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ABSTRACT: Structure-based virtual screening (SBVS) is a corner-
stone of modern drug discovery pipelines. However, conventional
scoring functions often fail to capture the complexities of protein−
ligand binding interactions. To address this limitation, we developed
DeepMETTL3, a novel scoring function that integrates 3D
convolutional neural networks (CNNs) with multihead attention
mechanisms and high-dimensional Structural Protein−Ligand Inter-
action Fingerprints (SPLIF). This approach enables the model to
capture intricate 3D interaction patterns while refining and prioritiz-
ing features for precise classification of active and inactive
compounds. We validated DeepMETTL3 using METTL3 as a
therapeutic target, employing a scaffold-based data-splitting strategy
and multiple test sets, including challenging sets with minimal
chemical similarity to the training data. Our results demonstrate that DeepMETTL3 outperforms traditional scoring functions,
achieving superior accuracy, robustness, and scalability. Key findings include the importance of an active-to-decoy ratio (1:50) in the
training set for enhanced performance and the optimal placement of the attention mechanism after CNN1 for improved
generalization. DeepMETTL3 represents a significant advancement in target-specific machine learning for SBVS, offering a
framework that can be adapted to other biological targets. This work underscores the potential of deep learning in artificial
intelligence-based drug design, balancing computational efficiency and predictive power in molecular docking and virtual screening.
The scoring function is freely available at https://github.com/juniML/DeepMETTL3.

■ INTRODUCTION
Structure-based virtual screening (SBVS) plays a crucial role in
speeding up drug discovery by utilizing the three-dimensional
crystal structure of target proteins.1,2 It employs computational
techniques to discover new ligands from large molecular
libraries.3 A fundamental aspect of SBVS is molecular docking,
which combines a scoring function and a search algorithm. The
scoring function assesses the binding energy of potential
ligands in specific poses, while the search algorithm navigates
the conformational space to find the pose with the highest
predicted binding affinity.
Despite its utility, SBVS faces notable challenges.4,5 Many

docking programs rely on empirical scoring functions with
limited parameters, constraining their ability to accurately
model the intricate binding modes of protein−ligand
interactions.6 Furthermore, the rigid protein structure
assumption fails to account for the dynamic conformational
changes of proteins and ligands during binding, often resulting
in suboptimal predictions. To address these limitations,
ongoing research focuses on enhancing scoring function
accuracy, incorporating protein flexibility, and employing
advanced sampling techniques to thoroughly explore con-
formational space.7,8 The integration of experimental data,

such as binding affinities and mutagenesis findings, also holds
promise for refining SBVS predictions. Thus, combining state-
of-the-art computational methods with experimental validation
remains pivotal in drug discovery. Recent advancements in
deep learning and large language models (LLMs) have
revolutionized protein−ligand interaction prediction, address-
ing the limitations of traditional methods. Zhou et al. proposed
a global-local framework using pretrained models and
advanced algorithms to enhance drug−protein interaction
prediction.9 Similarly, Wei et al. introduced DrugReAlign, an
LLM-based framework that leverages spatial interaction data
for drug repurposing.10,11 These advancements collectively
demonstrate the transformative potential of integrating
computational techniques to improve the virtual screening
precision and scalability.
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The past decade in artificial intelligence (AI)-based SBVS
has made great strides, especially due to the developments of
machine-learning scoring functions that replace conventional
empirical scoring functions.12−15 MLSFs use the latest models
like neural networks, which take on huge parameter sets in
modeling complex binding patterns, which remains unnoticed
in conventional scoring functions such as molecular docking.
Their advantages are incorporating nonlinear relationships for
interaction energy models, considering nonadditive interaction
energy modeling, and implicitly putting receptor flexibility
implicitly.16 The training of MLSFs is computationally
expensive, and the accuracy and speed are ultrafast for the
large-scale virtual screening process and thus expedite the drug
discovery. The development of a target-specific MLSF relies on
three essential components: high-quality data sets containing
accurate binding affinities and structural data for diverse
protein−ligand complexes, effective representation of protein−
ligand interactions using features that have been selected with
care, and selection of suitable ML algorithms according to the
data set and the desired outcome. This progress in MLSFs is
not only enhancing drug candidate identification targeting
accuracy and efficiency but also driving a reconsideration of
scoring functions in molecular docking.
In initial generations, early ML scoring functions like

RFscores17 (random forest) and NNscore13,18 (neural net-
work) were also based on expertly designed features that had
been thoroughly designed with significant manual input.
However, in recent years, deep convolutional neural networks
(CNNs) have gained prominence for predicting binding
affinities and performing virtual screening. AtomNet was a
pioneering example of a CNN model that showcased the
potential for this approach to predict the activity of small
molecules.19 Successive CNN-based models, such as KDEEP

20

and Pafnucy,21 leveraged vectorized grid representations of the
protein−ligand complex that greatly improved scoring power
in comparison to conventional approaches. Other significant
methods such as deep learning in molecular docking have also
made notable strides with integration of nonbinding data into
training for an improvement in pose selection and affinity
prediction. Other descriptors, such as protein−ligand topo-
logical fingerprints, have been integrated into the ML and
CNN models to substantiate their predictive strength.
Continuous enhancement in ML-based scoring functions
marks a significant step forward in molecular docking, giving
way to a more accurate and efficient design of novel drugs.
Additionally, several machine learning methods use Structural
Interaction Fingerprints (SIFts), which convert structural
information into machine-readable one-dimensional vectors,
enabling similarity calculations, modeling, and machine
learning applications.22 SIFts, introduced by Deng et al.,
represent protein−ligand interactions as binary strings,
capturing specific molecular interactions between receptor
residues and ligands.23 They have been widely used in drug
discovery for tasks such as selectivity profiling, target
prediction, binding mechanism analysis, and scoring function
development. SIFts are also effective in filtering virtual libraries
and analyzing RNA−ligand complexes, including clustering
docking poses and identifying ligands with similar interaction
networks.24

METTL3 (methyltransferase-like 3) is a key enzyme
involved in the regulation of RNA methylation, specifically
catalyzing the addition of a methyl group to the N6 position of
adenosine (m6A) in RNA molecules.25 This modification is

one of the most prevalent and dynamic post-transcriptional
RNA modifications, playing a critical role in regulating RNA
stability, splicing, translation, and decay. METTL3, often
functioning in a complex with METTL14 and other cofactors,
is essential for various biological processes, including
embryonic development, cellular differentiation, and immune
response.26 Dysregulation of METTL3 has been implicated in
numerous diseases, including cancer, where its overexpression
is associated with tumor progression and poor prognosis. As a
result, METTL3 has emerged as a promising therapeutic
target, with ongoing research focused on developing inhibitors
to modulate its activity and explore its potential in treating
diseases linked to aberrant RNA methylation.26 Virtual
screening studies targeting METTL3 have employed molecular
docking techniques to identify inhibitors.27−29 These studies
have led to the discovery of potential inhibitors, but traditional
docking methods are limited by their reliance on empirical
scoring functions. In contrast, our study introduces a deep
learning-based model trained on high-dimensional Structural
Protein−Ligand Interaction Fingerprints (SPLIF) and inte-
grated with multihead attention, enabling more accurate and
predictive virtual screening. Unlike conventional docking
approaches, our model captures complex binding patterns
and dynamic interactions, offering significant advancement in
identifying METTL3 inhibitors and accelerating drug discov-
ery.
In this study, we implemented a more streamlined method

of featurization for protein−ligand complexes, leading to the
development of a new scoring function model designed to
predict class of the molecules (active or inactive) after training
with a deep three-dimensional (3D) CNN coupled with
multihead attention. The representation of features for the
protein−ligand complex in our model utilized a 3D grid or a
4D tensor. Unlike the KDeep and Pafnucy models, our approach
presents the SPLIF featurization scheme. The CNN sub-
sequently learned the high-dimensional characteristics of
protein−ligand complexes from SPLIF features.30 Given that
the current scoring methods frequently fall short, improving
the likelihood of identifying a substantial number of confirmed
actives from a limited set of virtual hits is crucial. SPLIF
addresses these shortcomings by leveraging known ligand-
bound protein structures, thereby enriching the evaluation of
protein−ligand interactions. Unlike previous techniques such
as SIFt, which classify interactions into predefined types and
may misinterpret bond types, SPLIF captures three-dimen-
sional structures of interacting fragments, allowing for a more
comprehensive representation of all possible interaction types,
including nuanced interactions like cation−π. The novelty of
the present study lies in leveraging SPLIF features, a high-
dimensional, knowledge-enriched featurization scheme. Addi-
tionally, a second innovative aspect is the integration of
multihead attention within the CNN architecture. This
mechanism takes the features learned by the CNN layers,
assigns attention-based weights to them, and feeds the
weighted features back into the CNN, enabling the network
to learn more effectively from the emphasized voxel
representations. We have successfully applied this method to
the METTL3 protein and developed a METTL3-specific target
scoring function, which is available at https://github.com/
juniML/DeepMETTL3. We anticipate that our model can be
extended to other biological targets, thereby making a
significant contribution to the field of AI-driven drug discovery.

ACS Omega http://pubs.acs.org/journal/acsodf Article

https://doi.org/10.1021/acsomega.5c00538
ACS Omega 2025, 10, 16748−16761

16749

https://github.com/juniML/DeepMETTL3
https://github.com/juniML/DeepMETTL3
http://pubs.acs.org/journal/acsodf?ref=pdf
https://doi.org/10.1021/acsomega.5c00538?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


■ MATERIAL AND METHODS
Preparation of Actives. Three databases were curated for

biochemical studies against METTL3, including bindingDB,
PubChem, and ChEMBL.31−34 These databases recorded the
experimental activities of compounds against certain targets in
the form of IC50, Ki, and Kd. 1015 molecules were extracted
from these databases. Molecules with missing IC50 or Ki values
were discarded. In this study, only compounds having IC50
were considered. After cleaning the data set, molecules with
missing activity, and duplicate removal based on SMILES
notation among the three data sets, the final data set contains
736 molecules. According to the PubChem classification,
which categorizes a molecule as active if its activity is below 10
μM and inactive if above, 736 molecules were identified as
active, while no molecule was classified as inactive.

Preparation of Inactive Molecules. Inactive molecules
were generated using the DeepCoy algorithm.35 which
leverages graph-generative neural networks to create decoys
with matched physicochemical properties. The SMILES of
active molecules were input into DeepCoy, which produced
structurally distinct molecules sharing similar physicochemical
properties.35 For each active molecule, 100 decoys were
initially generated, and subsequently reduced to 50 decoys per
active based on their DOE and doppelganger scores to balance
the data set.35 The DOE score evaluates how well an active
molecule is embedded within chemical space using ROC
curves based on physicochemical properties. A score of zero
indicates optimal embedding, while a score of 0.5 reflects
complete separation of actives and decoys. The doppelganger
score assesses the structural similarity between active
molecules and their most closely related decoys.

Molecular Docking. Protein−ligand complexes were
generated through molecular docking using SMINA,36 a fork
of Autodock Vina designed to improve minimization and
scoring.37 SMINA is available under a GPL2 license at http://
smina.sf.net. The crystal structure of the receptor, bound to the
substrate SAH (PDB ID 5IL2), was used for docking.38 The
ligand search space was defined based on the coordinates of
the bound substrate. Docking parameters included an
exhaustiveness of 8 and a binding mode set to 1, generating
one docked pose per ligand. SMINA’s built-in scoring function,
which combines gradient and Monte Carlo steps to search and
rank poses, was used to evaluate and rank the docked poses,
which were saved in SDF format.

Model Architecture. Each docked target−ligand complex
must be numerically encoded as features to enable supervised
learning.15,39−41 We select 3D grid-based features from
RDKitGridFeaturizer.2,42 The data for this study included
protein−ligand complexes expressed in 3D space and enclosed
in a cubic grid of 24 Å × 24 Å × 24 Å centered upon the
binding pocket of the protein. To characterize the features of
protein−ligand interactions, we used SPLIF features,30 which
capture atomic-level interactions between the proteins and
ligands. The features were encoded as binary fingerprints,
creating an input with shape = (batch_size, 1536, 4, 4, 4). The
proposed architecture consists of several sections: 3D convolu-
tional layers to extract and refine hierarchical features,
multihead attention mechanism, and fully connected layers
to perform binary classification. The features extraction begins
with the first layer of 3D convolution, with 32 filters,
kernel_size 3, stride 1 and padding 1, followed by Batch
Normalization and ReLU to stabilize learning and enhance

convergence. Two additional convolutional layers, one with 64
filters and one with 128 filters, each of them followed by Batch
Normalization and ReLU activation. To capture hierarchical
representations while reducing computational complexity, a
MaxPooling layer with a kernel size of 2 and a stride of 2 is
applied after the final convolutional layer. Six stacked
multihead attention layers were added after the first convolu-
tional layer to fine-tune the extracted features and model long-
range dependencies. The individual attention layers contain a
multihead attention block, which allows the model to consider
multiple interaction regions at once and a layer normalization
block to stabilize training and promote feature exploration. By
combining convolutional layers with attention mechanisms, the
model can learn to focus on relevant regions while still
retaining spatial context and generalizing across diverse
protein−ligand complexes. The classification module is
composed of three fully connected layers for processing the
features that are filtered through the feature selection module
and returns the active/inactive classification of the compound.
A dense layer of 256 neurons is followed by 128 neurons and
then the output layer with final activation. This is followed by a
single neuron with a Sigmoid activation function in the last
layer to predict the probability that a compound is active. To
prevent overfitting and increase generalization, dropout
regularization with a rate of 0.5 was performed between the
fully connected layers.
We used the Adam optimizer to train the model with a

learning rate of 0.001, and the model was implemented in
PyTorch. To optimize the classification of active and inactive
compounds, Binary Cross-Entropy Loss was employed as the
loss function. We trained the model with a batch size of 32 for
100 epochs.

Binary Cross-Entropy Loss. Binary cross-entropy loss
(BCELoss) is a commonly used loss function for binary
classification tasks. It calculates the difference between the
predicted probabilities and the actual binary labels (0 or 1).
BCELoss measures how well the predicted probability
distribution matches the actual distribution, penalizing large
deviations. The formula for BCELoss is

y y
N

y y y yBCELoss( , )
1

log( ) (1 )log(1 )
i

N

i i i i
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= [ + ]
=

where yi is the actual binary label (0 or 1) for the ith sample, yi
is the predicted probability for the ith sample, and N is the
total number of samples.

Multihead Self-Attention Mechanism. Since some
features are redundant or less important, the multihead self-
attention mechanism can help the model select significant
features and give these important features with higher weights.
Therefore, the multihead self-attention mechanism can help
the model to identify which features are crucial for prediction.
The multihead attention is calculated by the following formulas
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V= ×

w h e r e X i s t h e d r u g f e a t u r e v e c t o r ,
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d d
i

d d
i

d dQ K Vin Q in K in V× × × are the parame-
ter matrices. Qi, Ki, and Vi are the Q(query), K(key), and
V(value) matrices derived from the linear transformation of X,
respectively.

Evaluating ML Models. We trained the classification
variants of each algorithm. In the case of classification, a
molecule is classified as active if its probability score is above
0.5 and is otherwise classified as inactive. For the classification
task, four metrics were utilized; PR-AUC, precision, recall, and
F1. During 5-fold CV, and testing, the PR-AUC, Precision,
Recall, and F1 were used and imported from the “metrics”
module of the “sklearn” Python library (v.1.0.2)): “roc_auc_-
score”, ”precision_score”, ”auc”, ”recall_score”, ”precision_re-
call_curve”.
These metrics can be mathematically represented as

Precision
TP

TP FP
=

+

Recall
TP

TP FN
=

+

F1 2
Precision Recall
Precision Recall

= × ×
+

where TP represents true positive, FP represents false positive,
and FN represents false negative.

■ RESULTS AND DISCUSSION
Model Architecture and Workflow. In this study, we

developed a novel DeepMETTL3 architecture integrated with
multihead attention layers to classify protein−ligand complexes
as active or inactive. The model leverages the strengths of
convolutional layers for spatial feature extraction and the
attention mechanism for refining and prioritizing critical
interactions. The architecture combines hierarchical feature
extraction with effective dimensionality reduction and
classification, providing robust performance across diverse
data sets (Figure 1).
The DeepMETTL3 architecture begins with a 3D convolu-

tional layer capable of processing high-dimensional inputs
representing protein−ligand complexes. The input is struc-
tured as (batch_size, 1536, 4, 4, 4) to represent the spatial grid
of protein−ligand interaction features. Key components of the
architecture include:

• Convolutional layers: Three convolutional layers pro-
gressively extract hierarchical spatial features with kernel
sizes of 3 × 3 × 3 and appropriate strides and padding to
retain the dimensional integrity of the input. Each
convolutional layer is followed by Batch Normalization
and ReLU activation, ensuring stable learning and faster
convergence. The MaxPooling layer further reduces the
spatial dimensions to capture abstract representations
while avoiding overfitting.

• Multihead attention layers: To capture long-range
dependencies and refine extracted features, six stacked
multihead attention layers are incorporated after the first

Figure 1. Architecture of the DeepMETTL3 model. The input consists of 3D grid of protein−ligand complexes encoded with SPLIF features
(dimension: 24 Å × 24 Å × 24 Å). The stacked 3D convolutional layers and multihead attention in the feature extraction module are used to focus
on refined interactions which are crucial. The output of the attention mechanism is then passed through several fully connected layers of the
classification module to predict whether each compound is active or inactive.
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convolutional layer. Each attention module computes
feature relationships across spatial dimensions, allowing
the model to focus on crucial protein−ligand inter-
actions. Multihead attention enables the model to
simultaneously prioritize multiple features, improving
generalization and reducing noise from irrelevant
interactions.

• Dropout regularization: Dropout layers are added after
convolutional and fully connected layers to mitigate
overfitting by randomly deactivating neurons during
training. This ensures the model remains robust across
unseen data.

• Fully connected layers: The extracted features are
flattened and passed through three fully connected
layers with decreasing dimensions (256, 128, and 1) to
classify active and inactive compounds. ReLU activation
is applied after the first two layers, and the final layer
uses a Sigmoid function for binary classification.

The workflow begins with a 3D spatial representation of the
protein−ligand complex. The convolutional layers extract
hierarchical spatial features, which are further refined by
multihead attention layers. This combination enables the
model to focus on critical interaction regions while maintaining
a broader spatial context. The flattened output is processed

through fully connected layers to generate the final
classification.
The integration of multi head attention layers with 3D

convolutions is a key innovation in this architecture, enabling
the model to capture long-range dependencies and focus on
critical regions within high-dimensional protein−ligand data.
This attention mechanism refines features extracted by
convolutional layers, reducing noise and improving the
distinction between actives and inactives, especially in
challenging data sets. Dropout layers and a fully connected
architecture ensure robustness and smooth classification, with
Sigmoid activation providing probabilistic outputs. In con-
clusion, the DeepMETTL3 model effectively combines 3D
convolutions and attention mechanisms to accurately classify
protein−ligand complexes, making it highly suitable for SBVS.
Future work could expand its utility through multitask
learning, additional biological features, and testing on diverse
drug discovery targets.

Scaffold-Based Data Splitting and Molecular Diver-
sity Analysis. To evaluate the generalizability of our novel
approach, we leveraged a Bemis−Murcko (BM) scaffold
partitioning strategy to divide the data set for training and
testing.43,44 This methodology ensures compounds in the test
set contain unique scaffolds absent from training, resembling

Figure 2. Analysis of Tanimoto similarity between active scaffolds for training and test sets. Heatmaps show pairwise Tanimoto coefficients for (a)
training actives (651 molecules) vs actives from Test Set (82 molecules), (b) Hard Test Set 1 (52 molecules), and (c) Hard Test Set 2 (28
molecules), illustrating the distribution of chemical similarity. (d) Distribution of Tanimoto coefficients, showing structural diversity. Most values
are below 0.3, indicating low similarity.
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real-world situations in which models must predict the activity
of chemicals with novel architectural scaffolds.
Following BM scaffold splitting, the training subset

contained 651 actives, while the initial test set held 82 actives.
To push the model further, two extra test sets were developed,
termed Hard Test Set 1 and Hard Test Set 2. Hard Test Set 1
originated by removing molecules from the original test set
displaying a Tanimoto similarity surpassing 0.80 to any
molecule in training. This filtering process reduced the number
of actives to 57, keeping the decoys as the initial test set.
Similarly, Hard Test Set 2 was formed by enforcing a stricter
threshold, excluding compounds with a Tanimoto similarity
greater than 0.75 to any molecule in training. As a result, this
test set retained only 29 actives, again with an equal number of
decoys as for the original test set. The active-to-decoy ratio was
calibrated in each test set as follows.

• Original test set: 1:50 (active/decoy).
• Hard test set 1:1:72, due to the reduction in active
molecules while retaining the same number of decoys.

• Hard test set 2:1:141, reflecting a further reduction in
active molecules while keeping the decoy count
constant.

The purpose of constructing these hard test sets was to
create increasingly challenging scenarios for the model, thereby
simulating situations where the active molecules share minimal
chemical similarity with the training data. This ensures a robust
evaluation of the model’s ability to identify active molecules
accurately in diverse and chemically distinct data sets.
We computed pairwise Tanimoto similarity scores between

the Morgan fingerprints (radius = 2) of molecules in the
training and test sets. The similarity scores were visualized as

heatmaps (Figure 2a−c), with the color intensity reflecting the
level of similarity. The heatmaps demonstrate the low
similarity between the training and test sets, as indicated by
the predominantly blue regions. Specifically, Test Set 1 shows
moderate diversity, whereas Hard Test Set 1 and Hard Test
Set 2 represent increasingly challenging scenarios with minimal
overlap. The similarity between molecules in Hard Test Set 2
and the training set is especially low, highlighting the difficulty
of predicting their activities. The cumulative distribution plot
(Figure 2d) provides a quantitative overview of scaffold
diversity. Approximately 100% of test molecules exhibit
Tanimoto similarity scores below 0.8 when compared to the
training molecules, suggesting a high degree of structural
dissimilarity at the molecular fingerprint level. This highlights
the need for the model to demonstrate robustness in accurately
classifying molecules with diverse and novel chemical features.
Overall, the BM scaffold-based splitting strategy effectively

created diverse and challenging data sets, providing a stringent
evaluation of the model’s ability to generalize beyond the
training data.

Hyper Parameter Optimization. To evaluate the effect of
different hyper parameters on model performance, we
systematically tuned the learning rate, number of attention
heads, number of layers, and dropout rate. The performance
was measured by using several metrics: PR-AUC, ROC-AUC,
Precision, Recall, F1 Score, and MCC. The results are
summarized in Figure 3. We used 5-fold cross validation
with 50 epochs each.
Model performance will be influenced by the learning rate.45

A greater learning rate (0.1) meant that the model would
exhibit unstable behavior, which led to poor performance in

Figure 3. Hyperparameter optimization results for DeepMETTL3. (a) Learning rate of 0.001 produces the best results. (b) Eight attention heads
offer the most balanced performance across metrics. (c) The best PR-AUC and ROC-AUC are with six attention layers. (d) High dropout rate
(0.3) used to achieve optimal generalization and robustness. Metrics: PR-AUC, ROC-AUC, Precision, Recall, F1-Score, MCC.
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training. As the learning rate stepped down to 0.01 and 0.001,
all results improved significantly, ultimately reaching maximum
values for learning rates set at 0.001. The model effectively
worked out a stable operation at 0.001, as can be seen by its
stable performance. This shows the importance of choosing an
appropriate value for the learn_rate to achieve both
convergence and good performance. A higher learning rate
causes large weight updates, leading to overshooting the
optimal solution and unstable training, which results in poor
performance.45,46 On the other hand, a reduced learning rate
makes it possible to make accurate weight adjustments
gradually, which helps the model converge steadily and
generalize better to new data. However, training can be slowed
down, and there is a chance of becoming trapped in less-than-
ideal local minima if learning rates are too low.
The number of attention heads was varied from 1 to 16 to

examine the impact on model performance. All metrics
demonstrated stable performance across the range, with
marginal improvements at 8 attention heads. This indicates
that the model can effectively capture complex interactions
with multiple attention heads, although increasing beyond 8
did not yield significant benefits.47 The stability suggests that
the model is not overly sensitive to the number of attention
heads within the tested range.
The effect of increasing the number of layers in the model

was evaluated. PR-AUC showed a slight increase as the
number of layers increased from 1 to 6, achieving the highest
value at 6 layers. Further increases in the layer do not increase
the model performance. All metrics ensured that 6 layers
provided an optimal trade-off between model depth and
performance. Different values for dropouts were also evaluated.
Dropout is used to prevent overfitting in the model. The values
ranging from 0.1 to 0.5 were evaluated.48,49 The metrics
indicated a stable performance at dropout rates of 0.5. The
results suggest that a moderate dropout rate of 0.5 is optimal
for maintaining a balance between regularization and model
expressiveness.
Hyper-Parameter Optimization results showed that the

highest accuracy for the model is with learning rate = 0.001,
attention heads = 8, layer = 6, dropout rate = 0.5. These
provided the best performance (across all metrics) of a
considerably robust and reliable model for classifying
molecules as being active or inactive. This highlights the
requirement of systematic hyper-parameter tuning, in improv-
ing the predictive power of deep learning networks in

molecular classification tasks, similar to previous stud-
ies.45,46,48,49

Effect of Active: Decoys Ratio on Model Performance.
Previous research has demonstrated that model performance is
positively influenced by incorporating decoys into the training
data set.2,41,50−52 Specifically, utilizing a large number of
decoys in the training set has been shown to enhance the SBVS
effectiveness of MLSFs.17 However, this approach has not yet
been explored for METTL3. The ratio of Active/Decoys in the
training set was evaluated and the performance of our model
on the standard test set when trained with varying ratios of
actives to decoys (from 1:1 up to 1:50) was examined. It is
worth mentioning that during hyperparameter tuning we used
a 1:50 decoy ratio, as this ratio is commonly adopted in the
literature and has shown strong performance. In this study, we
also hypothesized and explored the impact of using lower
decoy ratios. Several performance metrics are plotted,
including PR-AUC, ROC-AUC, Precision, Recall, F1-Score,
and MCC. Overall, the model achieves near-optimal perform-
ance (especially in ROC-AUC) once the training set contains
at least a 1:10 decoy ratio. At 1:1, several metrics, particularly
Precision and MCC are relatively low, reflecting the difficulty
in learning robust decision boundaries without enough
negative examples. However, by increasing the proportion of
decoys to around 1:10, there is substantial improvement across
all metrics. Beyond that point (moving to 1:20, 1:30, and so
on), performance remains stable, suggesting that adding more
decoys yields diminishing returns in predictive power for this
“standard” test set (Figure 4a).
Figure 4b,c shows the same set of metrics on two “hard” test

sets; these sets are designed to be more challenging by
containing examples that are more difficult to classify, even
though the test-training ratio remains the same across
experiments. The same general pattern appears: switching
from 1:1 to 1:10 produces a pronounced boost in all metrics,
and then performance levels off. Compared to the standard test
set (Figure 3a), the metrics for these harder test sets are
slightly lower overall (e.g., PR-AUC is not as high), which is
expected given the increased difficulty. Nevertheless, in both
hard test sets, training with at least a 1:10 (or higher) decoy
ratio consistently leads to a strong performance across ROC-
AUC, Precision, and F1-Score.
In other words, the model strongly benefits from having an

ample number of decoys in the training set to learn a robust
decision boundary between actives and inactives.17 Once this
balance has been achieved (generally at 1:10 or greater), there

Figure 4. Test results with DeepMETTL3 with different training decoy ratios on different test sets. (a) Test Set, (b) Hard Test Set 1, and (c) Hard
Test Set 2. This is measured using PR-AUC, ROC-AUC, Precision, Recall, F1-Score, and MCC. A training decoy ratio of 1:50 provides optimal
performance; and the model generalization and robustness are enhanced by increasing the decoy ratio.
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is no substantial gain from adding even more decoys (e.g., 1:20
or 1:50), indicating that beyond a certain point the model is
saturated in terms of negative-class information. To replicate
real-world scenarios, we selected a 1:50 decoy ratio to closely
align with natural conditions, as in practical applications the
proportion of active compounds is significantly smaller
compared to the vast size of chemical databases.

Optimizing Multihead Attention Placement in CNNs
for Enhanced Virtual Screening. To assess the impact of
the placement of a multihead attention block within the CNN
architecture, we tested its integration at four different
locations: before the first CNN layer, after the first CNN
layer (CNN1), after the second CNN layer (CNN2), and after
the third CNN layer (CNN3). The results are presented for
three test sets: (a) a standard test set, (b) Hard Test Set 1, and

Figure 5. Impact of multihead attention placement on model performance across different test sets. (a) Test Set, (b) Hard Test Set 1, and (c) Hard
Test Set 2. Metrics include PR-AUC, ROC-AUC, Precision, Recall, F1-Score, and MCC. Optimal performance is observed when the multihead
attention block is placed after the first convolutional layer (CNN1), highlighting its effectiveness in refining features and enhancing model
generalization.

Figure 6. Precision−Recall (PR) curve analysis and PR-AUC distribution across five independent runs across test sets. (a) Test Set: PR-AUC:
0.92−0.95. (b) PR curves for Hard Test Set 1, reflecting PR-AUC: 0.87−0.97. (c) PR curves for Hard Test Set 2, PR-AUC: 0.80−0.93. (d) Boxplot
of PR-AUC values for all test sets, highlighting higher PR-AUC for the Test Set compared to the Hard Test Sets, with lower values and greater
variability in Hard Test Set 2.
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(c) Hard Test Set 2. The metrics used for evaluation include
PR-AUC, ROC-AUC, Precision, Recall, F1-Score, and MCC
(Figure 5).
The results on the standard test set indicate that placing the

multihead attention block after CNN1 yields the best overall
performance across the majority of metrics. In particular,
ROC-AUC and Precision, Recall, and MCC reach their peak
values in this configuration, demonstrating the effectiveness of
refining low-level spatial features early in the architecture. On
the other hand, placing the attention block before the first
CNN layer results in suboptimal performance for all metrics,
likely due to the lack of extracted features for the attention
mechanism to refine.
Interestingly, when the attention block is placed after

CNN2, there is a noticeable dip in all the metrics except PR-
AUC, suggesting that attention at this stage may disrupt the
flow of intermediate feature representations. However, the
performance improves when the attention block is placed after
CNN3, with metrics recovering to near-optimal levels. This
suggests that attention can still be effective in refining high-
level abstract features but is less impactful compared with
earlier placements.
The performance trends observed in Hard Test Sets 1 and 2

are well aligned with those seen in the standard test set. The
optimal performance under all metrics always occurs when the
attention block is placed after the CNN1. This suggests that
this attention layer enables the model to be able to utilize

meaningful features captured from the previous convoluted
layers, which is important for distinguishing actives from
inactives in a difficult data set. Similar to the standard test set,
placing the attention block after CNN2 resulted in declines of
all metrics except for PR-AUC and Precision, indicating that
the model is sensitive to attention placement. Performance
does get back up after CNN3, though. This goes to show that
the integration of attention mechanisms into the network must
balance how many features are abstracted or refined.
The results demonstrate that the placement of the multihead

attention or cross attention block can have a significant impact
on performance of the model.47 On the basis of the network
architecture and data sets we evaluated, we found that the most
appropriate location for the attention unit is after CNN1,
where low-level features have been abstracted by the attention
mechanism with the aim to enhance generalization. While
attention at other stages can still provide benefits, the results
highlight the need for careful consideration of attention
integration to maximize performance, particularly for more
challenging data sets.

Developing METTL3-specific Classification-Based SFs
for SBVS. During the tuning phase, we tuned hyper-
parameters; based on that we selected the parameters that
described the best model. The model was trained using these
optimized parameters over 100 epochs, with results repeated
over 5 independent runs to ensure robustness and reliability of
the results (Figure 6). PR-AUC values as an overall measure of

Figure 7. Evaluation of Precision, Recall, F1-Score, and MCC across the Test Set, Hard Test Set 1, and Hard Test Set 2. Boxplots demonstrate the
performance distribution across multiple runs, with the Test Set showing the highest and most consistent scores. Hard Test Set 1 maintains strong
but slightly variable performance, while Hard Test Set 2 exhibits the lowest scores and highest variability, reflecting the increased difficulty of this
data set.
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model performance across the test set are illustrated in the
figure.
This visualization illustrates both the consistency and

variability of the model’s performance over repeated training
and testing with the optimized hyper-parameters. PR-AUC
values have been shown as interquartile range (IQR), which
indicates the spread between the 25th and 75th percentile. If
the IQR is a narrow number, that means that the runs had
similar performance, while a wider IQR number would mean
that the runs were inconsistent. A narrow spread (small IQR)
of PR-AUC values and a high median value indicate not only
an effective model but also a reliable one.

PR-AUC focuses on the relationship between Precision
(how many of the predicted active molecules are true active
molecules) and Recall (how many actual active molecules are
identified). It is especially useful for imbalanced data sets that
have a heavy skew between active molecules and inactive ones.
A high PR-AUC indicates that the model can efficiently
recognize active molecules with few false active molecules at
any decision threshold. The distribution of PR-AUC values
across the 5 independent runs using a boxplot was visualized
(Figure 6d). This visualization illustrates both the consistency
and variability of the model’s performance over repeated
training and testing with the optimized hyper-parameters. PR-
AUC values have been shown as IQR, which indicates the

Figure 8. Comparison of model performance across metrics (PR-AUC, ROC-AUC, Precision, Recall, MCC, and F1-Score) for (a) Test Set, (b)
Hard Test Set 2, and (c) Hard Test Set 3. DeepMETTL3 consistently outperforms other methods (CNN-Score, RF-ScoreVS, SCORCH, and
SMINA) across all test sets, demonstrating robust and reliable predictions. SCORCH shows high ROC-AUC but poor performance in other
metrics, while SMINA exhibits the lowest overall scores. Hard Test Sets highlight the superior generalization capability of DeepMETTL3.
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spread between the 25th and 75th percentile. If the IQR is
narrow, that means that the model had similar performance
while a wider IQR would mean that the models were
inconsistent. A tight distribution of PR-AUC values (small
IQR) and a high median indicate that the model is not only
effective but also reliable.
In order to get a holistic view of model performance, we

computed various metrics apart from PR-AUC such as
Precision, Recall, F1-Score and MCC (as shown in Figure
7). They offer other interesting insights into the model’s
capability to balance its false positives and false negatives in
order to predict both active and inactive compounds correctly.
The following results illustrate the spread of metrics among the
three test data. Each metric is represented as a separate
boxplot, showing the performance across 5 independent runs.
This visualization allows us to assess the variability and
consistency of the model’s predictions for each metric. The
combination of high PR-AUC, Precision, Recall, F1 Score, and
MCC demonstrates the effectiveness of the optimized model
across different evaluation metrics. The consistency across
multiple independent runs indicates the robustness of the
model and its suitability for real-world applications, such as
virtual screening or activity prediction.

Comparison with Other Scoring Functions. The
performance comparison of the different models or scoring
functions DeepMETTL3, CNN-Score, RF-ScoreVS, SCORCH
and SMINA, are performed using three data sets, Test Set,
Hard Test Set 1, and Hard Test Set 2 (Figure 8). We measure
performance metrics as PR-AUC, ROC-AUC, Precision,
Recall, MCC, and F1-Score. The integration of these metrics
provides an overview of the performance of each scoring
function in distinguishing the active vs inactive compound in
the different conditions.
The DeepMETTL3 achieves near-perfect values across all

metrics, including PR-AUC, ROC-AUC, Precision, Recall,
MCC, and F1-Score, consistently performing well across all
three test sets. This highlights its ability to significantly
outperform other methods, demonstrating high robustness
even in challenging hard test sets. The consistent high
performance across all evaluation metrics emphasizes the
model’s effectiveness in capturing both low-level and high-level
features, enabling it to reliably distinguish actives from
inactives. The integration of attention mechanisms into the
4D-CNN framework plays a critical role in this superior
performance by allowing the model to focus on the most
relevant features in protein−ligand interactions. This targeted
focus not only enhances predictive accuracy but also ensures
that the model generalizes effectively across diverse and
complex data sets, making it a highly reliable approach for
SBVS.
The moderate performance of CNN-Score,53 with Recall

emerging as its strongest metric followed by ROC-AUC, could
be explained by its ability to correctly identify a larger
proportion of true positives (actives) while struggling to
maintain precision and balance between false positives and
false negatives. This suggests that the model is biased toward
sensitivity (high Recall) but lacks the capacity to refine
predictions to ensure specificity (high Precision). The reliance
on convolutional layers for feature extraction enables CNN-
Score to capture spatial patterns effectively, which may
contribute to its decent ROC-AUC performance, reflecting a
good overall ranking ability. However, the absence of
mechanisms like attention could hinder the model’s capacity

to focus on critical interaction features, leading to poor
performance in metrics such as PR-AUC, MCC, and F1-Score.
These metrics are more sensitive to a model’s ability to balance
the trade-off between true positives and false positives, and
CNN-Score’s lower values here indicate inefficiencies in
identifying inactive compounds while maintaining a robust
decision boundary.
RF-ScoreVS17 relatively strong performance in ROC-AUC

can be attributed to its ability to rank compounds effectively, as
this metric measures the overall distinction between actives
and inactives across thresholds. However, its weaker perform-
ance in PR-AUC, Precision, Recall, MCC, and F1-Score stems
from its inability to optimize predictions for specific thresholds,
which are crucial for balancing true positives and false
positives. The noticeable decline in harder test sets highlights
its limited generalization capability, likely due to its reliance on
handcrafted features and lack of adaptability to complex or
noisy data sets. RF-ScoreVS struggles to capture subtle
patterns in challenging scenarios, resulting in lower Recall
and MCC, which reduces its effectiveness for robust, real-
world applications.
The unusual pattern exhibited by SCORCH,54 with

extremely high Recall and ROC-AUC values but poor
performance in other metrics such as PR-AUC, Precision,
MCC, and F1-Score, can be attributed to its tendency to
predict a large number of positives, leading to a bias toward
high sensitivity. The high Recall indicates that SCORCH
captures nearly all true actives, but this comes at the expense of
an increased number of false positives, which significantly
lowers Precision. The high ROC-AUC reflects its ability to
rank actives higher than inactives across thresholds, but this
metric does not penalize the model for imbalanced predictions
at specific thresholds. As a result, while SCORCH may excel in
ranking tasks, its poor performance in PR-AUC, MCC, and F1-
Score suggests that it struggles to balance the trade-off between
true positives and false positives effectively. This behavior
likely stems from SCORCH’s design or scoring function
prioritizing recall and ranking over precision and classification
balance. While this may be suitable for applications where
identifying all actives is critical, it reduces its utility for tasks
requiring a more balanced and precise prediction approach.
As a traditional scoring function used in docking software,

SMINA36 is likely constrained by its simplistic scoring
approach, which may not capture the complexities of
protein−ligand interactions effectively. This makes it unsuit-
able for tasks requiring high predictive accuracy.
The results highlight the superiority of DeepMETTL3,

achieving consistently high performance across all metrics and
test sets, including hard ones, due to its ability to focus on
critical features via attention mechanisms. In contrast,
traditional methods like SMINA, RF-ScoreVS, and standard
CNNs struggle, especially on challenging data sets. These
findings underscore the importance of advanced architectures
such as DeepMETTL3 for SBVS.

■ CONCLUSIONS
This study highlights the effectiveness of combining a CNN
architecture with multihead attention and SPLIF features to
develop a robust machine-learning-based scoring function for
SBVS. Our model, DeepMETTL3, consistently outperformed
traditional scoring methods such as RF-ScoreVS, CNN-Score,
SCORCH, and SMINA across all test sets, including the
challenging Hard Test Sets. By leveraging SPLIF features and
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the integration of attention mechanisms, the model success-
fully captured both low- and high-level features, enabling
precise and reliable classification of active and inactive
compounds.
Key findings demonstrated that incorporating an optimal

active-to-decoy ratio in the training data set significantly
enhances model performance, with a 1:10 ratio providing a
substantial improvement in metrics such as PR-AUC, ROC-
AUC, Precision, Recall, and F1-Score. The placement of
multihead attention also played a critical role, with the optimal
position after CNN1 resulting in improved feature refinement
and generalization across diverse data sets.
While the DeepMETTL3 method demonstrates significant

advancements over traditional scoring functions, it is not
without limitations. One key limitation is the reliance on high-
quality, target-specific data sets for training, which may not
always be available for other biological targets. Additionally,
the computational cost of training deep learning models,
especially with multihead attention mechanisms, can be
substantial, potentially limiting scalability for large-scale virtual
screening campaigns. Furthermore, the model’s performance,
while robust, is still dependent on the quality of the molecular
docking poses generated by tools like SMINA, which may not
always accurately reflect the true binding conformations. The
use of decoys generated by DeepCoy, while effective, may also
introduce biases if the decoys do not fully represent the
chemical space of true inactives. In comparison, traditional
physics-based scoring functions like AutoDock Vina are limited
by their simplistic energy terms and inability to capture
complex interactions, while machine learning methods like RF-
ScoreVS and CNN-Score often struggle with generalizability
and feature representation. Deep learning models such as
Pafnucy, though powerful, require large data sets and are
computationally intensive, with their black-box nature making
interpretability a challenge. Overall, while DeepMETTL3
addresses many of these limitations by leveraging SPLIF and
attention mechanisms, it still faces challenges related to data
set availability, computational cost, and dependence on
docking accuracy, which are common across SBVS method-
ologies. Future work could focus on reducing computational
demands, improving interpretability, and enhancing general-
izability to other targets with limited data.
Another potential concern is the risk of overfitting,

particularly when dealing with specific compound types or
data sets with limited chemical diversity. To mitigate this, we
employed techniques such as dropout regularization and
scaffold-based splitting, which have proven to be effective in
improving generalization. Nevertheless, further validation on
larger and more diverse data sets is necessary to fully assess the
model’s robustness. Additionally, the model’s performance
may be influenced by the size and diversity of the training data
set. While scaffold-based splitting ensures chemical diversity in
the test sets, the model may still struggle with highly novel
scaffolds or underrepresented compound classes. Future work
could explore data augmentation techniques or transfer
learning to address these challenges. During training, we
encountered challenges related to balancing the active-to-
decoy ratio and optimizing the hyperparameters. While a 1:50
ratio provided optimal performance, this may not generalize to
all data sets, and further tuning may be required for specific
applications. Additionally, the computational cost of training
deep learning models with large data sets remains a practical
limitation, which could be mitigated by leveraging more

efficient architectures or distributed computing resources in
future work.
The results underscore the importance of advanced

architectures such as DeepMETTL3 in addressing the
limitations of traditional scoring functions, such as the inability
to model complex interaction patterns or generalize effectively
to novel scaffolds. Our METTL3-specific scoring function
highlights the potential for target-specific machine learning
models to enhance the identification of active compounds,
offering a scalable and adaptable solution for future SBVS
applications. These findings strongly support the hypothesis
that integrating multihead attention and SPLIF features within
a deep-learning framework can significantly improve prediction
accuracy and robustness in drug discovery.
Future studies can expand on this work by testing the model

on additional targets, exploring hybrid attention mechanisms,
or incorporating dynamic protein flexibility to further enhance
its predictive power and utility in real-world drug design
scenarios.
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