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IN SILICO PREDICTION OF NEUROPROTECTIVE
PROPERTIES OF NATURAL COMPOUNDS USING

SCUTELLARIA BAICALENSIS AS AN EXAMPLE

Aim. To develop, optimize, and evaluate effective in silico models for predicting the neuroprotective and anxiolytic
properties of natural compounds using Scutellaria baicalensis as a case study. Methods. Construction and validation
of machine learning models. Results. Three machine learning models, constructed using the Random Forest, XGBoost,
and LightGBM algorithms, were developed for in silico prediction of the neuroprotective and anxiolytic activity of
natural compounds. The classifiers achieved an accuracy of 75—78%. A binary classification approach was proposed,
incorporating molecular descriptors and structural fingerprints, which, after preprocessing and optimization, enabled
the identification of compounds with potential neuroprotective activity. The study confirms the effectiveness of these
modeling approaches in predicting the neuroprotective, anxiolytic properties of S. baicalensis compounds. Application
of the models to known phytochemicals from this plant verified previously reported bioactive substances: 46 out of
78 analyzed compounds were predicted to be potentially active. Conclusions. The in silico prediction of neuroprotec-
tive properties of bioactive compounds shows promise for screening and identifying phytocomplexes, particularly for
applications in modern medicine such as the prevention and management of PTSD and other neurological disorders.
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Introduction

Modern pharmacology is rapidly evolving, em-
ploying advanced methods for the analysis and
prediction of the biological activity of both syn-
thetic drugs and natural compounds. The tradi-

tional experimental techniques, such as in vitro
and in vivo testing, despite their high accuracy, are
associated with substantial resource, time, and fi-
nancial costs, as well as bioethical concerns related
to the use of laboratory animals and challenges in
reproducibility. These limitations have stimulated
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the development of alternative research approa-
ches, among which in silico methods have emerged
as leading tools. These approaches allow us to ef-
fectively reduce experimental costs, accelerate the
acquisition of results, and to eliminate the ethical
issues associated with animal testing. In silico
methods include virtual screening, molecular
docking, quantitative structure-activity relation-
ship (QSAR) analysis, and the prediction of
ADMET properties [1]. These techniques are in-
creasingly applied in the identification of bioactive
compounds, including novel antibiotics in res-
ponse to resistance, protein kinase inhibitors, and
other therapeutics. In contemporary pharmaco-
logical research, in silico tools such as molecular
docking and virtual screening are widely used to
explore ligand-target interactions, thereby redu-
cing the need for complex in vitro and in vivo ex-
periments [2]. These technologies are also crucial
in the study of natural products, especially when
plant-based raw materials are scarce or difficult to
access. Despite the existence of many herbal pre-
parations with proven efficacy, their large-scale ap-
plication is often limited by restricted availability
of source material. In such cases, the application of
in silico methods enables the rapid identification of
promising bioactive molecules for further experi-
mental validation [3].

One of the most promising medicinal plants
with a broad therapeutic profile is Scutellaria bai-
calensis. This perennial herb from the Lamiaceae
family has long been used in traditional medicine
in East Asian countries and is known for its pro-
nounced neuroprotective and anxiolytic effects, as
well as antioxidant, anti-inflammatory, antiviral,
antibacterial, and anticancer activities [4—6].
Among its key constituents, the flavonoids baica-
lin and baicalein have been shown to exert neuro-
protective and anxiolytic effects through interac-
tion with GABA , receptors (gamma-aminobutyric
acid type A). Baicalin functions as a positive allos-
teric modulator at the benzodiazepine site GABA
receptors, selectively binding to subunits contai-
ning a2 and a3, thereby providing anxiolytic ef-
fects without significant sedation or muscle relaxa-
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tion [7]. Baicalein, on the other hand, primarily
targets non-benzodiazepine sites of the GABA,
receptor and demonstrates similar effects, with ad-
ditional neuroprotective properties and minimal
impact on the serotonergic system [8]. Further-
more, baicalein has been shown to activate the
TrkB/AKT signaling pathway, promoting synap-
togenesis and neuroprotection [9]. Considering
the current public health challenges in Ukraine —
particularly the rise in cases of post-traumatic
stress disorder (PTSD) and neurological disorders
among military personnel and civilians affected by
the ongoing war — the therapeutic potential of
S. baicalensis bioactive compounds is of particular
interest. The previous research has highlighted the
plant’s neuroprotective and anxiolytic mechanisms
[6, 10—12]. However, due to the limited availabili-
ty of raw plant material — S. baicalensis being na-
turally distributed primarily in East Asia (China,
Korea, Japan) and partially in Russia [4] — the
practical application and study of this plant remain
uncommon in Ukraine. Therefore, to predict the
biological activity, this study applied machine
learning models: RandomForest, XGBoost, and
LightGBM. These in silico models are highly effec-
tive for classifying complex pharmacological data-
sets, as they are capable of capturing nonlinear re-
lationships between molecular descriptors and
biological activity, while maintaining robustness
against overfitting [13, 14].

RandomPForest is an ensemble method based on
constructing a large number of decision trees and
averaging their outputs to achieve strong generali-
zation. XGBoost is a gradient boosting algorithm
that sequentially builds decision trees, where each
subsequent tree corrects the errors of the previous
one through gradient descent optimization [13].
LightGBM is a fast and efficient gradient boosting
framework that uses a leaf-wise tree growth strate-
gy, providing high computational speed and accu-
racy when working with large volumes of data. It is
considered one of the most powerful machine
learning tools for biomedical research [14].

The use of these models enables rapid and effec-
tive identification of promising compounds with
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neuroprotective and anxiolytic properties, which
was verified using a test set of known natural com-
pounds derived from S. baicalensis [15]. The fur-
ther application of in silico approaches will facili-
tate the discovery of additional active candidates,
ensure more rational use of natural plant resour-
ces, and enhance the efficiency of future experi-
mental research.

Therefore, the aim of this study was to develop
and optimize in silico models for predicting the
neuroprotective and anxiolytic properties of natu-
ral compounds, using Scutellaria baicalensis as a
representative example.

Materials and Methods

To construct machine learning models for predic-
ting neuroprotective and anxiolytic activity, the
data were obtained from the ChEMBL database —
an open-access repository of bioactive small mole-
cules with known activity against various biologi-
cal targets such as receptors and enzymes [1]. Ac-
cess to the database was provided via the ChEMBL
API. The responses from the API were returned in
JSON (JavaScript Object Notation) format, a wide-
ly used data exchange standard suitable for parsing
in Python. Computational operations were carried
out using the cloud-based platform Google Colab,
which supports integration with all the Python lib-
raries used in this study and enables efficient cal-
culations and predictions on server infrastructure,
eliminating the need for local computational re-
sources.

A list of mechanisms of action pharmacologi-
cally associated with neuroprotective and anxio-
lytic activity was compiled (including, for example,
“Dopamine D2 receptor antagonist”, “GABA recep-
tor agonist”, “Serotonin transporter inhibitor”, “Ser-
otonin la (5-HT1a) receptor agonist’, “Muscarinic
acetylcholine receptor M1 agonist’, efc.). Using the
ChEMBL API, a dataset of compounds matching
these mechanisms was retrieved. A total of 104
such mechanisms were selected, and compounds
acting as agonists, antagonists, or inhibitors of the
respective targets were collected based on their
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ChEMBL IDs. For each selected molecule, IC50
values were extracted. After filtering and dedupli-
cation, the final dataset consisted of 687 com-
pounds. An example of the results is presented in
the Table 1.

To facilitate further analysis, IC50 values were
converted to pIC50 using Equation 1.

pIC50 = -log, (IC50 x 10°%). (1)

To facilitate classification, the pIC50 value was
used to define bioactivity thresholds: molecules
with pIC50 > 6 were considered active (class 1),
while all others were assigned to the inactive class
(class 0). Due to class imbalance, oversampling
was applied to the active class by duplicating those
molecules in order to reduce model bias toward
the majority class.

For each molecule, the corresponding SMILES
notation was retrieved using its ChEMBL ID and
used to calculate molecular descriptors [16]. The
«RDKit» library, an open-source cheminformatics
framework for Python, was employed to generate
these descriptors based on SMILES structures. The
following descriptors were computed: MW (mo-
lecular weight), TPSA (topological polar surface
area), LogP (lipophilicity), and the number of hy-
drogen bond donors and acceptors (NumDonors /
NumAcceptors). Additionally, molecular finger-
prints were generated using both the Molecular
ACCess System (MACCS keys, 167 bits) and Mor-

Table 1. Molecules retrieved via ChEMBL API
according to mechanisms of action

molecule_chembl_id mechanism_of action

CHEMBL2359670 |Dopamine D2 receptor antagonist

CHEMBL1201003 |Serotonin 1b (5-HT1b) receptor
agonist

CHEMBL3989558 | Serotonin la (5-HT1a) receptor
partial agonist

CHEMBL1214124 |Glutamate receptor ionotropic
AMPA antagonist

CHEMBL972 Monoamine oxidase B inhibitor
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gan fingerprints (ECFP4, 2048 bits). MACCS is a
predefined set of structural keys, where each bit
indicates the presence or absence of specific che-
mical substructures. Morgan fingerprints are cir-
cular fingerprints that capture the atomic environ-
ment within a specified radius. In this case, binary
vectors of length 2048 bits were generated using
ECFP4 (Extended-Connectivity Fingerprints with
radius = 2), a widely accepted standard in QSAR
modeling and bioactivity prediction due to their
sensitivity to molecular structure. The use of both
molecular descriptors and structural fingerprints
as input features is a common approach for pre-
dicting toxicity, bioactivity, and other physico-
chemical or pharmacological properties.

A total of 2220 descriptors were generated per
molecule. Prior to model construction, data pre-
processing included the removal of entries with
invalid SMILES or errors during descriptor gene-
ration. Such preprocessing is recommended to im-
prove model generalization and reduce the risk of
overfitting [16].

Machine learning models based on the Random
Forest algorithm were built with the following pa-
rameter settings: «n_estimators» = 100 (i.e., 100 de-
cision trees), and «random_state» = 42. This con-
figuration provides a robust baseline for the current
dataset. While increasing the «n_estimators» pa-
rameter can enhance model stability, it does not al-
ways lead to significant performance improvements
and may considerably increase computation time
and memory usage. The XGBoost-based model was
configured with «n_estimators» = 100, «learning
rate» = 0.1 (initial learning rate), and «max_depth» =
=5 (maximum depth of each tree). The Light GBM-
based model was assigned the same hyperparame-
ters as XGBoost. These parameter values are com-
monly recommended as initial settings in official
documentation and are widely used in practice.

All models were implemented in Python using
the «scikit-learn», «xgboost», and «lightgbm» lib-
raries, and executed within the Google Colab envi-
ronment.

For in silico modeling, the dataset was split into
training (80%) and test (20%) subsets using the
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«stratify» = y parameter to preserve class balan-
ce — an important consideration in binary classi-
fication problems involving active (1) and inacti-
ve (0) classes. In addition, 5-fold cross-validation
was performed to minimize the influence of ran-
dom variations and improve the reliability of per-
formance estimates.

The performance of the models was evaluated
using the following metrics:

Accuracy — the proportion of correctly classi-
fied observations (Equation 2):

Accuracy = TP+ IN
Y= TP+ TN+ FP + FN

(2)

Precision — the proportion of correctly classi-
fied positive observations (Equation 3):

TP

TP + FP (3)

Precision =

Recall — the ability of the model to identify all
positive observations (Equation 4):

TP

Recall = m

(4)

F1-score — the harmonic mean of precision and
recall (Equation 5):

_ Precision x Recall
FI=2x Precision + Recall (%)

TP — true positives, TN — true negatives,
FP — false positives, FN — false negatives pre-
dictions.

The average activity score (Average_Prediction)
was calculated as the simple mean of predictions from
all three models using Equation 6. The input values
were either probabilities or binary outputs, represen-
ting the predicted potential activity of the compounds
with respect to the studied biological property.

Prf + Pxgb + Plgbm

! (6)

Average Prediction =
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Prf — prediction of the Random Forest model
(0 or 1), Pxgb — prediction of the XGBoost model
(0 or 1), Plgbm — prediction of the LightGBM
model (0 or 1).

Results and Discussion

In the initial stage of the study, the three aforemen-
tioned models based on Random Forest, XGBoost,
and LightGBM were evaluated. All models de-
monstrated comparable accuracy values. The clas-
sification results obtained on the test dataset are
presented in the Table 2.

After performing cross-validation, the accuracy
of the XGBoost- and LightGBM-based models in-
creased to 77.03 and 77.21%, respectively.

All models demonstrated better precision for
class 0 (inactive) and higher recall for class 1 (ac-
tive). The differences between the models were sta-
tistically insignificant, allowing the selection of a
primary model to be based on feature importance
analysis. The minor variation in accuracy indicates
consistency and stability across the models, which
supports the reliability of the applied approach.

Feature importance analysis was conducted by
identifying the top descriptors for each model in-
dividually. This type of analysis is commonly used
in research to compare the relevance of features
derived from Morgan fingerprints [16] or to select
the most influential descriptors from the full fea-
ture set.

This analysis led to several important observa-
tions. The Random Forest-based model assigned
the greatest weight to the LogP descriptor, reflec-
ting compound hydrophobicity, along with mo-
lecular weight (MolWt) and a number of MACCS
fingerprints. In contrast, XGBoost identified
Morgan fingerprints (particularly Morgan_1536
and Morgan_428), which describe molecular
fragments based on local structures, as the most
informative features. LightGBM demonstrated a
hybrid approach: its top features included both
general structural descriptors (MolWt, LogP,
TPSA) and structural fingerprints (MACCS and
Morgan). These results confirm that each model

interprets the feature importance differently, offe-
ring opportunities for their complementary use.
A combined approach employing both Light GBM
and XGBoost algorithms appears logical, since
despite their nearly identical classification accu-
racy, the models rely on different groups of fea-
tures. LightGBM prioritized global physico-
chemical properties — MolWt, LogP, TPSA,
NumHAcceptors — while XGBoost based its pre-
dictions primarily on structural fingerprints such
as Morgan_1536, Morgan_428,and MACCS_101,
which capture local molecular fragments. This
complementarity enhances the potential of in-
tegrated (ensemble) strategies, enabling broader
coverage of structural-functional compound
characteristics.

On the other hand, as illustrated in Fig. 1, the
top descriptors identified by the Random Forest

Table 2. Classification results for the test
dataset of the models

Metric | Random Forest XGBoost LightGBM
Class 0 1 0 1 0 1
Precision | 0,87 | 0,66 | 0,87 | 0,65 | 0,87 | 0,65
Recall 0,68 | 0,86 | 0,66 | 0,86 | 0,66 | 0,86
fl-score | 0,76 | 0,75 | 0,75 | 0,74 | 0,75 | 0,74
Accuracy 75,36% 74,64% 74,64%

Table 3. List of descriptors with significant
influence on the predicted variable

No. | Random Forest XGBoost LightGBM

1 |LogP Morgan_1536 | MolWt

2 |MACCS_125 |MACCS_101 |LogP

3 |[MACCS_144 |Morgan_428 |TPSA

4 | MolWt MACCS_126 |MACCS_99

5 |[MACCS_103 |MACCS_116 |[MACCS_109

6 |[MACCS_82 MACCS_105 | NumHAcceptors
7 |MACCS_134 |MACCS_54 MACCS_127

8 |MACCS_145 |Morgan_625 |Morgan_322

9 | MACCS_81 Morgan_52 MACCS_166

10 | TPSA Morgan_1 Morgan_799
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Feature Importance for RandomForest

LogP
MACCS_125
MACCS_144

MolWt
MACCS_103
MACCS_82

Feature

MACCS_134
MACCS_145
MACCS_81
TPSA
0.000 0.005 O.éIO 0.015 0.020 0.625
Importance

Fig. 1. Histogram of the most influential descriptors for
Random Forest

model demonstrated more pronounced indivi-
dual importance. For this reason, all three trained
models were preserved. The «joblib» library was
used to serialize the trained Python model ob-
jects into «.pkl» files, allowing future reuse with-
out retraining [17].

The next stage of the study aimed to verify the
predictive capacity of the constructed models in
identifying neuroprotective and anxiolytic proper-
ties of natural compounds. For this purpose, a test
set was compiled based on the phytochemical
composition of S. baicalensis, according to pre-
viously published data [4]. The test set included
natural compounds characteristic of S. baicalensis.

Based on available chemical names and struc-
tural formulas [4], 78 out of 126 compounds were
described using SMILES notation. SMILES were
constructed using BIOVIA Draw 2018 and Data-
Warrior (v06.04.02), which allow for the creation,
visualization, and export of 2D molecules, as well
as calculation of basic molecular properties. The
remaining 48 compounds could not be trans-
formed into SMILES format due to overly generic
names or ambiguous structural representations in
the source material.
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Feature Importance for XGBoost
Morgan_1536
MACCS_101
Morgan_428
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Morgan_625
Morgan_52

Feature

Morgan_1
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Importance
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Fig. 2. Histogram of the most influential descriptors for
XGBoost

Feature Importance for LightGBM

MolWt

LogP

TPSA
MACCS_99
MACCS_109
NumHAcceptors
MACCS_127
Morgan_322
MACCS_166
Morgan_799

Feature

0 50 100 150 200 250
Importance

Fig. 3. Histogram of the most influential descriptors for
LightGBM

For each of the 78 compounds, molecular de-
scriptors were calculated using the same pipeline
as in the training set — excluding IC50, pIC50,
and activity class labels. Calculations were per-
formed using the «RDKit» library. Prior to predic-
tion, the structure of the new data (78 compounds)

ISSN 1993-6842 (on-line); ISSN 0233-7657 (print). Biopolymers and Cell. 2025. Vol. 41, No. 2



In silico prediction of neuroactivity: S. baicalensis example

Table 4. Compounds of Scutellaria baicalensis predicted to be active

by at least one of the trained models (Random Forest, XGBoost, Light GBM)

Molecular Average_
No. Name formula MW | Plant part Prf | Pxgb |Plgbm Prediction
1 |4-Hydroxyacetophenone CH,O, 136 Root 1 1 | 0,6666667
2 |4-Hydroxywogonin (5,7,4-Trihydroxy-8- | C H_ O, | 300 Root 1 1 | 0,6666667
methoxyflavone)
3 |Scutevulin (5,7,2’-Trihydroxy-8- C,H,O, | 300 Root 0 1 1 | 0,6666667
methoxyflavone)
4 |(2S)-5,7,4’-Trihydroxy-6- CH,O, | 302 Root 0 1 1 | 0,6666667
methoxyflavanone
5 | Dihydrooroxylin A ((2S)-5,7-Dihydroxy- CH,O, | 286 Root 0 1 1 | 0,6666667
6-methoxyflavanone)
5,7,4’-Trihydroxy-6-methoxyflavone C,H_,O, | 300 | Aerial part 1 1 | 0,6666667
7 | Tenaxin II (5,7,2’-Trihydroxy-6- C,H,O, | 300 Root 1 1 | 0,6666667
methoxyflavone)
8 |Syringaldehyde (4-Hydroxy-3,5- CH, 0, 182 Root 0 1 1 | 0,6666667
dimethoxybenzaldehyde)
9 | Vanillin (4-Hydroxy-3- CH,O, 152 Root 0 1 1 | 0,6666667
methoxybenzaldehyde)
10 | Acetosyringone (4-Hydroxy-35’- C,H,O, | 196 Root 1 0 1 | 0,6666667
dimethoxyacetophenone)
11 | 7-Methoxychrysin (5-Hydroxy-7- C,H,O, | 268 | Aerialpart | 0 | 1 | 1 |0,6666667
methoxyflavone)
12 |5,8,2’-Trihydroxy-7-methoxyflavone C,H,0, | 300 Root 1 1 | 0,6666667
13 | 7-O-Methylwogonin (5-Hydroxy-7,8- C,H,O, | 298 Root 1 1 | 0,6666667
dimethoxyflavone)
14 | (25)-5,4-Dihydroxy-7-methoxyflavanone | C H, O, | 286 | Aerial part 1 1 | 0,6666667
15 |(25)-7,26’- Trihydroxy-5- CH,O, | 302 Root 0 1 0,6666667
methoxyflavanone
16 | (2S)-7-Hydroxy-5-methoxyflavanone CH,O, | 270 Root 0 1 1 | 0,6666667
17 | 5,7,6’-Trihydroxy-2’-methoxyflavone C,H.,O, | 300 Root 0 1 1 | 0,6666667
18 | (2R,3R)-3,5,7,2}6’-Pentahydroxyflavanone | C _H,,0, | 304 Root 0 1 1 | 0,6666667
19 | Protocatechuic acid CH,0, 154 Root 0 1 1 | 0,6666667
(3,4-Dihydroxybenzoic acid)
20 | p-Hydroxybenzoic acid CH.O, 138 Root 0 1 0,6666667
21 | Viscidulin I C.H,O0, | 302 | Root 1 | 1 06666667
(5,7,2°6’-Tetrahydroxyflavonol)
22 |(25)-5,7,2,6’-Tetrahydroxyflavanone C.H.O, 288 Root 1 1 0,6666667
23 | (+)-Eriodictyol ((2S)-5,7,374’- C,H,0, 288 Root 1 1 0,6666667
Tetrahydroxyflavanone)
ISSN 1993-6842 (on-line); ISSN 0233-7657 (print). Biopolymers and Cell. 2025. Vol. 41, No. 2 145
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End of the Table 4

Molecular Average_

No. Name formula MW Plant part Prf | Pxgb |Plgbm Prediction

24 | p-Hydroxybenzaldehyde CHO, 122 Root 0 1 1 | 0,6666667

25 | Protocatechuic aldehyde C,H,0, 138 Root 0 1 1 | 0,6666667
(3,4-Dihydroxybenzaldehyde)

26 |Isocarthamidin ((25)-5,7,8,4 - C,H,0, 288 | Leaf; Root 0 1 1 0,6666667
Tetrahydroxyflavanone)

27 | Carthamidin ((25)-5,6,7,4’- C,H,0O, 288 | Leaf; Root 0 1 1 0,6666667
Tetrahydroxyflavanone)

28 | 5,7-Dihydroxy-6,8-dimethoxyflavone C,H,O, | 314 Root 0 1 0 |0,3333333

29 |5,7,2’-Trihydroxy-6,8-dimethoxyflavone C,H,O, | 330 Root 0 1 0 |0,3333333

30 | Tenaxin I (5,2’-Dihydroxy-6,7,8- C,H,O, | 344 | Root o | 1 | 0 [03333333
trimethoxyflavone)

31 | 5,8-Dihydroxy-6,7-dimethoxyflavone C,H,O, | 314 Root 0 1 0 |0,3333333

32 |5,8,2’-Trihydroxy-6,7-dimethoxyflavone C,H,O, | 330 Root 0 1 0 |0,3333333

33 | Viscidulin III (5,7,3,6’- Tetrahydroxy-8,2’- | C_H O, | 346 Root 0 1 0 |0,3333333
dimethoxyflavone)

34 | Wogonin (5,7-Dihydroxy-8- C,H,O, | 284 | Root; Aerial | 0 1 0 |0,3333333
methoxyflavone) part; Hairy

root

35 | Oroxylin A (5,7-Dihydroxy-6- CH,O, | 284 Root 0 1 0 |0,3333333
methoxyflavone)

36 | Syringic acid (4-Hydroxy-3,5- CH,,0, 198 Root 0 0 1 |0,3333333
dimethoxybenzoic acid)

37 | Vanillic acid (4-Hydroxy-3- CH,O, 168 Root 0 0 1 |0,3333333
methoxybenzoic acid)

38 | Genkwanin (5,4’-Dihydroxy-7- C,H,0, 284 | Aerial part 0 1 0 0,3333333
methoxyflavone)

39 | 5,8-Dihydroxy-7-methoxyflavone CH,O, | 284 Root 0 1 0 |0,3333333

40 | Viscidulin II (5,2}6’-Trihydroxy-7,8- C,H,O, | 330 Root 0 1 0 |0,3333333
dimethoxyflavone)

41 |Rivularin (5,6’-Dihydroxy-7,8,2’- C,H,.O, 344 | Root; Hairy | 0 1 0 0,3333333
trimethoxyflavone) root

42 | Skullcapflavone I (5,2’-Dihydroxy-7,8- C,H,O, | 314 | Root; Hairy | 0 1 0 |0,3333333
dimethoxyflavone) root

43 | 5,6,7-Trihydroxy-4’-methoxyflavone C,H,O, | 300 Root 0 0 1 |0,3333333

44 |5,7,6’-Trihydroxy-2’-methoxyflavonol CH,O, | 316 Root 0 1 0 |0,3333333

45 |5,7,6’-Trihydroxy-8,2’-dimethoxyflavone C,H,0, | 330 Root 0 1 0 |0,3333333

46 |Baicalein 7-O-B-D-glucoside C,H, 0, | 432 | Root; Aerial | 0 0 1 |0,3333333

part
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was aligned to the format of the training data to
ensure compatibility with the models. Specifically:

* columns were ordered identically to the train-
ing dataset;

* SMILES structures were validated for correct-
ness using «RDKit».

The saved models files — «random_forest_mo-
del.pkl», «xgb_model.pkl», and «lgb_model.pkl» —
were loaded into the Google Colab environment
using the «joblib» library [17]. Each of the 78 com-
pounds was individually evaluated by all three
models. The Average Prediction score was calcu-
lated as the mean of model predictions (Equation 6).

In Table 4, the compounds are listed in a simple
numerical sequence, while their names, descrip-
tions, and the corresponding plant parts are re-
tained as reported in the source [4], ensuring
traceability and consistency with the phytochemi-
cal data of S. baicalensis.

Based on the data presented in Table 4, 27 com-
pounds received a positive activity prediction from
two models simultaneously (predominantly
XGBoost and LightGBM), indicating high predic-
tion consistency and increased confidence in their
biological relevance. An additional 19 compounds
were predicted as active by only one model, which
may suggest marginal activity or descriptor values
near classification thresholds. Only one compound
was predicted as active by the Random Forest-
based model, which may be attributed to the mo-
del's lower sensitivity to weak activity signals or its
reliance on a different subset of descriptors. This
distribution of results confirms the sensitivity and
realism of the models and highlights that the com-
bined use of two independent, yet high-perfor-
ming algorithms — XGBoost and LightGBM —
which rely on different groups of descriptors, pro-
vides a more robust identification of potentially
active compounds. Notably, 42 out of the 46 pre-
dicted active compounds were found specifically
in the root of S. baicalensis — the plant part tradi-
tionally considered the most pharmacologically
valuable due to its high concentration of bioactive
flavonoids. Although from a chemical perspective
some of the compounds that received a positive
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Average Prediction are not typical flavonoids or
their glycosides, their inclusion among the poten-
tially active candidates can be explained by several
factors. Many simple phenolic compounds, such
as vanillin or p-hydroxybenzoic acid, are interme-
diates in flavonoid biosynthesis, exhibit their own
pharmacological activity (e.g., antioxidant, anti-
inflammatory), and share structural features with
bioactive fragments present in the training data-
sets. The machine learning models likely identified
similarities in their molecular descriptors to those
of active compounds in the training set, which led
to a positive prediction.

These findings demonstrate the potential of the
proposed models as effective in silico tools for pre-
liminary screening of compounds with targeted
pharmacological activity in the chemical profiles
of underexplored yet promising medicinal plants.
This approach offers the advantage of significantly
reducing the scope of experimental validation by
prioritizing compounds with the highest predicted
likelihood of biological activity.

Conclusions

The application of the developed machine learning
models to the analysis of 78 components of S. bai-
calensis enabled the identification of several com-
pounds with a high probability of exhibiting sig-
nificant biological activity. Given the multicompo-
nent nature of this plant's phytocomplexes, the po-
tential synergistic effects of individual constituents
cannot be excluded, as they may enhance the bio-
logical impact even of compounds with moderate
standalone activity. This property makes S. bai-
calensis particularly promising for further investi-
gation in pharmacology and biomedicine, especial-
ly in the development of multicomponent phytop-
harmaceuticals. In this context, the use of network
pharmacology approaches is advisable, as they al-
low the study of interactions between multiple
plant-derived components, the prediction of syner-
gistic effects, and the construction of personalized
combinations of active substances targeting speci-
fic neuropharmacological pathways [3].
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Considering the in silico prediction results ob-
tained, the proposed models may be useful for
identifying promising bioactive compounds with
potential anxiolytic and neuroprotective activity
in less-studied medicinal plant species. Such an
approach is especially relevant in the current con-
text of Ukraine, where the consequences of war
have led to a significant increase in the prevalence
of post-traumatic stress disorder (PTSD), sleep
disturbances, and other neurological conditions.
According to the data from Ukrainian psychiatric
hospitals, the proportion of hospitalizations due to
war-related psychological trauma rose from 12.2%
in January 2022 to 17.3% in April 2024, reflecting

the growing need to support the patients suffering
from trauma-induced mental disorders, including
PTSD [18].

In this setting, the use of safe and plant-based
agents — particularly phytocompounds with con-
firmed in silico activity — may serve as an effective
alternative to traditional pharmacological therapies,
which are often associated with undesirable side ef-
fects. Furthermore, the application of in silico me-
thods, including the construction and use of ma-
chine learning models, represents a cost-effective
solution for rapidly and efficiently identifying poten-
tially active compounds, with minimal resource ex-
penditure, for subsequent experimental validation.
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IN SILICO TIPOTHO3YBAHHA HEMPOITPOTEKTOPHIMX
BIACTVBOCTEV CITOIYK IIPYIPOJHOTO MOXO/IKEHHSA HA ITPUKIA/L
[IOJIOMHUIII BAMKAJIbCBKOT (SCUTELLARIA BAICALENSIS)

Mema. Po3po6xka, onTumisanis Ta anpobanis epexkTuBHMX in silico Moperneii IpOrHo3yBaHHs HEVPONPOTEKTOPHUX Ta
QHKCIOJITUYHUX BIIACTUBOCTE CIIONIYK IIPYPOFHOTO NOXOMKEeHH Ha IIPYK/IaJi IOMOMHUL 6arikanbebkoi (Scutellaria
baicalensis). Memoou. ITo6ynoBa Moferneil MallMHHOTO HaBYaHHA. Pe3ynvmamu. Po3po6ieHo Tpyu Mozesi MaIlHHOTO
HaBYaHHA, M0oOYA0OBaHi i3 3acTocyBaHHAM anroputmiB Random Forest, XGBoost ta LightGBM, mnst nporuosyBaHHA
HeJIpOIPOTeKTOPHOI Ta aHKCIOMITUYHOI aKTMBHOCTEN IIPUPOJHUX crIoNyK. Ilo6ynoBani Knacudikatopu JOCAIIN TOY-
HOCTI Ha piBHI 75—78%. 3anponoHoBaHo mifxiy 6iHapHOI Kaacupikanii i3 3amy4yeHHAM MOJIEKY/LIPHUX AeCKPUIITOPIB
i cTpyKTypHMX (iHTepHpUHTIB, AKMII MiCAA 06pPOOKM Ta ONTMMi3aLil JO3BOJIAE BYUABIATY CIONYKY 3 IOTEHIIIHOIO
HeJIpOIPOTEKTOPHOI0 aKTUBHICTI0. OOIPYHTOBaHO e(eKTUBHICTh 3aCTOCYBaHH: MeTOAB in silico MomemoBaHHA 1A
IIPOTHO3YBaHHA HEJPOIIPOTEKTOPHYX Ta aHKCIOMITUYHMX BIACTUBOCTEN clIonyk S. baicalensis. 3acTocyBaHH: Moferneit
IO KOMIIOHEHTIB LIbOTO BUJIY 3aCBifumIO IXHIO 3aTHICTh BepudikyBaTy BXe BifjoMi 6i0NOri4YHO aKTMBHI pe4oBMHU:
3 78 BOCTifKeHuX cnonyk 46 6ymu inentudikoBaHi sSK MOTeHLiHO aKTUBHI. Bucnosxu. 3acrocyBanus in silico mpo-
THO3yBaHHS HeJPOIPOTEeKTOPHUX BIACTMBOCTEJ 610aKTUBHYX CIONYK € MePCIeKTVBHUM [JIA CKpUHIHTY (iToKoMII-
JIeKCiB, 30kpeMa y (papmanii Ta MeguiHi — my1s npodinaktuku ta nigrpuMky npu IITCP i HepBoBuX po3nafax.

Kntouosi cnoga. in silico, MalmHHe HaBYaHHsI, MOJIEKY/ISIPHI Aeckputrtopu, Scutellaria baicalensis, HeliponpoTekTopHi
B/IACTMBOCTI.

ISSN 1993-6842 (on-line); ISSN 0233-7657 (print). Biopolymers and Cell. 2025. Vol. 41, No. 2 149



	_GoBack

