59% drugs with twofold error, Q2 = 0.532 42

VM, XGB, GBM Best model: RF (R2test = 0.83, RMSEtest = 0.15,
Q2 = 0.73)

24

R2test = 0.82, RMSEtest = 0.55 50

VM, XGB, GBM Best model: RF (R2test = 0.87, RMSEtest = 0.10,
Q2 = 0.76)

24

R2test = 0.64, RMSEtest = 0.54 46

R2test = 0.70 47

s; PLS, partial least squares; RF, random forest; SR, stepwise regression; SVM, support vector
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cycles and fused aromatic rings, and presence of Cl and F atoms
had positive effects, whereas polarity and the presence of strong
electrophiles had a negative effect. Wang et al. used various ML
methods to develop regression models for four human PK param-
eters, including VDss.24 Out of four methods used, support vec-
tor machines (SVMs) showed the best performance with R2

test of
0.870 and RMSEtest of 0.208. LogP and LogS were among the
top-ten descriptors that were highly correlated with VDss. Similar
observations were also observed in early studies evaluating the
effect of various chemical descriptors in predicting VDss with
either in silico or experimental approaches.25

Although the models reported in these studies are applicable
to marketed drugs, the extent to which they are applicable to
other types of molecule is unclear. Recently, Lombardo et al.26

reported regression models for predicting VDss using Random
Forest (RF) and six molecular descriptors, including logD 7.4,
molecular weight (MW), Max basic pKa, Min acidic pKa, and aro-
matic atoms. The model included 1090 compounds in the train-
ing set and 213 compounds in the test set. Prediction accuracies
of 59% and 78% within twofold and threefold errors, respec-
tively, was observed.

Predicting VDss accurately remains to be fully solved.27 PBPK
modeling, also known as a mechanism-based approach, provides
an opportunity to understand the underlying distribution pro-
cesses and is superior to empirical methods for predicting PK
with high levels of accuracy.28 In addition, VDss can also be
extrapolated from tissue-to-plasma partition coefficients (Kp)
from preclinical species. These approaches are resource intensive
and depend on the synthesis of compounds, which further hin-
der the ability to predict human VDss for early drug develop-
ment. Considerable efforts have been made to develop in silico-
based models for predicting tissue partitioning based on physic-
ochemical properties, such as pKa and logP, plasma protein bind-
ing, and the blood-to-plasma partition ratio (BPR).29 Poulin and
Theil proposed a mechanistic-based Kp prediction method. The
use of such tissue composition-based equations to predict VDss
has the advantage of providing a model with a clear interpreta-
tion of where the drug is distributed.30,31 Freitas et al. addressed
the problem of estimating the VDss of drugs using decision
tree-based regression.32 Regression models were built using either
molecular descriptors only or both the molecular descriptors and
tissue:plasma partition coefficients (Kt:p). Models were devel-
oped in two phases: in Phase I, the authors extracted experimen-
tally derived Kt:p values for 110 compounds from the available
literature and built the models. These models were then used
in the second phase to estimate Kt:p values for 604 compounds;
these predicted values were then combined with molecular
descriptors to estimate VDss. Models built with only molecular
descriptors had a mean fold error of 2.33, whereas models using
predicted Kt:p values in addition to molecular descriptors had a
mean fold error of 2.29. The authors stated that predicted Kt:p
values could be beneficial for accurate prediction of VDss using
decision trees if prior feature selection is applied. Recently,
Murad et al. developed in silico models for the prediction of VDss
directly from larger data of structurally diverse clinical com-
pounds (N = 956).33 They also investigated the utility of adipo-
cyte and myocyte partitioning in predicting the VDss. The
predicted models outperformed other computational methods
4 www.drugdiscoverytoday.com
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with R2 of 0.5. Measured fraction of unbound protein (Fup) and
BPR parameters improved the performance of VDss predictions
with R2 of 0.6. Various combinations of both adipocyte and myo-
cyte partitions with different strategies did not lead to any signif-
icant improvement in VDss predictions. However, these were
found to have slight improvements in predicting low VDss
values.

Overall, these studies present an interestingly approach to the
prediction of VDss. These models could be used if implemented
in the form of free available web applications, which would be
useful to nonspecialist researchers. Although mechanistic
rationalization of the modeling approach was provided in both
studies, a disadvantage is that such approaches require computa-
tional and human metabolism expertise. Models based on tradi-
tional ML algorithms also rely on feature engineering, which is as
time-consuming and challenging, and can result in poor model
performance. Nevertheless, deep learning (DL) can automatically
extract the crucial features or molecular descriptors from raw
data without the need for feature engineering. Ouyang et al. used
an integrated transfer learning and multitask learning approach
to develop QSAR models to predict VDss.34 The developed model
was found to be more generalized and have better accuracies
compared with conventional approaches.
Fraction of unbound protein
Fup is a significant parameter in PK studies of a drug. It reflects the
concentration of drug capable of interacting with pharmacolog-
ical targets and able to diffuse between plasma and tissues.35 The
value of Fup affects the volume of distribution (VD) and the total
clearance (CLtot) of a drug.36 VDss is directly proportional to Fup
and inversely proportional to the fraction of unbound in tissues
(Fut).

37 Any sudden increase in free concentration of a drug could
cause toxicity.38 Fup can also be helpful to estimate the effective
concentration of drugs that can precipitate metabolism (or
transporter)-related drug–drug interactions. The value range also
has an important role because small differences in protein bind-
ing can have large effects on Fup and, thus the drug efficacy can
also change dramatically.39 Therefore, it is necessary to have an
optimal value of Fup during drug development. Thus, unbound
drug concentration is significant factor in establishing safety
margins and efficacious doses for humans.
Predictive models for Fup
Watanabe et al. developed Fup prediction models using several
ML techniques with PaDEL, MODRED, and other descriptors,
and focused specifically on the low value ranges of Fup.

40 Predic-
tion models were trained on a large data set of 2738 experimental
values. The training and test sets comprised 2192 and 546 com-
pounds, respectively. The classification model showed a high
true positive rate of 0.826 for the low fraction unbound class in
the test set. Lipophilicity and conjugated double bond-related
features were the key components for predicting Fup values.
The strongly biased distribution of Fup was mitigated by a loga-
rithmic transformation in the regression model, leading to
improved accuracy at lower values. These models showed better
performance than those of previously published methods,
including some commercial software. Wang and coworkers used
://doi.org/10.1016/j.drudis.2021.09.013
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878 drugs and 121 descriptors in their research. Among the four
methods used for model construction, RF performed better with
R2
test of 0.818 and RMSEtest of 0.291.

24 Recently, Mulpuru and Mis-
hra developed Fup prediction models using a chemical PubChem
fingerprint and four different AutoML frameworks (Auto-sklearn,
AutoKeras, PyCaret, and TPOT).41 These models were trained on
data sets of 5471 experimental values from the ChEMBL database.
PyCaret was found to be best framework, with R2 = 0.85 and
RMSE = 8.44. Despite the strength of these models, one of their
weaknesses is the use of a limited descriptor set. Zhivkova reported
regression models using a data set of 220 basic drugs for the predic-
tion the Fup values.42 The models were developed by applying
genetic algorithms, stepwise regression, and multiple linear regres-
sion. These models predicted � 59% of the drugs from an external
validation set within the twofold error of the experimental values
with squared correlation coefficient of prediction of 0.532, and
mean absolute error (MAE) of 0.17. The author defined the criteria
and an empirical rule for distinguishing between low, high, and
very high plasma protein binders. Based on this criteria, lipophilic-
ity (logP > 3), presence of aromatic nonsubstituted C-atoms and
molar volume (>300 cm3) increased Fup (plasma protein binding
percentage; PPB), whereas the presence of quaternary C-atom
reduced the binding. Despite the well-studied relationship
between the drug features and Fup values, the limitations of this
study were the size of the drug molecules and descriptors, which
might be not sufficient for drawing any firm conclusions.

Del Amo et al. used linear and nonlinear methods to predict
the VDss and Fup.

43 They used both measurements in parallel
for model building. Partial least square (PLS) and recursive parti-
tion methods were used for model development, along with Vol-
surf+, MOE, and ACDlab descriptors. Models built with Volsurf
+ descriptors performed better in predicting Fup, with Q2

test of
0.54, whereas models of VDss performed with Q2 of 0.70. Nonlin-
ear classification models were able to identify compounds with
high or low VDss with sensitivities of 0.81 and 0.71, respectively
for the test set, whereas the classification accuracy of Fup was less
accurate. Lipophilicity and solubility descriptors were found to sig-
nificantly impact both VDss and Fup. The parallel modeling
approach developed in this study is interesting, because VDss
and Fup are expected to be affected by similar physicochemical
properties; such models can be helpful to establish the mechanism
for accurately predicting PK values.
Clearance
The concept of clearance (CL) was introduced during the 1970s,
and it has remained a powerful tool for explaining the PK and
predicting changes in the blood concentration time course of
drugs.44 Drug CL has a significant role in determining dosing reg-
imens. Drugs can be cleared through renal, hepatic, and biliary
CL. The total systemic CL of a drug is the sum of all CLs by var-
ious organs, and can be defined as the volume of blood from
which all drug is removed per minute (ml/min).45.
Predictive models for CL
Several QSAR models are available for CL prediction that could
provide insights into the mechanism of CL. Paulo et al. used arti-
ficial neural networks for modeling human hepatocyte intrinsic
Please cite this article in press as: Danishuddin et al., Drug Discovery Today (2021), https
CL.46 The model was trained with 71 drugs, whereas the perfor-
mance of model was set with 18 drugs. The resulting perfor-
mance of the models was 0.953 and 0.804 for the train and
test sets, respectively. Gombar and Hall used support vector
regression (SVR) and multiple linear regression (MLR) to develop
and evaluate QSAR models for CL.47 These models were devel-
oped from 525 compounds and 77 fingerprints. For SVR models,
the best average Q2 of 0.32 was achieved from 50 cross-validation
models, each created from randomly selected training (60%) and
test (40%) compounds. For the MLR model, the training set of
525 compounds led to a unique set of 653 two-atom fragments,
the E-state values of which were used as structure descriptors. A
preliminary model was developed with 358 descriptors. After
refinement, an 89-descriptor model from 510 compounds was
built, with R2 of 0.70. However, these models focused on a small
group of drugs, which limits their applicability. Wang et al.
developed various models using 1268 drugs.24 These models were
built using four different statistical modeling methods [SVM, FR,
gradient-boosting machine (GBM) and XGBoost] and 134 vari-
ables from Mordred, PaDEL, and MOE. Polar surface area (PSA),
water solubility, and hydrogen bonds of the molecules were
among the top-ten descriptors influencing CL prediction.
Among the four methods, RF showed the better performance,
with R2

test of 0.875 and RMSEtest of 0.103. These models are gener-
ally associated with the applicability domain, which is defined
based on inclusion or exclusion rules regarding the compound
class in the training set. Moreover, these models are transparent
and have the advantage of being based on molecular descriptors
computed with freely available software.
Half life
The half-life (t1/2) of a drug is defined as the amount of time
required for the drug concentration measured in plasma to be
reduced to exactly half of its starting concentration.48 While its
value can be extracted from PK concentration versus time graphs,
it is closely related to CL and VDss. Elimination t1/2 is increased
by an increase in volume of distribution or a decrease in CL, and
vice versa.49 Understanding the concept of t1/2 is useful for deter-
mining excretion rates as well as steady-state concentrations for
any specific drug. The clinical significance of t1/2 tends to arise
in situations involving drug toxicity, which results from dosing
more or less frequently than the t1/2 of the drug. Such a clinical
scenario illustrates why medical professionals rely on t1/2 of drug
so often in practice, and why it is still an emphasis in medical
education.
Predictive models for half-life
Lu et al. used several ML approaches to build high-quality models
for predicting t1/2.

50 A data set of 1105 chemicals was used for
model building. Among the seven models, GBM showed the best
performance with R2 = 0.820 and RMSE = 0.555 for the test set.
LogP, logD, and logS are usually identified as important parame-
ters of for modeling t1/2. LogP and logD correlated positively with
R2 = 0.666 and 0.687, respectively and logS correlated negatively
with R2 = –0.632, indicating that highly lipophilic chemicals
were more liable to show long t1/2. Wang and coworkers pro-
posed various models using Mordred, PaDEL, and MOE descrip-
www.drugdiscoverytoday.com 5
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tors and four different ML methods (SVM, RF, GBM, and
XGBoost) to predict the t1/2 of 1253 drugs.24 Compared with sta-
tistical results, RF performed better with R2

test value of 0.832. This
study highlighted the importance of descriptors, such as autocor-
relations, physical properties, or lipophilicity. Partial charge
descriptors also exhibited high correlation with the logt1/2 values.
Autocorrelation descriptors were found to have a positive correla-
tion with log t1/2. Although these are simple modeling studies, as a
result of using reasonable and different sets of descriptors, the mul-
tidimensional space defined by each model provides an opportu-
nity to discuss and interpret the influence of descriptors in
predicting these values more broadly.
Databases and software for PK
The performance of any QSAR or predictive model depends on
the quality of data and modeling methodology. The collection
of large amounts of structurally derived molecules and associated
experimental values for modeling is facilitated by an increasing
number of public databases for human PK. Such curated data-
bases provide a link between indexed 2D chemical structures
and biological targets, from single proteins, to protein com-
plexes, subcellular components, cell lines, to tissue and whole-
organism in vivo data. Although the number of entries in these
databases is important, there is an increased awareness concern-
ing the quality of data rather the number of entries. There are
numerous well-defined human PK data available, making ML-
based prediction models easier to design (Table 2). Here, we
investigate the resources available for human PK parameters
and briefly describe recent advances.
TABLE 2

Examples of web resources for PK data or their prediction.

Name Description

PK/DB Robust databases for PK studies and in silico
compounds representing 2973 PK measureme
ADME prediction

PK-DB Open-access database of PK data from experim
of high-quality PK data significant for comput

Obach et al.’s data set Human intravenous PK data in a data set of 1
derived from original references, either throu
reports, exclusively from studies suing intrave

Pharmacokinetic Knowledge
Base (PKKB)

Provides PK information for drugs and drug-l
property data sets containing Caco-2, LogBB,
absorption, and oral bioavailability data

e-Drug3D Database of 1852 FDA-approved drugs with i
pharmacokinetic parameters (solubility, VD, C

ChEMBL Open-access database containing ADMET info
compounds

ADMETlab Freely available and user-friendly web interfac
compounds; comprehensive database with 28

pkCSM Uses graph-based signatures encoding distan
regression and classification models have bee
properties

ChemPK Commercially available software that uses che
values

ADMET Predictor Commercially available software that provide
pharmacometric consulting services, PK/PD m

BIOVIA Discovery Studio Commercially available software use for pred
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Obach et al. developed a database that contains human PK
information for 1352 drugs.51 These data were obtained from
the literature and regulatory agencies. Although the database is
not available online, the authors provided a link to an Excel
spreadsheet that can be downloaded. This spreadsheet contains
information, such as the name of the drug, VDss, CL, MRT,
Fup, t1/2, physiochemical characteristics, and SMILE of each drug.
PK/DB is a web-based and easy-to-access database containing PK
information for structurally diverse drug-like and lead-like mole-
cules extracted from the literature.52 The online database also
allows researchers to predict the ADMET properties of a mole-
cule. PKKB provides PK information for 1685 drug and drug-
like molecules and offers structure property data sets including:
Caco-2, LogBB, P-gp inhibition, human intestinal absorption,
and oral bioavailability, which might be complementary to the
PK data set.53 PK-DB, provides high-quality PK data enriched
from experimental and clinical studies, important for computa-
tional modeling.54 ChEMBL (www.ebi.ac.uk/chembl/) is an
open-access database containing functional and ADMET-related
information for numerous drug-like molecules. DrugBank con-
tains PK information for US Food and Drug Administration
(FDA)-approved drugs.55 E-Drug3D is a manually curated data-
base of PK and PD properties for 1852 FDA-approved drugs.56

This database holds the manually curated experimental PK prop-
erties from drug labels, including the volume of distribution
(VD), CL, PPB, terminal t1/2, and bioavailability (F).

In addition to these publicly available databases, some phar-
maceutical companies maintain their own PK data originating
from in-house drug discovery projects. There are several other
Website

ADME prediction; contains 1203
nts, including five models for in silico

www.pkdb.ifsc.usp.br

ental and clinical studies. Information
ational modeling and data integration

https://pk-db.com/

352 drugs. In vivo data obtained or
gh literature or regulatory agency
nous administration

49

ike molecules and offers structure–
P-gp inhibitory, human intestinal

http://cadd.suda.edu.cn/admet

nformation on eight additional
L, t½, PPB, F, Cmax, and Tmax)

http://chemoinfo.ipmc.cnrs.fr/
edrug3d

rmation for numerous drug-like www.ebi.ac.uk/chembl/

e for systematic ADMET evaluation of
8 967 entries

http://admet.scbdd.com/

ce patterns between atoms. Predictive
n developed for five different PK

http://biosig.unimelb.edu.au/
pkcsm/

mical structures to predict human PK www.cyprotex.com/
insilico/physiological_modelling/
chempk

s strategic pharmacology and
odel development with NONMEM, etc.

www.simulations-plus.com

icting ADMET properties of drug www.discngine.com/discovery-
studio
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available web resources that can predict PK values for any drug
molecule. Dong et al. developed a webserver, called ADMETlab,
for systematic ADMET evaluation of molecules.57 Predictions
are based on comprehensively collected information for
288 967 compounds. Another webserver, pkCSM, was developed
using graph theory for predicting PK properties. The predictions
are based on distance patterns between atoms and are used to
represent the small molecule and to train predictive models.58

It includes 14 quantitative regression and 16 classification mod-
els for predicting an array of ADMET properties. Commercially
available software packages such as ChemPK (www.cypro-
tex.com/insilico), ADMET Predictor (www.simulations-plus.-
com/) and BIOVIA Discovery Studio (https://discover.3ds.com/
discovery-studio-visualizer-download) are also used for PK pre-
dictions. VLS3D.COM is a curated directory of tools and data-
bases collected over the past two decades and available from
www.vls3d.com/index.php.

Challenges and future directions
ML-based QSAR models for predicting drug PK have undergone
significant advances.59 However, most of the models lack suffi-
cient interpretability and offer poor prediction for novel drugs.
Therefore, it is necessary to identify and address these in the
development of QSAR. Dearden et al. discussed 21 types of error
that are common in QSAR-based approaches and each is allo-
cated to the relevant OECD principle.60 Avoiding such errors
could improve and enhance the model predictability. Another
challenge posed for QSAR approaches in medicine is the lack of
quality experiment data. A fundamental assumption of any
QSAR modeling study is the use of correct experimental data.
Such data sets have more of an influence on the prediction per-
formance of QSAR models compared with model optimization
techniques. Thus, any erroneous structures represented by erro-
neous descriptors can directly affect the model performance.
Small changes in chemical structure can lead to major changes
in the target activity and can be one of the reasons for poor pre-
dictions. Fourches et al. discussed the cleaning or optimizing of
chemical records in a database that cannot be appropriately han-
dled by conventional cheminformatics approaches.61 Addressing
and identifying such ‘activity cliffs’ is statistically important to
avoid factors limiting predictions.62 The collection of a reason-
ably diverse data set in terms of structures and a range of data
is not a trivial task, especially when aimed at robust model devel-
opment. In terms of PK data, it is important to access consistent
clinical data for a range of structures along with highly correlated
Please cite this article in press as: Danishuddin et al., Drug Discovery Today (2021), https
properties of interest. Given that experiments in this area are
expensive and time consuming, most research focuses only on
limited available data sets. PK parameters do relate to each other
and are assumed to be affected by similar physiochemical and
other drug properties. Parallel modeling mechanism can be used
to exploit this effect to increase the accuracy of the model
(Fig. 2). Therefore, further research and development in this area
is encouraged. The transferability and complexity of the models
are additional issues that cannot be avoided. Transparent and
less complex models can be helpful for identifying the data pat-
tern that can relate to experiments results. Addressing these
problems is daunting, and it might not be possible to address
some of them in any substantive way. Thus, any QSAR model
developed might be erroneous to some degree because of limita-
tions derived from one or more of the problems described herein.
Nevertheless, advances in AI, such as DL approaches, could mit-
igate some of these difficulties, thus helping to develop better
predictive models. Despite their limitations, these models might
be useful when combined with expert systems.
Concluding remarks
Given that QSAR-based predictive models of human PK are asso-
ciated with different methods and descriptor sets for prediction,
it is unlikely that any single model will be capable of making reli-
able predictions for all drugs of interest. Thus, the predictive abil-
ities of these models should be compared and refinement of
literature models explored. The public availability of chemical
Big Data and advancement in artificial intelligence (AI)-based
techniques boosted targeted drug discovery at an unprecedented
speed. With AI assistance, the ADMET profile of any drug candi-
date can be predicted at low cost and in a short period of time.
The evaluation of human PK prediction is significant for
improvements in any prediction method. Here, we also discussed
the challenges and advances in the assessment or reliable predic-
tion of human PK. We believe that ongoing and emerging devel-
opments in these approaches and chemical Big Data for human
PK will enable to the development of more effective and robust
prediction models.
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