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Abstract

Alzheimer’s disease (AD) is a progressive and devastating neurodegenerative disor-
der, primarily manifested through memory loss and cognitive decline [1], [2]. One of
the central pathological hallmarks of AD is the accumulation of amyloid-beta (Af3)
plaques, formed via the sequential cleavage of the amyloid precursor protein (APP)
by 3-secretase (BACE1L) and y-secretase [3]. Inhibiting BACEL1 is therefore regarded
as a compelling therapeutic strategy, as it can impede the formation of neurotoxic
A aggregates [4], [5]. Nevertheless, the identification of effective BACE1 inhibitors
remains arduous and resource-intensive when approached through conventional ex-
perimental pipelines. In this study, we propose a hybrid deep learning framework
that fuses Graph Neural Networks (GNNs) with ChemBERTa, a transformer model
pretrained on large chemical corpora. While GNNs capture atom-level and bond-
level interactions (local structural dependencies), ChemBERTa encodes long-range
dependencies and semantic patterns from SMILES representations (global chemical
context). By unifying these complementary modalities, our model overcomes the lim-
itations of prior GNN+CNN approaches, where CNNs process sequential SMILES in
a strictly local fashion and fail to capture non-linear long-range dependencies across
molecular structures. Our GNN-ChemBERTa fusion model achieved an accuracy of
92.77% in classifying active versus inactive BACE1 inhibitors, demonstrating superior
predictive power and generalization. Beyond its performance, the model contributes
to reducing drug discovery costs, accelerating virtual screening, and minimizing the
need for extensive laboratory experimentation. Moreover, a recall value of 93% in-
dicates that almost all potential active molecules were successfully identified by the
model, minimizing the risk of missing true inhibitors. Similarly, a high precision
value of 93% demonstrates that the model produces very few false positives, thereby
reducing unnecessary laboratory costs associated with testing inactive compounds.
Additionally, the ROC-AUC score of 87.88% confirms that the model can effectively
distinguish between active and inactive molecules, reflecting strong overall classifica-
tion performance. By enabling efficient in silico identification of potential inhibitors,
this approach not only streamlines the early stages of Alzheimer’s drug development
but also holds promise for broader application to other therapeutic targets associated
with neurodegenerative diseases.
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Chapter 1
Introduction

Alzheimer’s disease (AD) afflicts millions worldwide and represents one of the most
urgent biomedical challenges of our era [6]. A cardinal feature of AD is the aggre-
gation of amyloid-beta (AB) plaques, formed when BACE1 catalyzes the cleavage of
the amyloid precursor protein (APP). Overactivity of BACE1 accelerates A accumu-
lation, which in turn induces synaptic dysfunction and cognitive deterioration. Ac-
cordingly, BACE1 inhibitors have been the focus of intensive therapeutic research [7].

Traditional drug discovery pipelines rely on high-throughput screening (HTS), which,
despite their experimental rigor, are prohibitively costly and time-consuming. Com-
putational paradigms such as Quantitative Structure-Activity Relationship (QSAR)
modeling have emerged as indispensable tools for accelerating discovery by correlat-
ing molecular descriptors with biological activity [8]. Ensemble learning models (e.g.,
Random Forest, AdaBoost, Gradient Boosting) have further improved classification
performance, but they depend heavily on handcrafted descriptors, which introduce
human bias and fail to fully capture the intrinsic structural complexity of molecules

[7].

Deep learning methods have advanced the state-of-the-art by learning directly from
molecular graphs or sequences. Graph Neural Networks (GNNs) excel at modeling
molecules as graphs of atoms and bonds, effectively capturing local atomic interac-
tions [9]. Convolutional Neural Networks (CNNs), when applied to SMILES strings,
have achieved competitive results by recognizing local sequential motifs [10]. Yet,
CNNs fundamentally lack the capacity to capture long-range dependencies, since
their convolutional filters are inherently local. As a result, prior GNN+CNN fusion
approaches [10] remain limited, because while GNNs contribute local graph struc-
ture, CNNs provide only local sequence patterns without accounting for the global



context of the molecule.

Transformer-based models such as ChemBERTa overcome this limitation. Trained
on millions of SMILES notations, ChemBERTa learns contextual embeddings that
capture both local and non-local interactions via self-attention [6]. Unlike CNNs,
transformers can dynamically attend to distant tokens in a sequence, thereby encod-
ing global structural semantics. Hence, fusing GNNs with ChemBERTa allows for a
comprehensive molecular representation: GNNs provide atom-level and bond-level
granularity, while transformers contribute holistic, global dependencies across the
molecule.

Building upon these insights, we introduce a GNN-ChemBERTa fusion model for
BACEL1 inhibitor classification. Specifically: (1) We design a multimodal fusion
framework that leverages both graph-based atomic features and transfo-

rmer-based SMILES embeddings. (2) We compare its efficacy against prior QSAR,
ensemble learning, and GNN+CNN baselines, particularly the work using GNN and
CNN fusion [10], which represents the closest benchmark. (3) We demonstrate that
our approach not only achieves superior accuracy but also provides a scalable path for
extension to other Alzheimer’s-related therapeutic targets.

1.1 Motivations and Scope

The motivation for this research stems from the need to address the limitations of cur-
rent predictive models in Alzheimer’s drug discovery. Despite significant advances,
most existing studies still struggle with relatively low prediction accuracies, particu-
larly when compared to models based on more traditional techniques [6]. As drug
discovery relies heavily on the accurate prediction of molecular properties, enhanc-
ing model accuracy through novel methods is essential. This work aims to bridge the
gap by employing a hybrid approach that combines Graph Neural Networks (GNNs)
and Sequence-based models (such as ChemBERT), offering improved performance
over previous methods. By leveraging both structural and sequential data, this re-
search intends to contribute to more accurate and interpretable models for predicting
BACEL inhibitors, with broader implications for other therapeutic targets involved in
AD [6].

The scope of this research encompasses the exploration of advanced machine learn-
ing techniques, particularly focusing on the integration of molecular graph data (e.g.,
GNN) and SMILES string data (e.g., ChemBERT). In addition to improving BACE1
inhibitor predictions, the study also explores the feasibility of extending this method-



ology to other related proteins in the Alzheimer’s disease pathway, potentially accel-
erating drug discovery processes.

1.2 Problem Statement

The primary problem addressed in this thesis is the challenge of improving the accu-
racy and interpretability of BACE1 inhibitor prediction models for Alzheimer’s dis-
ease. Current predictive models face several shortcomings, such as low prediction ac-
curacy and limited generalizability to other related proteins. The research objectives
are as follows:

1. To develop a hybrid model that integrates Graph Neural Networks (GNNs) and
Sequence-based models for improved prediction of BACE1 inhibitors.

2. To evaluate the performance of the proposed model in comparison to existing
methods, with a particular focus on accuracy, interpretability, and other metrics.

3. To explore the broader application of this approach in drug discovery, particu-
larly for Alzheimer’s disease-related proteins.

These objectives align with the goal of enhancing drug discovery efforts for
Alzheimer’s disease and improving the tools available for researchers in the field.

1.3 Research Challenges

The main challenge for our research is to effectively use GNN and ChemBERT indi-
vidually and then combine them together for fusion learning. GNN and ChemBERT,
two totally different models process two different representation of the same input,
one for graph and other for strings, work in different way. Combining their result
effectively is the main challenge here. [11]

1.4 Contribution

This work bridges deep learning and molecular science, making drug discovery pro-
cesses smarter, faster, cheaper, and more sustainable, with potential real-world impact
on healthcare and society.

« Improved Representation Fusion:

Proposed a Feature Extraction Module to dynamically adjust the importance



of different feature types (graph and sequence) before fusion, leading to more

discriminative representations.

Faster and Smarter Drug Discovery:
Accelerates molecular screening by quickly predicting BACE1 inhibitor activ-
ity, reducing experimental costs and saving years of lab work compared to tra-

ditional methods.

Resource and Time Efficiency:
Enables virtual screening of millions of molecules within minutes, helping
research labs and pharmaceutical companies prioritize promising candidates

early, saving tremendous time and manpower.

Health and Society Impact:

Contributes to the development of new treatments for Alzheimer’s Disease by
identifying potential BACE1 inhibitors, offering hope for better patient out-
comes and reducing the global burden of neurodegenerative diseases.



Chapter 2

Related Works

The quest to develop effective inhibitors for beta-site amyloid precursor protein cleav-
ing enzyme 1 (BACE1), a key target in Alzheimer’s disease (AD) therapeutics, has
evolved significantly over the decades [3]. AD, characterized by the accumulation of
amyloid-beta plaques in the brain, affects millions worldwide, and BACE1 plays a piv-
otal role in the production of these plaques by cleaving the amyloid precursor protein
[12]. Early efforts in drug discovery for BACE1 inhibitors relied on traditional compu-
tational methods, gradually transitioning to advanced deep learning techniques. This
section traces this evolution, highlighting foundational works, recent advancements,
and persistent research gaps. We begin with classical Quantitative Structure-Activity
Relationship (QSAR) models and ensemble learning, move to graph-based represen-
tations via Graph Neural Networks (GNNs) and their hybrids, explore transformer-
based architectures for molecular modeling, and conclude with identified gaps that
our hybrid GNN-ChemBERTa model addresses.

Traditional Approaches: QSAR and Ensemble Learning

The foundation of computational drug discovery for BACE1 inhibitors was laid in the
early 2000s with QSAR models, which correlate molecular structures with biological
activities through statistical relationships. QSAR methodologies, pioneered by Han-
sch and Fujita in the 1960s [13], involve computing molecular descriptors—such as
topological indices, physicochemical properties, and fingerprints—and using regres-
sion or classification algorithms to predict activity. In the context of AD, these mod-
els were instrumental in screening large compound libraries for potential BACE1 in-
hibitors. One seminal application was by Ponzoni et al. in 2019, who developed QSAR

classification models to predict the activity of BACE1 inhibitors using a dataset of over



1,500 compounds [7]. Their approach employed support vector machines (SVM) and
random forests on descriptors like ECFP fingerprints, achieving accuracies around
80%. This work demonstrated QSAR’s utility in identifying active compounds but
also underscored its limitations: reliance on handcrafted features, which may over-
look subtle structural nuances critical for BACE1 binding. Similarly, Noviandy et al.
in 2023 advanced this by integrating ensemble learning techniques, including Ran-
dom Forest (RF), AdaBoost, and Gradient Boosting (GB), on a BACE1 dataset [8].
Ensemble methods, originally formalized by Breiman for RF in 2001 [14] and Freund
and Schapire for AdaBoost in 1997 [15], aggregate multiple weak learners to improve
robustness. Noviandy’s models outperformed single classifiers, with GB achieving
an AUC-ROC of 0.85, highlighting ensemble learning’s ability to handle imbalanced
datasets common in bioactivity prediction. Further refinements include the work
by Askr et al. in a 2022 comprehensive review, which analyzed over 50 QSAR stud-
ies on BACE1 and emphasized the need for more adaptive models [16]. They noted
that while QSAR excels in interpretability—allowing chemists to link descriptors to
molecular modifications—it struggles with novel scaffolds outside the training distri-
bution. Additional studies, such as those by Kumar et al. in 2020 using 2D-QSAR
on heterocyclic compounds [17], and Flavonoids as BACEL1 inhibitors by Gupta et al.
in 2020 [18], reinforced QSAR’s role but called for integration with emerging deep
learning paradigms to automate feature extraction. Despite these advancements, tra-
ditional QSAR and ensemble methods are constrained by their dependence on prede-
fined descriptors, limiting generalization to diverse chemical spaces. As drug discov-
ery datasets grew, propelled by initiatives like ChEMBL [19], the field shifted toward
representation learning, where models learn features directly from raw data.

Graph Neural Networks and CNN Hybrids

The advent of deep learning in the 2010s marked a paradigm shift, with Graph Neu-
ral Networks (GNNs) emerging as a powerful tool for molecular property predic-
tion. GNNs treat molecules as graphs, with atoms as nodes and bonds as edges,
enabling the capture of topological relationships. The foundational Graph Convo-
lutional Network (GCN) was introduced by Kipf and Welling in 2017, extending con-
volutional operations to graph-structured data via spectral graph theory [20]. This
allowed message passing between neighboring nodes, aggregating local features into
global representations. Building on this, Velickovi¢ et al. proposed Graph Attention
Networks (GAT) in 2017, incorporating attention mechanisms to weigh neighbor im-
portance dynamically [21]. In molecular applications, GNNs have excelled in tasks
like solubility prediction and toxicity assessment. For BACEL1 specifically, Song et



al. in 2024 developed a GNN+CNN hybrid for inhibitor classification, representing
molecules as graphs for GNN processing and SMILES strings for CNN feature ex-
traction [22]. Their model achieved superior accuracy (91.11%) compared to QSAR
baselines, demonstrating multimodal fusion’s benefits. Wojtuch et al. in 2021 fur-
ther enhanced GNN performance by optimizing atom featurization, incorporating
hybridization and aromaticity [23]. Hybrid models combining GNNs with Convo-
lutional Neural Networks (CNNs)—originally popularized by LeCun et al. in 1998
for image recognition [24]—address complementary aspects: GNNs handle irregular
graph structures, while CNNs process sequential data like SMILES. A notable exam-
ple is the GSFL model by Li et al. in 2024, fusing graph and multi-level sequence
features for BACEL1 activity prediction [25]. Surveys like that by Wieder et al. in
2020 reviewed over 80 GNN variants for molecular properties, noting their outper-
formance on benchmarks like MoleculeNet [26]. Recent innovations include Kol-
mogorov-Arnold GNNs by Liu et al. in 2024 for improved expressivity [27] and chain-
aware GNNs by Wang et al. in 2024 for better path-based reasoning [28]. However,
CNNs in hybrids are limited to local receptive fields, missing long-range dependencies
in molecular sequences. This has spurred interest in transformers, which offer global

context modeling.

Transformer-Based Molecular Modeling

Transformers, introduced by Vaswani et al. in 2017 for natural language process-
ing [29], revolutionized sequence modeling with self-attention mechanisms that cap-
ture dependencies regardless of distance. In cheminformatics, transformers adapt to
SMILES strings, treating them as "sentences” of chemical tokens. Pioneering models
include SMILES-BERT by Wang et al. in 2019, pre-trained on masked language mod-
eling to learn contextual embeddings [30]. MolBERT by Fabian et al. in 2020 extended
this with additional pre-training tasks like property prediction [31]. ChemBERTa, de-
veloped by Chithrananda et al. in 2020 and fine-tuned on ZINC datasets [32], stands
out for its efficiency in downstream tasks like bioactivity classification. These mod-
els outperform CNNs by modeling global semantics, such as ring structures spanning
distant atoms. Recent surveys, such as by Uludogan et al. in 2024 on transformers
for SMILES representation [33], and Cannham et al. in 2024 on their applications in
drug discovery [6], highlight their transformative potential. For instance, ChemLM by
Heid et al. in 2024 integrates domain-adaptable pre-training [34], while Smile-to-Bert
by Sharma et al. in 2024 predicts RDKit descriptors [35]. In BACE1 contexts, trans-
formers have been used in hybrid setups, but standalone applications remain limited.
The integration of transformers with GNNs is nascent, with works like Meta-GTNRP



by Torres et al. in 2024 for few-shot learning [36], showing promise in combining
graph locality with sequence globality.

Research Gaps and Future Directions

Despite these strides, significant gaps persist in BACE1 inhibitor prediction. Tra-
ditional QSAR and ensembles, while interpretable, lack automatic feature learning
[16]. GNN-CNN hybrids improve accuracy but fail to capture long-range dependen-
cies [22]. Transformer models excel in sequences but overlook explicit graph topol-
ogy [33]. Few studies fuse GNNs with transformers for BACE1, as noted in surveys by
Jianget al. in 2024 on GNNs for drug discovery [37] and Li et al. in 2024 on deep learn-
ing gaps [38]. Interpretability is another underexplored area; while attention maps in
GATs and transformers offer insights, systematic analysis in BACE1 contexts is rare
[23]. Our work bridges these gaps by proposing a hybrid GNN-ChemBERTa model
with vector gating for adaptive fusion, enhancing accuracy and interpretability. Fu-
ture directions include incorporating 3D conformations [27], multi-target prediction
for AD polypharmacology [16], and generative models for de novo BACE1 inhibitors
[35]. Asdatasets expand and models evolve, this integration promises accelerated AD
therapeutics discovery.



Chapter 3
Proposed Methodology

The proposed architecture for BACE-1 inhibitor classification is designed around a
dual-branch multimodal framework that integrates graph-based and sequence-based
molecular representations. This combination enables the model to capture both the
detailed structural topology of molecules and the semantic patterns inherent in their
SMILES sequences. The overall workflow is shown in figure 3.1
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Figure 3.1: Full Architecture



3.0.1 Model Architecture

The model is a hybrid deep learning architecture that integrates the strengths of Graph
Neural Networks (GNNs) and transformer-based models, specifically ChemBERTa,
to effectively capture both the structural and sequential representations of molecules
for property prediction tasks. This hybrid approach is motivated by the limitations of
individual paradigms: GNNs excel at modeling local graph structures and atomic in-
teractions but may overlook long-range dependencies in sequential representations,
while transformers like ChemBERTa are adept at processing sequential data such as
SMILES strings but do not inherently capture graph topology. By fusing these comple-
mentary representations, the model aims to achieve superior performance in binary
classification tasks, such as predicting molecular activity against the BACE-1 enzyme.

The architecture consists of three primary components: (1) a GNN module for graph-
based feature extraction, (2) a ChemBERTa module for sequence-based embeddings,
and (3) a fusion mechanism with a vector gate followed by classification layers. Each
component is designed with specific hyperparameters to balance computational
efficiency and expressive power. The GNN uses a hidden dimension of 64 and 10
attention heads in the GAT layer to allow multi-faceted attention mechanisms, while
ChemBERTa leverages a pretrained base model with 768 hidden dimensions. The
fusion combines these into a 832-dimensional vector (64 from GNN + 768 from
ChemBERTa), modulated by a vector gate to dynamically weight features based on
their relevance. This design choice is grounded in empirical evidence from prior
work, where gated fusions have shown improvements in multimodal learning tasks
[39].

Logical arguments for this architecture include the need for multimodal integration
in cheminformatics, where molecules can be represented in multiple ways (graphs vs.
strings), and hybrid models have demonstrated state-of-the-art results in benchmarks
like MoleculeNet [40]. Parameter selection, such as the hidden size and dropout rate
of 0.2, was informed by standard practices in GNN and transformer literature to mit-
igate overfitting while ensuring sufficient capacity for the BACE dataset’s 1,513 sam-
ples. Theoretically, this architecture aligns with the principle of representation learn-
ing, where combining diverse feature spaces (graph spectral features and contextual
embeddings) enhances the model’s ability to generalize across molecular structures,
as supported by the universal approximation theorem for neural networks [41].
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GNN Module

The GNN module is responsible for encoding the molecular graph G = (V, &), where
V denotes the set of atoms (nodes) and £ the set of bonds (edges).

Each atom and bond is initially described by a set of handcrafted features. For atoms,
these features include atomic symbol (e.g., C, H, O), valence electrons, degree, and
hybridization state, directly characterizing their bonding capabilities and geometric
preferences. For bonds, features such as bond type (single, double, triple) and ge-
ometric configuration are considered to capture the strength and nature of atomic
interactions.

The GNN module processes node features X € R™ and edge attributes to produce a
graph-level representation hg,, € R*. The choice of GNN is justified by its ability to
propagate information through graph convolutions, capturing local chemical interac-
tions like bond types and aromaticity, which are critical for molecular properties.

The architecture combines Graph Attention Network (GAT) [21] and Graph Convo-
lutional Network (GCN) [42] layers. GAT allows the model to assign different impor-
tance to neighboring nodes via attention mechanisms, enhancing selectivity in feature
aggregation, while GCN provides stable convolutional propagation. This combination
is logical as GAT’s attention can focus on key substructures (e.g., functional groups),
and GCN ensures robust neighborhood averaging, reducing sensitivity to noise in
molecular graphs.

The theoretical foundation of the GNN module rests on spectral graph theory and the
Weisfeiler-Lehman (WL) hierarchy, which provide a framework for understanding
the expressive power of graph neural networks. Spectral graph theory, particularly
the graph Laplacian L = D — A (where D is the degree matrix and A the adjacency
matrix), underpins GCN’s convolution operation. The normalized Laplacian L., =
I - D~'/2AD~/2 approximates low-pass filtering of graph signals, enabling the model
to smooth node features across connected atoms, as formalized by:

jena \ deg(i) deg(j)

where o is a non-linear activation. This aligns with the heat kernel smoothing on

graphs, which preserves local structure while reducing noise, a property critical for
molecular graphs with varying bond orders.

The GAT layer extends this by introducing attention, inspired by the WL test’s abil-

11



ity to distinguish graph structures based on neighborhood labeling. The attention
mechanism can theoretically approximate the WL test up to a certain isomorphism
class, enhancing the GNN’s ability to differentiate molecular subgraphs (e.g., rings
vs. chains). The multi-head design increases expressive power, approaching the 1-
WL limit, as each head can focus on different spectral components of the graph. This
theoretical grounding supports the module’s capacity to capture both local chemical
environments and global structural motifs, making it suitable for the BACE dataset’s
diverse molecular structures.

Node Feature Projection Initial node features, consisting of atomic number,
degree, formal charge, hybridization, and aromaticity, are projected to a higher-
dimensional space to increase expressivity. The projection is performed using a linear
layer followed by ReLU activation:

X' = ReLU( WX + by,

where W, € R*** and b,,,,; € R* are learnable parameters. This step maps the
low-dimensional input (5 features) to a 64-dimensional hidden space, allowing the
model to learn more complex representations. The ReLU activation introduces non-
linearity, preventing the vanishing gradient problem in deeper networks. The hidden
dimension of 64 was selected as a balance between model capacity and computational
cost, based on common practices in GNNs for small datasets like BACE, where larger
dimensions (e.g., 128) might lead to overfitting.

GAT Layer Following projection, a GAT layer with 10 attention heads and dropout
of 0.2 is applied to aggregate neighborhood information adaptively:

X" = ReLU (GATConv(X', edge_index, heads = 10, dropout = 0.2)),

where GATConv computes attention coefficients for each edge. Mathematically, for
each head k, the attention coefficient ocg.‘) between nodes i and j is:

T PR 5! | 1) +!
w© exp (LeakyReLU (a [WOX||[W xj.]))

U Y e &P (LeakyReLU (atT[WMX! || WX ]))

,where a(® is the attention vector, W) the weight matrix for head k, || concatenation,
and NV (i) the neighborhood of i. The output for each node is the concatenation of head
outputs, resulting in X" € R™®¥ (64 x 10). The 10 heads enable multi-view learning,

12



where each head captures different relational aspects, justified by prior work showing
improved performance in graph tasks [21]. Dropout of 0.2 regularizes the attention,
preventing co-adaptation of heads and improving generalization on noisy molecular
data.

The flowchart 3.2 illustrates the operational steps of the Graph Attention Network
(GAT) module within the model, processing molecular graph data for feature extrac-
tion.

Input: Molecular Graph
(Node Features X € R™, Edge Index)

v

Node Feature Projection

X' = ReLU(W,,iX + by)

Attention Coefficient Calculation
(k) _ k k k
;= softmax(LeakyReLU(a®"[W®x/| W' >x;.]))

Y
Multi-Head Attention

(10 Heads, Dropout 0.2)

Aggregate via Concatenation
¥

GAT Layer Output
Updated Node Embeddings X" € R"¥640

Figure 3.2: Flowchart of the GAT Module Operation

GCN Layer A GCN layer then refines the embeddings by performing symmetric
normalized convolution:

X" = ReLU (GCNConv(X", edge_index)),
where GCNConv updates node features as:

1
X" = Wy, | X" + Z X

’ ' & Vdeg() deg(j)

1"

geno

with W, € R*%®¥ and b,,, € R*®. This layer maintains the dimension X"’ €
R4, The GCN’s normalization stabilizes training, and its inclusion after GAT com-

bines attention-based selection with uniform convolution, enhancing robustness as

13



per studies on GNN ensembles [42]. Dropout of 0.2 is applied post-layer to further
mitigate overfitting.

The flowchart 3.3 illustrates the operational steps of the Graph Convolutional Net-
work (GCN) module within the model, refining molecular graph embeddings.

Input: Molecular Graph
(Node Features X" € R™%¥ Edge Index)

v

Convolution Operation

" o_ 7 1 7
X" = Ween (Xf * Zjen Vdeg® deg(j)xf> * Ben
)
Activation
X" = ReLU(GCNConv(X”, edge;ndex))

v

Output: Updated Node Embeddings
XI/I = Rnx640

Figure 3.3: Flowchart of the GCN Module Operation

Global Pooling To obtain a graph-level representation, global max and mean pool-
ing are concatenated:

h,,, = [global_maxpool(X"”, batch) || global_meanpool(X"”, batch)],
yielding hy,, € R (640 x 2). This is projected to 64 dimensions:
h,gnn = ReLU(Wgnnhgnn + bgnn)’

where W,,, € R**"*" and b,,, € R*. Max pooling captures salient features (e.g.,
critical atoms), while mean pooling provides average context, a standard approach in
GNNs for permutation-invariant representations [43] [44]. The final projection re-
duces dimensionality for efficient fusion, with ReLU adding non-linearity.

The flowchart 3.4 illustrates how the Graph Attention Network (GAT) and Graph
Convolutional Network (GCN) work together in the GNN module for processing
molecular graphs.

14



Input: Projected Node Features
X' € R"™% Edge Index

Y
GAT: Compute Attention Coefficients

for each head k:
aﬁj’.‘) = softmax(LeakyReLU(a®"[W®x/| |W(k)x;]))
(10 Heads)

Y
GAT: Aggregate Neighbor Features

k) _ (K)xx7(k)~"
X = Djenn %y WX,

Y
GAT: Concatenate Heads, ReLU, Dropout (0.2)

X" = ReLU(GATConv(X',edge_index))
XII c Rnx640

Y
GCN: Symmetric Normalized Convolution

"

_ 7 L
i = Wgcn (Xi + ZjeN (@) \/deg(i) deg(j)Xj ) + bgcn

X

4
GCN: ReLU, Dropout (0.2)

X" = ReLU(GCNConv(X",edge_index))
Xl// = [Rnx640

Y
Global Pooling: Concat Max and Mean

Linear Projection to hy,, € R*

Figure 3.4: Detailed Flowchart of GAT and GCN Integration in the GNN Module
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hu', u € N(v)

Tt
h uv

Figure 3.5: Node Feature Update

ChemBERTa Module

The ChemBERTa module handles the sequential representation of molecules us-
ing SMILES strings, leveraging a pretrained transformer model to capture contex-
tual embeddings. ChemBERTa is based on the RoBERTa architecture [45], adapted
for chemistry by pretraining on large corpora of molecular strings. Specifically, the
"seyonec/ChemBERTa-zinc-base-v1" variant is used, which features 6 transformer
layers, 12 attention heads per layer, and a hidden dimension of 768, resulting in ap-
proximately 85 million parameters (similar to RoOBERTa-base but tuned for chemical
data).
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Figure 3.6: ChemBERTa Module

The architecture consists of an embedding layer followed by stacked transformer en-
coder layers. Input SMILES are tokenized using a custom SmilesTokenizer or Byte-
Pair Encoding (BPE), with a maximum sequence length of 128 and vocabulary size of
up to 52K. Each token is embedded into a 768-dimensional vector, augmented with
positional encodings to preserve order. The transformer layers apply self-attention:

Attention(Q, K, V) = softmax (QKT ) vV,
Vi
where Q, K, V are query, key, and value projections of the input, and d;, = 768/12 =
64 is the head dimension. Multi-head attention (12 heads) allows parallel compu-
tation of different subspaces, enabling the model to capture diverse relationships in
SMILES strings, such as bond sequences and ring closures.

Pretraining was performed using Masked Language Modeling (MLM), where 15% of
tokens are masked, and the model predicts them from context. The pretraining dataset
comprised subsets of 77 million unique SMILES from PubChem, with larger subsets
(up to 10 million) showing improved performance. Training on 10 million SMILES
took approximately 48 hours on an NVIDIA V100 GPU, with 3 epochs to avoid over-
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fitting. This self-supervised pretraining on chemical data endows ChemBERTa with
domain-specific knowledge, outperforming general-purpose transformers in molecu-
lar tasks [32].

In our model, the ChemBERTa module processes the tokenized SMILES strings using
the pretrained seyonec/ChemBERTa-zinc-base-v1 model, which has 12 transformer
layers, 12 attention heads, and a hidden dimension of 768. For each molecule, the
input IDs and attention mask are fed into the model:

h., = ChemBERTa(input_ids, attention_mask),

producing h,.,,, € R?™128%78 where b is the batch size. The [CLS] token embedding
is extracted as the sequence representation:

h/

o = Deneml 50, 1] € RX768,

This [CLS] token aggregates global context, justified by its design in BERT-like models
for classification tasks. The choice of ChemBERTa is logical for SMILES processing,
as it handles variable-length sequences and captures syntactic patterns in chemical
notation, complementing the GNN’s graph focus.

The theoretical underpinning of the ChemBERTa module lies in it’s attention mech-
anism’s ability to model long-range dependencies, rooted in the concept of self-
attention from [29]. The scaled dot-product attention formulation mitigates the van-
ishing gradient problem by normalizing the attention scores with \/d_ , ensuring sta-
ble training for deep layers. This can be viewed as a soft alignment process, where the
model learns to weigh tokens based on their relevance across the sequence, analogous
to a probabilistic graphical model over SMILES tokens.

The multi-head attention mechanism enhances this by decomposing the input into
multiple subspaces, each capturing different contextual relationships (e.g., local bond
patterns vs. global ring structures). This is theoretically supported by the idea of en-
semble learning within a single network, where each head approximates a distinct hy-
pothesis, increasing the model’s capacity to represent complex chemical syntax. The
positional encodings, added to token embeddings, align with the Fourier transform’s
role in signal processing, encoding sequence order as a frequency-based signal, which

is critical for SMILES where order determines molecular connectivity.

The MLM pretraining objective aligns with the information bottleneck principle [46],
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where the model learns to compress irrelevant details (e.g., noise in SMILES) while
retaining predictive features (e.g., functional groups). The use of a large pretrain-
ing corpus (77 million SMILES) leverages the central limit theorem in a statistical
sense, ensuring that the learned embeddings generalize across chemical space, mak-
ing ChemBERTa a robust feature extractor for the BACE dataset’s diverse SMILES
strings.

The flowchart 3.7 illustrates the detailed operational steps of the ChemBERTa module
for processing SMILES strings in the hybrid model.
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Input: SMILES Strings
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Figure 3.7: Detailed Flowchart of the ChemBERTa Module
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3.0.2 Justification of Design Choices

The hybrid architecture was chosen to combine the strengths of GNNs (capturing local
structural patterns) and ChemBERTa (capturing sequential and contextual informa-
tion from SMILES). The GAT-GCN combination in the GNN module allows for both
attention-based and convolutional aggregation, enhancing expressiveness. The vector
gate facilitates dynamic feature weighting, improving robustness to dataset variability.
The choice of 100 epochs and the learning rate scheduler ensures sufficient training
while preventing overfitting. The evaluation metrics provide a comprehensive assess-
ment of model performance, suitable for binary classification tasks in cheminformat-

ics.

3.1 Datasets and Experimental Setup

3.1.1 Dataset

Our study utilizes the ChEMBL bioactivity database, a widely curated repository for
drug discovery research. Specifically, we focus on BACE1 (Beta-Site Amyloid Precur-
sor Protein Cleaving Enzyme 1) inhibitors, as their activity plays a critical role in mod-
ulating amyloid-f plaque formation, a hallmark of Alzheimer’s pathology. Previous
computational studies on BACE1 inhibition [7], [8], [10] relied on earlier versions of
the ChEMBL dataset. However, upon curating the latest release, we identified salient
differences that affect data distribution and class balance.

Table 3.1 contrasts the statistics between the older dataset employed by prior works
and the updated dataset leveraged in our experiments. While the total number of
molecules increased from 10,156 to 10,764, the most consequential shift lies in the
distribution of active versus inactive compounds. In the older dataset, after prepro-
cessing, there were 4,544 active and 1,195 inactive compounds, yielding an active-to-
inactive ratio of 3.8. By contrast, in the latest dataset, we observe 4,735 actives and
2,724 inactives, with the ratio reduced to 1.73. This change reflects a substantial cor-
rection in class imbalance, thereby providing a more representative and statistically

robust foundation for training classification models.

Table 3.1: Comparison of ChEMBL BACE]1 inhibitor datasets used in prior studies
versus our work.

Dataset Version Total | Active | Inactive | Active/Inactive Ratio
Older Dataset 10,156 | 4,544 1,195 3.80
Latest Dataset (ours) | 10,764 | 4,735 2,724 1.73
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To further illustrate the differences between these datasets, principal component anal-
ysis (PCA) was applied to project the molecular fingerprints into a two-dimensional
chemical space, using the first two principal components (PC1 and PC2). Figure 3.8
depicts the PCA scatter plot for the older dataset, where active compounds are rep-
resented in orange and inactive in blue. In this visualization, the active and inactive
compounds form relatively well-separated clusters. The active compounds tend to
cluster more densely on the positive side of PC1 (right side of the plot), while in-
active compounds are more prevalent on the negative side (left side). This separa-
tion suggests that the chemical features distinguishing active from inactive molecules
are more pronounced in the older dataset, potentially making it easier for machine
learning models to classify compounds accurately. The imbalance in the dataset may
contribute to this apparent clustering, as the smaller number of inactive compounds
results in less overlap and more distinct boundaries.

® inactive
active

PC2

PC1

Figure 3.8: PCA scatter plot of the older ChEMBL BACE] inhibitor dataset. Active
compounds are shown in orange, inactive in blue.

In comparison, Figure 3.9 shows the PCA scatter plot for the latest dataset. Here, the
distribution of active and inactive compounds exhibits greater overlap and complex-
ity. Although a general trend persists with active compounds leaning toward the pos-
itive PC1 axis, the clusters are more intermixed, with inactive compounds dispersed
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throughout the active cluster and vice versa. This increased intermingling indicates a
more challenging classification scenario, as the chemical space is less distinctly par-
titioned. The higher number of inactive compounds in the latest dataset likely con-
tributes to this complexity, introducing greater diversity and reducing the artificial
separation seen in the older, more imbalanced dataset. Consequently, models trained
on the latest dataset may require more sophisticated feature engineering or advanced
algorithms to achieve high performance, better reflecting real-world drug discovery
challenges where active and inactive compounds often share similar structural motifs.

»® ® inactive
L. active

PC1

Figure 3.9: PCA scatter plot of the latest ChEMBL BACE] inhibitor dataset (ours).
Active compounds are shown in orange, inactive in blue.

Overall, the differences in dataset composition and chemical space visualization high-
light the evolution toward more balanced and realistic benchmarks in BACEL1 in-
hibitor research. The older dataset’s clearer clustering may have led to overly op-
timistic performance metrics in prior studies, whereas the latest dataset’s complex
structure provides a stricter test for model generalizability.
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3.1.2 Molecule Validation and Graph Representation

Each SMILES string was converted to a molecular graph representation using the RD-
Kit library [47]. The Chem.MolFromSmiles function was used to parse SMILES strings
into RDKit Mol objects. To ensure data quality, molecules that failed to parse (e.g.,
due to invalid SMILES syntax) were filtered out. This resulted in a valid subset of the

dataset, denoted as D, ;4 C D, where D is the original dataset.

For each valid molecule, a graph G = (7, £) was constructed, where V represents the
set of atoms (nodes) and & represents the set of bonds (edges). The node and edge
features were extracted as follows:

Node Features For each atom v € V, a feature vector x, € R> was computed,

consisting of:

« Atomic number: AtomicNum(v), the element’s atomic number.

Degree: Degree(v), the number of bonded neighbors.

« Formal charge: FormalCharge(v), the atom’s charge.

Hybridization: Hybridization(v), encoded as an integer (e.g., 1 for SP, 2 for SP2,
etc.).

« Aromaticity: IsAromatic(v), a binary indicator (1 if aromatic, 0 otherwise).

The node feature matrix for a molecule with n atoms is X € R, where each row

corresponds to an atom’s feature vector.

Edge Features For each bond e = (u,v) € &, a feature vector e,, € R* was com-
puted, consisting of:

« Bond type: BondType(e), a float representing the bond order (e.g., 1.0 for single,
2.0 for double).

+ Conjugation: IsConjugated(e), a binary indicator (1 if conjugated, 0 otherwise).

« Ring membership: IsInRing(e), a binary indicator (1 if part of a ring, 0 other-

wise).

Since molecular graphs are undirected, each bond contributes two directed edges,
(u,v) and (v, u), with identical features. The edge index matrix E € Z?*" (where
m is the number of bonds) stores the source and target indices, and the edge attribute
matrix E,,,, € R*™ stores the corresponding features.
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SMILES Tokenization with ChemBERTa

In parallel, SMILES strings were tokenized using the ChemBERTa model [48], specif-
ically the seyonec/ChemBERTa-zinc-base-v1 pretrained model, accessed via the
Hugging Face Transformers library [49]. The tokenizer was initialized with:

tokenizer = AutoTokenizer.from_pretrained(seyonec/ChemBERTa-zinc-base-v1).

Each SMILES string was tokenized with truncation enabled, a maximum length of
128 tokens, and padding to ensure uniform input size:

t; = tokenizer(s;, truncation = True, padding = max_length, max_length = 128),

where s; is the SMILES string for the i-th molecule, and t; contains:
« Input IDs: t;[input_ids] € Z'*, a sequence of token indices.

« Attention mask: t;[attention_mask] € {0, 1}!*8, indicating valid tokens (1) ver-
sus padding (0).

The tokenized representations were stored in the DataFrame as a new column tokens.

Dataset Splitting

To ensure robust evaluation, the valid dataset D,,;;; was split into training and test sets
using stratified sampling to preserve the class distribution. The train_test_split
function from scikit-learn [50] was used with a test size of 20% and a random seed
of 42 for reproducibility:

Diain> Diest = train_test_split(Dyqyiq,
test_size = 0.2,
stratify = D, ,q[class],

random_state = 42)

This resulted in approximately 1,210 training samples and 303 test samples. Each

sample was converted into a torch_geometric.data.Data object, containing:
« Node features: x € R™,
« Edge indices: edge_index € 72",

« Edge attributes: edge_attr € R*™,
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« Label: y € {0,1}.
« Input IDs: input_ids € Z'%.
« Attention mask: attention_mask € {0, 1}'25.

The training and test datasets were loaded into DataLoader objects from
torch_geometric with a batch size of 128 and shuffling enabled for the training
set.

Implementation Details

The model was implemented using PyTorch 1.13, PyTorch Geometric 2.3, Transform-
ers 4.35, RDKit 2023.03, and scikit-learn 1.3. Training was conducted on a single
NVIDIA GPU (if available) or CPU, determined by:

device = torch.device(cuda if torch.cuda.is_available() else cpu).

The batch size was set to 128, balancing memory constraints and training stability.
The random seed was fixed at 42 for reproducibility. The training loop included gra-
dient clipping (implicitly handled by AdamW) to prevent exploding gradients.

The implementation details are theoretically informed by efficient computation and
reproducibility principles in deep learning. PyTorch’s dynamic computation graph
enables flexible backpropagation via autograd, theoretically supporting reverse-mode
automatic differentiation for efficient gradient computation in high-dimensional
spaces [51]. PyTorch Geometric extends this to sparse graph operations, leveraging
message-passing paradigms that theoretically scale as O(|£|), suitable for molecular
graphs with low density.

Transformers and RDKit provide domain-specific abstractions, with RDKit’s graph
parsing grounded in chemical graph theory [52]. Scikit-learn’s metrics implement sta-
tistically sound evaluations, e.g., ROC-AUC via trapezoidal integration approximating
the Wilcoxon rank-sum test.

GPU usage via CUDA accelerates matrix operations, theoretically exploiting paral-
lelizability in tensor computations, reducing time complexity from O(n?) to O(n)
per operation in batched settings. Batch size of 128 approximates full gradient de-
scent while enabling stochasticity, per mini-batch SGD theory [53]. Fixed seed en-
sures deterministic randomness, aligning with reproducibility in probabilistic models.
AdamW’s implicit clipping bounds gradients, theoretically preventing divergence in
non-convex landscapes [54].
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3.1.3 Training Procedure

The model was trained using the AdamW optimizer [55] with a differential learning

rate strategy:
« ChemBERTa parameters: learning rate of 10™*.
« GNN and fusion parameters: learning rate of 107,

The learning rate was chosen based on standard practices for fine-tuning transform-
ers and GNNs, balancing convergence speed and stability. The loss function was the

cross-entropy loss:

b
> [yilog@) + A — y)log(1 — 91,

i=1

L=-

S =

where y; € {0, 1} is the true label, and y; = softmax(h,,,); is the predicted probability
for the positive class.

A learning rate scheduler (ReduceLROnPlateau) was used to reduce the learning rate
by a factor of 0.5 if the test ROC-AUC did not improve for 2 consecutive epochs. The
model was trained for 100 epochs. All parameters, including those of ChemBERTa,

were set to require gradients, enabling end-to-end training.

The training procedure is theoretically grounded in stochastic optimization and adap-
tive learning rate methods, which address the challenges of high-dimensional param-
eter spaces in deep learning models. The AdamW optimizer decouples weight decay
from the adaptive learning rate, preventing regularization from interfering with mo-
mentum updates, as formalized by:

m, =gm,_; +(1=B)IVL, v, =pv,+1-E)VL),

m
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m, . V;
Vv,
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where m, and v, are the first and second moment estimates, 7 is the learning rate, 4
the weight decay, and ;, 3,, € hyperparameters. This formulation theoretically con-
verges faster than vanilla Adam in non-convex landscapes typical of neural networks,
justified by its bias-correction terms and decoupled regularization, which align with

regret bounds in online learning [54].

The differential learning rate strategy is motivated by transfer learning theory, where
pretrained components like ChemBERTa require smaller updates to preserve learned
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features, while scratch-trained parts (GNN, fusion) need larger rates for rapid adap-
tation. This prevents catastrophic forgetting, as per the elastic weight consolidation
framework [56], ensuring stable fine-tuning.

The cross-entropy loss is theoretically optimal for binary classification under the max-
imum likelihood estimation (MLE) paradigm, assuming labels follow a Bernoulli dis-
tribution. It minimizes the Kullback-Leibler (KL) divergence between predicted p(y)
and true p(y) distributions:

£ =KL(p||p) + H(p),

where H(p) is the entropy of the true distribution (constant), so minimizing £ equates
to minimizing KL(p||p). This encourages calibrated probabilities, essential for ROC-
AUC evaluation, and is robust to class imbalance compared to mean squared error,
as it penalizes confident wrong predictions heavily. For molecular activity prediction,
where classes may be slightly imbalanced (50.6% active in BACE), cross-entropy pro-
motes discriminative learning without additional weighting, grounded in information
theory [57].

The ReduceLROnPlateau scheduler aligns with theoretical analyses of learning rate
annealing in non-convex optimization, reducing step size upon validation plateaus to
escape local minima and refine convergence, as per the stochastic gradient descent
convergence theorems [53]. The patience of 2 epochs and factor of 0.5 balance explo-
ration and exploitation, preventing premature reduction while ensuring efficiency.
Training for 100 epochs allows sufficient iterations for convergence, justified by em-
pirical convergence patterns in similar hybrid models, with early stopping implicitly
via best-model saving based on ROC-AUC, a threshold-independent metric. End-to-
end training enables joint optimization, theoretically maximizing the evidence lower

bound (ELBO) in variational inference terms for multimodal representations [58].

3.1.4 Evaluation Metrics
The model was evaluated on the test set using the following metrics:

), where y; = argmax(h,,,);.

Zﬁl 1=y
» Accuracy: Acc = v

« ROC-AUC: The area under the receiver operating characteristic curve, com-

puted using roc_auc_score from scikit-learn.

« Classification Report: Precision, recall, and F1-score for each class, computed

using classification_report.
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The vector gate values were also recorded to analyze the contribution of GNN and
ChemBERTa features.

In the context of the binary classification task, such as predicting molecular activity
(active vs. inactive) against the BACE-1 enzyme, accuracy emerges as a critical evalua-
tion metric, warranting a focused emphasis. Its importance stems from both practical
and theoretical perspectives, particularly given the nature of the BACE dataset and
the task’s objectives. Accuracy provides a straightforward, interpretable metric that
reflects the model’s overall ability to correctly identify both active and inactive com-
pounds, which is essential for screening potential inhibitors. In this context, where
the goal is to identify a reliable set of candidates for further testing, a high accuracy
ensures confidence in the model’s general performance, facilitating decision-making
without requiring complex threshold tuning. Moreover, the model’s deployment in
a real-world setting, such as a pharmaceutical pipeline, benefits from a single, ag-
gregate metric like accuracy to communicate effectiveness to stakeholders, especially

when computational resources are limited and rapid assessment is needed.

Furthermore, accuracy serves as a baseline for assessing the model’s capacity to learn
the underlying decision boundary in the feature space formed by the GNN and Chem-
BERTa modules. In the context of hybrid models, where multimodal representations
are fused, accuracy provides a holistic measure of how well the combined feature
space generalizes, reflecting the effectiveness of the vector gate in weighting relevant
features. This is supported by the bias-variance tradeoff, where high accuracy on a
balanced dataset indicates low bias and controlled variance, a desirable property for a
model trained end-to-end on 100 epochs with a scheduler like ReduceLROnPlateau.

The confusion matrix provides a breakdown of prediction errors, enabling compu-
tation of type I (false positive) and type II (false negative) errors, aligned with hy-
pothesis testing theory [59]. Precision (TP/(TP + FP)) and recall (TP/(TP + FN))
from the classification report quantify these, with Fl-score, given by, (2 -
precision - recall /(precision + recall)) as their harmonic mean, theoretically optimal

for imbalanced datasets under the F-measure framework [60].

ROC-AUC evaluates threshold-independent performance by plotting true positive
rate vs. false positive rate, computing the area as the probability that a positive in-
stance ranks higher than a negative one, per the Mann-Whitney U statistic [61]. This
is theoretically superior for probabilistic models like ours, as it assesses ranking qual-
ity, robust to class skew in BACE.
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3.1.5 Fusion and Classification

The fusion module integrates the GNN and ChemBERTa representations to create a
unified embedding for classification. This step is crucial for leveraging multimodal
information, as prior studies show that naive concatenation can lead to suboptimal
performance due to feature misalignment, hence the use of a vector gate [39].

First, the representations are concatenated:

B ombined = [h'gnn | h, | € RPX(64768) — [pbxs32,

chem

Concatenation preserves all information, but to address potential redundancy or ir-
relevance, a vector gate is applied. The gate computes a sigmoid-activated weighting

vector:
g§=0 (wgatehcombined + bgate) ’

where Wy, € R¥*>%2 b, € R*?, and o(x) = 1/(1 + ™) is the sigmoid function.
This produces g € [0, 1]7832, where each element gates the corresponding feature
dimension. The gated representation is:

hgated = hcombined © 8,

with ® denoting element-wise multiplication. This mechanism allows the model to
dynamically suppress or emphasize features from GNN or ChemBERTa based on the
input, e.g., prioritizing graph features for structure-sensitive molecules. The sigmoid
ensures soft gating, differentiable for end-to-end training, and the square weight ma-
trix enables full interaction between dimensions.

The gated features are then passed through two fully connected layers for classifica-
tion. The first layer reduces dimensionality and adds non-linearity:

hhidden = ReLU(wlhgated + b1)9

where W, € R128832 and b; € R!%, producing hyge, € RP1?. The second layer
outputs logits:
hout = WZhhidden + b27

with W, € R*!% and b, € R?, for binary classification (active/inactive). The dimen-
sion of 128 in the hidden layer was chosen to compress information while retaining
expressivity, based on empirical tuning to avoid underfitting on the BACE dataset.

The fusion module’s theoretical basis is rooted in multimodal learning theory, par-
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ticularly the co-regularization principle, which posits that combining diverse feature
spaces improves generalization by enforcing consistency across modalities [62]. The
concatenation step can be seen as a linear combination of feature spaces, analogous
to a tensor product in representation theory, where h 1i..q Spans a joint manifold
of graph and sequence features. However, this manifold may include redundant or
noisy dimensions, necessitating the vector gate.

The vector gate aligns with the concept of feature selection in statistical learning,
where each dimension’s weight g; acts as a probabilistic indicator of relevance, in-
spired by the Bayesian model averaging framework. The sigmoid activation ensures
that g; € [0, 1], reflecting a soft decision boundary, which can be interpreted as a
probabilistic mixture model over the modalities. This is theoretically advantageous
over hard attention (e.g., binary gates), as it preserves gradient flow and aligns with
the maximum entropy principle, maximizing uncertainty where evidence is weak.

The subsequent fully connected layers implement a non-linear mapping, approximat-
ing a universal function that separates the binary classes, supported by the univer-
sal approximation theorem for feedforward networks [41]. The ReLU activation in-
troduces piecewise linearity, enabling the model to learn complex decision bound-
aries, while the dimensionality reduction from 832 to 128 leverages the Johnson-
Lindenstrauss lemma, ensuring that the essential variance is preserved in a lower-
dimensional space. This theoretical framework justifies the fusion’s role in synthesiz-
ing multimodal information for robust classification on the BACE dataset.

31



Chapter 4

Results and Discussion

4.0.1 Best Run Performance Analysis

Our best-performing model achieved a test accuracy of 92.77% with a very low loss
of 0.0283, indicating both strong predictive capability and confident probability es-
timates. The train-test gap was modest (98.71% vs. 92.77%), suggesting the model

generalized well with only mild overfitting.

The ROC-AUC of 0.8788 demonstrates high discriminative ability between active and
inactive BACE]1 inhibitors. From the confusion matrix, we observe that the model
classified 875 actives correctly while only misclassifying 34 actives as inactive,
highlighting its strong recall for the active class. While the inactive class showed lower
recall (0.79), its precision remained reasonably high (0.85), reflecting the natural class
imbalance in the dataset.

Class-wise performance confirms this observation: the model excelled in predicting
actives (F1 = 0.95) while showing slightly weaker performance on inactives (F1 =
0.82). The weighted average F1-score (0.93) closely matched overall accuracy, while
the macro average (0.89) revealed the effect of imbalance.

Overall, these results demonstrate that our proposed GAT-GCN + ChemBERT model
is highly effective for BACE1 inhibitor classification, particularly in detecting active
compounds, which is essential for early-stage drug discovery pipelines.

4.0.2 Best Run Performance Analysis - Results

Table 4.1, Table 4.2, and Table 4.3 summarize the evaluation metrics of our best run.
These structured results provide a clear understanding of how the model performs
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across both classes.

Table 4.1: Overall performance metrics of the best run.

Metric Train Test Value
Accuracy  98.71% 92.77% -

Loss - - 0.0283
ROC-AUC - - 0.8788

Table 4.2: Confusion matrix for test set.

Predicted Inactive Predicted Active

Actual Inactive
Actual Active

190 49
34 875

Table 4.3: Classification report with precision, recall, and F1-scores.

Class Precision Recall Fl-score Support
Inactive 0.85 0.79 0.82 239
Active 0.95 0.96 0.95 909
Accuracy 0.93 1148
Macro avg 0.90 0.88 0.89 1148
Weighted avg 0.93 0.93 0.93 1148

4.0.3 Performance Analysis of Our Implementations

Table 4.4: Performance Comparison of Different Models of Our Implementation

Model Name Accuracy Precision F1-Score Recall ROC-AUC
Only GNN 82.45% 0.82 0.83 0.84 0.7721
Only ChemBERT 85.41% 0.83 0.83 0.84 0.8473
Vanilla GNN + ChemBERT 86.56% 0.84 0.84 0.83 0.8316
GAT-GCN + ChemBERT 92.77% 0.93 0.93 0.93 0.8788
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4.0.4 Old vs New Dataset Performance Analysis

Table 4.5: Summary of classification accuracy (old vs new datasets).

Author / Implementation Model Accuracy (Old dataset) Accuracy (New dataset)
Song et al. CNN-GNN 91.10% 82.43%
Our implementation Only GNN 80.38% 73.73%
Test: 85.56% Test: 78.82%
Our implementation Only ChemBERTa (Test / Train) Train: 84.41% Train: 76.81%
Test: 92.77% Test: 85.05%
Our implementation GNN + ChemBERTa (Test / Train) Train: 98.24% Train: 97.56%

Interpretation of results

Table 4.5 reports the classification accuracies obtained by different models on an older
test set (“Old dataset”) and on a more recent/held-out set (“New dataset”). Several
observations and their implications follow.

Relative performance and complementary modalities The combined GNN +
ChemBERTa model yields the highest test accuracy on both datasets (92.77% on the
old dataset and 85.05% on the new dataset). This suggests that the graph-structural
features extracted by the GNN and the sequence-level features learned by Chem-
BERTa are complementary: ChemBERTa captures rich SMILES-language semantics
and long-range dependencies, while the GNN captures explicit atom-bond topology
and local chemical environments. The combination therefore improves discrimina-
tive power relative to either modality alone.

Single-modality comparison ChemBERTa alone consistently outperforms the
GNN-only implementation (85.56% vs 80.38% on the old dataset), indicating that the
pretrained SMILES language model provides stronger general-purpose chemical rep-
resentations than the current GNN implementation. This may reflect extensive self-
supervised pretraining of ChemBERTa on large SMILES corpora, enabling it to gen-
eralize chemical patterns that the (smaller) GNN model has not captured.

4.0.5 Comparing Against Existing Models

We further compared our model against widely recognized deep learning ap-
proaches for drug-target interaction and molecular classification, including Deep-
DTA, GraphDTA, and DeepD3. Table 4.6 summarizes the classification accuracy re-
ported in prior works alongside our proposed GAT-GCN + ChemBERT fusion model.
For the comparison, we used the accuracy values as mentioned in the corresponding

papers.
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Table 4.6: Comparison of accuracy between our model and existing models for
BACE]1 inhibitor classification.

Model Name / Author Accuracy
AdaBoost [63] 76.64%
Gradient Boosting [63] 80.07%
DeepDTA [64] 81.19%
Extra Trees [63] 82.47%
Random Forest [63] 82.5%
Random Forest [65] 85%
DeepD3 [66] 85.90%
GraphDTA [67] 88.99%
CNN-GNN [22] 91.11%

GAT-GCN + ChemBERT (ours) 92.77%

Strengths of the Proposed Model

As shown in Table 4.6, our GAT-GCN + ChemBERT fusion model achieves the high-
est classification accuracy among all compared methods. Several factors contribute to

this superior performance:

Pretrained chemical language knowledge: ChemBERTa provides contex-
tual embeddings learned from large-scale SMILES corpora, enabling the model
to capture global sequence-level dependencies that CNNs and GNNs alone can-

not.

Structural expressiveness: The GAT-GCN backbone encodes atom-bond
topology and local chemical environments, offering complementary structural

information to the sequence embeddings.

Effective multimodal fusion: The vector gating mechanism dynamically bal-
ances contributions from graph-based and transformer-based representations,
allowing the model to leverage the most informative modality for each molecule.

Comprehensive representation: By unifying local topology, global context,
and pretrained chemical semantics, the model constructs a richer molecular

representation than prior CNN-only or GNN-only methods.

These strengths explain why our hybrid architecture surpasses well-established base-
lines such as DeepDTA, GraphDTA, and DeepD3, as well as the CNN-GNN model of
Song et al., achieving the best accuracy (92.77%) in BACEL inhibitor classification.
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Chapter 5
Conclusion

In the relentless pursuit of novel therapeutics for Alzheimer’s disease, our research
has forged a transformative path by developing a hybrid deep learning model that
synergistically integrates Graph Neural Networks (GNNs) with the transformer-based
ChemBERTa architecture to predict the activity of beta-site amyloid precursor protein
cleaving enzyme 1 (BACE1) inhibitors, a critical target in combating amyloid-beta
plaque formation. By leveraging the structural precision of GNNs, employing Graph
Attention Networks and Graph Convolutional Networks to model molecules as graphs
with atom-level features, alongside ChemBERTa’s capacity to extract contextual em-
beddings from SMILES strings, our model captures both local topological interactions
and global chemical semantics, achieving a remarkable test ROC-AUC of 0.8788 and
an accuracy of 0.9277, outperforming traditional Quantitative Structure-Activity Rela-
tionship (QSAR) models and GNN-CNN hybrids. The introduction of a novel vector
gating mechanism, implemented as a sigmoid-activated linear layer, enables adap-
tive fusion of the 64-dimensional GNN and 768-dimensional ChemBERTa represen-
tations, offering interpretable insights into feature importance through epoch-wise
gate value visualizations, a feature that distinguishes our approach in the landscape
of cheminformatics. Despite these advancements, limitations such as the constrained
size of the BACE dataset, underutilization of few node attributes in GNN convolu-
tions, and the computational intensity of fine-tuning ChemBERTa’s 109 million pa-
rameters highlight areas for refinement. Looking ahead, our framework sets the stage
for incorporating 3D molecular conformations, multi-task learning for polypharma-
cology, and generative models for de novo inhibitor design, promising a scalable and
interpretable platform that not only advances BACE1 inhibitor discovery but also
paves the way for broader applications in computational drug design, ultimately con-
tributing to the fight against neurodegenerative diseases.
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