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Abstract: Bruton’s tyrosine kinase (BTK) is a kinase of the TEC family expressed in B cells and other hematopoietic cells, but it is not expressed
in T cells. B-cell malignancies such as multiple myeloma and chronic lymphocytic leukemia have been shown to have a high expression of BTK,
thereby displaying oncogenic activities in these diseases, triggering the discovery of BTK inhibitors. The study investigated computationally the
phytochemical present inM cordata as a novel BTK inhibitor with high efficacy in treating B-cell malignancies. Chelidimerine, Bocconarborine
A, and Bocconarborine B show a high binding affinity of −13.7, −13.3, and −12.9, respectively. This study was validated using molecular
dynamic stimulation to indicate the stability and interaction of the ligand with the targeted protein. Bocconarborine B has the best binding
energy of −30.94 kcal/mol compared to ibrutinib, with a binding energy of −22.46 kcal/mol. The identified hit compounds from this study
were subjected to half maximum inhibitory concentration prediction (IC50) using machine learning modeling; the result shows that
Bocconarborine B has the best IC50 of 48.98 nM. This study is subject to validation via in vivo and in vitro studies.
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1. Background

Bruton’s tyrosine kinase (BTK) is a kinase of the TEC family
expressed in B cells and other hematopoietic cells, but it is not
expressed in T cells [1]. BTK phosphorylates tyrosine and serine
upon antigen binding to the B-cell receptor (BCR), where the
BCR signaling effect is significantly substantial by playing a
crucial role in adaptive immunity [2]. The binding of antigens to
the BCR initiates the signaling pathway, leading to the
differentiation and proliferation of B lymphocytes (Figure 1) [3].
The BTK comprises 659 amino acids with five different domains,
namely TH domains, PH domains, SH3 domains, SH2 domains,
and catalytic domains. The domains have different functions and
phosphorylation sites. The site for the autophosphorylation of the
SH2 and SH3 is Tyrosine 223. At the same time, the catalysis
domain gets phosphorylated at Tyrosine 551 and Cysteine 481,

and the PH domain functions by regulating the interaction of
phospholipids and other proteins [4].

B-cell malignancies such as multiple myeloma and chronic
lymphocytic leukemia have been shown to have a high
expression of BTK, thereby displaying oncogenic activities in
this disease, triggering the discovery of BTK inhibitors [5].
Despite the success of developing BTK inhibitors, the challenge
of acquiring resistance mutations to each of the classes of BTK
inhibitors has been a significant barrier to treating malignancies
associated with BTK mutation [6].

The aberration in the activation of protein kinases is a driver for
several malignancies amidst the alterations in cellular motility,
proliferation, metabolism, etc. [7, 8]. The central role played by
BTK in several B-cell signaling pathways has made it an important
therapeutic target for diverse malignancies associated with B cells.
Also, the inhibition of BTK is a promising therapy that influences
the crucial immune cells in the tumor microenvironments [9]. The
use of multidrug combination therapy has lately been a focus for
improving clinical response. However, the major setback in this
combination therapy is the excessive cytotoxicity [10].
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Thus, there is a need to develop a novel BTK inhibitor with high
efficacy in treating B-cell malignancies. The development of acquired
resistant mutation using synthetic drugs prompted the quest for natural
products with potent anticancer abilities [11].

M cordata is a perennial medicinal herb of the family of
Papaveraceae, and they are primarily distributed in China [12].
M cordata, as a medicinal herb, encompasses diverse biomedical
applications such as anti-inflammatory [13], antiviral [14], etc.
The phytochemical screening of M. cordata reveals the presence
of various phytocompounds, such as alkaloids [15].

This study investigated using a computer-aided drug design
approach: molecular docking, molecular dynamic simulation, and
model training for predicting BTK potential inhibitors.

2. Material and Methods

2.1. Preparation of ligands

The chemicals present inMacleaya cordatawere obtained from
previously published work [16]. The name of each phytochemical
was searched in the PubChem database on NCBI, and each
chemical structure was obtained in SMILES and SDF formats.
The 2D structures of the phytochemicals and the reference drug
(ibrutinib) were downloaded in SDF format. Using Discovery
Studio, the SDF structures were converted and saved in PDB format.

2.2. Protein preparation

The 3D crystal structure of BTK was retrieved from the RCSB
Protein Data Bank (https://www.rcsb.org/) [17] having a PDB ID: 5P9J
[18]. The atomic and molecular structure of the crystal was resolved by
the X-ray diffraction method and has a resolution value of 1.08 Å.
UCSF Chimera Software (v 1.16) was used to minimize and prepare
the target protein. The prediction of binding sites of protein was made
through BIOVIA Discovery Studio. Its PDB ID was subjected to PPI
analysis using the STRING webserver (https://string-db.org/).

2.3. Protein-ligand binding score analysis by
molecular docking

Molecular docking studies can reveal the binding interactions
between specific proteins and desired ligands. The proteins and
ligands were prepared for docking in pdbqt format using Auto

Dock Tools 4.2 [19]. For binding to take place, the x, y, and
z dimensions were set at 23.2328 × 22.0693 × 23.1420, and the
grid box center was set as follows: x, 17.7327; y, 7.3847;
z, 4.5447 to obtain favorable docking conformations. The binding
site is defined by the residues viz. Cys481, Met477, Thr474,
Glu475, Lys430, Val416 and Met449.

All the ligands were docked, and a maximum of 8
exhaustiveness was computed for all of them. All other
parameters in the software were in default mode. The binding
affinities of compounds for the protein targets were recorded. The
compounds were then ranked by their affinity scores. Following
docking, PyMol and LigPlot were used to visualize the protein-
ligand interactions and Ligand binding residues.

2.4. Drug-likeness and pharmacokinetics
prediction

The in silico pharmacokinetics properties of the phytochemical
compounds were conducted on the SwissADME web server,
available at www.swissadme.ch at default settings [20], by using
the SMILES of each of the phytochemicals. These compounds were
subjected to Lipinski’s rule, Muegge’s rule, Ghose’s rule, Veber’s
rule, and Egan’s rule to assess their potential as drug candidates.

Furthermore, the absorption, distribution, metabolism, elimination,
and toxicity (ADMET) properties of these compounds were evaluated
using Deep-PK webserver [21].

2.5. Protein-ligand stability analysis by molecular
dynamics (MD) simulation

To investigate the structural stability of protein–ligand
complexes under physiological conditions, comprehensive MD
simulations were conducted. Based on their energetically
favorable docking conformations, the top-ranked complexes were
selected for analysis using GROMACS 2020 in conjunction with
the CHARMM-36M force field [22]. Ligand topologies were
generated using CHARMM-GUI [23]. Complexes were solvated
with TIP3P water model and neutralized with Na+ and Cl− ions.
Systems underwent energy minimization and equilibration before
a 100 ns MD production run at 310.15 K and 1 bar. MD
simulation studies were conducted on the top-selected protein-
ligand complexes using GROMACS 2020 with the CHARMM-
36M force field. The post-simulation analysis includes RMSD,
RMSF, inter-hydrogen bonds, SASA, and Rg calculations using
GROMACS modules. Plots were generated with QtGrace tool
[24, 25]. In addition, binding free energy (ΔGbind) was calculated
using the prime molecular mechanics/generalized Born surface
area method [26]. The comprehensive equation for ΔGbind is:

ΔGbind ¼ Gcomplex � Greceptor þ Gligand

� �� �

¼ Ebond þ Eangle þ Edihedral þ Eele þ Evdw
� �þ Gpolar þ γSASA þ b

� �� �

� TΔS

2.6. Collection and cleansing of data for IC50

prediction

The BTK biological activity data (Tyrosine-protein kinase
BTK) were acquired from the ChEMBL database [27] using the
ChEMBL target ID: 5251, the Chembl client module within the
Jupyter computational notebook environment. A total of 3927
compounds with reported half maximum inhibitory concentration
(1C50) values for BTK were obtained.

Figure 1. B-cell receptor signaling.
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The data collected were subjected to cleaning by removing
identical compounds without IC50 values and available SMILES
annotations. A total of 2756 refined compounds were collected after
the cleaning process. The IC50 values were converted to pIC50 values
by subjecting the IC50 values to the negative logarithm at base 10,
thereby providing a better clarification and interpretation of the
bioactivity values of each compound. The bioactivity values of the
respective compounds were classified as follows: Active compounds
(compounds with pIC50≥ 6 or IC50≤ 1000 nM), intermediate
compounds (those with pIC50 values between 5 and 6 or IC50

between 1000 nM and 10000 nM), and inactive (pIC50 values≤ 5 or
IC50 above 10000 nM). Based on this classification, a total of 2591
compounds were found active, 153 intermediate compounds, and 12
inactive compounds, as shown in Supplementary Figure 1.

2.7. Exploratory data analysis for IC50 prediction

A total of 4 physicochemical descriptors are calculated
for exploratory data analysis, as shown in Supplementary
Figure 1.1C – 2.1F. The molecular descriptors calculated are as
follows: molecular weight, octanol−water partition coefficient
(LogP), number of hydrogen bond acceptors, and number of
hydrogen bond donors, and 71.2% of the compounds passed the
Lipinski rule of 5 while the remaining 28.8% did not pass. A
univariate statistical analysis was performed to investigate
individual molecular descriptors’ distinct patterns and trends
across three groups of compounds, as illustrated by the boxplot
in Supplementary Figure 1. The analysis utilized the following
descriptive statistical parameters: minimum (Min), first quartile
(Q1), median, mean, third quartile (Q3), and maximum (Max).

2.8. Machine learning model for IC50 prediction

A total of 42 machine learning models were built for BTK. The
modeling process involves calculating molecular descriptors,
balancing and splitting the data, building machine learning
models, comparing the evaluation metrics of the top models, and
validating the best model. The process followed for retrieving and
preprocessing the data is stated above.

2.9. Molecular descriptors for IC50 prediction

In this study, Morgan Fingerprint, a molecular fingerprint with
radius= 2 and nBits= 2048 accessed through the Rdkit module [28],
was used to convert the SMILE of each compound into 2048 descriptors.

2.10. Data balancing and splitting

The data were divided into two different sets viz: data set and
training set. During machine learning modeling, the total dataset of
2756 was used, and the test and training set ratio was set on a scale of
20 and 80, respectively, where the training dataset contains 2204 data
while the test dataset contains 552 data. The reproducibility of this
model wasmaintained by setting the splitting and data balancing on a
scale of 42 for all the procedures.

2.11. Machine learning model construction

Following data splitting, 41 machine learning regression
models were constructed. Then, the top 10 model performances
were evaluated and compared, as shown in Supplementary
Figure 2, and the algorithm yielding the best performance was
used (Random Forest Regressor).

2.12. Model validation

After the best model was chosen, a 10-fold cross-validation on
the test set and the evaluation’s meaning are presented in Figure 2.

3. Results and Discussions

3.1. Protein-protein interaction

BTK has long been recognized for its critical role in B-cell
development and function [29]. However, recent research has
unveiled its significance in a broader context, particularly in
cancer biology. Supplementary Figure 4 illustrates BTK’s
intricate network of signaling partners, showing interactions
between BTK and BLNK, SYK, and PLCG2, highlighting
its crucial role in BCR signaling, elucidating why BTK
inhibitors are effective against B-cell malignancies such as
chronic lymphocytic leukemia and diffuse large B-cell
lymphoma. BTK’s interaction with LYN indicates its potential
involvement in various blood cancers, while its association
with VAV1 suggests possible roles in solid tumors and T-cell
malignancies. The interaction with GRB2 indicates BTK’s
influence on cancer cell growth and survival mediated by
growth factors. Further connections with MYD88, PIK3CD,
and GTF2I implicate BTK in various oncogenic processes,
including lymphoma progression and PI3K pathway
abnormalities.

Figure 2. (A) A scatter plot showing the result of the predicted value of the best model (Random Forest Regressor) vs the actual value.
(B) A bar plot showing the result of 10-fold cross-validation of the best model on the training set.
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3.2. Molecular docking and drug-likeness

The molecular docking study evaluated the binding affinities of
compounds from M. cordata against BTK, and the results are
presented in Table 1. This table also includes the drug-likeness
profiles of the hit compounds. To further assess the potential of
these compounds as drug candidates, the top-ranking compounds’
pharmacokinetic properties and toxicity profiles were analyzed, as
shown in Table 2.

3.3. ADMET

Proper evaluation of ADMET properties during pre-clinical and
clinical stages could significantly enhance success rates in drug
development and high-throughput screening processes [30, 31].
Consequently, to assess the potential of selected compounds as
drug candidates, their pharmacokinetic and toxicological
properties were evaluated using the Deep-PK webserver [21].

Firstly, all six compounds demonstrate similar absorption
characteristics. The Caco-2 permeability values range from −5.51 to
−5.19, indicating relatively low permeability across this cell line.
Nevertheless, all compounds are predicted to be absorbed in the
human intestine, suggesting potential oral bioavailability. Furthermore,
the Madin-Darby Canine Kidney (MDCK) cell permeability results
show a notable difference between the first four compounds (−4.44 to
−4.51) and the last two (Chelidimerine and BocconarborineB), which
have significantly higher values (205.33 and 226.31, respectively).
This suggests that Chelidimerine and BocconarborineB may have
enhanced permeability across MDCK cells.

Additionally, all compounds are predicted to be P-glycoprotein
substrates, which may affect their absorption and distribution.
Interestingly, Chelidimerine and BocconarborineB are also
predicted to be P-glycoprotein inhibitors, potentially influencing
drug-drug interactions. Moreover, skin permeability predictions
show a similar pattern, with the first four compounds having low
permeability (−2.37 to −1.29) and the last two having
exceptionally high values (27484.11 and 30228.08).

In terms of distribution, the blood-brain barrier permeability
predictions suggest limited central nervous system penetration for
all compounds, with values ranging from −3.24 to −2.28.
Meanwhile, the fraction unbound in human plasma is relatively
consistent across all compounds (1.54 to 1.76), indicating moderate
protein binding. Similarly, plasma protein binding predictions range
from 72.08% to 85.25%, suggesting moderate to high protein
binding, which may affect drug distribution and half-life.

Furthermore, the steady-state volume of distribution predictions
vary from 1.34 to 3.43, with Dihydrosanguinarine, Chelidimerine,
and BocconarborineB showing higher values. This suggests these
compounds may have a greater tendency to distribute into tissues.

Regarding metabolism, all compounds are predicted to be
inhibitors of the Breast Cancer Resistance Protein and CYP1A2,
and substrates of CYP1A2. This indicates potential for drug-drug
interactions involving these pathways. However, the compounds
show varying inhibition and substrate profiles for other
cytochrome P450 enzymes. For instance, all compounds except
Corysamine are predicted to inhibit CYP2C19, although none are
substrates for this enzyme. In contrast, only Dihydrosanguinarine,
Chelidimerine, and BocconarborineB are predicted to inhibit
CYP2C9. Interestingly, the first four compounds demonstrate both
inhibitory and substrate properties for CYP2D6. Furthermore,
while all compounds are predicted to inhibit CYP3A4, only the
last four serve as substrates for this enzyme. These diverse
interactions with cytochrome P450 enzymes suggest complex
metabolic profiles that may influence drug-drug interactions and
overall pharmacokinetics. As for OATP transporters, only
Chelidimerine and BocconarborineB are predicted to inhibit
OATP1B3, while none inhibit OATP1B1.

In terms of excretion, clearance predictions range from 8.71 to
13.81 mL/min/kg, suggesting moderate clearance rates. Moreover,
all compounds are predicted to have a half-life of less than 3 h,
indicating relatively rapid elimination. It is worth noting that none
of the compounds are predicted to inhibit the organic cation
transporter 2.

Regarding toxicity, all compounds are predicted to be safe
concerning human ether-à-go-go-related gene blockade, reducing
the risk of cardiac arrhythmias. However, the first four compounds
(Norsanguinarine, Hydroxysanguinarine, Dihydrosanguinarine, and
Corysamine) are predicted to be AMES toxic and skin sensitizers,
while Chelidimerine and BocconarborineB are not. Notably,
Corysamine is the only compound predicted to be carcinogenic.

Additionally, all compounds except Corysamine are predicted
to cause liver injury type I, and all compounds are predicted to cause
liver injury type II. The maximum tolerated dose predictions range
from 0.85 to 1.42 (mg/kg/day,), with Chelidimerine and
BocconarborineB having the lowest values. On a positive note, all
compounds are predicted to be biodegradable.

Lastly, the compounds show a consistent pattern in endocrine
disruption predictions. All are predicted to be safe regarding the
androgen receptor, estrogen receptor, aromatase, and PPARγ.
However, all compounds are predicted to be toxic with respect to

Table 1. Molecular docking and drug-likeness analysis of bioactive compounds from M. cordata targeting Bruton’s tyrosine kinase

No Compounds
M/W
g/mol

Docking
scores

Lipinski
violation

Ghose
violation

Veber
violation

Egan
violation

Muegge
violation

Bioavailability
score

1 Ibrutinib 440.5 −10.7 0 1 0 0 0 0.55
2 Chelidimerine 720.7 −13.7 2 4 0 1 3 0.17
3 Bocconarborine_A 736.8 −13.3 2 4 0 1 3 0.17
4 Bocconarborine_B 736.8 −12.9 2 4 0 1 3 0.17
5 Hydroxysanguinarine 347.3 −11.4 0 0 0 0 0 0.55
6 Dihydrosanguinarine 333.34 −11.1 0 0 0 0 0 0.55
7 6_methoxydihydrosanguinarine 363.4 −10.8 0 0 0 0 0 0.55
8 Norsanguinarine 317.3 −10.7 0 0 0 0 0 0.55
9 Corysamine 334.35 −10.7 0 0 0 0 0 0.55
10 6_acetonyldihydrosanguinarine 389.4 −10.6 0 0 0 0 0 0.55
11 Chelirubine 362.4 −10.4 0 0 0 0 0 0.55
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the aryl hydrocarbon receptor. The first four compounds are
predicted to be toxic for the glucocorticoid receptor, while
Chelidimerine and BocconarborineB are predicted to be toxic for
the androgen receptor ligand binding domain.

Following molecular docking analysis, the binding interactions
of the identified hit compounds were evaluated in comparison to the
reference drug, ibrutinib, using PyMol and LigPlot software tools.
This analysis unveiled the robust binding of the investigated
compounds within the active sites of BTK (Figure 3). The study
examined each ligand cluster, identifying specific amino acid
residues interacting with each ligand, characterizing hydrogen
bonds (H-bonds) formed, including their lengths in Angstroms
(Å), and recognizing hydrophobic interactions between the ligands
and the protein. A detailed breakdown of these interactions for
each compound is provided in Table 3.

This approach elucidated the molecular basis of the observed
binding affinities for the hit compounds relative to ibrutinib,
offering insights into their potential effectiveness as BTK inhibitors.

3.4. Half maximal inhibitory concentration (IC50)
prediction

A compound’s half-maximal inhibitory concentration (1C50) is
the potency to block the potassium human ether-à-go-go-related
gene channels [32]. The half-maximal inhibitory concentration is
shown in Table 4, with ibrutinib having the best IC50 of 0.68 nM.
Other compounds, such as Bocconarborine B, Bocconarborine A,
and 6-acetonyldihydrochelerythrine, has an IC50 values of 48.98,
48.98, and 38.90 nM, respectively. Other lead compounds from
Table 4 have an IC50 value of more than 100 nM.

3.5. Molecular dynamics (MD) simulations study

3.5.1. Root mean square deviation (RMSD) and root mean
square fluctuation (RMSF)

The RMSD calculation from the atoms in the complex
backbone is crucial for analyzing molecular dynamic trajectory
equilibration [33]. RMSD backbone measurement for two complexes
provides conformational stability information. The RMSD values
of the protein-ligand complex of Bocconarborine B, Chelidimerine,
Corysamine, Dihydrosanguinarine, Hydroxysanguinarine, Norsan-
guinarine, and ibrutinib are 0.13, 0.15, 0.2, 0.14, 0.18, 0.15, 0.24
nm, respectively as shown in Figure 4. Corysamine had a spread of
data when compared to other bioactive compounds. This result
validates the stability of Dihydrosanguinarine and Bocconarborine B
with an acceptable RMSD value of 0.5 nm and 0.39 nm, respectively.

The RMSF is calculated to estimate the average fluctuations of
protein residues during MD simulation [34]; thus, it allows the
thorough examination of the flexibility of the protein’s backbones.
The average value of the RMSF of the ligand-protein complexes
Bocconarborine B, Chelidimerine, Corysamine, Dihydrosanguinarine,
Hydroxysanguinarine, Norsanguinarine, and ibrutinib is 0.28, 0.44,
0.21, 0.35, 0.22, 0.23, and 0.25 nm respectively. The average of the
ligand-protein complex depicts the stability of the respective
complexes formed.

3.5.2. Hydrogen bond
The intramolecular hydrogen bonds are a crucial factor in

determining the stability of protein-ligand complexes [35]. The
intramolecular hydrogen bond interaction shows the binding of
the hit compounds and the reference drug within the binding
pocket of BTK. The average number of hydrogen bonds formed
in the BTK-ibrutinib was found to be 4, while other compounds,
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Figure 3. Molecular docking analysis of M. Cordata phytocompounds and ibrutinib with BTK. (A) Amino acid interactions of
phytocompounds in the substrate binding cavity of BTK, shown in a solvent-accessible surface view (B–H) 2D molecular docking
interaction analyses of the following compounds against BTK: (B) Norsanguinarine. (C) Ibrutinib. (D) Hydroxysanguinarine. (E)
Dihydrosanguinarine. (F) Corysamine. (G) Chelidimerine. (H) Bocconarborine B. (I) 3D structure interaction of Boconarborine
B on the surface of the active site of the BTK protein.
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such as Noranguinarine and Bocconarborine B, were found to be
three as shown in Figure 5 (information that supports Figure 5
could be available in the Supplementary Figure 3). The minimum
fluctuations in the intramolecular hydrogen bond of
Noranguinarine suggest a more consistent and stable interaction
when compared to the standard drug.

3.5.3. Radius of gyration (ROG) and solvent-accessible
surface area (SASA)

The structural compactness was calculated using a dynamic
approach to ascertain the binding and unbinding process when
running the molecular dynamic simulation. The radius of gyration
was used to determine the structural compactness of the protein-
ligand complexes. The average radius of gyration value for
Bocconarborine B, Chelidimerine, Corysamine, Dihydrosanguinarine,
Hydroxysanguinarine, Norsanguinarine, and ibrutinib is 1.87, 1.86,
1.88, 1.9, 1.91. 1.91, and 1.9 nm, respectively as shown in Figure 6.
Bocconarborine B and Chelidimerine have the lowest average
values, indicating they are the most rigid ligands.

SASA involves measuring the exposed surface area of protein-
ligand molecules, achieved by surface area measurement of the
interaction between the involved molecules and the solvent
molecules [36]. Also, SASA works by analyzing the exposure of
various interactions between ligands and protein with the time
changes involved. The complexes have the SASA analysis with an
average of 133–135 nm2 for all the ligands, except for ibrutinib and
Noranguinarine, with an average of 136 and 137 nm2, respectively.

3.6. MMPBSA

The binding free energy of BTK and ibrutinib with other hits
compounds was assessed using the MMPBSA. The result as
shown in Table 5 reveals that all the hit compounds have
considerable binding energy however, Bocconarborine B has the
best binding energy of −30.94 kcal/mol compared to ibrutinib,
with a binding energy of −22.46 kcal/mol. Other hit compounds
viz: Chelidemerine, Corysamine, Dihydrosanguinarine,
hydroxysanguinarine, and Nonsanguinarine have the binding

Figure 4. RMSD andRMSF of the selected ligands in complex with the protein. (A) RMSDplot of the selected ligands in complex with
the protein (BTK). (B) Protein RMSF plot for the selected ligands in comparison to the reference (black).
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Figure 5. Graph depicting the number of intermolecular H-bonds formed between protein-ligand complexes of selected ligands and
the reference drug (black).

Figure 6. The radius of gyration plot and the solvent-accessible surface area. (A) Radius of gyration plot. (B) Solvent-accessible
surface area.

Medinformatics Vol. 2 Iss. 1 2025

30



Table 3. Molecular interaction analysis of BTK with norsanguinarine, ibrutinib, hydroxysanguinarine, dihydrosanguinarine,
corysamine, chelidimerine, and bocconarborine B

Ligand-Protein complexes
Residues

forming H-bonds

Residues involved
in hydrogen bond

formation (Bond distances Å) Hydrophobic interacting residues

BTK_Norsanguinarine 1 Lys430(3.23) Leu 408, Gly 480, Ala478,
Ala428, Leu528, Met477, Glu475, Thr474, Asp539

BTK_ Ibrutinib 1 Glu475(3.20) Thr410, Gly409, Leu408, Met477, Ala428, Tyr476,
Val416, Thr474, Phe540,
Met449, Lys430,Cys481, Asn484

BTK_ Hydroxysanguinarine 1 Lys430(3.21) Val416, Gly480, Ala478,
Leu408, Met477, Glu475,
Leu528,Ala428, Asp539

BTK_ Dihydrosanguinarine 1 Lys430(3.16) Asp539, Thr474, Leu528, Ala428, Gly480, Ala478,
Leu408, Tyr476, Met477, Val416

BTK_Corysamine 0 None Met477, Ala478, Tyr476,
Val416, Thr474, Lys430,
Leu408

BTK_Chelidimerine 0 None Val416, Thr410, Arg525,
Lys430, Gly480, Met477,
Leu408, Leu528, Gly411,
Asp521, Asp539, Tyr476,
Ala428, Thr474

BTK_ Bocconarborine B 1 Lys430(3.34) Gly480, Val416, Gly409, Thr410, Asn484,
Gly411, Arg525, Gln412,Asp521,
Ser538, Asp539,

Table 4. Inhibitory concentration prediction of ibrutinib and other hit compounds

S/N Compound name pIC50 IC50(nM) MW HBA HBD LogP

1 Bocconarborine B 7.31 48.98 736.777 11 0 8.56160
2 Chelidimerine 6.97 107.15 720.734 11 0 8.27310
3 Corysamine 6.76 173.78 334.351 4 0 3.11622
4 Dihydrosanguinarine 6.94 114.82 333.343 5 0 3.91400
5 Hydroxysanguinarine 7.00 100.00 347.326 6 0 3.30230
6 Norsanguinarine 6.74 181.97 317.300 5 0 3.99860
7 Ibrutinib (Reference) 9.17 0.68 440.507 7 1 4.21730
8 Bocconarborine A 7.31 48.98 736.777 11 0 8.56160
9 6-acetonyldihydrochelerythrine 7.41 38.90 405.450 6 0 4.72270
10 Chelirubine 6.64 229.09 362.361 5 0 3.43670
11 6-methoxydihydrosanguinarine 6.68 208.93 363.369 6 0

Table 5. Energy contributions of different protein-ligand complexes in MMPBSA assay

S.No. Compound ID
ΔGVDWaals

(kcal/mol)
ΔGEEL

(kcal/mol)
ΔGEPB

(kcal/mol)
ΔGENPolar

(kcal/mol)
ΔGgas

(kcal/mol)
ΔGsolv

(kcal/mol)
ΔGtotal

(kcal/mol)

1. Bocconarborine B −63.76 −30.08 68.77 −5.86 −93.84 62.90 −30.94
2. Chelidemerine −46.80 −16.75 47.59 −5.33 −63.55 42.26 −21.28
3. Corysamine −17.63 −14.89 26.13 −2.12 −32.52 24.01 −8.50
4. Dihydrosanguinarine −34.50 −15.76 37.14 −3.36 −50.26 33.78 −16.49
5. Hydroxysanguinarine −33.29 −10.08 32.50 −3.14 −43.37 29.36 −14.01
6. Norsanguinarine −35.31 −13.72 35.01 −3.59 −49.03 31.42 −17.61
7. Ibrutinib (reference) −6.53 −424.50 410.97 −2.41 −431.02 408.57 −22.46
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energy of −21.24 kcal/mol, −8.50 kcal/mol, −16.49 kcal/mol,
−14.01 kcal/mol, and −17.61 kcal/mol respectively.

4. Conclusion

The invention of ibrutinib greatly improved the BTK inhibitors’
selectivity. However, it has been reported that ibrutinib had atrial
fibrillation as a side effect, which is one of the crucial reasons for
the development of better BTK inhibitors. These adverse reactions
have been attributed to its off-target effects when ibrutinib is
combined with other kinases, such as those in the EGFR and TEC
families. Therefore, finding small molecule inhibitors of BTK
with low cytotoxicity and high efficacy is crucial to developing
the cure for various intricacies associated with BTK, including B-
cell malignant tumors. Thus, this study identified promising hit
compounds from Macleaya cordata that can inhibit BTK,
considering the challenge of acquiring resistance mutation to each
of the classes of BTK inhibitors, thus breaking a significant
barrier to treating malignancies associated with BTK mutation.
We show that Bocconarborine B has a high binding affinity
(−30.94 kcal/mol) for BTK compared to ibrutinib (−22.46 kcal/
mol). This study is subject to further validation via in vivo and
in vitro studies.
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Supplementary Information

Supplementary Figure 1. (A) A count plot showing the bioactivity class of the dataset with each class count. (B) The pIC50 boxplot of
the dataset distribution. (C) The molecular weight boxplot of the dataset distribution. (D) The LogP value boxplot of the dataset
distribution. (E) The HBA value boxplot of the dataset distribution. (F) The HBD value boxplot of the dataset distribution.

Supplementary Figure 2. (A) A bar plot showing the R-square result of the top 10 models among the 41 models trained and (B) a bar
plot showing the RMSE result of the top 10 models among the 41 models trained.
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Supplementary Figure 3. H-bond distribution (within 0.3 nm distance) for protein-ligand complex of the selected ligands in
comparison to the reference drug (black).

Supplementary Figure 4. Comprehensive protein-protein interaction (PPI) analysis of Bruton’s tyrosine kinase (BTK).
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