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ABSTRACT: B-type rapidly accelerated fibrosarcoma (BRAF) is a
key oncogene that regulates cell signaling and proliferation,
rendering it a crucial target for cancer therapeutics. Traditional
QSAR methods are hindered by their reliance on a singular model,
their inability to grasp complex nonlinearities, and limited
generalization, undermining predictive efficacy. To address these
challenges, we introduce BRAFPred, a novel framework that
leverages stacked ensemble learning to integrate both classical
machine learning and advanced deep learning techniques for the
precise prediction of BRAF inhibitors. We utilized 12 handcrafted
molecular descriptors derived from PaDeL, in conjunction with
small molecule sequence features, as foundational inputs.
Furthermore, we employed extreme gradient boosting (XGB), support vector regression (SVR), and deep learning architectures
based on Chemprop and a pretrained BERT model (FG-BERT) to generate additional predictive features. These multisource
features were subsequently integrated within a meta-ensemble random forest regression model, which utilized 26 input variables.
Empirical results demonstrate that BRAFPred significantly outperforms benchmark models, achieving a mean absolute error (MAE)
of 0.383 and a coefficient of determination (R2) of 0.855, surpassing Chemprop (MAE = 0.443, R2 = 0.803), FG-BERT (MAE =
0.460, R2 = 0.785), and Stack_BRAF (MAE = 0.403, R2 = 0.839). Extensive evaluation on benchmark data sets affirms BRAFPred’s
superiority over state-of-the-art methodologies, with robust generalization capabilities demonstrated on blind test sets. Additionally,
ablation studies and case analyses underscore the robustness of the model’s design. The source code, data sets, and prediction results
for BRAFPred are available for further research at https://github.com/EvanZhang1216/BRAFPred.

1. INTRODUCTION
BRAF (B-rapidly accelerated fibrosarcoma) is a proto-
oncogene critical to the MAPK/ERK signaling pathway,
which transmits signals from the cell surface to the nucleus,
influencing cell proliferation and survival.1,2 Mutations in the
BRAF gene, especially the V600E substitution, occur in
approximately 50% of melanoma cases, significantly elevating
mortality by promoting cancer cell growth and fostering
resistance to treatments.3,4 Although three generations of
selective BRAF inhibitors have been developed, their
effectiveness as monotherapies is limited due to the rapid
emergence of resistance, leading to relapse in most patients
within a year.5 Therefore, the pursuit of more effective BRAF
inhibitors continues, with a focus on leveraging advancements
in computational techniques to improve therapeutic out-
comes.6,7

Advancements in machine learning have revolutionized
kinase drug discovery, enabling faster identification of potent
compounds. These methods have been particularly successful
in discovering dual inhibitors for fibroblast growth factor and
epidermal growth factor receptors.8−10 Algorithms such as
Random Forest (RF), Support Vector Regression (SVR)11,12

and Extreme Gradient Boosting (XGB)13 are widely applied

for predicting drug bioactivity, composition, and molecular
properties.14 However, their traditional reliance on single-
model predictions often results in high generalization errors.
To address this, stacking methods and large-scale ensemble
learning have been adopted, integrating outputs from multiple
models to improve accuracy.15 In the realm of molecular
property prediction, graph neural networks (GNNs) have
made significant strides by modeling structural dependencies
through architectures like message-passing neural net-
works.16−20 Modern approaches prioritize end-to-end trainable
models that extract feature representations directly, making
them highly effective when molecular 3D conformations are
not well-defined.21,22 Notably, Transformer models with graph
attention mechanisms excel in capturing interactions between
both nearby and distant atoms.23−26 Concurrently, predicting
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properties that rely on molecular 3D conformations, such as
quantum mechanical characteristics, has emerged as a key area
of research.27 Additionally, pretrained models that derive rich
molecular representations from large unlabeled data sets have
demonstrated a remarkable ability to apply this knowledge to
specialized tasks, often achieving superior results compared to
traditional supervised learning approaches.28,29

Despite progress in machine learning for BRAF inhibitor
screening, key challenges remain. Traditional molecular
fingerprinting combined with conventional models often yields
shallow feature representations, failing to capture the complex-
ity of inhibitor molecules and leading to overfitting and low
predictive accuracy. Additionally, single-model approaches,
whether traditional or deep learning-based, suffer from poor
generalization, limiting their ability to address the diverse
characteristics of BRAF inhibitors. To address the aforemen-
tioned challenges, our research has successfully overcome these
obstacles through the following innovative contributions: (1)
Ensemble Learning Framework: BRAFPred combines multiple
machine learning and deep learning algorithms through
stacking, enhancing stability and generalization. (2) Enhanced
Feature Generation: Integrating 12 PaDeL molecular descrip-
tors with sequence-based outputs from Chemprop and FG-
BERT enriches feature sets, improving prediction accuracy. (3)
Superior Predictive Performance: BRAFPred surpasses state-
of-the-art methods in accuracy and error rates, showcasing its
robust predictive capabilities. (4) Thorough Validation:
Benchmarking and ablation studies confirm the model’s
generalization strength and the significance of each compo-
nent.

2. MATERIALS AND METHODS
2.1. Benchmark Data Sets. This study utilizes the data set

from Syahid et al.,8 derived primarily from the ChEMBL
database, focusing on compounds targeting BRAF proteins.30

Chemical features are represented in the standardized isomer
SMILES (Simplified Molecular Input Line Entry System)
format.31 As shown in Table 1, entries lacking SMILES or IC50

values were excluded. Only compounds with numerical IC50
values were retained, converted to molar units, and trans-
formed into pIC50 values using the negative logarithm.
Compounds with a molecular weight over 700 Da or LogP
greater than 8 were also excluded, as they are unlikely to
penetrate cell membranes.32 The final data set comprises 3854
compounds, divided into two main parts: the training set
(2697 compounds) and the blind test set (1157 compounds).
The training set was further split using an 8:2 ratio, with the
computed results rounded to create the training subset (2157
compounds) and the validation subset (540 compounds),8

ensuring the robustness of the model’s performance.
2.2. Molecular Descriptors. Molecular descriptors, also

known as molecular fingerprints, are popular in drug discovery
and virtual screening for their simplicity, speed, and effective
performance in substructure and similarity searches. This study
used PaDeL-Descriptor software to generate fingerprints from
canonical isomeric SMILES, which offers efficient storage and

processing compared to 3D structures.29 The use of canonical
isomeric SMILES ensures unique identification of compounds,
capturing stereochemical details. Fingerprints indicate the
presence or absence of specific chemical substructures and are
computed after standardizing tautomers, nitro compounds, and
removing salts.
We utilized 12 types of molecular fingerprints to extract

features from input data, converting each sample into multiple
one-dimensional vectors of 0s and 1s, forming a sparse matrix.
The fingerprints used include AtomPairs2D, AtomPairs2D-
Count (780D),33 CDK, CDK Extended, CDK Graph Only
(1024D),34 Estate (79D),35 KlekotaRoth, KlekotaRothCount
(4860D),36 and other open-source fingerprints such as
MACCS (166D),37 PubChem (881D),38 Substructure
(307D), and SubstructureCount (307D).29

2.3. Molecular Representation and Embeddings from
FG-BERT. Arthur Weininger et al. developed the SMILES
format, which translates complex chemical structures into
simple, one-dimensional strings, facilitating molecular model-
ing and property prediction.31 For a detailed overview of
different molecular representations, including structure, name,
and SMILES, refer to Figure 1.

Each SMILES string encodes a molecule using elemental
symbols (e.g.,’C’ for carbon,’c’ for aromatic carbon) and bond
types (e.g.,’=’ for double bonds,’#’ for triple bonds), capturing
structural features like branches and rings for efficient
computational analysis. For example, acetic acid is represented
as “CC(=O)O”, where’(=O)’ indicates a double bond between
carbon and oxygen. Similarly, aspirin is denoted as “CC(=O)-
OC1=CC=CC=C1C(=O)O”, with’=’ representing double
bonds and the number indicating the construction direction
of the ring. This simplicity and versatility make SMILES a
widely adopted standard in chemical informatics and drug
discovery.39

Recent advances in pretraining models for molecular
property prediction have significantly improved the extraction
of representations from large, unlabeled data sets using
contrastive and masked language learning, outperforming
traditional methods. For example, K-BERT utilizes pretraining
on atomic and molecular features to extract chemical insights
from SMILES strings. Mole-BERT, with a VQ-VAE-based
encoder, encodes atoms into discrete values, expanding atomic
vocabulary and reducing disparities between common and rare
atoms, thus improving representation accuracy.28 Expanding
on these, Wang et al. introduced FG-BERT, a self-supervised
model that captures molecular representations through func-
tional groups, enhancing prediction accuracy and resolving
smoothing issues seen in the BERT-based model. FG-BERT
extracts embeddings by converting inputs into a 1024D table

Table 1. Dataset Sample Distribution

ChEMBL ID Training set or Test set Number of Data set

ChEMBL5145 Training set 2697
ChEMBL5145 Blind test set 1157

Figure 1. Examples of the process involved in generating SMILES
representations. (a) acetic acid and (b) aspirin.
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with mask information, applying atom embedding, and
integrating functional group data through pretraining and
fine-tuning to generate molecular graph representations.40

2.4. Embeddings from Chemprop. Yang et al.
introduced Chemprop, a machine learning toolkit for
predicting molecular properties using the message passing
neural network (MPNN) framework.41 Chemprop represents
molecular structures as graphs, with atoms as nodes and bonds
as edges, and employs a message-passing mechanism to learn
molecular features. SMILES strings are converted into graphs
using RDKit, encoding atomic properties (such as atomic
number, degree, formal charge, hydrogen count, hybridization
state, aromaticity, and scaled atomic mass) into node features.
Bond features are defined by bond type, conjugation, ring
status, and stereochemistry. The directed MPNN (D-MPNN)
enhances information flow by using directed edges, combining

atomic and bond features for more effective molecular
representation, improving property prediction.
2.5. Performance Evaluation Methods. The coefficient

of determination (R2 or Q2) and mean absolute error (MAE)
are key metrics for assessing the performance of baseline and
BRAFPred models. High predictive accuracy is reflected by
lower MAE and higher R2 or Q2 values. These metrics are
computed for the training set (MAE, R2), cross-validation set
(MAE, Q2), and external blind test set (MAE, Q2).
Additionally, to identify the best molecular fingerprint features,
we calculated the Pearson correlation coefficient (PCC) and
root-mean-square error (RMSE) for different molecular
fingerprints using the same model on both the training data
set and the cross-validation data set. By combining these
metrics, we can identify the molecular fingerprint features that
perform best, allowing us to select more representative features
for evaluation in external blind test set.

Figure 2. Architecture of the proposed BRAFpred model. (a) Overall block diagram, (b) feature encoding methods, (c) message passing model,
and (d) FG-BERT structure.
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where yi represents the experimental pIC50 values and yi
represents the corresponding predicted values. y̅ denotes the
mean of the experimental values, y represents the average of
predicted values and n is the total number of molecules in the
data set.
MAE quantifies prediction errors, with lower values

indicating higher accuracy, while R2 and Q2 measure the
proportion of variance in experimental pIC50 values explained
by the model, with values closer to 1 suggesting better model
fit and predictability. Generally, R2 or Q2 > 0.6 indicates strong
model performance, R2 − Q2 ≤ 0.2 reflects a good fit, and an
MAE below 1 suggests high predictive accuracy.

3. THE PROPOSED BRAFPRED MODEL
3.1. Overview of the BRAFPred Framework. The

BRAFPred framework integrates a 26-dimensional predictive
feature vector derived from XGB, SVR, Chemprop, and FG-
BERT, comprising four key components, as illustrated in
Figure 2a−d. Initially, 12 molecular fingerprinting techniques
are applied as inputs to both the SVR and XGB models,
generating outputs denoted as Foutput1 and Foutput2, respectively.
In parallel, Chemprop processes SMILES strings to produce
additional predictive features, referred to as Foutput3, while FG-
BERT, utilizing the same SMILES strings as input, generates
predictive features labeled as Foutput4. Finally, the outputs
Foutput1, Foutput2, Foutput3, and Foutput4 are concatenated to form a
comprehensive feature set, designated as FCon = {d1, d2, ..., d26},
which is subsequently used as input to a RF network within the
stacked ensemble learning framework, yielding the final
prediction output.
3.2. XGB. XGB utilizes extreme gradient boosting through

sequential decision trees to enhance predictions. It is a tree-
based ensemble algorithm that improves prediction perform-
ance by employing both gradient boosting and regularization
techniques. The hyperparameters for XGB were configured as
follows: gamma = 0, reg_lambda = 1, reg_alpha = 0,
max_depth = 6, n_estimators = 100, and learning_rate =
0.3. The input of this XGB consists of 12 different feature
matrices derived from SMILES representations of samples
(refer to Figure 2b for details on the encoding process). The
outputs consist of 12 predicted features, collectively denoted as
Foutput1 = {d1, d2, ..., d12}.
3.3. SVR. SVR predicts outcomes by fitting a linear

hyperplane within a prescribed margin of tolerance, thereby
striving to achieve an equilibrium between model complexity
and predictive precision. In the present investigation, the
parameter C as meticulously optimized employing a grid search
algorithm coupled with 5-fold cross-validation, with its values

spanning from 1 to 10. The application of SVR was extended
across 12 distinct molecular fingerprint features (refer to
Figure 2b for encoding details). As a pivotal regression
technique within the ensemble methodology framework, SVR
processed 12 encoded feature vectors, which were derived
from SMILES strings. These vectors were subsequently
transformed into multidimensional representations through
the application of molecular fingerprinting techniques.
Consequently, this processing yielded a collection of predictive
outputs, denoted as Foutput2 = {d13, d14, ..., d24}.
3.4. Chemprop. Chemprop is a sophisticated toolkit for

predicting molecular properties, leveraging the D-MPNN
architecture. It is expertly crafted to encode molecular
structures with high fidelity and predict a diverse range of
chemical properties. The structural blueprint of Chemprop is
outlined in Figure 2a. This segment harnesses the D-MPNN to
delineate molecules as graphs, with atoms serving as nodes and
bonds functioning as directed edges. This graphical represen-
tation empowers the model to discern both local and global
structural intricacies, thereby capturing a comprehensive view
of the molecular architecture. Chemprop processes SMILES
strings, parsing each into a molecular graph where nodes
correspond to atoms and directed edges represent bonds, as
shown in Figure 2c. For each node v, the initial feature vector
{xv|vϵV} is derived from atomic properties, including atomic
number, formal charge, chirality, hydrogen count, hybrid-
ization, aromaticity, and a scaled encoding of atomic mass. For
each bond (edge) e, the initial feature vector {evx|v,wϵE}
incorporates bond type, conjugation, ring membership, and
stereochemistry. The directed edge features evw

d are then
initialized by concatenating the atom feature xv with the
undirected bond feature evw, ensuring comprehensive encoding
of both atomic and bonding information, as described in eq 5:

=e cat x e( , )vw
d

v vw (5)

Building on the initialized directed edge features, D-MPNN
updates these features by transforming the initial directed edge
feature evw

d through a neural network layer with a learnable
weight matrix We, generating a hidden edge feature hvw

0 . A
nonlinear activation function τ is applied to capture complex
molecular interactions. Utilizing the initialized directed edge
features obtained in the preceding step as a foundation, the D-
MPNN refines these features by transforming the initial
directed edge feature evw

d through a neural network layer
equipped with a trainable weight matrix We This trans-
formation yields a hidden edge feature hvw

0 , where a nonlinear
activation function τ is subsequently applied, as described in eq
6:

= ·h W e( )e
d

vw
0

vw (6)

This process is designed to capture intricate molecular
interactions, thereby enriching the representational capacity of
the model.
After initializing these hidden edge features, Chemprop

performs a series of t message-passing iterations, during which
the hidden feature +hvw

t 1 is iteratively updated by aggregating
information from neighboring nodes v( ), excluding the
central node w This update process uses a learnable weight
matrix Wh for each neighboring feature hvk

t and a bias term b,
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allowing the network to encode local structural details crucial
for molecular property prediction, as illustrated in eq 7:

= + · ++

{ }
h h W h b( )vw

t
vw
t

k v w
h vk

t1

( )/ (7)

Upon completing the message-passing iterations, the atomic
embeddings are aggregated, integrating information from
neighboring atoms. This process enables D-MPNN to
effectively capture local structural features, resulting in an
enhanced molecular representation. Subsequently, all atomic
embeddings are combined into a unified molecular embedding,
which is passed through a feedforward neural network with
two hidden layers, each containing 300 neurons, to learn the
target molecular properties. The output generated by
Chemprop for a sample is denoted as Foutput3 = {d25}. For
regression tasks, RMSE is employed as the loss function. This
architecture efficiently captures intricate relationships within
molecular structures, significantly improving predictive per-
formance.
3.5. FG-BERT. FG-BERT is designed on the foundation of

the BERT model, harnessing its robust language representation
capabilities and extending them into the realm of molecular
graph learning tasks. Initially, BERT was crafted for natural
language processing, incorporating two pivotal pretraining
tasks: the Masked Language Model and the Next Sentence
Prediction task. These tasks empower BERT to capture
profound semantic correlations within and across words within
a contextual framework. FG-BERT integrates these funda-
mental attributes of BERT while tailoring the model
specifically to molecular graph structures, thereby enabling it
to proficiently interpret and predict chemical information
within molecules.
The input to the FG-BERT framework comprises SMILES

sequences, which serve as representations of molecules. To
facilitate the representation of atoms and functional groups
(FGs) within a molecular graph, an atom dictionary is
constructed, grounded on the frequency of diverse atoms
within a pretrained molecular corpus. Common atoms, such as
hydrogen ([H]), carbon ([C]), and nitrogen ([N]), are
denoted by their respective element symbols, whereas
infrequent atoms are labeled as [UNK]. Furthermore, a
super node, designated as [GLOBAL], is appended to the
molecular graph to bolster downstream tasks, and [MASK] is
utilized to signify masked FGs for pretraining purposes. The
FG-BERT framework encompasses three integral components:
an embedding layer, a transformer layer, and a pretraining/
prediction head, as illustrated in Figure 2d and detailed in eqs
8−14.

=q W xi q i (8)

=k W xi k i (9)

=v W xi v i (10)

=s
q k

d
j N

dot( , )
,ij

i j

k
i

(11)

=a ssoftmax( )ij ij (12)

=m a v
j N

i ij j

i (13)

=M W m m mconcat( , ..., )i i i i
K

0
1 2 (14)

This meticulously crafted architecture allows FG-BERT to
adeptly learn and represent complex molecular structures,
paving the way for enhanced chemical information inter-
pretation and prediction capabilities.
The embedding layer maps the atom sequence w =(a1, a2, a3,

... aN) to an embedding vector x=(x1, x2, x3,···, xN) via an
embedding matrix ×D V dmodel, where each xi

dmodel, V
represents the vocabulary size, and dmodel is the dimensionality
of the embedding vectors. In the transformer layer, each node
aggregates information from its neighbors through attention
mechanisms. The query, key, and value vectors for each node i
are computed as qi,ki and vi, respectively. The attention score
between nodes i and j is calculated as Sij and normalized using
a softmax function to yield aij The message for node i is then
given by mi. In a multihead attention mechanism, this process
is repeated independently across H heads, after which the
outputs are concatenated and linearly transformed asMi, where
W0 is a learnable weight matrix. Furthermore, a feed-forward
network sublayer, along with connectivity and layer normal-
ization mechanisms, is applied within the transformer layer.
The transformer layer in FG-BERT is applied multiple times
according to the specified number of layers. The output
obtained from a sample processed by FG-BERT is designated
as Output4, represented by Foutput4 = {d26}. For regression
tasks, FG-BERT’s prediction head consists of two fully
connected layers, with the Gaussian Error Linear Unit used
as the activation function during pretraining and Leaky ReLU
for downstream regression tasks, using RMSE as the loss
function. Final hyperparameter settings, selected for optimal
validation, are detailed in Table 2.

3.6. RF Stacked Ensemble. Stacked ensemble learning
enhances predictive performance by effectively combining
multiple base models, leveraging their individual strengths
while improving generalization and robustness across various
machine learning tasks. In this study, we explored various
stacking ensemble methodologies, including RF, GrdientBoost-
ing, ExtraTree, Multilayer Perceptron, K-Nearest Neighbors,
and Linear Regression, ultimately selecting RF as the
framework for our model. This ensemble learning technique
integrates predictions from multiple decision trees to enhance
accuracy and mitigate overfitting. Employing the aforemen-
tioned base models, including XGB, SVR, Chemprop, and FG-
BERT, we generated Foutput1, Foutput2, Foutput3, and Foutput4,
culminating in a consolidated 26-dimensional feature vector,
denoted as FCon={d1, d2, ..., d26}. This feature vector FCon served
as the input for the ensemble methodology to yield the final
prediction results. To optimize the hyperparameters of the RF
model, we implemented a grid search approach coupled with

Table 2. Hyperparameters of the FG-BERT Pretraining
Model

Hyperparameters Values

Layers 6
Heads 4
Embedding size 256
FFN size 512
Learning rate 10−4

Dropout 0.1
Model Params ∼3.2M
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5-fold cross-validation. This optimization process encompassed
a systematic exploration of various combinations of hyper-
parameters, specifically max_depth (10, 20, and 50),
n_estimators (10 and 100), and max_features (2, 3, 4, and
5), with the aim of achieving superior predictive performance.

4. RESULTS AND DISCUSSIONS
4.1. Comparative Analysis of Molecular Fingerprints

and Sequence-Based Features. In this section, we evaluate
the predictive performance of BRAFPred models using two
feature types: molecular fingerprints and sequence-based
representations. We first assess traditional machine learning
regressors (XGB and SVR) with molecular fingerprints on the
training set and through 10-fold cross-validation. Next, we
examine deep learning models (FG-BERT and Chemprop)
using sequence features from SMILES strings. Ultimately,
ablation studies delve into the respective contributions of FG-
BERT and Chemprop when integrated with molecular
fingerprints, underscoring the advantageous synergies achieved
through the amalgamation of traditional and deep learning
paradigms.

4.1.1. Performance of Molecular Fingerprints with Tradi-
tional Machine Learning on the Training Set. The predictive
performance of 24 models on the training set, combining 12
molecular fingerprints with XGB and SVR algorithms, is
presented in Table 3 and Figure 3. Notably, the SVR_CDK

model achieved the best results on the training set, with R2 of
0.743, MAE of 0.480, RMSE of 0.679, and PCC of 0.862, using
an 80/20 training-testing split. At the same time, we tested
various regressors on the training set, with detailed
descriptions provided in Text S1 and the results shown in
Tables S1−S5. The experimental results demonstrate the
robust performance of SVR and XGB regressors. These
outcomes highlight the strong predictive capability of the
SVR_CDK model among the 12 molecular fingerprint features
tested on the same regressor. Figure 3 presents baseline
comparisons, including RMSE and PCC values for both XGB
and SVR models.

4.1.2. Evaluation of Molecular Fingerprints with Tradi-
tional Machine Learning on 10-Fold Cross-Validation. Table
4 and Figure 4 show the results of 10-fold cross-validation for
24 feature sets derived from traditional molecular fingerprint
methods. The SVR_CDK and SVR_CDKextended models

achieved the highest Q2 (0.771 and 0.770), lowest MAE (0.468
and 0.467), lowest RMSE (0.652 and 0.654), and highest PCC
(0.878). These findings demonstrate that traditional molecular
fingerprints significantly improve the predictive accuracy of
BRAFPred models.

4.1.3. Assessing Sequence-Based Deep Learning Models
on the Training Set. In this study, we evaluated the
performance of two sequence-based deep learning models,
FG-BERT and Chemprop. Table 5 shows the 10-fold cross-
validation results on the training set. Chemprop demonstrated
superior predictive performance, achieving R2 = 0.782 and
MAE = 0.449. The FG-BERT model also performed well, with
R2 = 0.763 and MAE = 0.471. As shown in Figure 5, training
loss for Chemprop stabilized after 100 epochs, while FG-BERT
required 400 epochs. These results indicate that sequence-
based deep learning models can perform on par with
traditional handcrafted molecular fingerprint models.

4.1.4. Ablation Study of FG-BERT for Enhanced Sequence
Feature Integration. To validate the reliability of the
BRAFPred model, we conducted ablation experiments, as
summarized in Table 6. When 12 different molecular
encodings were input into the XGB model, the results were
stacked as new features and processed by RF, resulting in an R2
of 0.722 and an MAE of 0.512. A similar approach with the
SVR regressor achieved an R2 of 0.773 and an MAE of 0.482.
These results emphasize the positive role of traditional
molecular fingerprinting in enhancing the design and perform-
ance of BRAFPred models. FG-BERT alone, processing
SMILES sequences, achieved an R2 of 0.763 and an MAE of
0.472, demonstrating strong performance. Integrating FG-
BERT with 12 features from the XGB regressor into the RF
network improved results, achieving an R2 of 0.785 and an
MAE of 0.457, indicating the positive contribution of XGB and
FG-BERT. Further stacking 25 outputs from XGB, FG-BERT,
and SVR into the RF network resulted in an R2 of 0.793 and an
MAE of 0.443, confirming that combining these models
enhances predictive accuracy. In addition, we evaluated some
ensemble regression models on the blind test set, with the
results listed in Table S6 and corresponding analysis provided
in Text S2. The experimental findings indicate that RF
achieved the best performance.

4.1.5. Ablation Study of Chemprop for Enhanced
Sequence Feature Integration. We evaluated the impact of
integrating the Chemprop module within the BRAFPred
framework. As shown in Table 6, Chemprop, after processing
SMILES sequences, achieved an R2 of 0.782 and an MAE of
0.449, demonstrating strong predictive capabilities. When
Chemprop predictions were combined with outputs from
RF_XGB, SVR, and FG-BERT in the RF network, BRAFPred
reached its highest performance, with an R2 of 0.818 and an
MAE of 0.417, as detailed in Table 6. This integration
significantly improved predictive accuracy, highlighting Chem-
prop’s contribution to the BRAFPred model.
In summary, the ablation studies and comparative analyses

emphasize the importance of integrating diverse molecular
fingerprints and advanced models like FG-BERT and
Chemprop. The results demonstrate that combining traditional
fingerprinting methods with deep learning models significantly
enhances the accuracy and reliability of BRAFPred positioning
it as a robust tool for BRAF inhibitor prediction.
4.2. Performance Comparison of BRAFPred with

Existing Predictors. To assess BRAFPred’s performance
against existing models, we compared various deep learning

Table 3. Prediction Performance of XGB and SVR on the
Training Set

XGB SVR

Feature Q2 MAE Q2 MAE

AtomPairs2D 0.501 0.668 0.473 0.696
AtomPair2DCount 0.635 0.580 0.592 0.627
CDK 0.698 0.525 0.743 0.480
CDKextended 0.681 0.540 0.731 0.499
CDKgraphonly 0.662 0.559 0.628 0.584
EState 0.537 0.675 0.501 0.683
KlekotaRoth 0.716 0.525 0.612 0.615
KlekotaRothCount 0.682 0.545 0.622 0.609
MACCS 0.581 0.618 0.614 0.594
PubChem 0.714 0.516 0.696 0.537
Substructure 0.559 0.658 0.516 0.664
SubstructureCount 0.632 0.588 0.583 0.620
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models on the same training set, as shown in Figure 6.
Competitors included graph attention network (GAT),42

Chemprop and its variants (Chemprop_RDKit43 and Chem-
prop_RF,43 FG-BERT40 and Stack_BRAF.8 The results
indicated that GAT had the lowest performance (R2 = 0.692,
MAE = 0.516). Chemprop_RDKit achieved an R2 of 0.763 and
MAE of 0.473, Chemprop_RF reached an R2 of 0.753 and
MAE of 0.481, and Chemprop achieved an R2 of 0.782 and
MAE of 0.449. FG-BERT yielded an R2 of 0.763 and MAE of
0.471, while Stack_BRAF reached an R2 of 0.796 and MAE of
0.442. Based on these comparisons, Chemprop was selected
for integration into BRAFPred over its variants due to its
superior performance. Notably, BRAFPred outperformed
Stack_BRAF in pIC50 prediction, highlighting its enhanced
predictive capability.

4.3. Model Interpretation. The predictive feature
importance of the BRAFPred model is analyzed using Shapley
Additive Projection (SHAP) values, which help identify key
molecular fingerprints influencing pIC50 predictions. SHAP,
rooted in game theory, quantifies the contribution of each
feature, effectively distinguishing between positive and negative
influences on the model’s output. This method provides both
local and global interpretability, allowing us to explain
individual molecular contributions as well as the overall impact
of different features on model performance. Positive SHAP
values indicate features that enhance pIC50 predictions, while
negative values suggest a decrease in predictive strength.
To better understand the model’s behavior, Figure 7

illustrates the diagnostic utility of SHAP values by showing
how variations in predictive features affect BRAFPred’s outputs
(with red indicating high impact and blue indicating low
impact). The analysis reveals that the top five most important
features in BRAFPred include Chemprop (mean |SHAP| =
0.24), SVR_CDKextended (mean |SHAP| = 0.16), SVR_CDK
(mean |SHAP| = 0.13), FG-BERT (mean |SHAP| = 0.13), and
XGB_KlekotaRothCount (mean |SHAP| = 0.075). The
analysis highlights that features derived from deep learning
models, particularly Chemprop and FG-BERT, play a
significant role in driving accurate predictions. The average
SHAP values reveal that Chemprop and FG-BERT, along with
other impactful features like SVR_CDKextended, SVR_CDK,
and XGB_KlekotaRothCount, contribute substantially to the
pIC50 predictions. Notably, three of the top five features�
SVR_CDKextended, SVR_CDK, and XGB_KlekotaRoth-
Count�are aligned with the baseline models, highlighting
the BRAFPred framework’s ability to integrate baseline
features with novel deep learning-based molecular representa-
tions. In contrast, features such as XGB_MACCS, SVR_Sub-
structureCount, XGB_EState, and SVR_Estate show minimal

Figure 3. Baseline comparisons. (a,b) RMSE and PCC of XGB and SVR on the training data.

Table 4. Prediction Performances of XGB and SVR on
Training Data Using 10-Fold Cross-Validation

XGB SVR

Features Q2 MAE Q2 MAE

AtomPairs2D 0.618 0.606 0.573 0.643
AtomPair2DCount 0.688 0.551 0.572 0.659
CDK 0.715 0.516 0.771 0.468
CDKextended 0.707 0.524 0.770 0.467
CDKgraphonly 0.688 0.537 0.708 0.528
EState 0.558 0.668 0.525 0.683
KlekotaRoth 0.729 0.520 0.759 0.490
KlekotaRothCount 0.735 0.516 0.720 0.529
MACCS 0.646 0.583 0.657 0.576
PubChem 0.727 0.516 0.729 0.514
Substructure 0.607 0.632 0.600 0.623
SubstructureCount 0.669 0.575 0.476 0.747
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impact, indicating that the accuracy of BRAFPred heavily relies
on its most predictive features, with a notable emphasis on
those derived from deep learning architectures.
These findings highlight the critical role of novel molecular

representations, particularly those leveraging deep learning
frameworks and BERT-based functional group masking
strategies, in improving the predictive performance of
BRAFPred. By integrating traditional baseline features with

Figure 4. Model comparisons with 10-fold cross-validation. (a,b) RMSE and PCC values of XGB and SVR on the training set.

Table 5. Prediction Performances of FG-BERT and
Chemprop on the Training Set Using 10-Fold Cross-
Validation

Model R2 MAE

FG-BERT 0.763 ± 0.022 0.471 ± 0.023
Chemprop 0.782 ± 0.020 0.449 ± 0.021

Figure 5. Training loss curves on training set. (a) Chemprop model and (b) FG-BERT model.
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these advanced representations, BRAFPred achieves superior
accuracy and robustness in pIC50 prediction. This hybrid
approach underscores the synergy between deep learning
techniques and baseline models, which drives the exceptional
performance of the framework. Notably, these advanced
methodologies have led to a improvement in predictive
performance metrics, increasing R2 from 0.84 (baseline) to
0.855 and reducing MAE from 0.40 to 0.383, Achieving even
these modest gains on an already high-performing baseline
underscores the effectiveness of the proposed approach.
4.4. Performance Comparison of BRAFPred with

SOTA Methods on the Blind Test Set. BRAFPred’s
performance on training and blind test sets is shown in Figure
8. The scatter plot compares predicted pIC50 values with
experimentally observed values for a randomly sampled 30%

subset. Blue dots represent predictions on the blind test set,
while the red line indicates the correlation between predicted
and actual values. On the training set, BRAFPred achieved an
R2 of 0.818 and an MAE of 0.417, capturing relationships
within the data. Its performance improved on the blind test set,
with an R2 of 0.855 and an MAE of 0.383, demonstrating
strong generalization.
To further assess model robustness, Table 7 compares

BRAFPred against various deep learning models on the blind
test set, including GAT, Chemprop and its variants
(Chemprop_RDKit43 and Chemprop_RF,43 FG-BERT40 and
Stack_BRAF.8 GAT showed the lowest performance (R2 =
0.703, MAE = 0.511), while Chemprop_RDKit, Chem-
prop_RF, and Chemprop achieved R2 values of 0.780, 0.772,
and 0.803 with MAEs of 0.463, 0.467, and 0.443, respectively.
FG-BERT reached an R2 of 0.785 and an MAE of 0.460, while
Stack_BRAF achieved R2 = 0.839 and MAE = 0.403.
BRAFPred outperformed all models, including Stack_BRAF,
in pIC50 prediction, confirming its robustness and suitability
for drug discovery applications.
4.5. Case Study. In this investigation, we utilized a

comprehensive data set encompassing 2,123 drugs approved
by the FDA to assess the real-world efficacy of the BRAFPred
model. This data set, sourced from the FDA repository,
consists of meticulously scrutinized compounds that have
undergone rigorous clinical trials. To ensure the integrity of
our analysis, the data set was meticulously curated to exclude
inorganic substances, composite compounds, and redundant
entries.44 Table 8 lists the top five predicted pIC50 values from
BRAFPred alongside predictions from four baseline models
and actual pIC50 values. The true pIC50 value of the drug is
determined by measuring its IC50 value in the experimental
environment, and the pIC50 value is further calculated based on

Table 6. Ablation Study Results of the BRAFPred Model on
Training Dataa

Model R2 MAE

RF_XGB 0.722 ± 0.004 0.512 ± 0.002
RF_SVR 0.773 ± 0.005 0.482 ± 0.004
RF_XGB+FG‑BERT 0.785 ± 0.003 0.457 ± 0.002
RF_ XGB+SVR+FG‑BERT 0.793 ± 0.004 0.443 ± 0.003
BRAFPred 0.818 ± 0.004 0.417 ± 0.004

aRF_XGB is the result of 10-fold cross validation using output 1 as
new features on random forest model. RF_SVR is the result of 10-fold
cross validation using output 2 as new features on random forest
model. RF_XGB+FG-BERT is the result of 10-fold cross validation
using output 1 and 4 as new features on random forest model. RF_
XGB+SVR+FG-BERT is the result of 10-fold cross validation using
outputs 1, 2, and 4 as new features on random forest model.
BRAFPred is the 10-fold cross validation result of the model
BRAFPred on the training set.

Figure 6. Performance comparison of deep learning models on the training set.
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Figure 7. Feature importance of BRAFPred.

Figure 8. Performance of BRAFPred on training set and blind test set.
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the IC50 value.
45−50 BRAFPred identified ENCORAFENIB,

DABRAFENIB, VEMURAFENIB, REGORAFENIB, and
COBIMETINIB as the top candidates, with predicted pIC50
values of 8.24, 8.02, 7.98, 7.86, and 6.85, respectively,
compared to their actual values of 8.40, 9.30, 7.59, 7.72, and
8.38.BRAFPred achieved an MAE of 0.70, outperforming
Chemprop and FG-BERT, which had MAEs of 0.80, 1.06,
respectively.
Figure 9 illustrates the absolute differences between

predicted and true values, comparing BRAFPred with other
models for drugs with the highest pIC50 predictions. These
results highlight BRAFPred’s superior performance, achieving
the lowest MAE among the evaluated models. Notably,
BRAFPred not only accurately identified FDA-approved
inhibitors such as ENCORAFENIB,51 DABRAFENIB,52 and
VEMURAFENIB,44 which target the BRAF V600E mutation
for melanoma treatment, but also demonstrated its ability to
identify inhibitors targeting RAF-1 and other kinase targets.
Specifically, it predicted REGORAFENIB, a multitarget kinase
inhibitor approved for targeting both BRAF and RAF-1
proteins, as well as COBIMETINIB, a MEK inhibitor used
in combination with BRAF inhibitors like vemurafenib to treat
BRAF V600E or V600K mutation-positive metastatic melano-
ma.53 BRAFPred’s precise identification of compounds
targeting diverse RAF-related proteins underscores its potential
as a robust tool for ligand-based drug design. Further case
study experiments are provided in Text S3. The results

emphasize the superior accuracy and stability of BRAFPred,
showcasing its excellent generalization performance.
4.6. Applicability Evaluation of BRAFPred Frame-

work. To further clarify the practical utility and applicability
domain of the BRAFPred framework, we evaluated its
performance in a novel scenario by predicting fourth-
generation EGFR inhibitors.54 This experiment was designed
to assess whether BRAFPred could generalize beyond BRAF
inhibitors and effectively identify structurally diverse kinase
inhibitors, thereby demonstrating its broader applicability in
early-stage drug discovery. Unlike traditional models that
primarily focus on numerical IC50 prediction, BRAFPred offers
distinct advantages in early hit identification and compound
ranking, making it particularly valuable for virtual screening
campaigns.
To maintain consistency with previous evaluations, we

utilized a data set composed entirely of experimentally
validated EGFR inhibitors from existing research.54 The
training set was constructed by randomly sampling 70% of
the data, ensuring a robust learning foundation. The test set
comprised the remaining 30% of the EGFR data set,
supplemented with an additional 500 randomly selected
samples from the test set of StackBRAF. This augmentation
strategy aimed to enhance molecular diversity, allowing us to
assess the model’s performance across a wider chemical space.
The BRAFPred framework demonstrated strong predictive

performance, achieving an R2 value of 0.895 and a MAE of
0.289 on the training set. For the test set, we ranked the
predicted pIC50 values in descending order and analyzed the
top 15 predictions. Remarkably, 14 out of these 15 predictions
were confirmed as EGFR inhibitors, yielding a precision of
93%. The top five predicted values and their corresponding
experimental confirmations are summarized in Table 9.
To further understand the model’s practical utility in drug

discovery and its performance in early hit identification for
discovering novel chemical scaffolds, we used the same EGFR
training set strategy to test the Baseline model (StackBRAF) as
well as other common machine learning models (XGB, SVR,
MLP, DT, KNN) combined with 12 molecular fingerprints

Table 7. Performance Comparison of Deep Learning
Models on the Blind Test Set

Model R2 MAE

GAT42 0.703 ± 0.012 0.511 ± 0.010
Chemprop_RDKit43 0.780 ± 0.019 0.463 ± 0.018
Chemprop_RF43 0.772 ± 0.023 0.467 ± 0.021
Chemprop41 0.803 ± 0.022 0.443 ± 0.020
FG-BERT40 0.785 ± 0.021 0.460 ± 0.025
Stack_BRAF8 0.839 ± 0.002 0.403 ± 0.003
BRAFprd 0.855 ± 0.003 0.383 ± 0.003

Table 8. Top Five Predicted pIC50 Values for FDA-Approved Drugs Identified by Different Models
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using random forest stacking. The results showed that
BRAFPred achieved the highest R2, outperforming the Baseline
model (StackBRAF, R2�0.889) and other machine learning
stacking models. Table 10 provides a detailed summary of

different models’ performance on the EGFR trainingset.
Additionally, when we applied the Baseline model to the test
set in this new application scenario, 13 out of the top 15
predicted high pIC50 compounds were confirmed as EGFR
inhibitors, yielding a prediction accuracy of 87%.
These results highlight BRAFPred’s ability to generalize

beyond BRAF inhibitors and effectively identify highly potent
inhibitors in early stage drug discovery. Unlike other
conventional models, BRAFPred integrates a broader ensemble

learning framework that leverages diverse feature representa-
tions, enhancing its ability to generalize across novel chemical
scaffolds. This capability is particularly crucial in virtual
screening campaigns, where accurately prioritizing novel hit
compounds significantly influences downstream experimental
validation efforts.
Furthermore, BRAFPred’s robust performance across differ-

ent validation sets, including the newly added EGFR prediction
experiment and the case study experiment, demonstrates its
ability to mitigate experimental inconsistencies. By providing
consistent and reliable activity ranking, the model aids in early
hit identification, scaffold selection, and prioritization of
promising compounds, ultimately supporting more informed
decision-making in the field of drug discovery.

5. CONCLUSIONS
This study introduces a robust approach for designing BRAF
inhibitors using a stacked ensemble model that combines
traditional machine learning and deep learning techniques.
SMILES structures are processed through 12 feature extraction
networks, generating predictive features that are further refined
using XGB and SVR. In parallel, deep learning models like
Chemprop and the fine-tuned FG-BERT enhance the feature
set, resulting in 26 predictive features. These are then fed into a
Random Forest regressor, delivering highly accurate predic-
tions with low error rates. BRAFPred’s performance demon-

Figure 9. Absolute differences between predicted and true pIC50 values for key BRAF inhibitors.

Table 9. Top Five Predicted pIC50 Values for EGFR Inhibitors Identified by Different Models

NUM SMILES Chemprop
FG-
BERT BRAFPred

True
pIC50

1 CP(C)(C1�C2C(OCCO2)�CC�C1NC3�NC(NC4�CC(C)�C(N5CCC(N6CC(COC)C6)CC5)
C�C4OC)�NC�C3Br)�O

9.79 9.59 9.94 10.05

2 F[C@@]([C@H](O)CC1)(C)CN1C2�NC�CC(NC3 �NC �C(C(N4C[C@H](CS(C)(�O)�O)
[C@H]4C)=NC �C5C(C)C)C5 �C3)�N2

9.90 9.82 9.88 9.70

3 CP(C)(C1 �C2N�CC�NC2�CC�C1NC3�NC(NC4�CC(CC)�C(N5CCC(N6CCN(C)CCC6)
CC5)C�C4OC)�NC�C3Br)�O

9.39 9.97 9.84 9.57

4 O[C@@H]1[C@@](F)(CC)CN(C2�NC�CC(NC3�CC4�C(C�N3)C(N5[C@H](C)[C@@H]
(CS(�O)(C)�O)C5)�CC�C4C(C)C)�N2)CC1

9.62 9.79 9.81 9.40

5 CP(C)(C1�C2C(OCCO2)�CC�C1NC3�NC(NC4�CC(C)�C(N5CCC(N6CCN(C)CCC6)CC5)
C�C4OC)�NC�C3Br)�O

9.71 9.65 9.80 10.00

Table 10. Performance of Different Models on the EGFR
Training Set

Model R2 MAE

RF_XGB 0.864 0.299
RF_SVR 0.877 0.333
RF_MLP 0.845 0.313
RF_ DT 0.880 0.293
RF_ KNN 0.881 0.322
StackBRAF 0.889 0.302
BRAFPred 0.895 0.289
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strates its potential as a powerful tool for evaluating and
developing BRAF inhibitors. The integration of advanced
modeling techniques underscores its value in targeted cancer
therapy, offering a promising direction for future drug design.
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