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Abstract: Apart from the pharmacodynamics of drugs and the resistance of the Plasmodium falciparum
parasite to existing antimalarial drugs, pharmacokinetic-related properties of drugs also hamper their
translation. The need to develop novel drugs with optimum solubility profiles necessitated training an
efficient machine learning regression model to predict the solubility of a series of compounds. Four
descriptors were used: octanol-water partition coefficient, molecular weight, number of rotatable bonds,
and aromatic proportion from the simplified molecular-input line-entry system (SMILES) of 11,478
antiplasmodial molecules. This was trained using five regression models: multiple linear regression, k-
nearest neighbors, LASSO regression, support vector regressor, and random forest regressor (RFR) to
predict the solubility of molecules. The evaluation metrics (R2), mean absolute error (MAE), mean
squared error (MSE), and root mean squared error (RMSE) were used to assess the model performance.
Of the performed algorithms, the RFR produced a robust model with model statistics of MSE 0.54, R2
0.85, MAE 0.41, and RMSE 0.73. The F-statistic for the model was 7214, showing a strong correlation
between the descriptors and the solubility of molecules. This could efficiently predict the antimalarial
activity for untested molecules to select promising ligands as leads for further optimization.
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1. Introduction

According to the WHO, Africa is home to 50% of all malaria deaths in children under
five worldwide [1]. Despite the organization's ongoing struggles to make drugs more easily
accessible, malaria continues to be one of the most severe and threatening diseases because of
its negative and damaging impact on world populations [2]. The efficacy of the first-line
artemisinin-based combination therapy (ACT), which is threatened constantly by the
emergence and spread of drug resistance, is essential for the success of malaria control,
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prevention, and treatment [3]. This is so notwithstanding the organization's ongoing
elimination campaign, which involves considering all potential control measures [4]. All kinds
of antimalarial drugs have developed resistance and so lost their therapeutic efficacy [5].
Resistance to these standard drugs poses a severe threat to the elimination of malaria, resulting
in a sharp rise in the number of deaths each year, increased medical expenses, and lost
productivity. Due to the challenges that arise during the process, drug development takes
approximately 14 years, from necessary pre-clinical testing to regulatory approval [6].
Surprisingly, clinical trials are the most expensive factor during drug development. Given these
difficulties, predictive modeling methods are anticipated to become more important in
diagnosing hazards and creating tactics for developing new antimalarial drugs [7].

Different strategies have been put forth to discover or design new chemical entities with
optimum pharmacokinetic and pharmacodynamic properties. The quantitative structure-
activity relationship (QSAR) method uses computational modeling to unravel associations
between the biological activities and physicochemical properties of chemical substances to
create a robust statistical model to predict the biological activities of novel chemical entities
[7]. The basic idea is that changes in structural properties lead to changes in biological activities
[8]. Simplified molecular-input line-entry system (SMILES) notations are computer-readable
and serve as an effective input for machine learning (ML) models. SMILES offer effective
descriptors for QSAR methods, making it an established and effective parameter for QSAR of
different chemical entities [9,10]. SMILES is a language with clear symbols (atom and bond
symbols) that are compact and take up far less space than other representational structures. The
drug discovery field is without a doubt one of the areas that will gain significantly and greatly
from the development of ML, as they have become a feasible and valuable tool for data-driven
predictions in pharmaceutical research, such as drug repurposing, drug-drug interactions,
diagnosis, and pharmacogenomics [11, 12].

Presently, there is voluminous data on the antiplasmodial activity of diverse chemical
entities, few of which have been harnessed to develop more effective chemotherapeutic agents.
There is also a high rate of attrition of some of these chemical entities that managed to go far
in the drug development cycle due to pharmacokinetic-related challenges, which could have
been averted at the early stages of the cycle [13]. Apart from efficacy and toxicity-related
problems, several drug discovery failures can be attributed to pharmacokinetic and
biopharmaceutical profiles of chemical entities [7, 11]. To avert failures in the later stage of
drug discovery, SMILES-based models for predicting aqueous solubility of diverse
antiplasmodial chemical entities were constructed using machine learning algorithms. The
performance of the models' Multiple Linear Regression (MLR), k-Nearest Neighbours (k-NN),
least absolute shrinkage and selection operator (LASSO) regression, Support Vector Regressor
(SVR), and Random Forest Regressor (RFR) on the training and test sets was also compared.

This study has shown that robust, reliable, and accurate models can be obtained even if
only a small portion of the descriptors is employed. In the study, descriptor values for the
compounds were extracted, evaluated to select the more significant descriptors for the
solubility, and then trained the models using ML algorithms to identify four implemented
models with comparable performance.
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2. Materials and Methods

The process flow for training regression models to predict antimalarial activity is shown
in Figure 1.

L Data Collection ]

‘ Data Pre-processing ’

Preparation of Dataset
Convert SMILES string into RDKit object
Extract molecular descriptors from them
Combine the descriptors to form the X-matrix

Test set . Train set
2296 molecules Rataset.Split 9182 molecules

Building models

MLR k-NN ” LASSO SVR RFR

Model Evaluation &
Comparison

Figure 1. Flowchart for training regression models to predict antiplasmodial activity. RFR = random forest
regressor; SVR = support vector regressor; kNN = k-Nearest neighbors; MLR = multiple linear regression;
LASSO = least absolute shrinkage and selection operator.

2.1. Dataset.

The antimalarial molecule list was obtained from literature and the public database
ChEMBL. They were converted into their respective and appropriate SMILES using the
PubChem Identifier Exchange Service. It consists of 11481 molecules and three (3) features
(Table 1). After filtering out missing and duplicate values, a total of 11478 antimalarial
molecules were left. The details of the molecules used for the study can be found in the
supplementary file, S1.

Table 1. Sample of unprocessed data.
ChEMBL ID MW LogS SMILES

CHEMBL512770 268.75 | -4.72644 | C[n+]lcc2[nH]c3cceec3c2ce2eccec2].[Cl-]

CHEMBL416376 396.45 | -4.41485 | COclcc(COc2ccc(Ce3enc(N)nc3N)ee2)ec(OC)c10C

CHEMBL416376 396.45 | -4.41485 | COclcc(COc2ccc(Ce3enc(N)nc3N)cee2)ec(OC)c10C

CHEMBL118602 | 364.45 | -4.82925 | CCclnc(N)nc(N)clCelcec(OCc2cceec2)c(0OC)c]

CHEMBLI117 25424 | -3.82459 | O=clcc(-c2ceecc2)oc2ec(O)ec(O)cl2

CHEMBLI51 286.24 | -3.10069 | O=clcc(-c2ccc(0)c(0)c2)oc2ec(O)cc(O)el2

CHEMBL21395 35042 | -4.64130 | CCOclcc(Cc2ene(N)nc2N)cec1OCcelecceecl

CHEMBL21395 35042 | -4.64130 | CCOclcc(Cc2enc(N)nc2N)ceclOCceleecccl

CHEMBL564804 | 500.64 | -6.28600 | COclcceec] C(=0)N[C@@H](CC(C)C)[C@@H](O)[C@H](O...

CHEMBL119224 292.34 | -4.22814 | Nclnce(Ce2cecc(Oc3ceeec3)c2)e(N)nl

CHEMBL4228456 | 391.52 | -7.68887 | CCCCCclcce(-c2ccc3c(=0)n(CC4CCCO4)c(N)ne3c2)ecl
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ChEMBL ID MW LogS SMILES

CHEMBL296588 | 685.90 | -5.95511 | CC(C)CC(=0)N[C@H](C(=0)N[C@H](C(=0)N[C@@H](CC(C)C)[C@@
H](0O)CC(=O)N[C@@H](C)C(=O)N[C@@H](CC(C)O)[C@@H](0)CC(=0
)O)C(C)C)C(C)C

CHEMBL223243 596.90 | -9.51201 | CCCCCclcee(C(=O)N(CCN(CCCC)CCCC)Cc2ccc(N3CCN(c4ceeccd)CC3)
cc2)ccl

CHEMBL219776 507.81 | -8.29584 | CCCCCclcec(C(=O)N(CCN(CCCC)CCCC)Ce2eec(N(CC)CC)ec2)cecl

CHEMBL273338 514.76 | -7.59291 | CCCCCcleec(C(=O)N(CCN(CCCC)CCCC)Cc2cce(-c3cenec3)nc2)ccl

CHEMBL387316 586.82 | -8.78750 | CCCCCclcee(C(=O)N(CCN(CCCC)CCCC)Cc2cec(NC(=0)c3cenc(0OC)c3)c
c2)cecl

CHEMBL385329 562.84 | -7.99190 | CCCCCclcce(C(=O)N(CCN(CCCC)CCCC)Cc2cec(NC(=0)C3CCCNC3)cc
2)ccl

CHEMBL227591 33425 | -5.67179 | CCN1C(=0)/C(=C/c2cc(Cl)c(O)c(Cl)c2)SC1=S

CHEMBL227191 44499 | -8.67912 | O=C(NCI1CCCc2ccccc2l)clee(Sc2eccc(Cl)e2)nc2eceec]2

CHEMBL227563 356.25 | -7.95927 | O=CINC(=S)S/C1=C\clccc(-c2cccc(Cl)c2Cl)ol
LogS = solubility of molecules

2.2. Data pretreatment.

The SMILES string was converted to rdkit object using the RDKit library. RDKit reads
SMILES strings of tested experimental antimalarial molecules that were transmuted from two
databases (PubChem and the ChEMBL databases) and extracted descriptor values from them
[14]. Thereafter, four molecular descriptors- cLogP (octanol-water partition coefficient), MW
(Molecular weight), nRB (Number of rotatable bonds), and ArP (Aromatic proportion = the
number of aromatic atoms/numbers of heavy atoms) were calculated from SMILES. The
cLogP, MW and nRB were computed using a python package RDKit, while AP was computed
manually from the ratio of the number of aromatic atoms to the total number of heavy atoms
(details of the descriptors are found in the supplementary file, S2). Machine learning uses
molecular descriptors, which are numerical notations linked to chemical structure, to calculate
correlations between a compound's physical attributes and biological activity [15]. The
relationship between molecular descriptors of antimalarial drugs and their solubility was
explained using regression models.

The computed descriptors were combined to form the X-matrix (Table 2), while the
LogS column of the dataset forms the Y-matrix.

Table 2. Sample of the computed molecular descriptors (X-matrix).

Molecule Index cLogP MW nRB | ArP

0 0.30280 268.747 0.0 0.894737
1 2.83660 396.447 8.0 0.620690
2 2.83660 396.447 8.0 0.620690
3 3.38180 364.449 7.0 0.666667
4 2.87120 254.241 1.0 0.842105
11473 2.05272 342.348 5.0 0.521739
11474 2.84120 346.402 8.0 0.480000
11475 1.90560 257.293 4.0 0.631579
11476 1.21570 240.270 2.0 0.777778
11477 1.15710 302.378 3.0 0.272727

2.3. Data split.

The X- and Y-matrix were split into train set (9182 molecules) and test set (2296
molecules), using a split ratio of 0.2, where 80 % is assigned to the train set, and 20 % is
assigned to the test set [16, 17]. The size of the training dataset was denoted as X-train, Y-train,
while the size of the test dataset was X-test, Y-test. The training set was used to train the model,
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while 2296 molecules belonging to the test set were used to validate the model. The models
were trained on the training set using the fit method. The hyperparameters of the models were
adjusted on the test dataset to obtain the best hyperparameter configuration. This was done
using a random search because their hyperparameters were continuous.

2.4. Building regression models.

Five (5) machine learning scikit-learn algorithms (Multiple Linear Regression (MLR),
k-Nearest Neighbours (KNN), LASSO regression, Support Vector Regressor (SVR), and
Random Forest Regressor (RFR)) were deployed to predict the solubility of molecules, to select
further viable lead ligands for creative drug design [9, 16-18]. These learning algorithms
combine ensemble learning techniques and conventional learning techniques with linear and
nonlinear methods. The goal was to discover the best algorithm capable of predicting the
antimalarial activity for untested compounds.

2.4.1. Multiple linear regression.

The dataset includes several features in predicting the aqueous solubility of antimalarial
compounds. As a result, the Multiple Linear Regression technique was employed. Each feature
was viewed as a dimension, and numerous x values were used to predict the result using the
multiple linear regression equation [19].

Y =C+ A1X1 + A2X2 + A3X3 + A4X4 (€3]

Where Y = predicted variable;

C = intercept;

Al, A2, A3, A4 = regression coefficients;

X1, X2, X3, X4 = molecular descriptors.

Plotting the MLR produces a slope of lines that provides the output variables (A1, A2,
A3, A4) and C as their intercept. The MLR algorithm presumes that the correlation between
the input and the output is linear.

2.4.2. k-Nearest neighbors.

One of the well-known non-parametric regressors in the field of machine learning is k-
nearest neighbors [16]. It employs nonlinear regression in machine learning in a simple manner.
It places an unclassified sample in the same class as the k samples in the training set that is
closest to it and compares the new data point to the previous data points. In ANN models, the
neighbors are assigned a certain weight that specifies that gives a clue of the average value they
contribute [20]. It is usual to assign neighbors a weight of 1/d, where d is the distance between
the neighbor and the object whose value will be predicted. The closest neighbors will contribute
more than the distant neighbors when determining the value of a new data point using the ANN
model.

The parameter setting for the model is as follows: n_neighbours = 10, weights =
'distance', metric = 'euclidean', n_jobs = -1
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2.4.3. LASSO regression.

Lasso regression is a regularization technique that can be applied to feature selection,
noise reduction, and model regularization [16, 18]. It is used when there is strong
multicollinearity in a dataset. A small data change can result in a change in the regression
coefficients as a result of the multicollinearity of the dataset. This describes the closeness of
the independent variables. It entails adding more data to the unconstrained issue to enhance the
quality of the result and is employed as a technique to broaden the generalizability of the trained
model. It has the power to lower variability and raise the standard of linear regression
techniques.

Lasso regression penalizes the sum of the coefficients to prevent prediction errors. With
the use of the shrinkage technique in lasso regression, the coefficients are scaled back toward
zero. To achieve a perfect fit with several datasets, it is used to reduce the regression
coefficients [21]. The lasso hyperparameter has been set at 0.1 alpha value.

2.4.4. Support vector regressor.

The SVR falls under both linear and nonlinear categories of regression in machine
learning. The applications of SVR include text categorization, pattern prediction, image
processing and segmentation, and more. The SVM algorithm is used to locate the output in a
multidimensional space [9]. The data points in a multidimensional space are not depicted as
points in a 2D plot. A vector is used to represent the data points in a multidimensional space
[22]. This model produces a max-margin hyperplane that divides the classes and gives each
class a value. When the dataset has additional noise, the SVM model does not perform to its
full potential. To create a linear decision surface, the input data was nonlinearly mapped to a
space with higher dimensions [9]. The following hyperparameter values were explored: kernel
="rbf

2.4.5. Random forest regressor.

The random forest comprises building several decision trees while learning and
generating a class that is a mode, showing the value with the greatest chance of occurrence, the
value most commonly occurring in the dataset, or the expected mean of individual trees [17].
To lessen variance, several deep decision trees trained on many subsets of the same training
set are averaged using random forests. An ensemble technique called random forest combines
various decision trees (parallel trees). Using the classification or regression tree (CART)
approach and the decreased Gini impurity (DGI) as the splitting criterion, each tree was created
using a bootstrap sample randomly selected from the original dataset. Low bias, little
connection between individual trees, and large variance are characteristics of RFR [16]. Using
a grid search hyperparameter optimization method, Random Forest models were trained using
the Scikit-learn library. The number of estimators was kept at 100, and the random state was at
0.

2.5. Model evaluation.

Different evaluation metrics (coefficient of determination (R?), mean squared error
(MSE), mean absolute error (MAE), and root mean squared error (RMSE) were used to
evaluate the performance of the models [16, 19].
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The most often used metric for assessing regression-based models is MSE, which
estimates how closely the fitted line matches the actual data points. As a result, the training
model uses MSE as a loss function that it seeks to minimize. The performance of the regression
model improves with decreasing MSE values [18]. In many studies, root mean squared error
(RMSE), which is the square root of MSE, is utilized in place of MSE.

In multiple regression models, the squared correlation between the experimental values
and the predicted values is equivalent to R%. The percentage of the outcome's variation that the
predictor variables account for is known as R? [16]. A negative R? means the model performed
poorly and did not match the data trend (i.e., chosen by chance). The R? value indicates how
well a model fits the data and how closely the data resemble the regression line. An elevated
R? indicates a good model fit [23, 24].

2.6. Simplified Molecular-Input Line-Entry System.

The American Standard Code for Information Interchange (ASCII) strings are used to
describe different molecules using the simplified molecular-input line-entry system (SMILES).
When investigating chemical characteristics with computers and software models, SMILES are
helpful. For the depiction of different molecular structure attributes, SMILES has established
rules. Because ASCII strings can be processed so easily, SMILES is often used to provide
optical descriptors for quantitative structure-activity relationships (QSAR) [10]. Finding ways
to enhance the SMILES-based QSPR/QSAR concept is a continuous effort. SMILES is used
to model QSAR/QSPR analysis instead of a graph. Additionally, fullerene-based HIV-1 PR
inhibitors have been modeled using SMILES-based optical descriptors.

3. Results and Discussion

Machine-learning-based regression models were proposed to predict continuous
solubility values of antimalarial molecules. These regression-based techniques give intuition
beyond binary classification. The same features were used in the different models.

3.1. Machine Learning Models

A multiple regression model was built to predict continuous solubility values of
antimalarial compounds. Four x values were used, and each feature was viewed as a dimension.
Only four features were considered to predict the output using the multiple linear regression
equation 2. This was derived from the coefficients of the features and the intercept.

LogS =090 — 0.54LogP — 0.009MW + 0.038RB — 1.61AP - - ?2)

where LogS = Solubility of antimalarial compounds;

LogP = Octanol-water partition coefficient;

MW = Molecular weight;

nRB = Number of rotatable bonds;

ArP = Aromatic proportion.

The predicted solubilities for the test compounds are shown in Table 3. To prove further
confidence in our predicted solubility values, the predicted solubility scores were plotted
against the experimental solubility scores for both the train set and the test set, using different
machine learning models (Figure 2). The closeness of the predicted solubility scores and the
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experimental scores shows the robustness of our ML models. This shows that the predictive
powers of the models are competent.

The correlations of the predicted and experimental solubility values are shown in Figure
2. The R? indicates how closely the data resemble the regression line and how well the data fit
the regression line. For the MLR model, R? values for the train and test sets are 0.71 and 0.72,
respectively. The R? values for the train and test sets when the RFR model was used were,
respectively, 0.96 and 0.85. This is indicative of a good fit. Using the KNN, LASSO, and SVR
models, R? values for the train and test sets are (0.98 train set, 0.81 test set), (0.70 train set,
0.72 test set), and (0.53 train set, 0.54 test set), respectively.

Multiple Linear Regression

KNearest Neighbours LASSO
2 B -
+ TainsetR"2=0.71 L i Fain set R~2=0.98 . . TainsetR"2=0.70
ol Est set R*2=0.74 L. 004 . TEstsetR~2=081 : 001 . TstsetR~2=072

Predicted LogS
1
@
Predicted Logs
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-12 _150 ~150
-150 -125 -100 -75 -30 -25 00 -150 -125 -100 75 -50 -25 0O -150 -125 -10.0 -75 -50 -25 00
Experimental Logs Experimental Logs Experimental Log5
Support Vector Regressor Random Forest Regressor
Tain set R*2=053 - - TainsetR"2=0.96

0.0 - TestsetR"2=0.54 8,08 0.0 «  TEstsetR™2=0.85
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Experimental LogS Experimental Logs

Figure 2. Correlation of the predicted and experimental solubility of antimalarial molecules in both the train and
test data using different models.

Table 3. Predicted solubilities for the test molecules.

Molecule index | Experimental solubility | Predicted solubility
0 -5.73262 -4.921481
1 -10.25966 -9.714817
2 -6.83149 -7.638301
3 -4.70568 -4.407898
4 -7.53360 -7.136658
2291 -4.24022 -4.831124
2292 -5.24542 -5.067068
2293 -6.51061 -5.780181
2294 -6.36896 -5.433674
2295 -7.18611 -6.453384

3.2. Model evaluation and comparison.

The summary of the performance of the models is shown in Table 4. To find if the
linear model is good, MSE and R? statistics are used. The lower the residue error, the better the
model fits (the closer the data is to a linear relationship). R? measures the percentage of
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solubility variation that descriptors can explain. Assuming a linear relationship, the proportion
is high, and the R? value will be close to 1 if the descriptors X can predict the solubility.

Random forest regression outperformed all other models in all metrics (Table 4). The
correlation between the predicted and experimental solubility for the RFR model is high
(highest R? = 0.85; lowest RMSE of 0.73). kNN, MLR, and LASSO models also performed
well. Decreased MSE scores show a good model fit (Figure 3). The MSE, MAE, and RMSE
values for the test set were, respectively, 0.93, 0.77, and 0.96 when multiple linear regression
was used. For the RFR model, MSE, MAE, and RMSE scores for the test set are respectively
0.54, 0.41, and 0.73. In the final five-fold cross-validation test, the highest accuracy of
0.8203+0.0177 was achieved in the random forest regressor, while the lowest accuracy of
0.5143+0.0114 was achieved in the support vector regressor (Table 4).

Table 4. Summary of the ML models' performances.

ML algorithms MLR KNN LASSO SVR RFR

Train MSE 1.011191 0.071665 1.071719 1.655333 0.135456

Test MSE 0.931009 0.681645 0.997079 1.621369 0.537102
5-fold cross-validation 1.0192+0.0245 | 0.8112+0.0528 | 1.073+0.0301 1.6933+0.0531 | 0.6260+0.0566
Train R? 0.710425 0.979477 0.693091 0.525961 0.961209

Test R? 0.735241 0.806155 0.716453 0.538918 0.847260
5-fold cross-validation | 0.7094+0.0085 | 0.7673+0.0154 | 0.6922+0.0067 | 0.5143+0.0114 | 0.8203+0.0177
Train MAE 0.76617 0 0586540 0.792787 0.977027 0.187781

Test MAE 0.750951 0.415008 0.776314 0.965481 0.411517
5-fold cross-validation | 0.7666+0.0112 | 0.4669+0.0145 | 0.7932+0.0114 | 0.9895+0.0195 | 0.4578+0.0158
Train RMSE 1.00558 0.267704 1.035239 1.286598 0.368043

Test RMSE 0.964888 0.825618 0.998539 1.273330 0.732872
5-fold cross-validation 1.0063+£0.0121 | 0.9002+0.0296 | 1.0359+0.0145 | 1.3011+0.0204 | 0.7904+0.0357

RFR = random forest regressor; SVR = support vector regressor; KNN = K Nearest neighbors; MLR = multiple
linear regression; MSE = mean square error; R? = coefficient of determination; MAE = mean absolute error;
RMSE = root mean square error. Five-fold cross-validation values were expressed as mean+SD

164 MSE =3 R
) 144 mmm MAE - mmm BEMSE
512
= 1.0-
=08 - 1
2
2064
SHIEE

0.2

0.0

MLE  ANN  LASSO  SVR  RFR

ML algonthms

Figure 3. Grouped plots showing the models' statistics values of the test set. RFR = random forest regressor;
SVR = support vector regressor; k-NN = K Nearest Neighbours; MLR = multiple linear regression.

The size of train data is correlated to how well the learning algorithm functions. Since
the random forest regressor algorithm performed the best in the final test, its learning curves
were examined (Figure 4). The line graphs illustrated the learning curves for RFR models
trained using training sizes of 1000, 2000, 3000, 4000, 5000, and 9182 on solubility datasets.
The method of five-fold cross-validation was used. In the dataset, 80% of the data was used as
training data, and the remaining 20% as test data.
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Figure 4 displays the model performance and accuracy variations between the training
and test datasets as the data volume varied. The learning curves' results revealed a consistent
pattern in the four metrics. As the data volume increased, the model's performance on the test
dataset gradually improved.

Learning Curves for MSE Learning Curves for R™2
10 —— Training error
Test error 095
08 5
- s 090
] E
= u
% 0.6 T 085
] <
7 5
uw ey
B 04 1 0s0
= £
L3
g 075
02 = Training error
Test error
1000 2000 3000 4000 5000 600D 7000 1000 2000 3000 4000 5000 EODD 7000
Taining set size Taining set size
Learning Curves for MAE Learning Curves for RMSE
07 —— Training error 10 —— Taining error
Test errar Test error

09

=
=

03

=
n

07

=
.

Mean absolute Ermor
Root Mean Sguared Error

=
w

02 K 04 \—__

1000 2000 3000 4000 5000 6000 7000 1000 2000 3000 4000 5000 600D 7000
Taining set size

Taining set size

Figure 4. Learning curves of RFR models trained on the solubility dataset using the training sizes of 1000,
2000, 3000, 4000, 5000, and 9182.

3.3. Discussion.

The solubility of chemical entities is an important parameter to consider at all drug
discovery and development stages. Machine learning is a capability that is used in finding
useful information, such as solubility, from data; it is widely used in several fields in the
sciences [25]. The goal of this study's machine learning model development is to build a robust
predictive model for predicting the continuous solubility values of antimalarial compounds.
Regression-based models were previously used to predict anti-inflammatory binding activity
in a set of compounds [26]. Its use in predicting tuberculosis prevalence rates achieved a
goodness-of-fit with an adjusted R? of 0.96 [27]. Support vector regression was employed to
predict skin aging [27]. The authors evaluated the algorithm on test compounds to verify the
accuracy of the generated predictive model. The shallow neural network was developed using
computed molecular descriptors in DMSO to classify molecules into soluble and not soluble
[28]. The model achieved 93% accuracy. In a similar work, the shallow neural network was
compared with SVM using 65 structural group descriptors to develop models for the prediction
of solubility in both organic solvents and water [20]. In another work, seven different
algorithms were built to predict solubility in water, ethanol, acetone, and benzene. In this work,
14 calculated descriptors and the melting point were chosen by human experts [22]. Though
classic machine learning algorithms heavily rely on feature engineering, high-dimensional and
sparse data are frequently used in machine learning applications.

Machine learning algorithms are proving to be useful in areas of medicine where more
precise prognostic models are needed, such as the prediction of patients' outcomes and the
diagnosis of diseases. Here, several models to predict continuous solubility values were
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developed, and the best models were selected from the several models generated. As shown in
Table 4, the best models achieved in each evaluation metric in the Random Forest Regressor
were MSE 0.54, R? 0.85, MAE 0.41, and RMSE 0.73. An R? of 0.85 means about 85% of the
solubility is explained by the descriptors. The RFR is always known for its high performance
and ease of use [17]. Additionally, it is robust to adjustable parameters. RFR is a nonlinear
regressor, and the association between molecular structure and the solubility of molecules is
nonlinear [20]. However, a slight decrease in prediction performance was achieved in the &
Nearest Neighbor model (MSE 0.68, R? 0.81, MAE 0.42, and RMSE 0.83). RFR proved its
robustness by producing the least error, that is, reducing the MSE to 0.54, the most important
metric in assessing predictive models. The worst prediction performance was observed in the
Support Vector Regressor model (MSE 1.62, R? 0.54, MAE 0.97, RMSE 1.27). Meanwhile,
both the Multiple Linear Regression and LASSO models had good prediction performance, as
their R? scores were greater than 0.70. This shows that more than 70% of their solubility is
described by the descriptors.

Prediction of solubility values for antimalarial compounds is an important task in drug
discovery research. Solubility is a key property of drug molecules, as it can affect their
absorption, distribution, metabolism, and excretion in the body [28, 29]. In the case of
antimalarial compounds, solubility can also affect their effectiveness in treating malaria. To
prove further confidence in our predicted solubility values, the predicted solubility scores were
plotted against the experimental solubility scores for both the train set and the test set, using
different machine learning models (Figure 2). The closeness of the predicted solubility scores
and the experimental scores shows the robustness of our models. This shows that the predictive
powers of the models are competent.

In addition to how well machine learning models performed when applied to the total
amount of solubility data, the accuracy of the models under various conditions was also
thoroughly explored, demonstrating how the learning tasks affected the performance of the
models. To describe those coefficients that are relevant to predict solubility, p-values were
measured. When calculating statistical significance, the p-value is used to indicate whether or
not the null hypothesis should be rejected [30]. If a variable is statistically significant for
predicting the target, the p-value for each coefficient will indicate this. The p-values for the
descriptors are MolLogP 0.00, MolWt 0.00, NumRotatableBonds 2.19 x 10-16, and
AromaticProportion 5.79 x 10-106. Since the p-values are less than 0.05, it shows there is a
strong correlation/relationship between the descriptors and the solubility.

For multiple linear regression, the p-value is unique to each predictor, whereas the F-
statistic is determined for the entire model [19]. The F-statistic for the model is 7214. Since the
F-statistic is much larger than 1, it suggests that there is a strong relationship between the
descriptors and solubility. To indicate a strong relationship for a small dataset, the ' value must
be significantly more than 1. The model with the lowest Akaike Information Criterion (AIC)
offers the best fit.

Solubility is one of the essential features of a drug candidate in medicinal chemistry
and pharmacology [6]. Regression-based predictions of the solubility of drug candidates can
be compared to their human predictions. Several researchers have previously developed models
for the prediction of solubility based on either property or activity [7]. COSMO-RSol
considered the energy of fusion in the prediction of equilibrium constants for liquid-liquid,
liquid-vapor, and solid-solid states. Another work predicted solubility with temperature. It is
more informative to predict the solubility values for antimalarial compounds rather than just

https://nanobioletters.com/ 11 of 15


https://doi.org/10.33263/LIANBS143.187
https://nanobioletters.com/

https://doi.org/10.33263/LIANBS143.187

indicating the binary classification of either being soluble or not soluble. It is imperative to
point out here that further studies will explore a variety of embedding strategies (sequence
embeddings, knowledge graph embeddings, and graph embeddings) to enhance the prediction
performance of our models. Our goal is to further apply this study to a real-life drug design and
repurposing and then test our model's performance to experimentally evaluate our findings'
clinical applicability.

4. Conclusions

The study demonstrated that RFR is a powerful predictive supervised learning model
with reproducible outcomes and the lowest model error when compared to other ML
techniques. This model allows for the prediction of drug solubility, which can be utilized in the
design of new bioactive chemical entities using artificial intelligence qualities. The authors
concluded that the increasingly accurate methods of predicting solubility might eliminate the
need for animal testing.
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