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In drug discovery, estimating the drug candidate’s pharmacokinetic (PK) parameters is crucial for determining its
safety and efficacy within the body. The tissue-to-plasma partition coefficient (Kp) indicates how a drug parti-
tions within a tissue, potentially leading to tissue-specific activity or toxicity. Therefore, determining K, values
for a drug is essential for its safety assessment. However, only a limited number of such studies are available.
Here, we developed machine learning (ML)-driven quantitative structure-pharmacokinetic relationship (QSPKR)
models to predict the K;, values for drugs across 11 different tissues. Initially, we developed models to predict K,
values for drugs with missing K, values for specific tissues within the dataset solely based on the structural and
physicochemical properties of the drugs. Subsequently, another set of models was developed using both struc-
tural and physicochemical properties and the K}, values from other tissues. In this case, predicted values from the
initial models were also incorporated where experimental K, values were unavailable. These models demonstrate
significant improvement in predictability (Q12:1 = 0.79-0.95, Q%z = 0.78-0.95) for a drug compared to the initial
models. Here, we conducted a screening using a true external dataset from the SIDER database. This analysis
indicates that compounds with higher tissue partitioning are more likely to exhibit toxicity to that specific tissue.
Finally, a Python-based tool (https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home/kp-calc

ulator) was created to predict K}, values for drugs in different tissues.

1. Introduction

The discovery of a new drug molecule involves identifying a novel
molecule with the desired properties for treating a disease. [1] Phar-
macokinetic (PK) parameters are pivotal factors that influence the se-
lection of a molecule for clinical trials. Generally, PK parameters
encompass Absorption, Distribution, Metabolism, and Elimination,
collectively referred to as ADME. [2] The PK of a drug is a multifaceted
process that depends on multiple factors, including the physicochemical
properties of the drug, blood flow rate, tissue permeability, the volume
of various tissues, the affinity of tissues for a particular molecule, and
tissue composition. [3] A significant number of molecules do not suc-
ceed in becoming good therapeutic agents due to their suboptimal PK
properties. [4,5] Therefore, a comprehensive understanding of the PK
parameters associated with a drug is essential in the drug discovery and
development process, as these parameters directly affect the efficacy and
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safety of the drug. That is why a thorough PK profiling is essential to
ensure that a drug achieves its target site at an optimal concentration for
the desired duration, thereby minimizing potential toxic effects while
maximizing therapeutic benefits. [6]

Characterizing and predicting PK parameters are crucial for both
pharmaceutical industries and academics. Early prediction of PK pa-
rameters during drug discovery is vital, as it aids in discarding molecules
with undesirable properties, thereby reducing costs and resource con-
sumption. [7,8] In the last few years, physiologically based pharmaco-
kinetic (PBPK) modeling has been employed to predict a drug’s PK
parameters. This modeling expedites the drug discovery and develop-
ment process while minimizing the costs associated with necessary in
vivo and in vitro experiments. [9-11] PBPK models utilize differential
equations that simulate the physiological conditions a drug encounters
in the body, capturing the PK processes. Multiple physiological and
biochemical parameters are considered in these models to construct a
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multi-compartment model, with each compartment representing one or
more bodily organs. [11,12]

The tissue-to-plasma partition coefficient (Kp) is one of the important
pharmacokinetic (PK) parameters, as it describes the distribution of
drugs within specific tissues from systemic circulation under steady-
state conditions. [13,14] It is defined as the ratio of a drug’s concen-
tration in a tissue to plasma at equilibrium. [15] Essentially, it repre-
sents the amount of drug transferred to or retained in that tissue. The
extent of transfer depends on tissue partitioning and the drug’s affinity
for tissue composition, plasma proteins, and blood cells. [16] Because
tissue composition varies throughout the body, K, values are
tissue-specific. Traditionally, K, values were determined through in vivo
experimentation. While in vivo studies provide accurate K, values,
conducting these experiments requires a significant number of animals
and resources for sample processing and analysis. [17] Determining K,
involves measuring concentrations in both tissue and plasma; however,
obtaining tissue concentration is considerably challenging. Additionally,
routine data collection and analysis of numerous chemicals make this
process costly, time-consuming, and resource-intensive. [18] Therefore,
developing new methods, such as in-silico modeling, for predicting K,
from more readily accessible parameters is crucial. Three main methods
have been applied to predict a drug’s K, value: (i) the
tissue-composition-based ~ (TCB)  algorithm, developed using
tissue-specific parameters and the drug’s physicochemical properties,
[19,20] (i) the -correlation-based algorithm, which utilizes
compound-specific and in-vivo information, [21] and (iii) machine
learning (ML) based non-linear algorithms. [16]

In recent years, the modeling of pharmacokinetic (PK) parameters
has become a crucial alternative to experimental procedures due to the
increasing computational power and resources available. Advanced
modeling algorithms have been developed and implemented to predict
PK parameters effectively. [22-25] Various machine learning (ML) al-
gorithms have been employed to create models predicting PK parame-
ters such as volume of distribution, clearance, and plasma protein
binding. [26] This study focuses on developing ML-based quantitative
structure-pharmacokinetic relationship (QSPKR) models to predict the
Kp values of drugs across different tissues. ML, a branch of artificial
intelligence (AI), is trained on previous data to enhance performance in
future tasks. [27,28] Different ML algorithms cater to various problem
types and can be classified into three major groups: supervised, unsu-
pervised, and reinforcement learning. [29] Supervised ML algorithms
are trained using labeled data, while unsupervised algorithms operate
on unlabeled data. [27] The reinforcement learning method employs
feedback-based learning, where a learning agent receives rewards or
penalties based on task performance. [30] Additionally, ML can adopt a
semi-supervised approach, training on a mix of labeled and unlabeled
data. [31] Currently, ML methods have transitioned from purely theo-
retical constructs to practical applications. Although ML techniques
effectively tackle complex tasks, they face several challenges, including
the need for large amounts of high-quality data, the complexity of al-
gorithms, and difficulties in interpreting results. [32] On the other hand,
the QSPKR is a statistical method that quantitatively correlates chemical
structures with their pharmacokinetic properties. [33] It is analogous to
the quantitative structure-activity relationship (QSAR), which correlates
chemical structures with activity rather than the PK parameters of the
chemicals. [34] The QSPKR method can also be viewed as a supervised
ML algorithm since it relies on labeled training data. In this method,
various models are developed by analyzing significant amounts of data
and subsequently used to predict PK parameters for unknown chemicals.

Previously, various attempts have been made to model drugs’ tissue-
to-plasma partition coefficient (Kp) values. [16,17,35-38] Graham et al.
have shown that in silico models obtained from the literature can accu-
rately predict the K}, values of drugs in different tissues in rats. [17]
Mayumi et al. developed a PBPK model for predicting K, values using
the in vitro distribution volume at steady state (Vss, in viro), With Vs, in vitro
data derived from protein binding data in rats. [35] Another PBPK
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model was created by Yun et al. to predict K}, values of drugs using a
decision tree-based classification algorithm. [16] Handa et al. reported
two distinct in silico models for predicting K, values of drugs. In the first
study, the authors introduced a 2D-QSAR model, developing random
forest-based predictive models using physicochemical properties
alongside in vitro experimental data. [36] In the second study, they
utilized a similar modeling approach, developing ML models using
various experimental parameters. [37] Y. E. Yun and A. N. Edginton
developed a regression model employing a multiple stepwise regression
method for predicting K, values of drugs, with the rat volume of dis-
tribution at steady state (V) as an explanatory variable alongside other
physicochemical parameters. [38]

In the present study, we have developed various machine learning
(ML) based quantitative structure-pharmacokinetic relationship
(QSPKR) models for predicting the tissue-to-plasma partition coefficient
(Kp) of pharmaceuticals. Initially, the models were constructed utilizing
only the structural and physicochemical properties of the drugs,
demonstrating high quality and predictive capability for the target
variable. The predictivity of these models was subsequently enhanced
by integrating K;, values from other tissues as an explanatory variable. In
both cases, linear models like ridge regression and linear support vector
machine show better results compared to the non-linear models like
random forest. Here, we have also performed a screening utilizing an
external dataset collected from the SIDER database, which indicates that
the compounds with higher tissue partitioning are more prone to show
toxicity to that particular tissue. Finally, we created a Python-based tool
to facilitate predicting K, values for drugs when experimental data are
unavailable.

2. Materials and methods
2.1. Data collection

The experimental data for this work were collected from the previous
study of Handa et al. [37] The collected data contain the
tissue-to-plasma partition coefficient (K,) for various drugs across
different body tissues, along with SMILES strings of the drugs. A total of
119 drug compounds were collected, which have K;, values for the total
11 tissues, like the brain, kidney, lungs, etc. However, most of the data
points do not have K;, values for all the tissues. Among the collected 119
compounds, 69 compounds have a K, value for adipose tissue, 42
compounds have a K, value for bone, 89 compounds have a K, value for
brain, 66 compounds have a K;, value for gut, 94 compounds have a K,
value for heart, 92 compounds have a K, value for kidney, 85 com-
pounds have a K}, value for liver, 93 compounds have a K, value for lung,
104 compounds have a K, value for muscle, 64 compounds have a K,
value for skin, and 34 compounds have a K}, value for spleen. Initially,
we used these data separately for model development, and later, data
from other tissues were also incorporated for the model construction.
The details regarding the collected data are presented in Table S1 of
Supplementary Material 2 (SM2).

2.2. Molecular structure generation and energy minimization

The collected SMILES strings of the drugs were used to generate the
molecular structure using Marvin Sketch software (https://chemaxon.
com/marvin). The transformations, like the addition of explicit
hydrogen, aromatic conversion, and 3D cleaning, were performed dur-
ing the molecular structure generation, which was then saved in.mol file
format.

The generated molecular structures were subjected to energy mini-
mization, which is essential for calculating 3D descriptors. The collected
data includes various stereoisomers, such as the R and S forms of a drug.
To conduct modeling without excluding these compounds, we utilized
3D descriptors along with other types of descriptors. The Merck Mo-
lecular 2 (MM2) force field was used for energy minimization, using the
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ChemDraw 3D software (https://revvitysignals.com/products/research
/chemdraw). The energy-minimized molecular structures were also
saved in a.mol file, which was then merged into a single.sdf file using
OpenBabel software. [39] This .sdf file was then used to calculate the
molecular descriptors.

2.3. Descriptor calculation and data preprocessing

Molecular descriptors are the numerical representation of a mole-
cule, which helps to encode the structural fragment or physicochemical
properties. [40] However, not all information contained within the
molecule, but partly, can be extracted from the experimental procedure.
In recent times, more focus has been given to the theoretical approaches
to encode molecular information. The encoded molecular information
present in the descriptors is used to establish a quantitative relationship
between molecular structure and biological activity. [41] The de-
scriptors can be classified into different groups, like OD to 7D, based on
their dimensionality. With the increase of dimensionality, the compu-
tational complexity also increases, which makes the descriptor calcu-
lation process more computationally exhaustive and less reproducible.
[34] In this study, we have used alvaDesc software for the calculation of
the molecular descriptor. [42] The energy-minimized file was used as
input for the computation of descriptors. Here, a total of 5799 de-
scriptors of different classes were calculated initially.

The descriptor matrix contains noise, such as missing values, string
values, and inter-correlated descriptors, that must be removed before
modeling; otherwise, it may affect the model’s performance. We have
removed the descriptors that contain a missing value, a string value,
descriptors with low variance, and descriptors with high inter-
correlation value. Here, we have used a 0.1 variance cutoff and a 0.9
inter-correlation cutoff for the removal of the descriptors, using the tool
DataPreTreatmentGUI (available from: https://teqip.jdvu.ac.in/QS
AR _Tools/).

2.4. Dataset division

In the QSPKR modelling, a model needs to be statistically evaluated
properly to determine its further application. An external set is required
to evaluate a QSPKR model, but an external set is not always available to
evaluate a model. In such a situation, the original collected dataset is
divided into two parts, the training set and the test set, where the
training set is used to construct the model, and the test set is used to
validate the model. [43] The division is carried out in such a manner
that both the training and test sets should exhibit a similar type of dis-
tribution in the chemical space, and there should be a significant amount
of similarity between them. [44] The training-test division can occur in
various ratios (the most common divisions are 7:3, 3:1, and 4:1),
depending on the number of data points in the dataset. A smaller amount
of data in the training set can restrict the training process of the model,
potentially resulting in unreliable predictions for unknown chemicals.
Conversely, a smaller amount of data in the test set can constrain the
validation process. [45]

In this study, division was carried out in a 4:1 ratio using three
distinct methods with varying seeding techniques. The methods
employed for division were Kennard-Stone (KS), [46] Euclidean
Distance-based (ED), and the activity-sorted (AS) method, where the
first two approaches divided the data sets based on the descriptor ma-
trix, while the last method utilized the response variable for dataset
division. [34] The optimal division was then chosen based on various
validation metrics calculated from the test sets.

2.5. Feature selection
The feature selection step involves choosing a subset of the input

features that can accurately define the chemical space of the current
dataset. The calculated descriptor matrix contains various types of noise
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and redundant information that must be removed before model devel-
opment; otherwise, it may negatively impact model performance. In this
study, we employed multi-layered feature selection algorithms to extract
the key features for model construction. We utilized stepwise multiple
linear regression (SMLR), [47] genetic algorithms (GA), [48] and best
subset selection (BSS) to reduce the feature space. The initial feature
pool is reduced by the SMLR and GA method, and features obtained from
these methods were used as input for the BSS method. The BSS method
tries to develop the model with every possible combination of the input
features, which makes this process computationally exhaustive when the
number of features is increased. So, to avoid this problem initially, we
used the SMLR and GA methods to reduce the number of features. In the
SMLR method, MLR models were developed by sequentially adding or
removing features based on the “stepping criteria” (F). The F-value is
used to decide on the inclusion or removal of features; in this study, we
used F to enter = 4.0 and F to remove = 3.9 for performing SMLR. [34]
The underlying principle of the GA method was derived from biological
evolution, where, under certain environmental conditions, the species
(feature) with the highest fitness score is selected for the next genera-
tion. [48] Roger and Hopfinger first introduced this method to develop
QSAR models. [49]

2.6. QSPKR model development

Once the optimal subset of features was found, the models were then
trained using different types of ML algorithms. In this study, we have
developed ML-based QSPKR models using eight different types of
regression-based supervised ML algorithms. The developed models are
random forest (RF), [50] gradient boost (GB), [51] adaboost (ADB), [52]
extreme gradient boost (XGB), [53] support vector machine (SVM) (or
nonlinear SVM), [54] linear support vector machine (LSVM), [54] ridge
regression (RR), [55] and partial least squares (PLS) [56]. We employed
these modelling approaches because they are the most commonly used
modeling approaches in scientific research. Here, Deep learning (DL)
algorithms were not considered for modelling, as these require a large
amount of high-quality data to develop reliable models. [57]

The RF, GB, ADB, and XGB are tree-based ensemble learning
methods that use multiple decision trees (DTs) to generate the final
predictions. RF is an ensemble learning approach where multiple DT
models are built in parallel and trained on bootstrap datasets generated
from the original dataset. [S0] The GB and ADB models are also
ensemble learning methods, but they construct DT models sequentially
rather than in parallel, with each DT correcting its predecessor. The GB
algorithm works by fitting the residual error produced by the previous
DT to the current DT. [51] Conversely, the ADB model assigns more
weight to training instances that were mispredicted by its predecessor.
[52] XGB is an extended version of the GB algorithm that enhances
performance in terms of modeling speed and predictive accuracy. [53]
The SVM is a supervised machine learning algorithm used for both
classification and regression tasks. Its main principle is to identify a
decision boundary that effectively separates data points of different
classes within an n-dimensional feature space. SVMs can be divided into
two types: linear and nonlinear. Linear SVMs are used when data points
can be separated by a linear decision boundary or hyperplane. Nonlinear
SVMs (or simply SVMs) are applied when a linear boundary cannot
separate the classes, using different kernel functions to project data
points into an n-dimensional feature space. [54] The RR is a regularized
version of linear regression that reduces overfitting by adding a penalty
term to the objective function during training. [55] The PLS is a varia-
tion of multiple linear regression (MLR), used for modeling collinear,
correlated, and noisy data. [56]

Here, the model development and validation were performed using
standardized training and test sets, where standardization was per-
formed using the mean and standard deviation of the training set, using
the formula shown in Eq. 1.
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In this context, X' and X represent standardized and non-standardized
descriptor/response values, respectively, while p and ¢ denote the mean
and standard deviation of the corresponding column of the training set.

In this study, we initially developed models for all the tissue-to-
plasma partition coefficients separately, using only structural and
physicochemical descriptors. Then, the developed models were further
refined using the Kp from the other tissue as an explanatory variable. All
the models were developed with optimized hyperparameter settings,
where optimization was performed by 5-fold cross-validation with
“neg_mean_absolute_error” as an objective function. The model devel-
opment and optimization were performed using different functions of
the Python-based module scikit-learn.

2.7. Statistical evaluation of the developed models

As mentioned above, a QSPKR model must be properly evaluated to
determine its further application. In this study, we have calculated three
distinct types of metrics: quality, internal, and external validation
metrics, for assessing the developed models. The quality of a developed
model is indicated by metrics such as the determination coefficient (R?),
Mean Absolute Error of the training set (MAE.i,), and Root Mean
Squared Error of Calibration (RMSEC), which are computed solely from
the training set. The R®> metric can take any value below 1, with a
threshold of 0.6 making it an acceptable model. The model’s quality
improves as the R? value approaches 1. The error metrics (MAE i, and
RMSEC) do not have specific threshold values but should be as small as
possible. [43] Internal validation metrics are calculated using the
training sets to assess the model’s robustness and goodness of fit. We
have calculated two metrics for internal validation: the leave-one-out
correlation coefficient (Q]%oo) and the leave-one-out mean absolute
error (MAE;op). The metric Q¥oo can also take a value below 1,
requiring a threshold of 0.5 for an acceptable model, while MAE; oo
should be a minimum. The predictivity of a model towards unknown
chemicals is evaluated through external validation metrics calculated
using the test set. The external validation metrics include predictive R*
(Q?%r1), [58] Q%», [59] Mean Absolute Error of the test set (MAEqes), and
Root Mean Squared Error of Prediction (RMSEP). The required threshold
for Q% and Q7% is 0.5 for a model to be considered good predictive,
while MAEe; and RMSEP should also be as small as possible. [34] The
aforementioned metrics are represented mathematically from Egs. 2 to
10.

R2 —1_ Z (Yobs(tmining) - anlc(f:mining))2 (2)

Z (Yobs(training) - Yobx(training))2

Z |Yobx(rmining) - Ycalc(rmining) |

IWAE:raining = 3
nrraining

RMSEC — Z (Yubs(tmining) - Ycalc(tmining))2 (4)
ntraining

Q2 -1 Z (Yobs(rmining) - Ylou predicted(tmining))2 (5)
100 — + v

Z (Yobx(rmining) - Yobx(rmining))2
MA ELoo _ Z |Yobs(training) - Yloo predicted(tmining)| ( 6)

ntraining

(22 —1— Z (Yubs(test) - Ypred(test))2 o
" Z (Yobs(rest) - ?obs(training) )2

QIZ:Z —1_ Z (Yobs(rest) - 1Eared(test) )22 (8)
Z (Yobs(test) - Yobs(tesr))
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Z }Yobs(test) - Ypred(test)|

MAE,, = ©
TMgest
RMSEP — \/Z (Yobs(text) - Ypred(test))2 (10)
Neest

Here, Yops(rainingg = Observed response value of the training set, Yopgcest)
= observed response value of the test set, Y uc(raining = calculated
response value of the training set, Y.qs) = predicted response value of
the test set, VDbS(tmi,,ing) = mean of the observed response value of the
training set, Yops(esy = mean of the observed response value of the test
set, Yioo predicted(iraining) = l€ave-one-out predicted value of the training set,
TNiraining = DUmMber of compound in the training set, n,., = number of
compound in the test set.

2.8. SHAP feature importance analysis

In this study, we analyzed feature importance using the SHAP
(SHapley Additive exPlanation) method. [60] The relative importance of
the modeled features is determined by the Shapley value, developed by
Lloyd Shapley based on the concept of fair distribution in cooperative
game theory. [61] The Shapley value represents the mean marginal
contribution, which is the difference in predicting a model obtained by
including a feature versus excluding that feature. [62] SHAP feature
importance can be accessed in two ways: locally (compound-specific)
and globally (overall importance, calculated by taking the absolute
mean of the local importance). Here, we calculated the importance of
the global SHAP feature, represented in the form of a summary plot. In
the summary plot, features are arranged along the Y-axis based on their
importance (with the feature at the top having the highest importance),
while the X-axis displays SHAP values for each feature across all data
points. [22,63,64]

2.9. Applicability domain analysis

According to the third principle of the Organization for Economic Co-
operation and Development (OECD) regarding QSAR modelling, a
developed QSAR model should have a defined applicability domain
(AD) to determine its generalizability. The AD of a QSAR model is a
chemical space defined by the training set, indicating the limitations of
the model in terms of structural and response domains. [65] A developed
QSAR model generally covers a limited chemical space defined by its
training set. If an unknown chemical falls within the AD of the devel-
oped model, we can only say that the molecule could satisfy the scope of
the developed model and that the prediction made by the model is
reliable. Conversely, if a molecule falls outside the AD, then the pre-
diction may not be reliable. [66] In this study, we employed the leverage
approach to determine the AD of the developed models. In this method,
the leverage (h) value of a compound is obtained from the diagonal
elements of the HAT matrix (H) (Equations 11 and 12). If a compound
has a leverage (h) value higher than the threshold (h*) value (Eq. 13), it
is considered an outside-AD compound; otherwise, it is considered an
inside-AD compound. [67]

For the training set compounds: H = XtT(XtrTX,,)’lXtTT (11

For the test set compounds: Hy, = X0 (Xy X)X, " (12)

g 30+l 13)
n

Here, X, = descriptor matrix of the training set, X,, = descriptor
matrix of the test set, p = number of descriptors, and n = number of
compounds.

2.10. Screening of the true external set

In this study, the developed final models were also used to screen
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Fig. 1. Complete workflow of the present study.

true external datasets. We used the SIDER (‘Side Effect Resource’, htt
p://sideeffects.embl.de) database for this purpose. [68] SIDER is a
database of drugs and adverse drug reactions (ADRs) that is freely
accessible for research. We obtained this data through the OCHEM
database (https://ochem.eu/home/show.do). We collected data across
eight categories: Skin and Subcutaneous Tissue Disorders, Renal and
Urinary Disorders, Musculoskeletal or Tissue Disorders, Hepatobiliary
Disorders, Cardiac Disorders, Nervous System Disorders, Gastrointes-
tinal Disorders, and Respiratory Disorders. The dataset includes 3025
data points for respiratory disorders, while the other categories have a
total of 1427 data points. Data curation was performed using KNIME
software to remove salts, mixtures, ions, and inorganic compounds via
the KNIME chemical workflow (available at: https://teqip.jdvu.ac.in/
QSAR_Tools/). We followed the same cheminformatics workflow: Mar-
vin Sketch for structure generation, ChemDraw 3D for energy minimi-
zation, and alvaDesc for descriptor calculation. Some data points yielded
string values during descriptor calculation and were removed, resulting
in a total of 2455 respiratory disorder data points and 1208 for the other
categories. Our final models were used to predict the compounds, and
the AD status was verified using the leverage method. All details about
the data are presented in Table S2 of Supplementary Material 2 (SM2).
The complete workflow of this study is represented in Fig. 1.

3. Results and discussion

In this study, we focused on the development of various ML-based
QSPKR models aimed at predicting the tissue-to-plasma partition coef-
ficient (Kp) across distinct tissues. Here, initially, we have developed
multiple ML models utilizing properties derived only from the molecular
structure of the drugs. Then, to enhance the accuracy and predictive
power of these models, we subsequently incorporated K, values from the
other tissues as independent variables, along with the structural and
physicochemical properties of the drugs. This process allowed us to
refine the models further, improving their predictive performance in

estimating tissue distribution of the drugs.

3.1. Machine Learning model development

In this study, we initially developed ML models using structural and
physicochemical descriptors calculated with alvaDesc software. The
models were developed separately for eleven different tissues. The
datasets for modeling were divided into training and test sets through
various rational dataset division methods, with the training sets utilized
for model construction and the test sets for model validation. The
optimal training-test division was chosen based on external validation
metrics. For all datasets, the division employed a 4:1 ratio, and in most
instances, the methods based on Euclidean Distance (ED) and Activity
Sorted (AS) yielded the best performance. Since the modeled dataset
included different stereoisomers, distinct 3D descriptors were computed
to encode these properties. As molecules must be optimized prior to
calculating the 3D descriptors, we optimized the molecules using the
MM2 force field. Initially, 5773 descriptors were calculated, which were
then reduced to a modelable feature space using various feature selec-
tion techniques such as SMLR, GA, and BSS.

The eight types of ML models were developed for each dataset using
the most significant descriptors identified through various feature se-
lection techniques. Prior to model development, the datasets were
scaled using the mean and standard deviation of the corresponding
training sets. The best-performing models for each dataset, along with
their optimized hyperparameter settings, are presented in Table 1. These
results demonstrate the quality of the models, as well as their internal
and external validation. As shown in the table, linear models, specif-
ically Ridge Regression (RR) and Linear Support Vector Regression
(LSVR), yielded the best performance across all datasets (models con-
sisting of physicochemical descriptors only). Each model achieved a
quality metric, R%, greater than 0.8 (with R? values ranging from 0.83 to
0.95) and a low training mean absolute error (MAE;,i,) ranging from
0.19 to 0.31, indicating high model quality. Additionally, the Leave-
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Table 1

Results for the developed machine learning models, using structural and physicochemical properties.®

Hyperparameters

MAE et RMSEP
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Qf2

MAE o0 Qf
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0.86
0.85
0.76
0.81
0.84
0.87
0.88
0.88
0.84
0.89
0.84
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0.91
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0.79
0.85
0.79
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MAE(rain
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Ndes

Algorithm

Descriptor Type

Ntest
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1.0
5.0

alpha

0.45
0.39
0.51
0.43
0.46
0.44
0.26
0.22
0.29
0.21
0.56
0.39
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0.31
0.33
0.27
0.46
0.32
0.55
0.25
0.26
0.26

0.34
0.30
0.46
0.35
0.34
0.34
0.22
0.20
0.26
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0.25
0.34
0.23
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0.20
0.34
0.23
0.35
0.17
0.22
0.23

0.70
0.78
0.76
0.83
0.80
0.82
0.92
0.94
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0.81
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0.90
0.94
0.77
0.89
0.70
0.94
0.87
0.87

0.71
0.79
0.79
0.85
0.81
0.82
0.93
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0.82
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0.81
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0.90
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0.29
0.29
0.36
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0.29
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0.32
0.30
0.32
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0.26
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0.89
0.89
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0.89
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0.88
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0.85
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0.85
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13 Physicochemical
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One-Out cross-validation metric QZgo ranged from 0.76 to 0.94, while
the external validation metrics Q%l (ranging from 0.71 to 0.93) and Q%z
(ranging from 0.70 to 0.92) further reflect the predictability of the
models. Here, all the ML models were developed with optimized
hyperparameter settings, where optimization was conducted using the
GridSearchCV function from Scikit-learn, employing negative mean
absolute error as the objective function along with five-fold cross-vali-
dation. Here, we have generated scatter plots (Figure S1 of Supple-
mentary Material 1) for all the developed models by plotting observed
K, along the X-axis and predicted K;, along the Y-axis. From this plot, we
can see that all the models show a good positive correlation between
observed and predicted K}, values. We have also generated a validation
curve (Figure S2 of Supplementary Material 1) for all the datasets to
represent the optimal hyperparameter selection for the developed
models.

The developed models were further refined by incorporating K,
values from other tissues as explanatory variables. To utilize K, values
from other tissues, we employed predicted values when experimental
values were unavailable. Here, previously modeled descriptors, along
with K, values from other tissues, were used as input for BSS feature
selection to identify the most significant features for model develop-
ment. Similarly, eight different types of ML models were developed with
scaled training and test sets. The results of these models are also pre-
sented in Table 1. The findings indicate a significant improvement in
model performance regarding predictability, achieved with the same or
fewer features. For most models, the R? values remain nearly un-
changed, but the external validation metrics, Q12:1 (ranging from 0.79 to
0.95) and Q% (ranging from 0.78 to 0.95), show considerable
improvement. Furthermore, linear models, specifically RR, LSVR, and
partial least squares (PLS), demonstrated superior performance
compared to other models. The scatter plots (Fig. 2) for this case were
also generated, showing a good positive linear correlation between the
observed and predicted Kp values. Furthermore, models were developed
with optimized hyperparameter settings, and the optimal hyper-
parameter selection is illustrated by the validation curve shown in Fig. 3.

3.2. Feature importance analysis

In this study, we conducted a feature importance analysis using the
SHapley Additive Explanations (SHAP) method to determine the relative
importance of the modeled features with respect to the response pa-
rameters of the corresponding data sets. The feature importance is based
solely on the training sets of the final model, which include both types of
descriptors (physicochemical and K, values from other tissues). In this
context, SHAP feature importance is presented as a summary plot, where
SHAP values for each observation are plotted along the X-axis, and
features are organized along the Y-axis according to their importance
(with the feature at the top indicating the highest importance). The
SHAP summary plots for all the developed models are represented in
Figs. 4a to 4d and Figure S3a to S3g of Supplementary Material 1
(SM1). Here, Table 2 provides a comprehensive exploration of how
structural and physicochemical descriptors influence the response
parameters.

From Table 2, we can observe that fifty distinct 2D and 3D structural
and physicochemical descriptors were found to be significant for
modeling the K;,. Most of the 2D descriptors belong to the categories of
2D atom pair, atom type E-state descriptors, and constitutional indices.
Various drug-like indices, such as Depressant-80 (adipose), Psychotic-80
(brain and lung), and Neoplastic-50 (muscle), were identified as sig-
nificant for model development. All of these drug-like indices exhibit a
positive contribution to the specified target variable. The 3D descriptors,
such as pharmacophore descriptors (CATS2D and CATS3D) and 3D-
MoRSE descriptors, demonstrate higher significance for model
development.

Here, the performance of all developed models was significantly
enhanced by incorporating the K, values from other tissues. The
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Fig. 2. Scatter plots for the machine learning models developed using structural and physicochemical descriptors along with tissue-to-plasma partition coefficient

(K;) from other tissues.

direction of contribution (positive or negative, based on the SHAP
summary plot) of the K;, values from other tissues to the target tissue is
also illustrated in a heatmap-like plot (Figure S4 of Supplementary
Material 1). Most of the K, values indicate a positive contribution to the
target tissue. The K, values of the heart, liver, and lung appear in most
models, whereas the K}, values of the spleen are not present in any of the
models. The impact of the K, values from other tissues on the target
tissue is discussed below:

Heart: The heart is found to be influential in most of the developed
models, showing a positive contribution to the target tissues like bone,
brain, kidney, lung, muscle, and spleen. The positive contribution can be
explained based on the dynamic distribution of the drug to the body,
which makes the drug available for partitioning in the other tissues.

However, high cardiac Kp (indicating significant drug retention in heart
tissue) may reduce systemic drug availability, indirectly lowering
exposure to the other tissues.

Liver: The liver K, values positively contribute to the K;, value of the
adipose, gut, heart, kidney, and skin, which may be attributed to
different interconnected PK, metabolic, and inflammatory mechanisms.
A higher liver K, value reduces the plasma drug concentration by
metabolizing the drug. This reduction in plasma concentration increases
the apparent K, values in other tissues (tissue concentration (un-
changed)/plasma concentration (decrease)). The different disease con-
ditions of the liver (e.g., fatty liver) release pro-inflammatory cytokines,
which may enhance the tissue permeability or transporter expression,
promoting drug accumulation in other tissues. [76,77] If different
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Fig. 3. Validation curves of the developed ML models (Physicochemical + Kp from other tissues) for different datasets. (a) Validation curve for the ridge regression
models. (b) Validation curve for the linear support vector machine models (c) Validation curve for the partial least squares model (spleen tissue).

tissues had a similar type of active transporter for a drug, then these
tissues could show similar distribution for a drug and be influenced by
each other.

Brain and Gut: The brain shows a negative influence on the parti-
tioning of a drug in the gut tissue, but the gut positively influences the
partitioning of a drug in the brain tissue. The gut tissue influences the
brain’s K, indirectly through enterohepatic circulation, where bile-
excreted drug is reabsorbed in the intestine and introduced to the sys-
temic circulation. [78,79] Here, the brain’s Kp value contributes nega-
tively to the gut’s partitioning of a drug by sequestering the drug,
reducing systemic availability.

Adipose tissue: The adipose tissue positively influences drug parti-
tioning in the skin while negatively impacting partitioning in the kidney.
The skin contains a significant amount of fat in the subcutaneous layer,
and skin-associated adipocytes actively interact with skin cells to
maintain skin health. [80] The positive influence of adipose tissue on
drug partitioning in the skin indicates a greater drug affinity for the
lipophilic environment. In conditions like obesity, the amount of fat in
the subcutaneous layer increases, which enhances drug partitioning in
the skin. [81] The kidney, being a highly vascular organ, has a low fat
content, leading various lipophilic drugs to accumulate in fat-rich tissue.
The partitioning of a drug in fat-rich organs decreases its availability in
systemic circulation and diminishes its partitioning in other tissues.

The other organs, like the lungs, skin, bone, muscle, and kidneys,
also influence (positively or negatively) the partitioning of a drug in
other tissues. The tissues that exhibit a similar physiological environ-
ment (e.g., water content, protein binding, lipid content) indicate that
the factors determining drug partitioning in one tissue may also be
relevant to other tissues. Therefore, in such situations, these tissues
display similar drug distribution properties. A drug shows comparable
partitioning if it shares similar characteristics (e.g., lipophilicity,
perfusion rate) with target tissues. However, if a tissue demonstrates
distinct composition, then the partitioning of a drug in that particular

tissue will increase, while free drug in systemic circulation and parti-
tioning in other tissues will be reduced.

3.3. Applicability domain analysis

In this study, we used the leverage approach for the applicability
domain (AD) analysis of the final developed models, where leverage
values are computed using only the structural domain (descriptor ma-
trix) of the training and test sets. The finding of this analysis is repre-
sented in the form of a scatter plot, where leverage values are plotted
along the Y-axis and compound IDs are plotted along the X-axis. The
threshold value (h*) is represented by a horizontal line parallel to the X-
axis, indicating that any observation above the line is considered the
outside-AD compound. The AD plot of the developed models is repre-
sented in Figs. 5a to 5d and Figure S5a to S5g of Supplementary Material
1 (SM1). From these plots, we can see that only a few number of com-
pounds fall outside of the AD of the developed models.

3.4. Screening of the true external set

In this study, we utilized our final selected models to predict the
partitioning of various compounds within a particular tissue, collected
from the SIDER database. The SIDER database provides information on
drugs and their associated adverse drug reactions (ADRs). The predicted
values for these compounds, along with their AD status, are presented in
Table S2 of Supplementary Material 2 (SM2). A compound that exhibits
a higher partitioning in a specific tissue is more likely to cause an
adverse effect to that tissue. We analyzed the top fifty compounds that
exhibited the highest tissue-to-plasma partition coefficients for a
particular tissue (within the AD). Our findings indicate that, in most
cases, the developed models predict that higher partitioning correlates
with ADR for that tissue. This supports the effectiveness of our models in
predicting the behavior of unknown compounds. In Table 3, we present
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Fig. 4. SHAP summary plots. (a) Summary plot for the Adipose tissue. (b) Summary plot for Bone. (¢) Summary plot for Brain. (d) Summary plot for Gut.

the top four compounds that have the highest predicted partition coef-
ficient values (within the AD) and also demonstrate toxicity for the
corresponding tissue.

3.5. Comparison with previous studies

Here, we conducted a comparative analysis with the previous studies
performed by Handa et al. [36,37] The previous authors performed two
different studies to develop predictive models for the K, of drugs. In the
first study, they developed 2D-QSAR models using various in vitro pa-
rameters (e.g., LogP, fraction of ionization (fi), pKa, fyp, and ionization
class (acid, base, neutral, etc.)) as well as different structural and
physicochemical properties of the drugs. In this study, they did not split
the dataset; instead, they created models with all the compounds and
validated them using the cross-validation technique. In the second case,
they developed predictive models for the K, values of drugs in various
tissues, employing various in vitro parameters alongside the K;, of other
tissues as explanatory variables. In both studies, they utilized different
machine learning algorithms for model development. Here, we compare
these studies with our current research and present the findings in
Table 4. From this table, we can see that our models perform better than
previously developed models in terms of model quality and predict-
ability. Another advantage of our model is that it can predict the K, of a
drug without requiring any in vitro parameters. Here, prediction is per-
formed by using a drug’s structural and physicochemical properties,
along with the K, of other organs as explanatory variables. If the K,
values of the other organs are unavailable, they can be predicted from

the initial models.
3.6. Development of the software

To enhance user convenience, we have developed a Python-based
graphical user interface (https://sites.google.com/jadavpuruniversity.
in/dtc-lab-software/home/kp-calculator) (Fig. 6) for predicting the K,
values of drugs. This tool is available for free on the DTC Lab website.
Users need to provide descriptor inputs in an.xlsx file format to make
predictions. Additionally, the tool includes information about the AD
status, indicating the reliability of predictions.

4. Conclusion

The tissue-to-plasma partition coefficient (Ky) is one of the important
PK parameters that determine the transferability of a drug within a
tissue. This PK parameter is also essential for assessing a drug’s tissue-
specific activity or toxicity. The experimental determination of the K,
parameter requires a large number of animal experiments, regular
sample collection, and analysis, which makes this process resource-
intensive. Therefore, an alternative approach needs to be developed to
determine the K, values of drugs that can be derived from easily
accessible parameters. In this study, we developed machine learning
(ML) - based quantitative structure-pharmacokinetic relationship
(QSPKR) models for predicting the tissue-to-plasma partition coefficient
of drugs. Here, the ML models were developed for eleven different tis-
sues. Initially, the models were constructed using the structural and
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Table 2
Structural and physicochemical descriptors present in the final model.
Descriptor Explanation Class Direction of Target
contribution Tissue
CATS3D_06_NL It represents the CATS3D negative lipophilic bin of 06. The presence of negative lipophilic CATS 3D (-) ve Adipose
groups (O atom of hydroxyl or carboxyl group, etc.) in a molecule can negatively influence the
partitioning of a molecule within a tissue. The negative lipophilic groups decrease the affinity for
the non-polar environment, indicating a higher affinity for water (hydrophilic).
Depressant—80 This descriptor represents the Ghose-Viswanadhan-Wendoloski antidepressant-like index at Drug-like indices (+) ve
80 %, first proposed by Ghose, Viswanadhan, and Wendoloski in 1999. [69] It was developed by
analyzing the physicochemical properties of a specific set of drugs—namely, antidepressants.
Four main properties are considered: lipophilicity (ALOGP), molar refractivity (AMR),
molecular weight (MW), and the number of atoms (nAT). The term 80 % indicates the
percentage of the distribution of these properties calculated from a reference set of known drugs.
In other words, researchers analyze a dataset of known drugs and determine the ranges of
molecular properties that cover 80 % of those drugs. This descriptor helps predict the
drug-likeness of a chemical substance with similar physicochemical properties. The ranges of the
physicochemical properties for the depressant—80 descriptor are: ALOGP, 1.4-4.9; AMR,
62-114; MW, 210-380; and nAT, 32-56. If a compound falls within all four property ranges, it is
said to pass the index at 80 %, indicating a high likelihood of antidepressant-like potential. [69]
Based on the above discussion, we can conclude that compounds with a Depressant—80 value
are likely to exhibit greater lipophilicity, as they share common physicochemical properties with
CNS-active drugs. This characteristic can enhance tissue partitioning, which is also supported by
its positive contribution.
C3SP3 It represents the sp3 hybridized carbon atoms attached to three other carbon atoms in the Topological indices (+) ve
molecule. This descriptor affects the partitioning of a drug in the tissue by increasing its
lipophilicity.
HATSS8s The descriptor HATS8s is a GETAWAY (GEometry, Topology, and Atom-Weights AssemblY) GETAWAY (+) ve
descriptor, calculated by the leverage-weighted autocorrelation of molecular graphs. The atomic ~ descriptors
weight and intrinsic state (I-state) are used for its calculation.
MDEC-22 This is a molecular distance-edge vector, indicating the molecular distance edge between all MDE descriptors (+) ve
secondary carbon atoms present in the molecule.
P_VSA_charge 4 It indicates the amount of van der Waals surface area (VSA) having the partial charges in bin 4. P_VSA-like (-) ve
This descriptor contributes negatively, as it represents the charge distribution across the descriptors
molecule, which limits the partition of a molecule within a tissue.
SHED_NL It represents the Shannon Entropy Descriptors of the negative lipophilic component of a Pharmacophore (-) ve
molecule. This descriptor also shows effects similar to CATS3D_06_NL, which increase descriptors
hydrophilicity and reduce tissue partitioning.
minssNH It represents the molecular fragment with the minimum electronic state of a single bond-single ~ Atom-type E-state (-) ve Bone
bond NH group present in a molecule. This is the most important descriptor for the bone tissue,  indices
which shows a negative contribution. This group may influence the overall polarity of a
molecule, which can affect the partitioning between the aqueous plasma compartments and the
organic interface of bone tissue. The local pH and mineral content in bone may alter the NH
group’s ionization state, potentially reducing its affinity for bone. [70]
CATS2D_02 DA It represents the count of the number of pairs of hydrogen bond donor-acceptor atoms that are ~ Pharmacophore (+) ve
separated by a topological distance of two bonds. The higher value of this descriptor indicates descriptors
that the molecule has a higher possibility of forming a hydrogen bond with bone matrix, which
affects the partitioning of a molecule. [71]
DISPm It represents the displacement value weighted by mass. Geometrical (-) ve
descriptors
FO5[N-N] It represents the frequency of two nitrogen atoms at a topological distance of five, which 2D Atom Pairs (+) ve
contributes positively to the response parameter. As the value of this descriptor increases, the
number of nitrogen atoms within the molecule also increases, which may help form hydrogen
bonds with the mineral surface area of the bone. [71]
BO2[N-0O] Presence or absence of nitrogen and oxygen atoms at a topological distance of two. The presence 2D Atom Pairs (-) ve Brain
of such atoms in a molecule leads to an increase in the polarity of the molecule, which in turn
leads to an increase in the hydrophilicity of the molecule and a decrease in the partitioning of the
drug within the brain.
CATS2D_04_NL Count the number of pairs of negatively charged-lipophilic atoms that are separated by a Pharmacophore (-) ve
topological distance of four bonds. This descriptor may decrease the partitioning of a molecule  descriptors
into the brain by increasing its hydrophilicity.
arLevell It represents the number of neighbouring aromatic atoms of a molecule’s chiral centre (level 1).  Chirality descriptors (-) ve
Mor02u It refers to the signal or index number 02 in the MoRSE descriptor series, where u indicates that 3D-MoRSE (+) ve
the descriptor is unweighted. descriptors
Chil_EA(dm) This feature indicates the connectivity-like index of order 1 from the edge adjacency matrix, Edge adjacency (-) ve
weighted by dipole moment. This descriptor has the highest importance towards the response indices
parameters and contributes negatively to it by affecting the polarity of the molecule.
VE3sign_B(i) It represents logarithmic coefficient sum of the last eigenvector from the Burden matrix, 2D matrix-based (+) ve
weighted by ionization potential. descriptors
R7u R autocorrelation of lag 7 / unweighted. GETAWAY (+) ve
descriptors
CATS3D_ 02 DD It represents the number of hydrogen bond donor-donor pairs in bin 2. This descriptor CATS 3D (-) ve
contributes negatively by increasing the hydrogen bonding probability.
Psychotic—80 It indicates the Ghose-Viswanadhan-Wendoloski antipsychotic-like index at 80 %. This Drug-like indices (+) ve Brain,
descriptor also helps to determine drug-likeliness, similar to the Depressant—80, which is Lung

generated by analysing the dataset of antipsychotic drugs. The ranges of the physicochemical
properties for the Psychotic—80 descriptor are: ALOGP, 2.3-5.2; AMR, 85-131; MW, 274-464;
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Descriptor Explanation Class Direction of Target
contribution Tissue
and nAT, 40-63. If a compound falls within all four property ranges, it is said to pass the index at
80 %, indicating a high likelihood of antipsychotic-like potential. [69] The compounds with
Psychotic—80 values exhibit greater lipophilicity since they are also similar to CNS-active drugs.
Consequently, these compounds have increased partitioning in lipid-rich tissues.
SpMin8 _Bh(e) This descriptor represents the smallest eigenvalue n. 8 of the Burden matrix, weighted by Burden eigenvalues (+) ve Gut
Sanderson electronegativity.
Morllm It refers to the signal or index number 11 in the MoRSE descriptor series, where m indicates that 3D-MoRSE () ve
the descriptor is weighted by atomic mass. descriptors
NssNH2 + This descriptor indicates the number of atom types of the single bond, single bond NH2 + group. ~ Atom-type E-state (+) ve
indices
BO6[C-N] This descriptor represents the presence or absence of carbon and nitrogen atoms at a topological ~ 2D Atom Pairs (+) ve Heart
distance of six, which shows positive contribution to the response parameter. This feature
highlights two important aspects of molecular structure. First, the presence of large fragments
within a molecule enhances its lipophilicity. Second, the inclusion of electronegative atoms
gives the molecule a slight polarity. These characteristics help the molecule remain water-
soluble while still having an affinity for membranes.
Mor04m It refers to the signal or index number 04 in the MoRSE descriptor series, where m indicates that 3D-MoRSE (+) ve
the descriptor is weighted by atomic mass. descriptors
B02[0-0] Presence or absence of two oxygen atoms at a topological distance of two. The presence of such 2D Atom Pairs (-) ve Heart,
electronegative atoms makes the molecule polar, enhancing its interaction with the aqueous Spleen
environment and decreasing tissue partitioning.
MaxdssC It represents the molecular fragment with the maximum electronic state of a carbon atom witha  Atom-type E-state (+) ve Kidney
double bond, and two single bonds (>C=) present in a molecule. indices
Morl2m It refers to the signal or index number 12 in the MoRSE descriptor series, where m indicates that 3D-MoRSE () ve
the descriptor is weighted by atomic mass. descriptors
nN+ This descriptor indicates the number of positively charged nitrogen atoms in a molecule, which ~ Functional group (+) ve Kidney,
can exist as either NH+ or NH2 + in a cyclic ring system or as part of a side chain. It is most count Spleen
significant for kidney tissue and the second most significant for spleen tissue. In both types of
tissue, an increase in this descriptor value correlates with an enhanced partitioning of the
compound within the tissue. This effect may be attributed to interactions with the extracellular
matrix.
CATS2D_02_ AN It represents the count of the number of pairs of hydrogen bond acceptors and negatively Pharmacophore (-) ve Liver
charged atoms that are separated by a topological distance of two bonds. descriptors
VE3sign_B(v) This descriptor represents the logarithmic coefficient sum of the last eigenvector from the 2D matrix-based (-) ve
Burden matrix, weighted by van der Waals volume. descriptors
Mor02i It refers to the signal or index number 02 in the MoRSE descriptor series, where i indicates that 3D-MoRSE (+) ve
the descriptor is weighted by ionization potential. descriptors
arLevel2 It represents the number of neighbouring aromatic atoms of a molecule’s chiral centre (level 2).  Chirality descriptors (-) ve
C-039 It represents the fragment Ar-C(=X)-R, where Ar = aromatic groups, X = any electronegative Atom-centred (+) ve
atom (e.g., O, N, S, P, Se, halogens), and R = any group that is linked through carbon. fragments
CATS2D_07_PL It indicates the number of pairs of positively charged lipophilic atoms that are separated by a Pharmacophore (+) ve
topological distance of seven bonds. descriptors
BO6[N-O] This descriptor represents the presence or absence of nitrogen and oxygen atoms at a topological ~ 2D Atom Pairs (-) ve
distance of six. It helps to increase the hydrophilicity of the molecule by incorporating the
electronegative atoms and decreasing the tissue partitioning.
CATS2D_09_LL This descriptor refers to the count of the number of pairs of lipophilic-lipophilic atoms that are =~ Pharmacophore (-) ve
separated by a topological distance of nine bonds. descriptors
CATS2D_04_AL It indicates the count of the number of pairs of hydrogen bond acceptor-lipophilic atoms thatare ~ Pharmacophore (+) ve
separated by a topological distance of four bonds. descriptors
D/Dtr03 It indicates the distance/detour ring index of order 3. Ring descriptors (+) ve Lung
THSA This descriptor represents the total hydrophobic surface area of the molecules. Therefore, a SASA descriptors (+) ve
higher descriptor value (i.e., increased hydrophobic surface area) can improve a drug’s
partitioning into tissue.
Morl7s It refers to the signal or index number 17 in the MoRSE descriptor series, where s indicates that 3D-MoRSE (+) ve
the I-state weights the descriptor. descriptors
P_VSA LogP_4 It indicates the amount of van der Waals surface area (VSA) in the fourth LogP bin. Constitutional indices () ve
totalcharge This descriptor indicates the total charge present in the molecule. This is the second most Constitutional indices  (+) ve Lung,
important descriptor for the partitioning of the drugs within lungs and muscle; the least Muscle
important for the skin tissue. This shows a positive contribution to the lung and muscle, while (-) ve Skin
shows a negative contribution to the skin. This difference may be attributed to the composition
of the tissues: muscle and lung tissue contain less fat and have a higher water content, whereas
skin has a higher lipid content. [72-75]
F02[C-S] This descriptor represents the frequency of carbon and sulphur atoms at a topological distance of =~ 2D Atom Pairs (-) ve Muscle
two.
FO6[C-Cl] This descriptor represents the frequency of carbon and chlorine atoms at a topological distance 2D Atom Pairs (+) ve
of six.
CATS2D_04_AN It indicates the count of the number of pairs of hydrogen bond acceptors and negatively charged =~ Pharmacophore (+) ve
atoms that are separated by a topological distance of four bonds. This descriptor shows positive  descriptors
contribution which may be due to their ability to form hydrogen bonds.
Neoplastic—50 This descriptor indicates the Ghose-Viswanadhan-Wendoloski antineoplastic-like index at 50 %.  Drug-like indices (+) ve

It is generated by analysing the dataset of antineoplastic drugs, where 50 % indicates 50 % of the
drugs follow a particular range of physicochemical properties. Any chemical that falls within
this range may also be likely to have similar antineoplastic potential. The ranges of the
physicochemical properties for the Neoplastic—50 descriptor are: ALOGP, 0.0-3.7; AMR,
60-107; MW, 258-388; and nAT, 30-55. [69]
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Descriptor Explanation Class Direction of Target
contribution Tissue
The preceding discussion indicates that these compounds exhibit lower lipophilicity and larger
molecular sizes. Consequently, such compounds possess an enhanced potential to partition into
peripheral tissues. Notably, muscle tissue is characterized by a lower fat content and a higher
water content. [72,74] As a result, these compounds demonstrate a greater propensity to
partition within muscle tissue, which is indicated by their positive contributions.
NsssN This descriptor indicates the number of atom types of the single bond, single bond, and single Atom-type E-state (-) ve Skin
bond nitrogen atom. The presence of these electronegative atoms renders the molecule indices
hydrophilic. Since skin is rich in lipids, such fragments in a molecule decrease its ability to
partition into the skin. [75]
Morl6i It refers to the signal or index number 16 in the MoRSE descriptor series, where i indicates that 3D-MoRSE (+) ve
the descriptor is weighted by ionization potential. descriptors
BO8[C-N] This descriptor indicates the presence or absence of carbon and nitrogen atoms at a topological ~ 2D Atom Pairs (+) ve Spleen
distance of eight. It indicates the presence of large fragments within a molecule that increase its
lipophilicity, which in turn enhances the partitioning of the drug.
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Fig. 5. Applicability domain (AD) plot. (a) AD plot for adipose. (b) AD plot for bone. (c) AD plot for the brain. (d) AD plot for gut.

physicochemical properties of the drugs, which demonstrated signifi-
cantly high quality (R% = 0.83-0.95) and predictivity (Q2 = 0.71-0.93
and Q% = 0.70-0.92). These models were further refined by incorpo-
rating K, values from other tissues, as a few organs share similar phys-
iological conditions and are influenced by each other. From these
models, we found that predictivity Q%4 0.79-0.95 and Q%,
0.78-0.95) improved significantly. However, the quality (R2
0.85-0.96) of the models remained almost the same, with a similar
lower number of features.

In this study, we conducted a screening using a true external set

or

12

obtained from the SIDER database. The data we collected includes eight
different categories of toxicity information. We applied our final
selected models to predict the tissue-to-plasma partition coefficient of a
particular tissue for these compounds. The results indicate that com-
pounds with a greater tendency to partition in a specific tissue also tend
to exhibit toxicity within that same tissue.

Finally, to enhance user convenience, we developed a Python-based
graphical user interface for predicting the K;, parameter of drugs. This
tool estimates the K, parameter along with the applicability domain
status by simply giving the input of the descriptor matrix. The only



S. Pore and K. Roy

Table 3
Top four compounds that show higher partitioning for a particular tissue and
also exhibit toxicity for that tissue (SIDER database).

Organ Toxicity

Skin and Subcutaneous
Tissue Disorders
Renal and Urinary Disorders

Musculoskeletal or Tissue
Disorder

Hepatobiliary Disorders
Cardiac Disorders
Nervous System Disorders
Gastrointestinal Disorders

Respiratory Disorders

different software.

be further improved by incorporating new data in the future.

CRediT authorship contribution statement

curation.

Declaration of Competing Interest

the work reported in this paper.

Artificial Intelligence Chemistry 3 (2025) 100093

Table 4
Comparative analysis between previous studies and current studies.

Tissue Previous studies Current studies
Top Four Compounds Study 1 [36] Study 2 [37]
A.traClll.riurz,hM;penlflola.:;e, Umeclidinium bromide, Adipose R2—0.67 RZ— 0.47 R2 — 0.89
Fingolimod hydrochloride RMSE = 0.47 RMSE = 0.49 RMSEC = 0.33
Umeclidinium bromide, CHEMBL1201344, 0% =0.79
Mepenzolate, Ipratropium R;/}SEP : 0.39
I;Dgiwswzs, I—;]Md81361?116, 1CHEMBL120134]114,d Bone R2— 0.36 . R — 0.87
-chloro—5-(4- y rox.yp eny! )—?,3,4,5—tetra ydro- RMSE — 0.51 RMSEC — 0.36
1H—3-benzazepin—3-ium—7,8-diol Qz —~0.85
L . 2 = 0.
HMleGlOl6, Methylthioninium, Erythromid, RMSEP — 0.43
K”“ an . besvl Jidinium bromid Brain R%=0.63 R? = 0.52 R%=0.89
tracuru‘m'l esy! ate, Umeclidinium bromi e, RMSE = 0.46 RMSE = 0.50 RMSEC = 0.32
Doxorubicin, Mepenzolate Q% = 0.82
Cyclobenzaprine, HMS1361016, Atovaquone, R;/}SEP : 0.44
Perhe:g‘“;n Lirasidone. De ) Gut R? = 0.70 R? = 0.76 R? = 0.91
géx_(’ tU . .‘1”:‘5’ one, Deferoxamine, RMSE = 0.38 RMSE = 0.37 RMSEC = 0.29
ablgatran etexilate 2 —0.95
CHEMBL1201344, HMS1361016, Cetylpyridinium, gﬁsﬂ, — 022
BDBM86425 Heart R? = 0.68 R? = 0.64 R? = 0.92
RMSE = 0.33 RMSE = 0.34 RMSEC = 0.28
o . . . . Q# = 0.95
limitation of this tool is that the descriptors must be computed using a RMSEP — 0.21
Kidney R%2=10.68 R%=0.75 R2=10.87
This study provides a reliable alternative approach for predicting the RMSE = 0.34 RMSE = 0.34 RI;/ISEC =035
K, of a new chemical in a fast and cost-effective manner. These findings 1?1?/131:2130;9 10 39
n.ot o.nly help Fo avgld unnece.ssary ar.nmal testing but also reduce the Liver B2 0.52 R2— 0.52 R® — 0.85
time involved in animal experimentation. The developed models could RMSE = 0.48 RMSE = 0.46 RMSEC = 0.38
Q%4 =0.90
RMSEP = 0.31
Lungs R%=0.84 R%=0.75 R?=0.95
RMSE = 0.36 RMSE = 0.42 RMSEC = 0.23
Q% =0.94
Kunal Roy: Writing — review & editing, Supervision, Resources, RMSEP = 0.27
Project administration, Conceptualization. Souvik Pore: Writing — Muscle R?=0.68 R? = 0.70 R?=0.88
original draft, Validation, Software, Investigation, Formal analysis, Data RMSE = 0.32 RMSE = 0.34 }SIZISECO;O'BS
F1 = 0.
RMSEP = 0.32
Skin R?=0.64 R?=0.51 R? =0.90
RMSE = 0.28 RMSE = 0.29 RMSEC = 0.31
Q% =0.94
The authors declare that they have no known competing financial Spleen R - 073 iﬁ"fﬁf 9=6 0-25
interests or personal relationships that could have appeared to influence RMSE _ 0.39 RMSEé —0.19
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Appendix A. Supporting information

Supplementary data associated with this article can be found in the
online version at doi:10.1016/j.aichem.2025.100093.

Data availability statement

The structural information of the molecules used for the modelling is
available in Supplementary Material 3 (SM3). The machine learning
modelling tools used in this study are available from the official website
of the DTC Lab tool (https://sites.google.com/jadavpuruniversity.in
/dtc-lab-software/home/machine-learning-model-development-guis).
The input files for machine learning model development are available in
Supplementary Material 2 (SM2). The developed prediction tool is
available from https://sites.google.com/jadavpuruniversity.
in/dtc-lab-software/home/kp-calculator.
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