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Abstract
BRD4 is a hot antitumor target. In this study, three kinds of machine learning methods were used to
establish classi�cation models of BRD4 inhibitors, achieving satisfactory prediction performance.
Through comparison, random forest model worked best, the parameters of which were also optimized.
Then, the best random forest model was applied to perform virtual screening against ZINC database and
a total of 89 potential compounds with BRD4 inhibitory activity were eventually identi�ed. Further, seven
molecules were chosen from the hits, and a docking calculation was carried out for each molecule,
showing a strong interaction between ligand and BRD4. Subsequently, these molecules were evaluated by
molecular dynamics simulations, all having certain binding stability. The results have proved the
effectiveness of the developed models based on machine learning methods and the molecules �ltered by
virtual screening not only have a signi�cant guiding in practice for the molecular design and synthesis,
but also can provide great possibility for the discoveries and �nal approvals of anti-cancer drugs
targeting BRD4.

Introduction
The bromodomain and extra-terminal domain (BET) family of proteins acts as the “readers” of acetylated
lysines (KAc) on chromatin and plays a crucial role in regulating some cellular activities including
transcription, DNA replication, cell cycle progression, cell proliferation, differentiation, migration and
apoptosis [1, 2]. This family which contains four isoforms, namely bromodomain 2 (BRD2), BRD3, BRD4,
and bromodomain testis-speci�c, shows high sequence similarity, and BRD4 is the most abundant and
extensively investigated protein [3, 4]. BRD4 has a highly conserved modular architecture, consisting of
an extra C-terminal domain and two tandem N-terminal bromodomains (BD1, BD2) that can recognize
KAc residues [5, 6].

Strongly associated with several types of malignancies, such as melanoma [7], lymphoma [8], leukaemia
[9], glioblastoma [10], neuroblastoma [11], breast cancer [12], prostate cancer [13], multiple myeloma [14],
thyroid carcinoma [15], hepatocellular carcinoma [16], non-small cell lung cancer [17], coupled with other
diseases including in�ammation [5] and HIV [18], BRD4 is emerging as a novel promising target for lead
identi�cation, and its KAc binding pocket affords a druggable site �t for developing small molecule
inhibitors [19]. Many structurally diverse BRD4 inhibitors (BRD4is) have been reported over the last few
years, which can be mainly divided into eight categories [20]: (1) pyridine derivatives [21], (2) isoxazole
derivatives [22], (3) 4-acyl pyrrole derivatives [23], (4) triazoloazepine derivatives [24], (5) triazolopyrazine
derivatives [25], (6) 2-thiazolidinone derivatives [26], (7) tetrahydroquinoline derivatives [27], (8) others [28,
29]. A majority of these molecules mimic the acetyl moiety, occupy the central hydrophobic binding cavity
and form a direct hydrogen bond with Asn140 at the top of the pocket and indirect hydrogen bonds with
Tyr97 via well-ordered water molecules [30, 31]. Although more than a dozen of BRD4 drugs are currently
or have been successfully progressed into different phases of clinical trials, none of them have yet been
granted an FDA-approval thus far [32].
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Hence, search for novel BRD4is with high e�cacy and low toxicity is still a highly active research
�eld.More recently, a number of computational drug design approaches, e.g. virtual screening (VS),
computer-guided optimization of lead molecules, quantitative structure–activity relationship (QSAR), and
machine learning (ML), have been devoted to the discovery and analysis of BRD4is, receiving increasing
attention.

Tumdam et al. [33] performed VS by Glide module of Schrödinger suite, carried out molecular dynamics
(MD) simulations and molecular mechanics/Poisson–Boltzmann surface area calculations, and �nally
produced two novel promising inhibitors towards BRD4-BD1. Meanwhile, Yan et al. [34] made an attempt
to �nd BRD4is using pharmacophore based VS by Discovery Studio (DS) 3.1, molecular docking, and MD
simulations, obtaining two molecules with potent anticancer activity. Additionally, Tahir et al. [35]
conducted 3D-QSAR studies employing comparative molecular �eld analysis and comparative molecular
similarity indices analysis approaches by SYBYL-X 2.1.1 molecular modeling package, who identi�ed
prominent structural features and designed ten new BRD4is based on the best predictive models.
Moreover, Xing et al. [36] demonstrated a novel, structure-based VS approach utilizing ML algorithms on
the basis of binding patterns, established a target-speci�c scoring function BRD4LGR, and generated 17
new compounds, which exhibited signi�cant inhibitory potencies.

In this work, three kinds of ML methods: random forest (RF) [37], k-nearest neighbor (k-NN) [38] and C4.5
decision tree (DT) [39] were employed to develop classi�cation models. By tuning parameters, performing
VS, carrying out docking calculations and molecular dynamics simulations, we gained one promising
BRD4 inhibitor.

Materials And Methods
For comparison, a total of 757 BRD4is and 757 BRD4 non-inhibitors (non-BRD4is) were collected. All of
BRD4is were download from Thomson Reuters Integrity database (https://integrity.thomson-
pharma.com), while the non-BRD4is were abstracted from the MDL Drug Data Report
(http://www.mdli.com, MDDR) database by k-means clustering [40].

The data sets were further separated into training sets (973 molecules, 477 BRD4is and 496 non-BRD4is)
and testing sets (541 molecules, 280 BRD4is and 261 non-BRD4is) in relation to their distribution in the
chemical space [41].

The calculation of 189 molecular descriptors in the present study was depended on the 3D structure of
each compound, and the calculating program was developed by our laboratory. More information about
the 189 molecular descriptors, can be obtained in Table S1 from Supporting Information.

The RF, k-NN and C4.5 DT models were generated by open source Fortran codes on the network.More
information about the three mothods can be easily found in these literatures [37–39].
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The 3D X-ray crystal structure of the �rst bromodomain of human BRD4 in complex with a 3,5-
dimethylisoxazol ligand (pdb id: 3SVG, resolution = 1.68 Å) was downloaded from the protein data bank
(https://www.rcsb.org/), and some tasks such as water deletion, impurity atom removal and
hydrogenation were performed for 3SVG.

The 89 hits from virtual screening were docked to BRD4 protein by Autodock Vina software [42], and a
grid box of size 16 × 16 × 16 Å with coordinates X = 30.313, Y = 15.738 and Z = 0.0 was selected to ensure
ligand molecules were completely encapsulated.

Conventional MD simulations were performed on the docked complexes using the Gromacs 2019.5
software package [43]. The Amber14SB force �eld [44] was applied to describe the protein, while the
generalized amber force �eld (GAFF) [45] to the inhibitors, and the TIP3P water model was used. The
topology �les of small molecules were generated by ACPYPE [46], and the charge was calculated as the
restrained electro static potential (RESP) charge [47] at HF/6-31G(d) level. First, the complex was placed
in a box with a boundary of 15 Å, and then water molecules were added. Afterwards, when the energy was
minimized, all non-hydrogen atoms of the protein and the inhibitor were restricted to a force constant of
1000 kJ∙mol− 1∙nm− 1 with a maximum drop rate of 5000 steps and a conjugate gradient, respectively.
Only Alpha C atoms were restricted to optimization without restriction. In the �rst 100 ps of NVT
simulation, the system was heated from 0 K to 300 K, and remained at 300 K for the next 500 ps. In the
next 2.5 ns NPT simulation, the position limiting force constant was successively reduced from 1000 to 0
kJ∙mol− 1∙nm− 1, and the equilibrium system was simulated for 100 ns. The Particle Mesh Ewald (PME)
method [48] was used to describe long range electrostatic interactions. All H related keys are limited by
linear constraint solver (LCS) algorithm, with a step size of 2 fs and data saved every 10 ps.

For the binding free energy calculations, MM/PBSA method [49] was chosen, which is expressed as:

ΔGbind = ΔGMM + ΔGPB + ΔGSA – TΔS                                                     (1)

Here, ΔGMM is the molecular mechanics interaction (sum of electrostatic and van der Waals interaction),
ΔGPB and ΔGSA correspond to polar and nonpolar solvation energies, respectively. TΔS is the entropic
contribution. Due to the high computational time, the entropy contribution was not considered. The
binding free energy calculations were made using the g_mmpbsa [50] and the �nal 30 ns data of MD
simulations were used.

Results And Discussion
The Comparison of the Prediction Accuracies
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Table 1  The comparison on the prediction accuracies of BRD4is and non-BRD4is from RF, k-NN and
C4.5 DT in the testing set

Method Parameter BRD4is non-BRD4is Q (%) MCC

TP FN SE (%) TN FP SP (%)

RF Mtry=13 274 6 97.86 252 9 96.55 97.23 0.9445

k-NN k = 6 eq 271 9 96.79 232 29 88.89 92.98 0.8614

C4.5 DT / 259 21 92.50 226 35 86.59 89.65 0.7934

Three methods, RF, k-NN and C4.5 DT, were utilized to build classi�cation prediction models for the same
training set, and the performance of the models were evaluated by the same testing set. The data are
summarized in Table 1.

Among them, Mtry is the parameter of RF method, and its default value is 13, which is approximately
equal to the square root of the number of descriptors (189) [51]. k is the parameter of k-NN method,
whose value was optimized by the internal parameter selection program. TP (True positive) denotes the
number of positive samples predicted correctly, TN (True negative) denotes the number of negative
samples predicted correctly, FP (False positive) denotes the number of negative samples mispredicted as
positive, and FN (False negatives) denotes the number of positive samples mispredicted as negative. For
the predicting outcomes in this article, TP means the correct number of BRD4is, TN means the correct
number of non-BRD4is, FN means the wrong number of BRD4is, and FP means the wrong number of non-
BRD4is. At the same time, there are several precision functions to measure the prediction performance,
including SE (sensitivity), SP (speci�city), Q (total prediction accuracy) and MCC (Matthews correlation
coe�cient) [52]. These functions have the following relationship with the previous variables:

From Table 1, it can be seen that RF model possesses the highest Q value (97.23%) and the highest MCC
value (0.9445). That is to say, the prediction accuracy of the RF model is the best of all. Compared with
the models established by k-NN and C4.5 DT, the RF model has greater advantages.

Optimization of Parameters for RF method
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Different RF models were generated based on different values of parameters Mtry and Ntree. The
parameters of the best-performing RF model were chosen by comparing prediction error rates (ERs) of
testing set for all the models. The effect of the different values of Mtry (1-189) and Ntree (100-3000) on the
prediction ERs of the testing set for different RF models are illustrated in Figure 1(A) and 1(B),
respectively.

As can be seen from Figure 1(A), for different prediction models established by RF method with different
parameters, when Mtry value is 9 (prediction ER of training set is 6.06%) and Mtry value is 18 (prediction
ER of training set is 6.37%), the prediction ER of the testing set reaches the lowest 2.40%. However, when
the value is taken as 9, the prediction ER of the corresponding training set is lower than 18, so 9 was
selected as the optimal solution of parameter Mtry.

After determining the parameter Mtry, the Mtry value was �xed at 9 and the Ntree value was constantly
changed. The results are displayed in Figure 1(B), which illustrate that the prediction ER of the testing set
is the lowest 2.22% when Ntree equals to 300 or 400. Nevertheless, when Ntree is 400, the prediction ER of
the corresponding training set is lower (300: 6.17% VS 400: 5.96%), therefore, 400 is more suitable as the
optimal parameter.

Altogether, when the parameters of RF method are set to Mtry = 9 and Ntree = 400, the associated model
achieves the best prediction performance, and, by extension, the Q of the training set is 94.04%, while the
Q of the testing set is 97.60%. Compared with the model before the parameters optimization, the
prediction accuracy has been improved.

Evaluation of the Optimal RF Model

According to the special feature selection procedure of the RF method, the model with the optimum
parameters was processed further. 25 descriptors (listed in Table 2) most relevant to the properties of
BRD4is were screened out from the 189 descriptors, which can serve as a theoretical basis for structural
modi�cations. Each of these descriptors has its corresponding contribution rate, arranged in Figure
2(A) on the basis of its relative importance.

Table 2  The most relevant 25 descriptors identi�ed by the best RF model for the prediction of BRD4is
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Descriptor Description

S(16) Atom-type Estate sum for -CH3

Q N, Max Most positive charge on N atoms

Q C, Min Most negative charge on C atoms

4χPC
Simple molecular connectivity Chi indices for path/cluster

Hlb Hydrophilic-Hydrophobic balance

Q H, Max Most positive charge on H atoms

3χC
Simple molecular connectivity Chi indices for cluster

S(26) Atom-type Estate sum for :C:-

S(22) Atom-type Estate sum for >CH-

S(39) Atom-type Estate sum for -OH

Tcent Centric Index

S(34) Atom-type Estate sum for =N-

S(12) Atom-type H Estate sum for CHn (Saturated)

Q H, Min Most negative charge on H atoms

Capty Capacity factor

Q O, Max Most positive charge on O atoms

3χv
C

Valence molecular connectivity Chi indices for cluster

4χv
PC

Valence molecular connectivity Chi indices for path/cluster

Shpl Hydrophilic region

S(10) Atom-type H Estate sum for :CH: (sp2, aromatic)

S(1) Atom-type H Estate sum for -OH

S(25) Atom-type Estate sum for =C<

S(35) Atom-type Estate sum for :N:

Shpb Hydrophobic region

Q O, SS Sum of squares of charges on O atoms
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As shown in Table 2 and Figure 2(A), the importance of these 25 descriptors decreases in turn, and the
top three are S(16), Q N, Max and Q C, Min. It is quite clear that these three characteristics have very
important reference value in predicting the BRD4is, which sequentially stand for the sum of the electric
topological states of -CH3 atom type, the largest positive charge on N atom and the smallest negative
charge on C atom.

Figure 2(B) displays the distribution of 541 molecules in the testing set from the established RF optimal
model. As can be seen in the �gure, the classi�cation boundary line of the model can separate BRD4is
from non-BRD4is very well.

By plotting the receiver operating characteristic (ROC) curve [53], we can further analyze and evaluate the
discriminant effect of binary classi�cation model. ROC curvecombines both SE and SP together. With the
change of prediction probability threshold, many pairs of SE and “1-SP” will be produced. If SE is taken as
the ordinate and “1-SP” as the abscissa, the ROC curve can be drawn by connecting each point, and the
points on the curve represent the compromise between SE and SP when the prediction probability
threshold is constantly changed. There is also a very important index to evaluate the prediction ability of
classi�cation model: the area under the ROC curve (AUC). The range for the AUC value is from 0.5 to 1,
and the larger the value, the better the classi�cation performance of the model is. The ROC curves of the
training set and the testing set for RF optimal model in this paper are emerged in Figure 3. The curve
�tting exhibits that the AUC value in the training set and the testing set is 0.981 and 0.993, separately, all
re�ecting excellent prediction performance of the RF model.

Virtual Screening of BRD4is

The above optimal RF model was applied to screen virtually about 100,000 compounds from the "drug-
like" subset of ZINC database. Finally, 89 promising drug molecules were obtained, the details of which
are given in Table S2 of Supporting Information. It can be found that some compounds share the same
skeleton structure, for instance, ZINC00126622 and ZINC00126628, as exempli�ed in Figure 4.

The results indicated that the optimal RF model has �ltered a number of highly useful structures from the
database, such as sulfonyl, triazole and isoxazole, which have better potential inhibitory activity.

Molecular docking calculations

Using Autodock Vina software, the 89 molecules were docked to BRD4 protein afterwards. Seven
molecules with binding energies less than or equal to -8 kcal/mol were selected in order of ascending
energy. At the same time, the binding energy of the original ligand was also calculated, which is -7.4
kcal/mol, higher than that of the seven molecules above-mentioned. Their structures and binding
energies scores are detailed in Table S3 from Supporting Information.

The Table S3 shows that the molecules chosen by us have stronger a�nity with BRD4 protein than the
original ligand and therefore can be used for further structural modi�cation, chemicalsynthesis and
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biological testing. Among them, compound ZINC59239754 has isoxazole structure, which belongs to one
category of known BRD4 inhibitors. The binding energy between ZINC59239754 and protein ranks third,
so the complex is relatively stable.

Molecular dynamics simulations

In order to verify the binding stability of the above seven molecules to BRD4, molecular dynamics
simulations were conducted respectively at 100 ns, not only on the complexes between the seven
molecules and BRD4 after docking, but also on the complex of the original ligand with BRD4. The
simulation results (Figure 5) show that the root mean square deviations (RMSD) for backbones of all
systems hold steady after 60 ns, and the radius of gyration (Rg) is also stable at about 15 Å. The binding
free energies obtained by molecular mechanics/Poisson–Boltzmann surface area
(MM/PBSA) calculations (Table 3) indicate that compound ZINC59239754 has a lower binding free
energy than the other six compounds, which is close to the original ligand. Therefore, compound
ZINC59239754 is more likely to be a potential BRD4 inhibitor.

In addition, the ranking of binding free energies by molecular dynamics simulations is very different from
the Molecular docking calculations

Table 3  Average RMSD, Rg and binding free energy of the seven top-ranked molecules-BRD4 complexs
and the original ligand 3,5-dimethylisoxazol-BRD4 complex

Complex RMSD(Å) Radius of gyration(Å) Binding free energy (kJ/mol)

ZINC67473070-BRD4 1.33±0.28 15.20±0.08 -81.59±0.68

ZINC00481768-BRD4 1.25±0.27 15.24±0.08 -67.60±0.76

ZINC59239754-BRD4 1.05±0.19 15.24±0.07 -100.54±2.56

ZINC04487544-BRD4 1.31±0.31 15.21±0.08 -82.51±0.73

ZINC22055514-BRD4 1.26±0.19 15.19±0.08 -90.93±0.60

ZINC71783667-BRD4 1.38±0.27 15.29±0.08 -75.53±0.70

ZINC71782051-BRD4 1.24±0.21 15.24±0.07 -79.38±0.56

The original ligand-BRD4 1.21±0.18 15.21±0.06 -99.75±1.06

Conclusion
Research on small molecule inhibitors targeting BRD4 protein is a hot topic in cancer therapy.

In this paper, three ML methods, RF, k-NN and C4.5 DT, were applied for developing the classi�cation
models of BRD4is, achieving satisfactory results.Through comparative analysis, we found that the RF
model had better prediction performance, and the parameters of the model were further debugged to
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obtain the optimal RF model followed with the corresponding 25 highest ranked molecular descriptors
most relevant to inhibition of BRD4.

Then, the best RF predictive model was used to screen virtually the ZINC database, and 89 potential
compounds with BRD4 inhibitory activity were collected. One of the screened compounds, with typical
characteristic structure, was selected as the mother nucleus for structural optimization and molecular
design. Subsequently, we designed three molecules and carried out docking calculations. The binding
free energies gave a good answer that each of the three molecules modi�ed according to the VS hit had
strong interaction with BRD4 protein.

In summary, the above facts have proved that the models established by the ML methods and the
molecules screened virtually have a strong guiding role in the practice of molecular design and synthesis,
raising the possibility for the discoveries and �nal approvals of anti-cancer drugs targeting BRD4.
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Figure 1

The effect of the different values of (A) Mtry (1-189), (B) Ntree (100-3000) on the prediction ERs of the
testing set for different RF models

Figure 2

(A) The 25 descriptors with the highest ranking of relative importance in the best RF modelfor the
prediction of BRD4is; (B) The visualized distributions of 541 molecules in the testing set from the best
developed RF model
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Figure 3

The ROC curves of the best RF model: (A) for the training set, (B) for the testing set

Figure 4

The selected molecules (Excerpts): (A) ZINC00126622, (B) ZINC00126628

Figure 5

Analysis of RMSD and Rg of the seven top-ranked molecules-BRD4 complexs and the original ligand 3,5-
dimethylisoxazol-BRD4 complex at 100 ns: (A) Root mean square deviation RMSD (Å) of the backbone
atoms over the phase of 100 ns, (B) Radius of gyration (Rg) over the entire simulation


