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Abstract

Artificial neural networks in drug discovery have shown remarkable potential in various
areas, including molecular similarity assessment and virtual screening. This study presents
a novel multimodal Siamese neural network architecture. The aim was to join molecular
electrostatic potential (MEP) images with the texture features derived from reduced density
gradient (RDG) diagrams for enhanced molecular similarity prediction. On one side, the
proposed model is combined with a convolutional neural network (CNN) for processing
MEP visual information. This data is added to the multilayer perceptron (MLP) that
extracts texture features from gray-level co-occurrence matrices (GLCM) computed from
RDG diagrams. Both representations converge through a multimodal projector into a shared
embedding space, which was trained using triplet loss to learn similarity and dissimilarity
patterns. Limitations associated with the use of purely structural descriptors were overcome
by incorporating non-covalent interaction information through RDG profiles, which enables
the identification of bioisosteric relationships needed for rational drug design. Three
datasets were used to evaluate the performance of the developed model: tyrosine kinase
inhibitors (TKIs) targeting the mutant T315I BCR-ABL receptor for the treatment of chronic
myeloid leukemia, acetylcholinesterase inhibitors (AChEIs) for Alzheimer’s disease therapy,
and heterodimeric AChEI candidates for cross-validation. The visual and texture features of
the Siamese architecture help in the capture of molecular similarities based on electrostatic
and non-covalent interaction profiles. Therefore, the developed protocol offers a suitable
approach in computational drug discovery, being a promising framework for virtual
screening, drug repositioning, and the identification of novel therapeutic candidates.

Keywords: convolutional neural networks; embeddings; Siamese neural network;
similarity; MEP; RDG

1. Introduction

The use of artificial neural networks (ANNSs) in chemistry has established itself as a
field of intense research. The applications go beyond learning chemical syntax through lan-
guage models (LLMs). They also include autoencoders for generating new molecules using
SMILES representations or three-dimensional molecular structure data [1-3]. Furthermore,
ANNSs have been widely employed in predicting physicochemical properties, which are
relevant to the development of new materials and pharmaceuticals [4,5].
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Among the various ANN architectures, convolutional neural networks (CNNs) stand
out, particularly in tasks involving image-format data. This performance is due to convolu-
tional operations that enable the network to extract and recognize visual patterns, allowing
applications in classification, similarity assessment, and pattern recognition problems.

In chemistry, CNNs have been applied in multiple areas, including the prediction of
chemical reactivity and the quantitative estimation of polymer properties [6,7]. In terms of
drug design, these networks have shown promise in tasks such as predicting protein-ligand
binding affinities in docking simulations [8], virtual screening [9], and ligand poses within
protein active sites [10], as well as in determining pharmacological properties such as
solubility and lipophilicity [11] in the design of novel molecular entities [12].

Large-scale models, such as CNN-Drug-Drug Interaction (CNN-DDI) [13] and the
Hybrid Convolutional Neural Network (HCNN) [14], incorporate similarity metrics (such
as the Jaccard similarity) used to enhance predictive performance regarding drug-drug
interactions. These metrics are fundamental in drug design, as they assist in both the
discovery of new drug candidates and in the repositioning of existing drugs, thereby
optimizing the virtual screening process. Therefore, the development of models capable of
accurately identifying similarities and dissimilarities between compounds is essential for
advancing this field.

In the context of molecular similarity among drug candidates, it is important to note
that using only structural descriptors is insufficient to reveal similarity between molecules.
Non-covalent interactions, including hydrogen bonding, electrostatic interactions, and van
der Waals forces, play a central role in the stability of protein-ligand complexes. Molecules
that are grouped together but have different structures can exhibit similar molecular electro-
static potential (MEP) profiles. These profiles represent the three-dimensional distribution
of electrostatic potential around a molecule. This trend results in similar interactions with
the active site of the target protein and, consequently, similar biological activity. Such
molecular groups are known as bioisosteres and play a crucial role in rational drug design
and molecular repositioning on other bioreceptor targets.

Siamese neural networks (SNNs) have provided suitable applications to drug design
and development [9,15-17]. The present study aims to develop a model based on SNN,
using as input MEP images and gray-level co-occurrence matrices (GLCM) extracted
from reduced density gradient (RDG) diagrams. RDG diagrams are a quantum chemical
method, particularly important for visualizing non-covalent interactions, such as van der
Waals interactions and hydrogen bonds, by plotting the reduced density gradient as a
function of the electron density, thereby enabling the identification and characterization
of intermolecular interaction regions [18,19]. On one side, MEP images are processed
following the CNN approach, while the GLCM matrices are converted into feature vectors
via a multilayer perceptron (MLP) integrated into the model. We have studied two well-
known biological targets: the mutant tyrosine kinase T3151 BCR-ABL inhibition, which
is the main bioreceptor target for treating Chronic Myeloid Leukemia (CML) [20], and
the human acetylcholinesterase (hAChE) inhibition, currently one of the main approaches
to treating deleterious cognitive side effects of Alzheimer’s disease [21]. We have used
different datasets to evaluate the model’s ability to predict ligand similarity based on
visual data. The first dataset comprised tyrosine kinase inhibitors (TKIs) [22-24], while
the second involved acetylcholinesterase inhibitors (AChEIs) candidates, using donepezil
(DNP) as a negative control to test the model’s robustness with low-similarity triplets. The
third dataset, also composed of potential AChEIs designed as heterodimers, was used
for cross-validation to compare the performance of models trained on the two different
datasets. This study is expected to expand the applicability of CNNs in molecular similarity
analysis within the identical context of drug development.
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2. Results and Discussion

Our training procedure used the known early stopping approach, which prevents over-
fitting and provides optimal model generalization. This approach is a standard technique
in deep learning, where training is terminated when validation performance plateaus or
begins to deteriorate. The 20-epoch duration represents the optimal length for the datasets
under investigation.

Figure 1 shows the training results for the TKIs dataset. The training process demon-
strates proper convergence, with validation and training curves closely aligned and the loss
approaching zero in the final epochs. For this dataset, the model focused its attention on the
most electropositive region of ponatinib, specifically on the piperazine moiety. Although
Figure 1 showed a continued decline at epoch 20, suggesting that the equilibrium stage had
not been achieved, the early stopping technique was triggered by validation metrics rather
than visual inspection alone. This approach prioritizes robust statistical indicators over
potentially misleading visual patterns, resulting in a stable performance and convergence
within the 20-epoch framework.
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Figure 1. Model performance during training and validation for the TKIs dataset.

We examined Grad-CAM visualizations [25] to assess each model’s ability to detect
spatial modifications and interpret its decision process. Grad-CAM (Gradient-weighted
Class Activation Mapping) highlights class-discriminative regions of molecular structures
that drive a prediction. This method generates heatmaps that encode relevance, where red
denotes a strong contribution to the decision and blue indicates a weak contribution.

It is important to note that in all our Grad-CAM heatmap visualizations, the colorscale
is independent of the original MEP colorscale. Although MEP images contain their own
color-coded electrostatic potential values, the Grad-CAM overlay represents a separate
attention-based metric that indicates which spatial regions the trained model prioritizes
during the classification process. The model learns from the MEP color patterns, textures,
and transitions via GLCM features. However, the resulting Grad-CAM visualization uses
its own normalized scale (0.0-1.0) to represent attention intensity rather than electrostatic
potential magnitude.

Figure 2 shows the 2D structures of the major molecules in the TKIs dataset. As shown
in Figure 3, the model correctly identified the piperazine-containing region of the com-
pound PF-114 [26] as chemically analogous to the ponatinib anchor in the three-dimensional
chemical feature space. The model also accurately recognized the modified purine cores of
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PF-114 ([1,2,4]triazolo[4,3-a]pyridine ring) and ponatinib (imidazo[1,2-b]pyridazine ring)
as structurally similar.

Figure 3 also suggests that the model was capable of identifying spatial modifications
in terms of dissimilarity. An example of this behavior is shown in Figure 4, which compares
pairwise molecular similarity computed using Tanimoto coefficients with model-derived
inverted distances in the learned space. Compounds such as 8i, which have SMILES strings
similar to ponatinib (left panel), are located far from ponatinib in the model’s learned
space (right panel). Despite having a similar atomic composition to the purine-like core of
ponatinib, Figure 3 shows that the model focuses on the imidazole group in compound 8i.
The possible explanation is that the imidazole group of compound 8i does not induce the
same steric strain as the purine-like core of ponatinib does.
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Figure 2. 2D structures for major molecules for TKIs dataset.
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Figure 3. Grad-CAM result of the model after training on the TKI molecules dataset. The X and
Y coordinates represent the width and height, respectively, of the original MEP images in pixel
units. The colorbar scale represents the normalized activation intensity (0.0-1.0), where higher values
indicate regions that receive more attention from the model during classification. Anchor = ponatinib,
Positive = PF-114, Negative = 8i.
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Another relevant factor is that the model outperformed the heuristic approach, since
the input triplets were defined based on Tanimoto similarity scores. This behavior demon-
strates that the model was able to capture not only physicochemical features but also
spatial and electrostatic characteristics—reflected in the MEP maps and RDG diagrams—
representing an association, albeit indirect, with the types of non-covalent interactions
present in the molecules.

In line with this feature, Figure 5 indicates that the highest- and lowest-scoring com-
pounds classified as positive and negative by the model are directly associated with the
shape pattern of the electrostatic potential surface around the molecule, for both similarity
and dissimilarity. Therefore, the inversion in similarity ranking for several molecules occurs
when comparing Tanimoto similarity via SMILES (using RDKit) to the inverted distance
computed by the model.
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Figure 4. (a) Tanimoto similarity using SMILES, and (b) model-based similarity (via inverse distance).

Data from TKI molecules. The acronyms for ponatinib (labeled pona in the image) and PF-114
(labeled pf114 in the image) were used.
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Figure 5. Grad-CAM (bottom) result of the model after training on the TKI molecules dataset,
considering the highest and lowest d~! values computed by the model. The X and Y coordinates
represent the width and height, respectively, of the original MEP (top) images in pixel units. The
colorbar scale represents the normalized activation intensity (0.0-1.0), where higher values indicate
regions that receive more attention from the model during classification. The anchor value is
ponatinib, the positive control is 2k, and the negative control is 7e.

Compound 8c exhibited the highest Tanimoto similarity score (St = 0.776), achieving
a similar inverse distance value as calculated by the model (d —1 = 0.741). However, notable
discrepancies were observed in the similarity predictions for compounds from Class 2. The
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Tanimoto similarity between these compounds and ponatinib was low. Compound 2h had
the lowest similarity among all TKI molecule class compounds, with a value of St = 0.195.
The model calculations showed that these compounds had the highest inverse distance
values, with compound 2k having the highest value (d~! = 0.978).

Conversely, the compound with the lowest inverse distance was 7e (d~! = 0.547),
which showed an intermediate Tanimoto similarity value (St = 0.666). Figure 6 shows
saliency maps over RDG diagrams together with the corresponding embedding projections.
Figure 7a shows the molecules closest (2k) and farthest (7e) from ponatinib. Figure 7b
presents the molecules closest (5SD) and farthest (DNP) from 5ED. In both cases, the
model highlights informative regions of the RDG diagrams, exhibits focused attention on
RDG peaks and edges, reflecting the texture sensitivity of the GLCM-based input, and
demonstrates the effectiveness of GLCM matrices for similarity analysis. Note that these
maps reflect only the RDG/GLCM branch; MEP images yield the other input stream and
provide complementary electrostatic information for similarity learning.
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Figure 6. (a) Saliency map and embedding projection for the molecule closest (2k, d~! = 0.98) and
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farthest (7e, ! = 0.55) from ponatinib. (b) Saliency map and embedding projection for the molecule
closest (55D, d~1 = 0.99) and farthest (DNP, d—1 = 0.19) from 5ED.
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Figure 7. 2D structures for major molecules for AChEIs based huprine-ladostigil dataset.

To test whether the model was truly capable of identifying shape patterns indepen-
dently of the predefined triplets, as well as to assess its learning capacity, we employed
a second dataset. This dataset consisted of 31 candidate molecules for AChE inhibition
(AChEI), theorized by our research group, using huprine W and ladostigil as starting points.
Figure 7 shows the 2D structures of the major molecules for this dataset. All triplets formed
in this dataset can be considered hard triplets since we used donepezil as the anchor. There-
fore, all resulting triplets exhibited low similarity to DNP. For triplet formation, compounds
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were defined as positives if they had a Tanimoto similarity score of St > 0.13, and as
negatives if St < 0.12. The effect of hard triplets during model training can be observed in
Figure 8, where a bottleneck is evident in both training and validation curves during the
final epochs, representing the increased difficulty for the model to converge in minimizing
the triplet loss.

The highest inverse distance value, a1 predicted by the model was observed between
the pair 5ED and 55D (d_1 = 0.994), while the lowest value was found between 5ED
and DNP (4! = 0.186). These GLCM-based embeddings can be visualized in Figure 6.
Regarding Tanimoto similarity (St), the highest value was obtained for the pair SHD-5HD
(ST = 0.944). This same pair showed a model-based inverse distance of d~1 =0.667. In
contrast, the 5SED-5SD pair had a Tanimoto similarity of St = 0.761, while the highest
Tanimoto similarity for 5SED was with 3ED (St = 0.931).
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Figure 8. Model performance during training and validation on the potential AChEI dataset.

Figure 9 illustrates how the model maintained low similarity scores with the control
compound DNP, while simultaneously identifying spatial similarity patterns in the MEP
images, as captured by the GLCM feature vectors. This feature resulted in the expected
identification of similarity between chemical structures, as pointed out by the high similarity
observed between 5ED and 5HD, and the reduction in similarity between 3HD and 5HD.
Despite being structurally similar, they exhibit considerable spatial differences, leading to
distinct electrostatic potential interaction profiles.

The highest model-predicted similarity to DNP was with SCS (d~! = 0.296), while the
lowest was with 3AD (d~! = 0.154). For Tanimoto similarity, the highest value in relation
to DNP was obtained for 3SS (St = 0.143), and the lowest value was observed with SAS
(St = 0.103). Notwithstanding, the Tanimoto similarity between DNP and SCS was the
second lowest (S = 0.104), reinforcing the model’s ability to infer similarity based on
features present in the input images (as shown in Figure 10), such as spatial positioning,
shape, electrostatic potential distribution, and texture, which are associated with types of
non-covalent interactions as captured in RDG diagrams and encoded in the GLCM feature
vector. It can be observed that the model correctly focused attention on the positions of the
bioisosteric centers of DNP (protonated nitrogen, carbonyl, and two ether oxygens O1 and
02) to assign similarity (Figure 10).



Molecules 2025, 30, 4589

8 of 15

-0.9

-0.8

-0.7

-0.6

-0.5

-0.4

Figure 9. Tanimoto similarity using SMILES (left) and model-based similarity (via inverse distance)
(right). Data from AChEI candidates using DNP as the negative control.
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Figure 10. Grad-CAM (top) result of the model after training on the potential AChEI dataset,
considering the highest and lowest d ! values computed by the model. The X and Y coordinates
represent the width and height, respectively, of the original MEP images (bottom) in pixel units.
The colorbar scale represents the normalized activation intensity (0.0-1.0), where higher values
indicate regions that receive more attention from the model during classification. Anchor = DNP,
Positive = SCS, Negative = 3AD.

In order to evaluate the performance differences between trained models with potential
TKI molecules and those trained with potential AChEI enzyme inhibitors (Figure 11), both
were tested on a smaller dataset composed of 14 molecules (Figure 12 shows the main ones).
These molecules are theoretical heterodimers formed from the structures of THA, THC,
and CBDA.
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Figure 11. Model’s performance evaluated during training and validation for the potential AChEI
dataset: (a) model trained with TKI molecules dataset; (b) model trained with AChEI dataset.
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Figure 12. 2D structures for major molecules for AChEIs based tacrine-thc-cbda dataset.

The comparative analysis of the similarity matrices based on inverse distances, shown
in Figure 13, reveals significant differences in the specificity of the models. The model
trained with potential AChEI inhibitors, which was exposed to a larger number of hard
triplets during training, demonstrated a more stringent capacity for molecular discrimi-
nation, as suggested by consistently lower similarity values (d~!) when compared to the
model trained with TKI molecules and also by the model’s performances during training
(Figure 11).

For instance, the similarity between THA and THC decreased from d~! = 0.782 in
the TKI molecules model to d~! = 0.333 in the AChEI model, highlighting the greater
specificity of the latter in assessing molecular similarity.

-1.0

(a)
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o)
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Figure 13. (a) Tanimoto similarity based on SMILES representations, compared to model-derived
similarity using inverse distance, (b) model trained on TKI molecules, (c) model trained on potential
AChEI inhibitors. Data refer to heterodimers composed of THA, THC, and CBDA.

Similarly, the AChEI-trained model exhibited reduced intra-group similarities (e.g.,
HCO0-HC1: d=! = 0.765 versus d~! = 0.944 in the TKI molecules model), reinforcing its
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greater selectivity in similarity identification. Moreover, Figure 13 also shows that both
inverse distance models outperformed the Tanimoto similarity coefficients, which are
limited to structural comparisons based on the SMILES representation. For example, the
Tanimoto score St between THA and THC was only 0.056, failing to capture the electrostatic
and spatial similarities that the inverse distance models successfully identified through
MEP maps and RDG-based descriptors. All results are detailed in Tables S5-57 of the
Supplementary Materials.

This difference highlights the importance of incorporating spatial and electronic struc-
ture information—such as MEP maps and RDG diagrams—into molecular similarity mod-
els. These representations capture non-covalent interactions and their spatial distribution
around the molecules, which are essential for a more accurate assessment of similarity.

Figure 14 compares Grad-CAM activation maps for the heterodimer similarity task
(validation dataset) under two training regimes using the same architecture: Figure 15a
trained on potential TKI molecules and Figure 15b trained on potential AChEI inhibitors
(huprine and ladostigil-based dataset). In both panels, from left to right, we show HTO
(anchor), HT1 (positive), and HC2 (negative). Together, these panels show the impact
of using hard triplets and selecting an appropriate training dataset. When comparing the
Grad-CAM heatmaps for HTO (anchor), HT1 (positive), and HC2 (negative), the model
trained on potential AChEI inhibitors (b) focused on more specific molecular regions—such
as the nitrogen atom (N1) in THA from its pyridine ring, the THC-derived region in HTO,
and the oxygen atoms in HC2.
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Figure 14. Grad-CAM activation maps generated for the heterodimer similarity prediction task:
(a) trained with TKIs dataset; (b) trained with potential AChEI inhibitors.
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Figure 15. A multimodal architecture processes triplet inputs. An MLP converts RDG diagrams

to NCI vector embeddings, while a CNN generates MEP vector embeddings from images. The
concatenated vectors are projected into a shared space and evaluated using a triplet loss function.
The Supplementary Material shows details of architecture and implementation.

In contrast, the Grad-CAM visualization from the TKI molecules model (a) showed
a more diffuse and nonspecific pattern of attention across the molecules. This increased
specificity found in the AChEI-based model highlights the relevance of training molecular
similarity models with a triplet loss function using hard triplets, as well as the need to create
a training dataset that is both representative and chemically relevant.

3. Methods
3.1. Datasets

We utilized three datasets from the literature and generated by our research group.
The molecules in this dataset were calculated using density functional theory (DFT) with
the Becke, 3-parameter, Lee-Yang-Parr (B3LYP) hybrid functional [27-30], a widely used
exchange-correlation functional that combines Hartree-Fock exchange with DFT correlation.
The B3LYP/6-311 + G(d,p) level under the solvation model density (SMD) approach
was used [31]. The SMILES strings for all molecules of the dataset are available in the
Supplementary Materials. The datasets are also available in the https://github.com /Rafael-
Campos-unb/LQC-Bio-dataset repository, acessed on 8 november 2020.

The protonation states of all compounds were optimized for pharmacological applica-
tions, prioritizing drug-like properties and aqueous solubility rather than thermodynamic
stability alone. The stereochemistry was preserved throughout our computational work-
flow, with all chiral centers and geometric configurations from the starting ligands that
showed the highest enzyme affinity being maintained in the derivative structures.

The first dataset consists of 62 images (31 Molecular Electrostatic Potential, MEP,
and 31 Reduced Density Gradient, RDG) of potential TKI molecules. The second dataset
includes 62 images (31 MEP and 31 RDG) of potential acetylcholinesterase inhibitors
(AChEIs), which are heterodimers based on Huprine W and ladostigil. The third is a
cross-validation dataset composed of 24 images (12 MEP and 12 RDG) of heterodimers
also proposed by our group as potential AChEISs, based on the molecules tacrine (THA),
Ag—tetrahydrocannabinol (THC), and cannabidiolic acid (CBDA). It is important to make
clear that huprine W and ladostigil are not approved drugs. These are investigational
compounds rather than approved drugs. The inclusion of these molecules in our
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study reflects recent research lines of investigation focused on these promising AChE
inhibitor scaffolds.

The electronic density matrices used as input for MEP image generation were
calculated using Gaussian 16 software [32]. The MEP images were generated using
GaussView4 [33] rendering capabilities. The RDG images were also obtained based on
DEFT data using Multiwfn [34] version 3.8 and Visual Molecular Dynamics (VMD) software
version 1.9.3 for rendering the images [35].

3.2. Model Architecture

The model consists of a Siamese neural network that takes as input MEP images
combined with the GLCM matrix generated from RDG diagrams. We used Tanimoto
similarity values (St) to form the triplets (anchor for the reference image, positive for
similar images, and negative for dissimilar images), defined as:

s1(4,8)= 54 0%, m
where A and B are two binary molecular fingerprints obtained from the SMILES strings,
which are generated using Morgan fingerprints with a fixed size of 2048 bits and a radius
of 2. To evaluate the model’s capability to learn distances, we compared the Tanimoto
similarity matrix with the inverse distance matrix, where each inverse distance element
d ! is calculated using the following expression:

d~! = Sim(x,y) = _ )
1+d(x,y)
where d(x,y) is the distance predicted by the model. The triplets were defined by setting
positives as those with St > 0.70 relative to the anchor, and negatives as those with
St < 0.40.

The model architecture (Figure 15) receives an input set for the MEP images and for
the GLCM matrices generated from the corresponding RDG diagram images, given that
the GLCM matrices were defined with eight levels (8 x 8). The architecture represented in
the image has three interconnected components for each element of the triplet: the upper
pathway processes MEP images through a convolutional neural network (CNN) to extract
spatial-visual features; the lower pathway processes GLCM matrices (8 x 8) derived from
RDG diagrams through a multilayer perceptron (MLP) to capture texture information;
and the central concatenation mechanism that connects both feature vectors into a unified
representation. For example, the anchor (reference image, green) is close to the positive
(blue) due to similar images, and far from the negative point (dissimilar images, red).

The cost function that the model aims to minimize is the triplet loss [36], as it is
a Siamese network designed to learn similarity and dissimilarity between images. The
function operates in a shared embedding space, illustrated as a sphere in the figure, enabling
the model to learn meaningful molecular representations by comparing anchor, positive,
and negative samples simultaneously.

4. Conclusions

The construction of a Siamese neural network model coupled with an MLP for pre-
dicting molecular similarity, based on MEP maps and RDG diagrams, was successfully
implemented. The results suggest the potential of CNNs in molecular similarity analysis
through images, as these networks can capture complex spatial patterns that are relevant
for identifying similarities between drug candidates.
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The combined use of MEP maps and RDG diagrams has proven promising in the
context of drug design, as non-covalent interactions—particularly their spatial arrange-
ment around the molecule—play a central role in defining pharmacological similarity,
even among compounds with distinct chemical structures. Additionally, the proposed
methodology addresses critical limitations of traditional structural descriptors by incorpo-
rating non-covalent interactions and spatial information. For example, when compared to
traditional fingerprint methods, the model consistently outperformed Tanimoto similarity
calculations based on Morgan fingerprints, particularly in identifying functionally similar
compounds with distinct structural scaffolds. For instance, while compound 2k exhibited
low Tanimoto similarity to ponatinib (St = 0.221), the model correctly identified high
electrostatic similarity (4~! = 0.978), demonstrating the value of incorporating MEP and
RDG information.

The model’s performance varied significantly across different biological targets, high-
lighting the importance of target-specific training. For BCR-ABL inhibitors, Grad-CAM
analysis revealed that the model correctly focused on pharmacophoric regions, particularly
the piperazine moiety in ponatinib and analogous regions in similar compounds, success-
fully identifying modifications in purine cores while maintaining recognition of essential
binding features.

In the second dataset, the model demonstrated effective performance in identifying
potential AChEI candidates, with Grad-CAM visualizations confirming focus on important
bioisosteric centers for the AChEIs system, including protonated nitrogen, carbonyl, and
ether oxygen atoms. The use of hard triplets during the training of this dataset demonstrated
enhanced discrimination capabilities compared to the TKIs dataset, with the AChEI-trained
model showing more rigorous molecular discrimination as indicated by consistently lower
similarity values than the TKI-trained model when tested on the heterodimer validation
set (e.g., THA-THC similarity: d~! = 0.333 vs. d =1 = 0.782, respectively).

Despite these encouraging initial results, additional studies with larger and more
diverse datasets are required to validate both models and the proposed methodology more
robustly. However, the current lack of large-scale databases containing MEP and RDG
images represents a significant limitation for advancing deep learning approaches in this
field. Therefore, the scientific community needs to invest in the development, curation,
and public availability of such datasets to enable more comprehensive, comparative, and
generalizable future research in molecular modeling for drug discovery.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/molecules30234589 /s1.

Author Contributions: Conceptualization, ].B.L.M.; data curation, E.C.M.N.; formal analysis, R.C.V.,,
L.d.AN., A.AN. E.CM.N. and J.B.L.M,; investigation, R.C.V. and L.d.A.N.; methodology, L.d.A.N.,
A.AN., N.R.dM.A., E.C.M.N. and J.B.L.M,; resources, ].B.L.M.; software, N.R.d.M.A.; supervision,
J.B.L.M.; validation, A.A.N. and N.R.d.M. A ; visualization, R.C.V.; writing—original draft, R.C.V,;
writing—review and editing, E.C.M.N. and ].B.L.M. All authors have read and agreed to the published
version of the manuscript.

Funding: This work was supported by the Brazilian funding agencies CNPq (Grant No. 444496 /2024-
6 and 308419/2025-1) and FAPDF (Grant No. 00193-00000869/2021-31).

Data Availability Statement: The source code of this study is freely available at GitHub, accessed on
8 november 2025 (https:/ /github.com/Rafael-Campos-unb/NCIVISION). The original contributions
presented in this study are included in the article/Supplementary Materials. Further inquiries can be
directed to the corresponding author.

Acknowledgments: The authors acknowledge the support of DPI/BCE/UnB. The authors have
reviewed and edited the output and take full responsibility for the content of this publication.


https://www.mdpi.com/article/10.3390/molecules30234589/s1
https://www.mdpi.com/article/10.3390/molecules30234589/s1
https://github.com/Rafael-Campos-unb/NCIVISION

Molecules 2025, 30, 4589 14 of 15

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Ramos, M.C,; Collison, C.J.; White, A.D. A review of large language models and autonomous agents in chemistry. Chem. Sci.
2025, 16, 2514-2572. [CrossRef] [PubMed]

2. Ilnicka, A.; Schneider, G. Designing molecules with autoencoder networks. Nat. Comput. Sci. 2023, 3, 922-933. [CrossRef]
[PubMed]

3. Ochiai, T.; Inukai, T.; Akiyama, M.; Furui, K.; Ohue, M.; Matsumori, N.; Inuki, S.; Uesugi, M.; Sunazuka, T.; Kikuchi, K,; et al.
Variational autoencoder-based chemical latent space for large molecular structures with 3D complexity. Commun. Chem. 2023,
6,249. [CrossRef] [PubMed]

4. Miccio, L.A.; Schwartz, G.A. From chemical structure to quantitative polymer properties prediction through convolutional neural
networks. Polymer 2020, 193, 122341. [CrossRef]

5. Wang, S,; Dj, J.; Wang, D.; Dai, X.; Hua, Y.; Gao, X.; Zheng, A.; Gao, ]J. State-of-the-art review of artificial neural networks to
predict, characterize and optimize pharmaceutical formulation. Pharmaceutics 2022, 14, 183. [CrossRef]

6. Coley, C.W.,; Jin, W,; Rogers, L.; Jamison, T.F; Jaakkola, T.S.; Green, W.H.; Barzilay, R.; Jensen, K.F. A graph-convolutional neural
network model for the prediction of chemical reactivity. Chem. Sci. 2019, 10, 370-377. [CrossRef]

7. Park, ].; Shim, Y.; Lee, F; Rammohan, A.; Goyal, S.; Shim, M.; Jeong, C.; Kim, D.S. Prediction and interpretation of polymer
properties using the graph convolutional network. ACS Polym. Au 2022, 2,213-222. [CrossRef]

8. Verma, N.; Qu, X,; Trozzi, F.; Elsaied, M.; Karki, N.; Tao, Y.; Zoltowski, B.; Larson, E.C.; Kraka, E. Ssnet: A deep learning approach
for protein-ligand interaction prediction. Int. J. Mol. Sci. 2021, 22, 1392. [CrossRef]

9.  Altalib, M.K,; Salim, N. Similarity-based virtual screen using enhanced Siamese deep learning methods. ACS Omega 2022,
7,4769-4786. [CrossRef]

10. Azzopardi, |.; Ebejer, J.P. LigityScore: A CNN-Based Method for Binding Affinity Predictions. In Proceedings of the International
Joint Conference on Biomedical Engineering Systems and Technologies, Virtual, 11-13 February 2021; pp. 18-44. [CrossRef]

11.  Ghanavati, M.A.; Ahmadi, S.; Rohani, S. A machine learning approach for the prediction of aqueous solubility of pharmaceuticals:
A comparative model and dataset analysis. Digit. Discov. 2024, 3, 2085-2104. [CrossRef]

12.  Li, X,; Gong, K; Jiang, Y.; Yang, Y.; Li, T. MoIRWKYV: Conditional Molecular Generation Model Using Local Enhancement and
Graph Enhancement. J. Comput. Chem. 2025, 46, €70100. [CrossRef]

13.  Zhang, C.; Lu, Y;; Zang, T. CNN-DDI: A learning-based method for predicting drug-drug interactions using convolution neural
networks. BMC Bioinform. 2022, 23, 88. [CrossRef] [PubMed]

14. Sun, X.; Dong, K.; Ma, L.; Sutcliffe, R.; He, F; Chen, S.; Feng, J. Drug-drug interaction extraction via recurrent hybrid convolutional
neural networks with an improved focal loss. Entropy 2019, 21, 37. [CrossRef] [PubMed]

15. Ferndndez-Llaneza, D.; Ulander, S.; Gogishvili, D.; Nittinger, E.; Zhao, H.; Tyrchan, C. Siamese Recurrent Neural Network with a
Self-Attention Mechanism for Bioactivity Prediction. ACS Omega 2021, 6, 11086-11094. [CrossRef] [PubMed]

16. Zhang, L.; Yao, T.; Luo, J.; Yi, H; Han, X,; Pan, W.; Xue, Q.; Liu, X,; Fu, J.; Zhang, A. ChemNTP: Advanced Prediction of
Neurotoxicity Targets for Environmental Chemicals Using a Siamese Neural Network. Environ. Sci. Technol. 2024, 58, 22646-22656.
[CrossRef]

17.  Nanni, L.; Minchio, G.; Brahnam, S.; Sarraggiotto, D.; Lumini, A. Closing the Performance Gap between Siamese Networks for
Dissimilarity Image Classification and Convolutional Neural Networks. Sensors 2021, 21, 5809. [CrossRef]

18. Boto, R.A.; Contreras-Garcia, J.; Tierny, J.; Piquemal, J.P. Interpretation of the reduced density gradient. Mol. Phys. 2015,
114, 1406-1414. [CrossRef]

19. Guerra, C.; Burgos, J.; Ayarde-Henriquez, L.; Chamorro, E. Formulating Reduced Density Gradient Approaches for Noncovalent
Interactions. J. Phys. Chem. A 2024, 128, 6158-6166. [CrossRef]

20. Noens, L.; Hensen, M.; Kucmin-Bemelmans, I.; Lofgren, C.; Gilloteau, I.; Vrijens, B. Measurement of adherence to BCR-ABL
inhibitor therapy in chronic myeloid leukemia: Current situation and future challenges. Haematologica 2014, 99, 437-447.
[CrossRef]

21. Truong, B.; Quiroz, J.; Priefer, R. Acetylcholinesterase Inhibitors for Alzheimer’s disease: Past, Present, and Potential Future. Med.
Res. Arch. 2020, 8,2375-1924. [CrossRef]

22. Zhang, D.; Li, P; Gao, Y.; Song, Y.; Zhu, Y.; Su, H.; Yang, B; Li, L.; Li, G.; Gong, N.; et al. Discovery of a Candidate Containing an
(5)-3, 3-Difluoro-1-(4-methylpiperazin-1-yl)-2, 3-dihydro-1H-inden Scaffold as a Highly Potent Pan-Inhibitor of the BCR-ABL
Kinase Including the T315I-Resistant Mutant for the Treatment of Chronic Myeloid Leukemia. ]. Med. Chem. 2021, 64, 7434-7452.
[CrossRef] [PubMed]

23. Turkina, A.; Vinogradova, O.; Lomaia, E.; Shatokhina, E.; Shukhov, O.; Chelysheva, E.; Shikhbabaeva, D.; Nemchenko, I.; Petrova,

A.; Bykova, A,; et al. Phase-1 study of vamotinib (PF-114), a 3rd generation BCR::ABL1 tyrosine kinase-inhibitor, in chronic
myeloid leukaemia. Ann. Hematol. 2025, 104, 2707-2715. [CrossRef] [PubMed]


http://doi.org/10.1039/D4SC03921A
http://www.ncbi.nlm.nih.gov/pubmed/39829984
http://dx.doi.org/10.1038/s43588-023-00548-6
http://www.ncbi.nlm.nih.gov/pubmed/38177601
http://dx.doi.org/10.1038/s42004-023-01054-6
http://www.ncbi.nlm.nih.gov/pubmed/37973971
http://dx.doi.org/10.1016/j.polymer.2020.122341
http://dx.doi.org/10.3390/pharmaceutics14010183
http://dx.doi.org/10.1039/C8SC04228D
http://dx.doi.org/10.1021/acspolymersau.1c00050
http://dx.doi.org/10.3390/ijms22031392
http://dx.doi.org/10.1021/acsomega.1c04587
http://dx.doi.org/10.5220/0010228300380049
http://dx.doi.org/10.1039/D4DD00065J
http://dx.doi.org/10.1002/jcc.70100
http://dx.doi.org/10.1186/s12859-022-04612-2
http://www.ncbi.nlm.nih.gov/pubmed/35255808
http://dx.doi.org/10.3390/e21010037
http://www.ncbi.nlm.nih.gov/pubmed/33266753
http://dx.doi.org/10.1021/acsomega.1c01266
http://www.ncbi.nlm.nih.gov/pubmed/34056263
http://dx.doi.org/10.1021/acs.est.4c10081
http://dx.doi.org/10.3390/s21175809
http://dx.doi.org/10.1080/00268976.2015.1123777
http://dx.doi.org/10.1021/acs.jpca.4c01667
http://dx.doi.org/10.3324/haematol.2012.082511
http://dx.doi.org/10.18103/mra.v8i12.2271
http://dx.doi.org/10.1021/acs.jmedchem.1c00082
http://www.ncbi.nlm.nih.gov/pubmed/34011155
http://dx.doi.org/10.1007/s00277-025-06239-8
http://www.ncbi.nlm.nih.gov/pubmed/40298994

Molecules 2025, 30, 4589 15 of 15

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.
34.
35.
36.

Thomas, M.; Huang, W.S.; Wen, D.; Zhu, X.; Wang, Y.; Metcalf, C.A; Liu, S.; Chen, I.; Romero, J.; Zou, D.; et al. Discovery of
5-(arenethynyl) hetero-monocyclic derivatives as potent inhibitors of BCR-ABL including the T315I gatekeeper mutant. Bioorganic
Med. Chem. Lett. 2011, 21, 3743-3748. [CrossRef] [PubMed]

Selvaraju, R.R.; Cogswell, M,; Das, A.; Vedantam, R.; Parikh, D.; Batra, D. Grad-CAM: Visual Explanations from Deep Networks
via Gradient-Based Localization. In Proceedings of the 2017 IEEE International Conference on Computer Vision (ICCV), Venice,
Italy, 22-29 October 2017; pp. 618-626. [CrossRef]

Mian, A.A.; Rafiei, A.; Haberbosch, I.; Zeifman, A ; Titov, I; Stroylov, V.; Metodieva, A.; Stroganov, O.; Novikov, F.; Brill, B.; et al.
PF-114, a potent and selective inhibitor of native and mutated BCR/ABL is active against Philadelphia chromosome-positive
(Ph+) leukemias harboring the T315I mutation. Leukemia 2014, 29, 1104-1114. [CrossRef]

Becke, A.D. Density-functional thermochemistry. I. The effect of the exchange-only gradient correction. J. Chem. Phys. 1992,
96, 2155-2160. [CrossRef]

Lee, C.; Yang, W.; Parr, R.G. Development of the Colle-Salvetti correlation-energy formula into a functional of the electron density.
Phys. Rev. B 1988, 37, 785. [CrossRef]

Vosko, S.H.; Wilk, L.; Nusair, M. Accurate spin-dependent electron liquid correlation energies for local spin density calculations:
A critical analysis. Can. J. Phys. 1980, 58, 1200-1211. [CrossRef]

Stephens, PJ.; Devlin, E]J.; Chabalowski, C.E; Frisch, M.J. Ab initio calculation of vibrational absorption and circular dichroism
spectra using density functional force fields. |. Phys. Chem. 1994, 98, 11623-11627. [CrossRef]

Marenich, A.V.; Cramer, C.J.; Truhlar, D.G. Universal Solvation Model Based on Solute Electron Density and on a Continuum
Model of the Solvent Defined by the Bulk Dielectric Constant and Atomic Surface Tensions. J. Phys. Chem. B 2009, 113, 6378-6396.
[CrossRef]

Frisch, ML].; Trucks, G.W.; Schlegel, H.B.; Scuseria, G.E.; Robb, M.A.; Cheeseman, J.R.; Scalmani, G.; Barone, V.; Petersson, G.A.;
Nakatsuji, H.; et al. Gaussian, version 16. Gaussian~16 Revision C.01, 2016; Gaussian Inc.: Wallingford, CT, USA, 2016.
Dennington, R.; Keith, T.A.; Millam, ].M. GaussView, version 4.1.2; Semichem Inc.: Shawnee Mission, KS, USA, 2007.

Lu, T.; Chen, F. Multiwfn: A multifunctional wavefunction analyzer. J. Comput. Chem. 2011, 33, 580-592. [CrossRef]
Humphrey, W.; Dalke, A.; Schulten, K. VMD: Visual molecular dynamics. J. Mol. Graph. 1996, 14, 33-38. [CrossRef]

Schroff, F; Kalenichenko, D.; Philbin, J. FaceNet: A unified embedding for face recognition and clustering. In Proceedings of the
2015 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Boston, MA, USA, 7-12 June 2015; pp. 815-823.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://dx.doi.org/10.1016/j.bmcl.2011.04.060
http://www.ncbi.nlm.nih.gov/pubmed/21561767
http://dx.doi.org/10.1109/iccv.2017.74
http://dx.doi.org/10.1038/leu.2014.326
http://dx.doi.org/10.1063/1.462066
http://dx.doi.org/10.1103/PhysRevB.37.785
http://dx.doi.org/10.1139/p80-159
http://dx.doi.org/10.1021/j100096a001
http://dx.doi.org/10.1021/jp810292n
http://dx.doi.org/10.1002/jcc.22885
http://dx.doi.org/10.1016/0263-7855(96)00018-5
http://dx.doi.org/10.1109/cvpr.2015.7298682

	Introduction
	Results and Discussion
	Methods
	Datasets
	Model Architecture

	Conclusions
	References

