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Abstract

In this work, a series of quantitative structure-toxicity relationship (QSTR) models was developed using the Online Chemical
Database and Modelling environment (OCHEM). Two datasets consisting of 1204 and 1330 compounds were used. Three machine
learning methods were employed for modelling: the transformer convolutional neural network, the transformer convolutional neural
fingerprint, and the associative neural network. Seven QSTR models were developed, and their predictive performance was
evaluated using a fivefold cross-validation procedure. This evaluation resulted in g2 values between 0.74 and 0.75 for the regression
models and a balanced accuracy between 81% and 83% for the classification models. The external test sets achieved balanced
accuracy scores of 87% for classification and q? values between 0.72 and 0.73 for the regression models. The experimental results
for the six compounds were consistent with those predicted by the QSTR models and differed slightly between the two compounds.
The results of in vivo and in silico toxicity studies of quinoline derivatives indicated that all compounds have slight or moderate
toxicity according to the classification by Passino-Smith and low toxicity according to the GHS categories. A comparative analysis
of acute toxicity studies (LDsg) of quinoline derivatives on the hydrobiont Daphnia magna along with a comparative analysis of the
predicted toxicity values of several drugs and quinolines allowed classifying the studied compounds as low-toxic and confirmed

their prospects for further study and potential use in the medical field, particularly as effective antimicrobial agents.
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1. INTRODUCTION

Toxicological screening is very important for
developing new drugs and expanding the
therapeutic potential of existing molecules.
Establishing the effects of chemicals,
nutrients, and pharmaceuticals is crucial today.

toxic

Determining the toxicity profiles of new
compounds have become a mandatory procedure,
especially in the early stages of drug discovery. At
the same time, aquatic toxicity is at the forefront of
the harmful effects of chemicals on the environment
Although

significant interest in aquatic organisms for toxicity

and biological organisms/systems.
testing is relatively recent, science has long noted
the close connection and virtual dependence of all
living systems on water as an integral part of living
particles,

organelles, cells, tissues, and organ

Publisher’s Note:
Pandawa Institute stays neutral with regard to jurisdictional
claims in published maps and institutional affiliations.

(©MOM

Copyright:
© 2025 by the author(s).
Licensee Pandawa Institute, Metro, Indonesia. This article is an

open access article distributed under the terms and conditions
of the Creative Commons Attribution (CC BY) license (https://
creativecommons.org/licenses/by/4.0/).

systems [1]. In acute and chronic toxicity tests,
various organisms, such as invertebrates, fish, and
phytoplankton are used. The acute toxicity test
towards Daphnia magna is intended to screen the
toxicity of chemicals, wastewater, surface water,
and groundwater [2]. D. magna is one of the most
commonly used model organisms to evaluate the
toxicity of a wide range of pharmaceutical drugs
[3]. In recent years, many studies have been
published on the toxicological effects of drugs
belonging to various therapeutic classes, such as
analgesics [4], anthelmintics [5], antibiotics [6][7],
drugs [8],
antidiabetic drugs [10], antiepileptic drugs [11], and
anti-inflammatory drugs [12][13] with using D.

anticancer antidepressants  [9],

magna. Among various model organisms, D.
magna is the most sensitive animal to various
pharmaceutical drugs of a wide range of therapeutic
classes such as paracetamol, carbamazepine,
cimetidine and sulfonamide antibiotics [3][14][15].

Among the heterocyclic compounds, quinoline is
a valuable building material, which serves as an
essential assembly motif for developing new drugs.
Quinoline and its derivatives, known for their
biological activities, constitute an important class of
compounds for drug development. Thus, various
scientific communities have developed these
compounds as key structures and assessed their
biological activities [16][17]. A number of natural
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Table 1. Statistical coefficients calculated for the classification models.

Method Set Sensitivity (%) Specificity (%) AUC® Balanced Accuracy (%)
Training 79 83 0.88 +0.01 81+1.0
Trans-CNN
Test 83 91 0.94 +0.02 87+2.0
Training 80 86 0.89 £0.01 83+1.0
Trans-CNF
Test 86 88 0.92 +£0.02 87+2.0
Training 76 85 0.88 +0.01 81+1.0
ASNN
Test 80 93 0.91£0.02 87+£2.0
.  Training 78 87 0.90 +0.01 82+1.0
Consensus
Test 83 92 0.93 £0.02 87+2.0

*The consensus model was built by averaging three models. "The area under the curve (AUC) is the measure of the ability of a binary classifier to

distinguish between classes.

products with a quinoline skeleton are either used as
drugs or serve as lead molecules for developing of
new and promising therapies. The quinoline-
containing structure is crucial for many drugs
currently used in clinical practice to treat various
diseases [18][19]. Quinolines such as quinine and
chloroquine exhibit numerous pharmacological
properties, functioning as antimalarial, antiparasitic,
antibacterial, antiviral, antifungal, and anticancer
agents, and they also play a role in treating
[20][21]. Additionally,
quinolines have been explored as new effective
antibacterial agents against multidrug-resistant
strains [22][23]. Further research in this domain,
including the potential toxicological risk of
quinolines, pivotal for exploiting their therapeutic

autoimmune  diseases

potential.
Machine learning (ML) is becoming
indispensable tool in drug discovery, particularly

an

for predicting molecular properties and toxicity
levels [24]. Traditional evaluations of toxicity
present challenges due to the complexities and
resources required for human and animal studies,
which restrict reliable data availability. ML can
enhance or replace traditional experimental
facilitating  the of
compounds with desirable on-target effects while

methods, identification
eliminating those with undesirable properties [25].
However, reliance on ML also carries risks,
including biases from unrepresentative training
datasets and inadequate model construction. These
challenges can lead to inaccurate predictions and
misinterpretations of confidence in ML outcomes,

ultimately resulting in poor decision-making in drug

development.  Therefore, a  comprehensive
understanding of ML model predictive validity is
essential for improving decision-making and
accelerating drug development, particularly through
well-defined datasets that focus on predicting
toxicity based on small molecule structures [26].
Our research aimed to evaluate the toxicity of
several quinoline derivatives as promising drug
candidates based on a rational combination of
theoretical and experimental studies.

2. MATERIALS AND METHODS

2.1. Data

The initial set of experimental data on the D.
magna acute toxicity of various chemical
compounds (1600 molecules) used from the
OCHEM database [27] included data from the
ECOTOX [28], VEGA [29] databases and a list of
scientific publications [30]. Two different datasets
were used to build the QSTR models. The first
dataset I (1204 compounds) included various
chemical series of compounds chosen from the
original data. The data were divided into high-
toxicity (526 compounds with LCsy < 10 uM) and
low-toxicity (678 compounds with LCso > 10 uM)
This the
development of classification models, which were

molecules. dataset was used for
used for a preliminary evaluation of the investigated
compounds toxicity. A second dataset II was
created by selecting 1330 compounds from the
initial set. The lethal concentration (LCsg) values of
the molecules ranged from 0.0857 nM to 353.6

mM. The LCsy values were converted into log(1/
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LCsg) values and were used as the target variable to
develop regression models. To thoroughly validate
the developed models, all datasets were randomly
divided into a training set (80% of compounds) and
an external test set (20% of molecules).

2.2. OCHEM Tools

Different techniques and groups of
descriptors were tested within OCHEM while
constructing the QSTR models. The best models
were created by the transformer convolutional
neural network (trans-CNN) [31], transformer
convolutional neural fingerprint (trans-CNF) [32]
and associative neural network (ASNN) [23]. The
optimized parameter settings were used for each
machine learning method offered by the OCHEM
platform. Trans-CNN uses information about
molecules based on their SMILES notation to build
QSTR models [31]. The method predicts a target
value by averaging individual predictions for a
batch of non-standard SMILES belonging to a
single molecule. Within-batch variance can serve as
a measure of the confidence interval of a forecast,
and the ability to canonicalize SMILES can be used
to determine the uncertainty of forecasts. Trans-
CNF is similar to trans-CNN, but instead of using a
convolutional neural network, it employs a
convolutional neural fingerprint to process the
latent representation of the neural network. This
network also uses the augmentation technique,
which is used in computer vision and has recently
been introduced in QSTR studies [32]. The ASNN
is a highly effective and efficient algorithm that
combines the strength ensemble of feed-forward
backpropagation neural networks with the k-nearest
neighbors (kNN) method, providing exceptional
accuracy and reliability for a wide range of
applications. While neural networks create global
models, kNN provides local correction of the global
model set [33]. This combination helps to correct

the bias of the neural network ensemble, thereby
increasing its accuracy. The ensemble consisted of
100 neural networks developed using the default
parameters provided by OCHEM.

The descriptors calculated by ALogPS [34] and
Mold2 [35] software were used to build the ASNN
model. The ALogPS program calculates the 1-
octanol/water partition coefficient and aqueous
solubility. Mold2 software efficiently computes a
wide array of descriptors that encode crucial two-
dimensional chemical structure information. This
software is publicly available and developed by the
Bioinformatics Center under the direction of Dr.
Wade Tong of the National Center for Toxicology
Research (NCTR) [36]. The performance of the
QSTR models was evaluated using a fivefold cross-
validation technique and external validation sets
[37]. To prevent inaccurate model estimations
caused by overfitting from variable selection,
OCHEM carries out multiple repetitions of all the
stages involved in model development within each
validation fold. This approach helps ensure that the
models created are reliable and can be used to make
accurate predictions. The final models' quality was
verified using the test sets mentioned earlier.

When  evaluating the performance of
classification models, two commonly used metrics
are sensitivity and specificity. Sensitivity measures
the proportion of true positive results, while
specificity measures the proportion of true negative
results. These metrics are calculated by comparing
the predicted and actual values of the target variable
and are useful for assessing the accuracy and
reliability of a classification model. Sensitivity and
specificity were calculated using Formula 1 and 2,

respectively.
SN = TP/(TP + FN) 1)
SP = TN/(TN + FP) ?2)

Table 2. Statistical coefficients of the regression QSTR models.

Training Set Test Set
Method 3 3 . 3 3
R q RMSE R q RMSE
Trans-CNF 0.74+£0.02 0.74+0.02 0.84+0.02 0.72+£0.04 0.72+0.04 0.80+0.04
Trans-CNN 0.74+£0.02 0.74+0.02 0.85+£0.02 0.72+0.04 0.71+0.04 0.81+0.05
Consensus” 0.76 £0.02 0.75+£0.02 0.83+£0.02 0.73+0.04 0.73+£0.04 0.79+£0.05

*The consensus model as a simple average of the trans-CNF and trans-CNN models.
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Figure 1. Plots of experimental versus predicted values for the consensus QSTR model.

The quantities TP, FP, TN, and FN represent the
number of true positives, false positives, true
negatives, and false negatives, respectively. The
performance of the models was evaluated by using
the balanced accuracy (BA), which is calculated
using Formula 3.

BA = (SN + SP)/2 3)

The performance of the regression models was
assessed using several evaluation metrics. These
metrics included the root mean square error
(RMSE), which measures the average deviation of
the predicted values from the actual values; the
mean absolute error (MAE), which measures the
average absolute deviation between the predicted
and actual the squared correlation
coefficient, Rz, which is a measure of how well the
model fits the data; and the coefficient of
determination, q°, which is a measure of the

values;

predictive power of the model [38]. These metrics
help determine the accuracy and reliability of
regression models and can serve as a guide for
further improvements or adjustments to the models.
The applicability domain and the accuracy of
developed QSTR models predictions were assessed
using OCHEM functions [39][40].

2.3. D. magna Acute Toxicity Test

Standard testing for OECD 202 [41] is
performed by exposing young daphnids to the test
compounds at a range of concentrations of 0.001,
0.1, 1.0, 10.0, and 20.0 mg/L for 48 h. Seven
individuals in 50-mL glass participated in each
testing. Immobilization is recorded at 24 and 48 ho
and compared with control Lethal
concentration LCsy and the respective 95%
confidence intervals (CI) were calculated using the

values.

Statistica 7 program. Animals not able to motion
within 15 s after nutation of the test glass were
considered to be immobilized. All samples of
compounds studied in the work were synthesized in
the Department of Chemistry of Zaporizhzhya
National University (Ukraine).

3. RESULTS AND DISCUSSION
3.1. OSTR

3.1.1. Classification Models (Dataset 1)

The initial set of 1204 compounds was randomly
split into training (963) and test (241) sets. The
numerical values of activity were discretized as
described in the experimental section. Three
machine learning methods were used for modeling:
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Table 3. Quinolone derivatives acute toxicity calculated using the consensus classification QSTR model.

No Structures Predicted Toxicity Estimated Accuracy Applicability Domain
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Table 3. Cont.

No Structures Predicted Toxicity Estimated Accuracy Applicability Domain
OH
(0] 0]
OH
6 Nl low 0.85 TRUE
‘WNH
53@
N
N Cl
0] OH
I
7 “NH low 0.94 TRUE
=
NN
N Cl
low 0.81 TRUE

"
8 Ho/\/owr\\N/N |
o

/N

*TRUE - the forecast is reliable; FALSE - the forecast is unreliable.

the trans-CNN [31], trans-CNF [32], and ASNN
[33]. We preliminarily investigated all descriptor
sets available at the OCHEM website. The final
ASNN models with the highest prediction
accuracies were calculated using descriptors
calculated by ALogPS [34] and Mold2 [35]
software as described in the experimental section.
The developed models are summarized in Table
1. All the models showed similar results in terms of
sensitivity, specificity, AUC and balanced accuracy
(BA). The cross-validated BAs for the training sets
were in the range of 81-83%. Similar accuracies
were also calculated for the B4 equals to 87% test
sets. The consensus model achieved the highest
This  model applied to
preliminarily evaluate the toxicity of quinolone

performance. was

derivatives, as described in the next section.
3.1.2. Regression Models (Dataset II)

The initial dataset of 1330 compounds was split
by chance into training (1064) and test (266) sets as

described. The regression models built by the trans-
CNF [31] and trans-CNN [32] methods (see Table
1) achieved the best performances. The ¢’ values
were 0.74-0.75 and 0.72-0.73 for the training and
test sets, respectively. Other statistical parameters
of the models are summarized in Table 2. A
consensus model, which was an average of both
models, achieved the best performance. This
method was used to quantitatively evaluate the
toxicity of quinolone agents, as described in the
next section.

Fig. 1. shows the regression line plotting the
values predicted by the consensus QSTR model
for dataset II. Most predictions do not differ
from the experimental values by more than 2
log units. Only 35 chemicals in the training set
had residuals between the experimental and
predicted log LCsy values higher than 2 log
units but lower than 3 log units. Notably, in the
test set, only 5 chemicals had residue values
between 2 and 3 log LCs units. This highlights
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Table 4. Prediction of the studied compounds acute toxicity by the regression consensus QSTR models.

Toxicity Class According to the Classification of Passino-Smith

AD
TRUE
TRUE
TRUE
TRUE
TRUE
FALSE
TRUE
TRUE

CONSENSUS-STD

Ig(1/LCs)

LCs, (mg/L)

Slightly
Slightly
Moderately

0.38
0.38
0.30
0.25
0.07
0.60
0.36
0.20

3.91
4.24
4.61
5.31
5.99
4.29
4.58
4.62

36.08
17.34
7.74

1

2

Moderately

1.70
0.36
16.20

Highly

Slightly
Moderately

6

8.88

7.01
*Danger rating according to the classification of Passino-Smith [42]: practically harmless (100-1000 mg/L), slightly toxic (10-100 mg/L), moderately toxic (1-10 mg/L), highly toxic (0.1-1.0 mg/L); TRUE — the forecast

is reliable; FALSE — the forecast is unreliable.

Moderately

the robustness of the proposed consensus model
(see Fig. 1, Table 2).

3.2. Forecasting Compound Toxicity by OSTR
Models

In the first stage, the toxicity of potentially active
compounds was predicted using classification
QSTR models. For a more detailed assessment,
numerical/quantitative toxicity was predicted using
the proposed QSTR regression models. The results
of the research are presented in Tables 3 and 4.

By analyzing the classification models presented
in Table 3 to predict the toxicity of the quinoline
derivatives, it was concluded that all compounds
except compound 4 had low toxicity. Compound 4
is moderately toxic (LCsp > 10 mol/L), which was
confirmed by regression models (Table 4).

After analyzing the results of toxicity predicting
of the quinoline derivatives to D. magna, based on
the classification of Passino-Smith, it can be
concluded that the investigated compounds fall into
three categories: slightly toxicity (compounds 1, 2
and 6), moderate toxicity (compounds 3, 4, 7, and
8), and high toxicity (only compound 5). In
accordance with modern requirements for the safety
of pharmacologically active compounds, a
comparative in vivo analysis of the toxicity profile
of the studied quinolines and known drugs was
carried out using models published on the OCHEM
server [43], which take into account a wide range of
values/types of toxicity depending on the type of
organism and method administration of the drug
(Table 5).

Table 5 shows that the calculated LDs, values of
the reference drugs and the studied quinoline
derivates have similar toxicity levels - for drugs an
average of 2.35 -log(M) and for quinolines an
average of 2.27 -log(M) to 2.75 -log(M). To
analyze the toxicity profile of the studied
derivatives, in silico toxicity LDs values expressed
as -log(M) for guinea pigs, mice, rats, and rabbits
were transformed into absolute LDs, values under
oral and dermal testing conditions (Table 6).

3.3. Acute Toxicity Test with D. magna

Following the absolute LDs, toxicity values in
accordance with Globally Harmonized System of
Classification Labeling of Chemicals (GHS) [46],
all studied quinolines can be classified as
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0T w0 g n oo substances in the low toxicity hazard categories.
2T TS L9 The in silico and in vivo toxicity results of studied
quinolines to D. magna are summarized in Table 7.
® O N > > > T O The results of in vivo and in silico toxicity
(S I S K S T B studies of quinolines (Table 7) indicate that all
compounds are in the range of slight to moderate
el &§ & R & S = 2 toxicity by Passino-Smith classification and low
- oY s e e o toxicity by GHS Categories. Comparative analysis
2 o . . gy
*§ T e 8238 @ e 2 of in vivo anc} in .szlzco studies of the acute tox1.<:1ty
5 1S 6 QG T e e : (LDsp) of quinolines on the D. magna hydrobiont
=] and comparative analysis of the predicted toxicity
] . . .
£ R e - s 4 values of several drugs and quinolines made it
=l | @ O = & n T A . . .
= SoT S NS I e B B possible to classify the studied compounds as low
5, toxicity and confirmed their promise for study and
w8 5 28 3 8 & § further potential use in the medicinal field including
@ T e T a a as effective antimicrobial agents.
In recent decades, quinoline derivatives have
al e = = © 0 X S 9O occupied an important place in scientific research
N N AN NN e o o ]
due to the significance of the quinoline skeleton in
various natural and pharmaceutical products [47].
il B S S S SN e Since the discovery o qu1n9 ine cc.)n.lpoun s 1nt. e
19th century, many of their medicinal properties
- have been identified. Today, several biologically
on <t v en (o) S (ag] o O . .
= w N S 8 R S S important agents have been described among
E A F & d &N o <F L o .
quinoline  derivatives. Thus, diarylurea and
diarylamide derivatives including quinoline core
- armed with dimethylamino or morpholino side
g chain were selected and described by the National
Ly Cancer Institute (NCI, USA) as cytostatics against
2 | S 258558582 oo I1 lines of ni types [48]. N
hi ASaaosdaasaa cancer cell lines of nine cancer types [48]. New
£ H BEAA A A 1,3-oxazolo[4,5-c]quinoline derivatives
g demonstrated antibacterial and antituberculosis
= properties [49]. Antimicrobial activity has been
g established for quinoline derivatives containing a
< 1,2,4-triazole fragment [50] and for 2(4)-hydrazone
£ derivatives of quinoline [22]. Numerous authors
© % have indicated the presence of insecticidal activity
S 4 in new quinoline derivatives containing a
S A e
ﬁ = perfluoropropanyl group [51]. Many quinoline
= 2 3 2 derivatives present a promising opportunity for
[
g é é 2 § & further biomedical research and therapeutic
= g g é 5 § development due to, for example, antioxidant
o > - .
_g _‘.; _‘.; E GE) g E E E ,  properties [52].
< n o »n 2 8 0 wnon _E“ It is important to note that the perspective for
N- ,3“? further studies of quinolines is largely determined
S % by their potential toxicity, including water toxicity,
w 2 . - - - §g|E asamedium for supporting life in organisms of
2 ] 5 B8 5 o k> : : i7ati
= i s = = & & & = g L Yarlous functional and organizational levels. For
= 7 ¥ ¥ & & & & & Z|8 instance, several authors have reported the results of
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studies of the aquatic toxicity of numerous
quinolones using the marine bacterium Vibrio
fischeri as a test organism. ECs, values were
recorded in the range from 14 pg/L for ofloxacin to
1020 pg/L for pipemidic acid. Following the
approach outlined in the EEC directive 93/21/EEC,
the authors classified almost all quinolones as
belonging to the group categorized as "very toxic to
aquatic organisms" (ECso below 1 mg/L) [53].
Adverse effects of quinoline and isoquinoline were
observed in the algae V. fischeri, while in the D.
magna immobilization test, the authors recorded the
toxicity of only hydroxylated quinoline derivatives.
In conclusion, it was stated that hydroxylation of
quinoline leads to detoxification of genotoxic
potential, whereas quinolines, isoquinolines and
their metabolites have ecotoxicological significance
in groundwater [54].

It is also known that the testing of the aquatic
toxicity of various azaarenes (quinoline, acridine)
was conducted using hybrobionts of the embryo-
larval stages of rainbow trout (Salmo gairdneri) and
largemouth bass (Micropterus salmoides). The
authors demonstrated a correlation between the
number of rings and the level of toxicity of the
studied azaarenes - LCsy of acridine (three rings)
and quinoline (two rings) were 11.0 and 0.32 mg/L,
respectively. A compound with a large number of
aromatic rings has exhibited high toxicity [55]. In
our previous work, the acute toxicity results of
studied (quinolin-4-ylthio)carboxylic acids as
promising antibacterial agents against MDR E. coli
most of the studied
compounds are classified as slightly toxic and

strains indicated that
practically harmless [23].
4. CONCLUSIONS

It is known that toxicological research strategies
in the drug discovery field involve a multi-level
approach using in silico, in vitro and in vivo safety
experiments to assess the risks of a drug candidate.
Computational in  silico  approaches and
experimental in vivo studies aimed at predicting
toxicity are used to optimize the safety aspect of
drug development and candidate selection so that
subsequent preclinical programs/protocols and
clinical trials can be successful. Predictive
classification and regression models based on

Table 6. Comparative analysis of absolute LDs, values for the tested quinolones.

Tested Quinolines

Administration Route

Species

596.9
887.0
941.7

853.1 353.9 340.0 730.8 865.9 551.1
751.5 828.7 1091.0

1026.0

955.6
1112.0

Oral
Oral

Guinea pig

803.9

1121.0

Mouse
Rat

1156.0 852.9 947.2 1264.0 1223.0 822.6
2269.0 2038.0

1319.0
2794.0

Oral

3387.0 2030.0 2128.0

2336.0

2339.0

Skin

Rat

997.7 5259 564.2 1037.0 1090.0 729.8 831.6
1275.0 2439.0

2877.0

1112.0
2820.0

Oral

Rabbit
Rabbit

2978.0

2418.0

3871.0

1367.0

Skin
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Category of Toxicity by GHS?
Low
Low
Low
Low
Low
Low
Low
Low

In silico®
Slightly
Slightly

Moderately
Moderately
Highly
Slightly
Moderately
Moderately

In vivo'
Slightly
Slightly
Moderately
Moderately
Slightly
Moderately
Slightly

Class of toxicity by Passino-Smith (for D. magna)
Moderately

In vivo Acute Toxicity, mg/L (for D. magna)
294 +1.6
225+1.4
9.7+0.2
8.2+0.3
3.7+0.1
153+£0.8
9.9+0.2
12.5+0.7

— AN N T wn O > ©

No.

Table 7. Comparative analysis of in vivo and in silico studies of the acute toxicity (LDso) of quinolines 1-8 on the D. magna hydrobiont model.

'In vivo LCs, range according to the classification of Passino-Smith; 2LCs, range according to the built QSTR models classification; *Categories of toxicity based on drugs acute toxicity by the oral and dermal administra-

tion route expressed as LDso/LCs.

different machine-learning methods were built
using the OCHEM platform. The created QSTR
models demonstrated good stability, robustness and
predictive power, as verified by cross-validation
and prediction of a randomly formed test set. Our
newly developed QSTR models, freely published
on the OCHEM server, can be extremely useful for
a diverse range of drug design researchers working
to create novel therapeutic antimicrobial agents. In
particular, we found that the studied quinolines
show great promise as scaffolds for developing
these agents. The in vivo and in silico toxicity
results of quinoline derivatives not only allowed us
to classify them as low-toxic compounds but also to
recommend them as antibacterial drug candidates
based on the outcomes of computer-aided drug
design. With the help of our QSTR models,
researchers will be able to predict the toxicity of
their drug candidates more accurately and optimize
their designs accordingly, ultimately leading to the
development of safer and more effective treatments
for various infectious diseases.
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