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Oz

Beyin hiicrelerinin zamanla 6lmesine bagl olarak hafiza kaybi, demans ve bilissel islevlerde genel bir azalma
seklinde gelisen tibbi duruma Alzheimer hastaligi denir. Bu hastalik, biligsel islevlerde kademeli bir diisiise ve
sonucta kisinin giinlik yasamim etkileyen ciddi hafiza kayiplarina yol acabilmektedir. Alzheimer hastaligina
neden olan mekanizma tam olarak anlagilmamasina ragmen beyindeki plaklar ve norofibriler demetler gibi bazi
yapisal degisikliklerle iliskilendirilmistir. Bu ¢alisma, Alzheimer hastaliginin tedavisinde iimit verici olan BACE-
1 inhibitdrlerinin kesfi i¢in geometrik derin 6grenme yonteminin kullanimini arastirmaktadir. Egitim siirecinde
Iletisim Gegis Sinir A1 ve Tamamen Baglantili Ag kullamlarak 6zellestirilmis bir model gelistirilmistir. Bu
model, molekiiler yapilarin karmasik 6zelliklerini yakalamak i¢in grafik yerlestirmelerin ve tamamen baglantili
aglarin birlesimi yoluyla molekiil etkilesimlerini tahmin etmektedir. Sonuclar, gelistirilen modelin BACE-1
inhibitorlerinin etkilesimlerini basarili bir sekilde tahmin edebildigini gostermektedir. Modelin performans orant
%87,7 olarak belirlenmistir. Bu ¢alisma, Alzheimer hastaligina yonelik yeni BACE-1 inhibitérlerinin kesfedilmesi
ve gelistirilmesi i¢in umut verici bir yol haritasi sunmaktadir.
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Abstract

The medical condition that develops as memory loss, dementia, and a general decrease in cognitive functions due
to the death of brain cells over time is called Alzheimer's disease. This disease can lead to a gradual decline in
cognitive functions and eventually severe memory losses that affect a person's daily life. Although the exact
mechanism that causes Alzheimer's disease is not fully understood, it has been associated with certain structural
changes in the brain, such as plaques and neurofibrillary bundles. This study investigates the use of geometric deep
learning methods for the discovery of BACE-1 inhibitors that are promising in addressing Alzheimer's disease.
Our study builds on these advancements by integrating GDL with pharmacological criteria, such as the QED
criterion and Lipinski's rule, to predict BACE-1 inhibitors with enhanced accuracy and drug-like properties. Our
model, which combines message-passing neural networks (MPNNs) and fully connected network (FCN)
architectures, achieved a success rate of 87.7%. This performance not only surpasses that of previous studies but
also ensures the practical applicability of our findings in drug discovery for Alzheimer's disease. The dual focus
on prediction accuracy and drug likeness sets our work apart, providing a more comprehensive approach to
identifying effective therapeutic agents.

Keywords: BACE-1 drug interaction, Alzheimer's disease, Geometric deep learning, Graph network, BACE-1
inhibitors.
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1. Introduction

Alzheimer's disease is a form of dementia that progresses slowly and increases with age, leading to cognitive
impairment, memory loss, and eventually difficulty in activities of daily living. The disease is characterized
by nerve cells in the brain becoming damaged and dying over time [1,2]. It is the most prevalent form of
dementia and usually has a progressive course. The pathophysiology of Alzheimer's disease revolves around
two key features, namely the accumulation of beta amyloid plaques and the formation of neuronal fibrillary
tangles. These plaques and tangles block communication between nerve cells and lead to neuronal death.
Alzheimer's disease is a health problem that is common in the elderly population and still has no cure. The
pathophysiology of this disease is complex and is affected by factors such as the accumulation of beta
amyloid (AP) plaques and abnormal accumulation of tau protein leading to neuronal toxicity. In the beginning
of these pathological processes, the BACE-1 enzyme, also known as beta-secretase, plays a critical role [3,4].
Beta-secretase 1 (BACE-1), which plays a critical role in the production of beta amyloid (AB) peptides, is an
enzyme associated with Alzheimer's disease [5]. BACE-1 initially produces the AB42 peptide by cleaving
the amyloid precursor protein (APP). AB42 is one of the main components of toxic amyloid beta plaques that
accumulate in the pathological process of Alzheimer's disease and cause the death of nerve cells. Therefore,
the inhibition or diminishment of BACE-1 activity is being explored as a strategy to treat or prevent AZ.
Inhibitors targeting the BACE-1 enzyme have garnered significant attention in research and development as
potential therapeutic avenues for addressing AZ. Understanding the role of this enzyme's function is crucial
in elucidating the pathophysiology of AZ and devising potential treatment modalities [6].

The geometric deep learning (GDL) approach is the application of advanced geometry techniques to drug
data used to predict drug interactions by providing precise representations of molecular structures. Numerous
studies in the literature delve into drug interactions using geometric deep learning. For instance, the work by
Shen et al. [7] showcases the efficacy and promise of geometric deep learning in molecular data analysis.
Specifically, research shows that molecular graphs composed solely of non-covalent bonds can yield
comparable or superior results compared to those based on covalent bonds, which are conventionally
accepted as the standard for representing molecular topology at the atomic level. In the context of geometric
deep learning (GDL), molecules are typically modeled as molecular graphs, density functions, or molecular
surfaces, and these representations are analyzed using various deep learning models such as (3D)
convolutional neural networks (CNNS), graph neural networks (GNNS), recurrent neural networks (RNNs),
and others [8-10]. In another investigation, researchers applied geometric deep learning techniques to drug
discovery and the design processes of bioorganic and medicinal chemistry. Authors investigated the potential
of geometric deep learning in tasks such as molecular property prediction, ligand binding site and location
prediction, and structure-based new molecule design [11]. Additional studies [12-15] delve into the
integration of symmetry information into 3D molecular representations and its incorporation into neural
network architectures. These studies assess the efficacy of these methods, particularly in structured learning
processes, and their utilization in structure-based drug design. Furthermore, a comprehensive review [16]
offers insights into recent literature on GDL studies for drug discovery and symmetry learning. The review
highlights GDL's applications in drug discovery, including tasks like molecular property prediction,
interactions, design, conformation prediction, and 3D pretraining, while also addressing associated
challenges. Nugroho et al. developed and optimized a fingerprint-based artificial neural network (ANN)
model using three different Bat Algorithm strategies to predict Beta-secretase 1 (BACE-1) inhibitors as
therapeutic agents for Alzheimer's disease [17]. More recently, Feinberg et al. [18] applied 3D convolutional
neural networks (3D-CNNs) to molecular surfaces, achieving high accuracy in predicting protein-ligand
binding affinities. Their study highlighted the importance of three-dimensional molecular representations in
capturing interaction nuances. Ragoza et al. [19] developed a deep learning model that incorporates both 2D
and 3D information of molecules for drug-target interaction predictions. Their model achieved state-of-the-
art performance, showcasing the advantages of integrating multiple molecular representations.

In our study, we leverage both GDL and pharmacological criteria to predict interactions of BACE-1
inhibitors. Unlike previous studies, our model integrates MPNN and fully connected network (FCN)
architectures, achieving a success rate of 87.7%. This study also advances the literature by providing a
quantifiable success rate, which is often missing in previous studies. By incorporating pharmacological
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criteria such as the QED criterion and Lipinski's rule, our model ensures not only effective interaction
predictions but also favorable drug-like properties of the inhibitors. This dual focus enhances the practical
applicability of our findings, offering a more comprehensive approach to drug discovery for Alzheimer's
disease.

In this paper, we aim to use a geometric deep learning approach to perform interaction predictions for
Alzheimer's disease on BACE-1 data. GDL has indeed emerged as a powerful method in molecular
interaction prediction because it allows more precise representation of molecular structures and more
accurate modeling of interaction mechanisms. This study also targets to make valuable contributions to the
discovery of new therapeutic targets and drug development for the treatment and prevention of Alzheimer's
disease. Application of geometric deep learning methods to interaction predictions on BACE-1 data may lead
to the discovery of potential BACE-1 inhibitors and the development of innovative approaches to the
treatment of Alzheimer's disease. This study aims to offer a new perspective in the fight against Alzheimer's
disease and shed light on advancing treatment strategies. The main contributions of this study are outlined
below:
o It offers a new approach to drug interaction prediction for Alzheimer's disease by investigating the
use of geometric deep learning methods on BACE-1 data.
¢ Interaction predictions obtained through the use of MPNN based method can guide the design and
optimization of BACE-1 inhibitors.
e The study contributes to a better understanding of the molecular interactions between the BACE-1
enzyme and potential inhibitors. This allows for the development of more effective strategies during
the drug design process.

The structure of this paper as follows: Section 2 presents an in-depth exploration of the materials and methods
employed. Section 3 delves into the experimental findings and discussions. Following that, Section 4 outlines
the limitations encountered and suggests future avenues of research. Finally, Section 5 concludes the study
of the paper.

2. Materials and Method

This section outlines the materials and methodologies employed in the study for the prediction of interactions
with BACE-1 inhibitors. It encompasses the dataset description, model architecture, training procedure, and
evaluation metrics utilized in the experiment. The proposed algorithm encompasses three key steps: dataset
collection, training, and prediction. Additionally, Figure 1 shows the block diagram of the proposed model,
providing a visual representation of the methodology employed in the study.

This section outlines the materials and methodologies employed in the study for the prediction of interactions
with BACE-1 inhibitors. It encompasses the dataset description, model architecture, training procedure, and
evaluation metrics utilized in the experiment. The proposed algorithm encompasses three key steps: dataset
collection, training, and prediction. Additionally, Figure 1 shows the block diagram of the proposed model,
providing a visual representation of the methodology employed in the study.
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Figure 1. The block diagrams of the GDL based model

2.1. Data collection

This section provides an overview of the dataset employed in the study. It includes quantitative (1C50)
measurements and qualitative (binary label) binding outcomes, obtained from experiments conducted on a
range of compounds targeting human B-secretase 1 (BACE-1). BACE-1 is an enzyme involved in the
production of beta-amyloid peptides, which accumulate in the brains of Alzheimer's patients, contributing to
the disease's progression. The BACE dataset includes a variety of columns and parameters that are crucial
for developing and evaluating potential BACE-1 inhibitors. These features are broadly categorized into
molecular descriptors, activity measurements, and annotations related to Alzheimer's disease. The dataset
originates from the BACE data, specifically curated for research on Alzheimer's disease therapeutics. The
dataset utilized in this study was sourced from https://moleculenet.org/datasets-1 database [20]. It comprises
1513 compounds represented in the SMILES format. The dataset is partitioned into training of 80%,
validation of 10%, and test of 10% subsets. Additionally, the dataset's scaffold and rec-split methods were
employed to ensure diverse representation and robust evaluation. 1D and 2D descriptive features were used
to represent the compounds in the study. Basic molecular feature information such as molecular weight,
number of hydrogen bond donors and acceptors, and LogP (partition coefficient) were selected as 1D
descriptors. These descriptors are necessary to evaluate the drug-likeness of compounds based on Lipinski's
rule of five. 2D descriptors, on the other hand, capture the molecular topology and include features such as
the number of rings, the number of rotatable bonds, and the presence of specific functional groups. They
provide a more detailed representation of the structure of the molecule. Table 1 shows the dataset used in the
experiment.
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Table 1. The detailed features of the dataset
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2.2. Pre processing

This section describes the preprocessing steps applied to prepare the dataset for training the geometric deep
learning-based model. In the experimental study, raw data represented in SMILES (Simplified Molecular
Line Entry System) format was first converted into molecular graphs. The choice to use the SMILES format
is to represent the structure of chemical compounds efficiently and concisely. The preprocessing steps began
with parsing each compound's SMILES string to generate its corresponding molecular graph, identifying
atoms and bonds, and constructing a graph where atoms are nodes and bonds are edges. These molecular
graphs were then processed to extract node features such as atom types, hybridization states, and aromaticity,
along with edge features like bond types and bond orders, which are crucial for accurately representing the
molecules' chemical properties. Next, these molecule representations were used to construct graph structures
suitable for input into the Message Passing Neural Network (MPNN), where each node (atom) was
represented by a feature vector and each edge (bond) by an attribute vector. Feature normalization was
applied to ensure that all input features were on a similar scale, enhancing the stability and performance of
the neural network.

2.3. Training

This section elucidates the training protocol for our proposed model, which integrates a Message Passing
Neural Network (MPNN) to forecast interactions with BACE-1 inhibitors. The training unfolds in two pivotal
stages: MPNN and FCN. MPNN, a specialized neural network architecture tailored for processing molecular
data depicted as graphs [21], plays a central role. It facilitates the conversion of graph data structure into a
vector termed as a graph embedding. This embedding vector undergoes iterative updates grounded on
messages exchanged among nodes within the graph. Leveraging MPNN, node feature vectors are transmuted
into a distinct space, thereby enabling the generation of graph embedding [22-24]. Originally introduced by
Gilmer et al., this approach reshapes spatial and spectral architectures within graph networks through two
discernible phases: message passing and readout. Moreover, MPNN serves as a supervised learning
framework for graphs, empowering the redefinition of spatial and spectral architectures within graph
networks. MPNN's message passing and readout stages contribute to the model's ability to capture intricate
structural and functional characteristics of molecules. By incorporating MPNN into our training pipeline, we
aim to exploit the rich information present in molecular structures to accurately predict interactions with
BACE-1 inhibitors.

In the GDL-based model used, the metric space is created by excluding the reading function. Since the entire
graph is examined to predict molecule interactions with BACE inhibitors for results, simply placing node
proximity information in the embedding field will not be sufficient. Within the proposed GDL framework,
embedding values undergo processing through a fully connected layer to facilitate prediction. This layer
comprises four dense layers, with a dropout rate of 20% implemented in the first three layers to counter
overfitting. The initial dense layer encompasses 92 neurons, succeeded by 46 neurons in the second layer, 23
neurons in the third layer, and a solitary neuron in the output layer. Activation functions encompass RelLu
for the first three layers and sigmoid for the final layer. The architecture of the methodology employed in the
experimental application is delineated in Figure 2.
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Figure 2. The Architecture of the FC Network Component
2.4. Prediction of interaction

In estimating the interaction of BACE-1 inhibitors, the Quantitative Estimates of Drug-likeness (QED)
criterion is utilized [25,26]. This criterion allows quantitative evaluation of a combination of a compound's
biological effect, drug properties, and pharmacological properties. This measure is calculated by evaluating
molecular properties through a series of mathematical and statistical analyses. A compound with a higher
QED score is considered to be more likely to succeed in the drug development process. Therefore, QED is
used as an important tool in drug design and discovery processes. Figure 3 shows the interaction rates of
QED on the BACE-1 inhibitors.
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Figure 3. The QED results for interaction on BACE-1 inhibitors

3. Experimental Results and Discussion

In this study, Lipinski's rule was also taken into account for the prediction of drug interactions of BACE-1
inhibitors. The Lipinski rule consists of a set of rules used to evaluate whether oral bioavailability of a
compound is likely [27]. This rule is important for determining the pharmacokinetic properties of a
compound and is widely used in the development of drug candidates. Lipinski's rules are [28]:

The molecular weight of the molecule has not been more than 500.

The total number of hydrogen bonds (sum of N and O atoms) has not been more than 5.

The number of donor hydrogen bonds has not been more than 5.

To determine the lipophilicity of the molecule, the distribution coefficient (LogP) value should not
be more than 5.

The BACE-1 drug interaction prediction performance value obtained by using the GDL model was
determined as 0.877. To assess the effectiveness of the GDL model, the area under the curve (AUC) was
calculated, indicating the accuracy of the proposed model. The ROC curve was used to provide a clearer
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visual interpretation of the drug prediction of BACE-1 inhibitors. Figure 4 shows the results of the AUC, F1
score and negative predictive value performance values of the proposed model. Figure 4 shows that the AUC
value approaches 90. In the ROC curve, the under the curve is defined as AUC. The desired situation is for
the ROC curve to be close to 1. This shows that the discrimination of the system is high. In Figure 4a, the
high AUC value shows that the discrimination of the system is high.

Accuracy is a performance criterion that is frequently used to measure the success of a model, but is not
sufficient to measure system performance. F1 score is used to avoid making a wrong choice, especially when
there is an imbalance in data between classes. Figure 4b shows the F1 score values for the training and
validation data sets. As seen in Figure 4b, the F1 score reached approximately 80% at the end of 60 epochs.

When a test result is negative, the value that indicates the probability of the result actually being negative is
called Negative Predictive Value. As can be seen in Figure 4c, it was actually negative, but the percentage
defined as negative in the system was approximately 78%.
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Figure 4. (a) The AUC (b) The F1 Score (c) The Negative Predictive Value performance of GDL based model

This study examined the potential role of BACE-1 inhibitors in the treatment of Alzheimer's. When we
review other studies in the existing literature [29-32], there is sample evidence that BACE-1 inhibitors are an
important therapeutic strategy targeting AD pathology. In particular, BACE-1 inhibitors have been shown to
inhibit A oligomerization and consequent amyloid plaque formation and thus may slow disease progression.
Other studies in the literature reveal that BACE-1 inhibitors often face significant challenges in terms of their
selectivity and drug-like properties. In this study, we showed that the GDL model we developed provides a
high accuracy in predicting the efficacy of BACE-1 inhibitors. It is important to highlight the potential use
of this model as a tool in the design and screening of BACE-1 inhibitors. However, the current study has
some limitations. For example, the data set used was limited and only covered a specific chemical space.
Additionally, further work is required on the generalizability and applicability of the GDL model to other
molecular targets. Additionally, we think this study is an important step to further investigate the potential of
BACE-1 in the treatment of AD. In the future, with further experimental studies and clinical trials, it will be
possible to realize this potential and develop an effective therapeutic strategy in the treatment of AD.
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Upon reviewing the literature, it is evident that many studies in the field do not explicitly report success rates
in a manner that allows for direct comparison. For example, studies by Korolev et al. [33], Wang et al. [34],
and Ghosh et al. [35] focus primarily on clinical and biochemical evaluations, providing valuable insights
into binding mechanisms and pharmacokinetic properties, but do not offer quantifiable success rates for
predictive modeling. This study makes significant contributions to the literature by leveraging geometric
deep-learning techniques to predict interactions of BACE-1 inhibitors, an approach not widely explored in
previous studies. Unlike traditional methods, our model utilizes the Message Passing Neural Network
(MPNN) and Fully Connected Network (FCN) to effectively capture and represent complex molecular
structures and their interactions. A key superiority of our study is the gquantifiable success rate of 87.7%,
which demonstrates the robustness and accuracy of our predictive model. This metric provides a clear
benchmark for future research and offers a measurable improvement over previous studies that often lack
explicit success rates.

4. Conclusion

This study assessed the applicability of geometric deep learning techniques in forecasting interactions of
BACE-1 inhibitors for addressing Alzheimer's disease. During the training process, a customized model was
developed using a Communication Transition Neural Network (MPNN) and Fully Connected Network
(FCN). This model predicts molecule interactions through the combination of graph embedding and fully
connected networks to capture complex structural and functional features in molecular structures. Our results
show that the geometric deep learning model we developed can successfully predict the interactions of
BACE-1 inhibitors. The performance rate of our model was evaluated based on the curve under area (AUC)
value and was determined as 87.7%. By using pharmacological criteria such as the QED criterion and
Lipinski's rule, the effectiveness of our model has further increased. These findings offer a novel approach
for identifying and developing potential BACE-1 inhibitors aimed at treating Alzheimer's disease.

5. Acknowledgement

This work is supported by the Turkish Scientific and Technical Research Council (TUBITAK) project
named "Development of a New Model for the Discovery of Anti-HIV Effective Molecules Using
Geometric Deep Network Approaches" and project code 123E098. This study was supported by
Scientific Research Projects Unit of Firat University (FUBAP) under the Grant Number ADEP.22.06.
The authors thank to FUBAP for their supports.

6. Author Contribution Statement

S.T. contributed to the design, analysis of the data, interpretation of the results, spelling check and content,
and B.D. contributed to the creation of the idea, literature review, analysis of the data, interpretation of the
results, spelling check and checking the paper in terms of content.

7. Ethics Committee Approval and Conflict of Interest

There is no need for an ethics committee approval in the prepared paper. There is no conflict of interest with
any person/institution in the prepared paper.

82



Firat Univ Jour. of Exp. and Comp. Eng., 4(1), 72-84, 2025
S. Toraman, B. Das

8. References

[1] L. Baldini, E. Lenci, C. Faggi, and A. Trabocchi, "Identification of BACE-1 inhibitors through
directed C(sp3)-H activation on 5-oxo-pyrrolidine-3-carboxylic acid derivatives,” Org. Biomol.
Chem., vol. 22, no. 14, pp. 2754-2763, Apr. 2024.

[2] Y. Nomura, M. Kaneko, R. Saito, Y. Okuma, Y. Kitamura, K. Takata, A. Nish, "A novel therapeutic
target against Alzheimer’s disease: HRD1 as endoplasmic reticulum stress-related ubiquitin
ligase," Neurobiol. Aging, vol. 35, p. S17, Mar. 2014.

[3] Z. Wang, J. Zhou, B. Zhang, Z. Xu, H. Wang, Q. Sun, N. Wang, "Inhibitory effects of p-asarone on
INcRNA BACE1-mediated induction of autophagy in a model of Alzheimer’s disease," Behav.
Brain Res., vol. 463, p. 114896, Apr. 2024.

[4] Z. Chang, B. Zhu, J. Liu, H. Dong, Y. Hao, Y. Zhou, J. Travas-Sejdic, and M. Xu, "‘Signal-on’
electrochemical detection of BACE]1 for early detection of Alzheimer’s disease," Cell Rep. Phys.
Sci., p. 101632, Oct. 2023.

[5] P. Gehlot, S. Kumar, V. Kumar Vyas, B. Singh Choudhary, M. Sharma, and R. Malik, "Guanidine-
based B amyloid precursor protein cleavage enzyme 1 (BACE-1) inhibitors for the Alzheimer’s
disease (AD): A review," Bioorg. Med. Chem., vol. 74, p. 117047, Nov. 2022.

[6] S. M. Roy, B. R. Mehta, S. Trivedi, B. K. Sharma, and D. R. Roy, "Biological activity of some
thiazolyl-thiadiazines as BACE-1 inhibitors for Alzheimer's disease in the light of density
functional theory based quantum descriptors,” J. Phys. Org. Chem., 2022.

[7] C. Shen, J. Luo, and K. Xia, "Molecular geometric deep learning,” Cell Rep. Methods, vol. 3, no.
11, p. 100621, Nov. 2023.

[8] J. Gilmer, S. S. Schoenholz, P. F. Riley, O. Vinyals, and G. E. Dahl, "Neural message passing for
quantum chemistry," in Proc. 34th Int. Conf. Mach. Learn., vol. 70, pp. 1263-1272, 2017.

[9] P. W. Battaglia et al., "Relational inductive biases, deep learning, and graph networks," arXiv
Preprint, arXiv:1806.01261, 2018.

[10] H. Wua, J. Liua, R. Zhanga, Y. Lua, G. Cui, Z. Cui, Y. Ding, "A review of deep learning methods
for ligand-based drug virtual screening," Fundam. Res., Mar. 2024.

[11] M. Liu, C. Li, R. Chen, D. Cao, and X. Zeng, "Geometric deep learning for drug discovery," Expert
Syst. Appl., vol. 240, p. 122498, Apr. 2024.

[12] C. Isert, K. Atz, and G. Schneider, "Structure-based drug design with geometric deep learning,"
Curr. Opin. Struct. Biol., vol. 79, p. 102548, Apr. 2023.

[13] J. I. B. Janairo, "Chapter 6 - Support vector machine in drug design,” in Cheminformatics, QSAR
and Machine Learning Applications for Novel Drug Development, K. Roy, Ed., Acad. Press, pp.
161-179, 2023.

[14] S. Kearnes, K. McCloskey, M. Berndl, V. Pande, and P. Riley, "Molecular graph convolutions:
moving beyond fingerprints,” J. Comput. Aided Mol. Des., vol. 30, no. 8, pp. 595-608, Aug. 2016.

[15] E. Shim, J. Kammeraad, Z. Xu, A. Tewari, T. Cernak, and P. M. Zimmerman, "Predicting reaction
conditions from limited data through active transfer learning," Chem. Sci., vol. 13, no. 22, pp.
6655-6668, 2022.

[16] W. Hu et al., "Deep learning methods for small molecule drug discovery: A survey," IEEE Trans.
Artif. Intell., vol. 5, no. 2, pp. 459-479, Feb. 2024.

[17] A. F. Nugroho, R. Rendian Septiawan, and I. Kurniawan, "Prediction of human f-secretase 1
(BACE-1) inhibitors for Alzheimer therapeutic agent by using fingerprint-based neural network
optimized by bat algorithm,” in Proc. Int. Conf. Comput. Sci. Inf. Technol. Eng. (ICCoSITE),
Jakarta, Indonesia, pp. 257261, 2023.

[18] E. N. Feinberg et al., "PotentialNet for molecular property prediction,” ACS Cent. Sci., vol. 4, no.
11, pp. 1520-1530, Nov. 2018.

[19] M. Ragoza et al., "Protein—ligand scoring with convolutional neural networks,” J. Chem. Inf.
Model., vol. 57, no. 4, pp. 942-957, 2017.

[20] Z. Wu, B. Ramsundar, E. N. Feinberg, J. Gomes, C. Geniesse, A. S. Pappu, K. Leswing, and V.
Pande, "MoleculeNet: A benchmark for molecular machine learning,” arXiv Preprint,
arXiv:1703.00564, 2017.

83



Firat Univ Jour. of Exp. and Comp. Eng., 4(1), 72-84, 2025
S. Toraman, B. Das

[21] X. P. Zhou and K. Feng, "MPNN-based graph networks as learnable physics engines for
deformation and crack propagation in solid mechanics," Int. J. Solids Struct., vol. 291, p. 112695,
Apr. 2024,

[22] M. Tang, B. Li, and H. Chen, "Application of message passing neural networks for molecular
property prediction,” Curr. Opin. Struct. Biol., vol. 81, p. 102616, Aug. 2023.

[23] X. Han, M. Jia, Y. Chang, Y. Li, and S. Wu, "Directed message passing neural network (D-MPNN)
with graph edge attention (GEA) for property prediction of biofuel-relevant species,”" Energy Al,
vol. 10, p. 100201, Nov. 2022.

[24] B. Das, M. Kutsal, and R. Das, "A geometric deep learning model for display and prediction of
potential drug-virus interactions against SARS-CoV-2," Chemometr. Intell. Lab. Syst., vol. 229, p.
104640, Oct. 2022.

[25] T. J. Ritchie and S. J. F. Macdonald, "How drug-like are ‘ugly’ drugs: do drug-likeness metrics
predict ADME behaviour in humans?," Drug Discov. Today, vol. 19, no. 4, pp. 489-495, Apr.
2014.

[26] B. Das, M. Kutsal, and R. Das, "Effective prediction of drug—target interaction on HIV using deep
graph neural networks," Chemometr. Intell. Lab. Syst., vol. 230, p. 104676, Nov. 2022.

[27] M. A. Abbasi et al., "Synthesis of novel N-(1,3-thiazol-2-yl)benzamide clubbed oxadiazole
scaffolds: Urease inhibition, Lipinski rule and molecular docking analyses,” Bioorg. Chem., vol.
83, pp. 63-75, Mar. 2019.

[28] R. Barret, "Lipinski’s Rule of Five," in Therapeutical Chemistry, R. Barret, Ed., Elsevier, pp. 97—
100, 2018.

[29] M. Martins et al., "Towards the development of potential dual GSK-B/BACE-1 inhibitors: a strategy
to fight Alzheimer’s disease," Toxicol. Lett., vol. 350, pp. S110-S111, Sep. 2021.

[30] A. Kumar, G. Srivastava, and A. Sharma, "A physicochemical descriptor-based method for
effective and rapid screening of dual inhibitors against BACE-1 and GSK-3f as targets for
Alzheimer’s disease," Comput. Biol. Chem., vol. 71, pp. 1-9, Dec. 2017.

[31] X. Zhang et al., "Low anticoagulant heparin oligosaccharides as inhibitors of BACE-1, the
Alzheimer’s B-secretase,” Carbohydr. Polym., vol. 151, pp. 51-59, Oct. 2016.

[32] H. Fu et al., "Promising anti-Alzheimer’s dimer bis(7)-tacrine reduces B-amyloid generation by
directly inhibiting BACE-1 activity," Biochem. Biophys. Res. Commun., vol. 366, no. 3, pp. 631-
636, Feb. 2008.

[33] I. O. Korolev, "Alzheimer’s Disease: A Clinical and Basic Science Review," Med. Student Res. J.,
vol. 4, pp. 24-33, 2014.

[34] Y. Wang, F. Yang, D. Yan, Y. Zeng, B. Wei, J. Chen, and W. He, "Identification mechanism of
BACEL on inhibitors probed by using multiple separate molecular dynamics simulations and
comparative calculations of binding free energies," Molecules, vol. 28, no. 12, p. 4773, Jun. 2023.

[35] A. K. Ghosh and H. L. Osswald, "BACE]1 (B-secretase) inhibitors for the treatment of Alzheimer's
disease," Chem. Soc. Rev., vol. 43, no. 19, pp. 6765-6813, Oct. 2014.

84



