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Abstract

Cholangiocarcinoma (CCA), particularly its intrahepatic form (ICC), is often diagnosed in its advanced stages
due to its typically asymptomatic progression, posing significant challenges in oncology. This study intro-
duces an innovative automated drug discovery pipeline that utilizes a conditional variational autoencoder
(Conditional VAE) alongside a protein multimodal network (PMN) to generate and optimize novel ligands.
This method is inspired by the success of numerous computational drug discovery companies and targeted
FGFR?2 inhibitor therapies, including FDA-approved drugs like ivosidenib and pemigatinib. The pipeline
enhances drug discovery by integrating extensive molecular property predictions within its binding affin-
ity model, leveraging advanced tools from Volkamer Lab’s TeachOpenCadd for rapid molecular optimiza-
tion and evaluation against extensive databases such as PubChem. The approach has led to the generation
and optimization of several promising compounds, significantly expediting the drug development process
for CCA and potentially other oncological targets. Its modular design facilitates customization and scala-
bility, making it a foundational tool for researchers developing their own drug discovery pipelines or APIs.
Ongoing enhancements include the integration of reinforcement learning models to further refine drug can-
didate selection. For more details and to contribute to this evolving project, visit our GitHub repository at
https://github.com/PriestlyAdejo/drug_discovery_cholangiocarcinoma.

Keywords: Binding Affinity Prediction, Reinforcement Learning, Computational Drug Discovery, Intrahepatic
Cholangiocarcinoma, Variational Autoencoders.

Nomenclature SMILES Simplified Molecular Input Line Entry Sys-
tem

Al Artificial Intelligence TargetVAE Target-aware Variational Auto-encoder
ConditionalVAE Conditional Variational Encoder TeachOpenCadd Platform That Provides Workflows
FGFR2 Fibroblast Growth Factor Receptor 2 for a Variety of Computer Aided Drug Design
GENTRL Generative  Tensorial ~ Reinforcement Tasks

Learning TPSA Topological Polar Surface Area
ICC Intrahepatic Cholangiocarcinoma UniProt Universal Protein Resource Database

logP  Logarithm of the partition coefficient between
n-octanol and water

ML  Machine Learning 1 Introduction

MolWt Molecular Weight

NumHAcceptors Number of Hydrogen Acceptors Cholangiocarcinoma (CCA), especially the intrahep-
NumHDonors Number of Hydrogen Donors atic type (ICC), poses significant diagnostic and ther-
NumRotBonds Number of Rotatable Bonds apeutic challenges due to its asymptomatic nature in
PDB Protein Data Bank early stages and complex anatomical considerations.
QED Quantitative Estimate of Drug-likeness The intricate microstructure and development of the
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biliary tract significantly complicate early detection
and effective management of the disease, often leading
to a poor prognosis with advanced CCA frequently be-
ing inoperable, as documented by Nakanuma et al. [1].
The heterogeneity in presentation and progression, re-
viewed by Banales et al. [2], further emphasizes
the complexity of this malignancy, affecting treatment
outcomes across different patient populations.

Additionally, epidemiological data highlighted by
Kamsa-Ard et al. [3] indicate variable incidence rates
globally, with certain regions showing higher preva-
lence due to specific genetic and environmental fac-
tors. Recent statistics from the National Cancer Cen-
ter Japan [4] show an increasing trend in CCA cases,
highlighting the urgent need for advancements in ther-
apeutic strategies. Despite developments in surgical
techniques and localized treatments such as radiother-
apy [5] and selective internal radiation therapy [6],
the overall management of CCA often remains pallia-
tive, with systemic therapies providing limited survival
benefits [3].

Recent clinical guidelines by Nagino et al. [4] and
therapeutic advancements discussed by Oh et al. [7]
point towards a paradigm shift in the treatment of ad-
vanced biliary tract cancers with the incorporation of
targeted therapies and immunotherapies. These ap-
proaches exploit molecular targets specific to CCA,
which are often identified through extensive genetic
profiling and molecular studies like those conducted
by Nakamura et al. [8] and Jain et al. [9]. Such tar-
geted therapies, including FGFR?2 inhibitors and IDH1
inhibitors, have shown promise in clinical trials, offer-
ing a new hope for patients with specific mutational
profiles [10].

Despite significant advancements, there remains a
notable deficiency in effective treatments for patients,
particularly those with nonspecific, rare, or multiple
genetic variations as Emma Lodi et al. [11] docu-
mented in the "Summary of Molecular Signaling Path-
ways and Targets in CCA" table in the appendix.
This highlights the urgent need for comprehensive ap-
proaches that not only identify new therapeutic targets
but also develops medications tailored to the complex
molecular profile of CCA. The proposed automated
drug discovery pipeline aims to address this gap by
utilizing advanced computational techniques and ma-
chine learning to accelerate the generation and op-
timization of potential therapeutic agents, regardless
of the variations in target expression among cases.
By integrating sophisticated algorithms with system-
atic evaluations of molecular targets, this pipeline
promises to enhance the personalization of treatment,
thereby transforming the therapeutic landscape for

cholangiocarcinoma.

2 Literature Review

2.1 Background of the Problem

The initial stage of drug discovery involves the under-
standing of complex biological pathways and identi-
fying potential therapeutic targets. This pre-discovery
phase is critical, as it lays the groundwork for all sub-
sequent stages of drug development. Researchers like
Gashaw et al. [12], Hughes et al. [13], and Mohs
and Greig [14] delve deep into the molecular mecha-
nisms of diseases, often integrating vast datasets from
genomics, proteomics, and other omics technologies
to hypothesize potential targets. This stage is partic-
ularly challenging due to the intricate nature of bio-
logical systems, which are often not fully understood.
Moreover, the identification of a valid target is com-
pounded by the need to distinguish between causative
and merely associative factors in disease pathology.
According to Natesh et al. [15], novel target identifi-
cation is thus a critical bottleneck, requiring a nuanced
understanding of disease mechanisms within to pro-
pose viable targets for therapeutic intervention.

2.2 Current Processes in Drug Discovery

Once potential targets are identified, the process ad-
vances towards the meticulous and iterative tasks
of screening and optimizing drug candidates, as de-
scribed by Hughes et al. [13]. High-throughput
screening is employed across vast chemical libraries,
exploring the immense chemical space estimated
to range between 103° to 10%° potential drug-like
molecules. This stage aims to discover molecules that
effectively modulate these targets, focusing not just on
finding any modulator but on discovering one that of-
fers specificity, efficacy, and safety—a challenging tri-
fecta rarely easily achieved. The structural and chem-
ical diversity of these libraries compounds the com-
plexity of this task, requiring sophisticated screen-
ing methodologies and substantial computational re-
sources to manage and interpret the data generated.
Further, as highlighted by researchers like DiMasi [16]
and Paul et al. [17], each potential candidate un-
dergoes rigorous optimization to enhance its pharma-
cological properties, ensuring its safety and efficacy
for clinical use. This stage is crucial and resource-
intensive, often involving numerous modifications to
the molecular structure of compounds to enhance their
drug-like properties and minimize toxicity [18].



2.3 Challenges and the Role of Deep Learn-
ing

The traditional drug discovery process faces signifi-
cant challenges, including high costs, lengthy time-
lines, and a high rate of attrition. DiMasi [16] high-
lights these challenges, noting the inefficiencies that
plague conventional approaches. In response, deep-
learning-based approaches (DLBA) have emerged as
transformative forces in drug discovery. DLBA, as
developed and applied by researchers such as Paul
[17], Schneider [19], and Jayatunga [20], are in-
creasingly applied to predict drug-receptor interac-
tions, optimize drug candidates, and simulate clini-
cal trial outcomes, potentially reducing both time and
expenditure. These technologies are capable of ana-
lyzing complex datasets much faster than human re-
searchers, providing insights that can guide decision-
making processes. Furthermore, DLBA in drug dis-
covery range from designing molecules, as discussed
by Kontoyianni [21], to predicting the success of drug
candidates in clinical trials, illustrating a shift towards
more data-driven, predictive approaches. Multiple re-
searchers, including Brogi and Calderone et al., Ruf-
folo et al., Jayatunga et al., Sadybekov et al. and
Kontoyianni et al. [22, 22, 23, 20, 24, 21] seem to
strongly agree that the integration of DLBA not only
accelerates various phases of drug discovery but also
enhances the precision with which these tasks are ex-
ecuted, thereby increasing the likelihood of success in
the later stages of drug development.

2.4 Emerging Technologies and Trends in
Generative Drug Discovery

Deep learning (DL) has profoundly transformed gen-
erative drug discovery, evidenced by companies like
Insilico Medicine, which utilizes its PandaOmics plat-
form integrating autoencoder technologies and rein-
forcement learning to reduce drug discovery times
from 3-5 years to 12—-18 months [25]. This platform,
leveraging variational autoencoders (VAEs) and rein-
forcement learning, significantly accelerates the ex-
ploration of chemical space [26], generating optimized
molecular structures with desirable properties such as
binding affinity. Meanwhile, Exscientia and Recursion
Pharmaceuticals employ graph neural networks and
data-intensive approaches respectively, which gener-
ally result in slower progression [27, 28]. Such tech-
nologies underscore a shift towards more efficient drug
discovery processes as DL systems set new indus-
try benchmarks [29]. Additionally, the integration of
deep learning-based approaches from target discovery
to preclinical trials highlights a significant evolution in

the drug development pipeline, overcoming challenges
like data biases and the need for empirical validation
[30]. These advancements are expected to not only
speed up the discovery process but also reduce costs
and enhance the efficacy and safety of drugs, heralding
a new era of efficiency in pharmaceutical development
[31].

2.5 Aims of the Project

This research project aims to establish a comprehen-
sive pipeline for drug discovery, focusing on a mutated
target commonly expressed in intrahepatic cholangio-
carcinoma (ICC) (FGFR-2) by leveraging and making
improvements to the models used in the breakthroughs
made by Ngo and Hy et al. [32]. This approach al-
lows for the efficient exploration of chemical space,
significantly reducing the search space for viable drug
candidates.

The pipeline will integrate the generative capa-
bilities of TargetVAE within a structured workflow
adapted from Volkamer Lab’s TeachOpenCADD plat-
form, which offers a variety of tools for hit identifica-
tion and lead optimization [33]. These tools include
modules for binding site detection, molecular dock-
ing, and the evaluation of ligand efficiency and drug-
likeness, crucial for optimizing compounds for better
efficacy and safety profiles. This integration aims to
enhance the predictability and efficiency of the drug
development process, particularly in the stages of hit
to lead and lead optimization, by automating the se-
lection and refinement of potential drug molecules.

2.6 Summary of Work

This paper reviews the integration of deep learning
(DL) technologies in drug discovery, emphasizing the
substantial reduction in development times achieved
through variational autoencoders (VAEs) and rein-
forcement learning. It explores how these technolo-
gies optimize chemical space to generate drug candi-
dates with enhanced binding affinity and selectivity.
Notably, platforms like Insilico Medicine have signif-
icantly shortened preclinical drug discovery phases.
The paper also considers the adaptation of the future
prospoects of using reinforcement learning models to
refine chemical properties, thereby improving drug ef-
ficacy and safety.



3 Methodology

3.1 Target Protein Selection: FGFR-2

Intrahepatic cholangiocarcinoma (ICC) is character-
ized by diverse genetic alterations, prominently in-
cluding mutations in IDH1, ARIDIA, TP53, and
FGFR2 (mutated targets). The selection of FGFR-2
was particularly influenced by its critical role in ICC
pathogenesis and the prevalence of actionable FGFR2
fusions in 11-14% of ICC cases with Kuwat et al. [34].
This focus aligns with evidence suggesting that target-
ing FGFR2 could improve locoregional therapy effi-
cacy and patient survival rates [35]. Typically, target
selection in drug discovery involves a comprehensive
evaluation of a target’s role in disease based on exten-
sive molecular profiling and is validated through vari-
ous stages, including clinical trials [36]. While mod-
ern target discovery systems like Insilico Medicine’s
PandaOmics automate target discovery by analyzing
vast datasets with AI/ML, this project uses manual
selection to refine focus on FGFR-2, enabling de-
tailed comparisons and benchmarking against estab-
lished therapies [37].

3.2 Computational Representation of Target
Protein

The Target-aware Variational Auto-encoders (Target
VAE) study, by Ngo and Hy [32], introduces a Pro-
tein Modal Network (PMN) designed to effectively
capture and integrate multimodal protein representa-
tions for ligand generation [38]. This PMN uniquely
amalgamates textual protein sequences with three-
dimensional structural data, employing a combination
of transformer architectures and geometric deep learn-
ing techniques. The textual sequence data is processed
using self-attention mechanisms within a transformer
model to extract contextual embeddings [39]. Si-
multaneously, the 3D structural information of amino

Original TargetVAE:
e

acids, crucial for understanding protein functionality,
is represented through a Geometric Vector Percep-
tron (GVP). This component is essential for handling
the rotational invariant features of protein structures,
thereby maintaining the biological relevance of the
spatial configuration.

The Geometric Vector Perceptron (GVP) operates
by transforming protein residue features, categorized
into scalar (s € R™) and vector (V € R**3) compo-
nents, which are respectively invariant and equivariant
under Euclidean transformations. In the GVP module,
the input tuple of scalar and vector features is trans-
formed into a new tuple through a sequence of special-
ized linear and nonlinear transformations. Initially, the

vector features undergo a linear transformation (W V')
to enhance dimensional control and facilitate the ex-
traction of rotation-invariant information, followed by
a non-linear activation function (o) applied element-
wise. Simultaneously, the scalar features are enriched
by concatenating with the L2-norm of the transformed
vector features, followed by their own linear transfor-
mation (W,,,) and non-linear activation (o). These pro-
cesses are captured in the equations:

V=0, (Wu([[WaV]2)) © Wu(W,V),
s' = o(Wi([[V]2.s) +),

where o and o represent the activation functions tai-
lored for scalar and vector outputs respectively. This
dual-pathway transformation within the GVP allows
for the effective propagation of information from vec-
tor to scalar channels, ensuring that the PMN can har-
ness both local and global structural details crucial
for precise protein-ligand interaction modeling, while
maintaining the necessary properties of invariance and
equivariance [40].

3.3 Drug Molecule Generation with Modified
TargetVAE

Modified TargetVAE (ConditionalVAE):
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Within the standard TargetVAE model from Ngo and
Hy et al. [32], we have a generative model and an
inference model. The generative model, defined by a
probabilistic decoder pg(x|z) and a prior p,(z), forms
a joint distribution pg . (x,2) = pe(x|2)py(2) be-
tween latent variables z and data z. The inference
model uses an encoder g4(z|x) to approximate the
posterior distribution of the latent space. The objec-
tive is to maximize the evidence lower bound (ELBO)
for each training sample z:

log pa.y (7) > Ey, [log pe,y (z]2)]
— KL{[gy(2]2)|py (2)],

where KL denotes the Kullback-Leibler divergence
[41].

To improve the generative capabilities for specific
targets, we use a conditional VAE (Conditional VAE)
as described by Tong et al. [42], which incorporates
auxiliary covariates y. The generative model now de-
fines a conditional joint distribution pg (x,2|y) =
po(x|y, 2)py(2|y), and the encoder is modified to
¢s(2|z,y). The conditional ELBO is maximized as
follows:

(D

1og po.y (x|y) > Leona = Eq, [log po,y(]y, 2)]

(2)
— KL[gy (2|2, y)||py (2]y)]-

To further enhance the model, we introduce a predic-
tor network for conditions that cannot be directly la-
beled, such as biological activity against specific tar-
gets. This modification results in a hybrid Condition-
alVAE, where the condition vector c is treated as a la-
tent variable inferred from the predictor. The objective
function for unlabeled molecules is then modified to:

£hybrid - Eq¢ [log Poy (.@’Z, C)]
— KL[gy(2[2)[[py (2]c)]
— KL{gy(cl)][p(c)]-

The modified framework thus incorporates a more
flexible conditioning mechanism, enhancing the diver-
sity and validity of generated molecules [42]. This ap-
proach aligns with the overarching goal of leveraging
advanced machine learning techniques to facilitate the
discovery of novel drug candidates with high efficacy
and specificity against targeted proteins.

3)

3.3.1 Experimental Setup for ConditionalVAE

The experimental setup for the Conditional VAE model
involved a sophisticated computational framework uti-
lizing Python and PyTorch Geometric for graph cre-
ation and manipulation. We utilized the KIBA dataset,
which includes 229 proteins and 2,111 ligands, lead-
ing to 118,254 protein-ligand pairs [43]. This dataset

was augmented with 3D structural data, where the pro-
teins are split into 90% for training and 10% for test-
ing. The model’s performance was evaluated against
various metrics to assess its efficiency in generating
valid, diverse, and chemically accurate ligands (ap-
pendix). The full implementation and codebase are
made available on our project’s GitHub repository, en-
suring transparency and reproducibility of the results.

3.3.2 Evaluation Metrics for Drug-Likeness

In modifying the evaluation process, traditional met-
rics such as the Fréchet ChemNet Distance (FCD) [44]
were eschewed in favor of direct assessments of drug-
likeness and molecular properties. This includes mea-
sures like molecular weight, hydrogen bond donors
and acceptors, logP, topological polar surface area
(TPSA), and the number of rotatable bonds. Addition-
ally, customized drug-likeness scores from Volkamler
Lab’s TeachOpenCaDD were computed using Lipin-
ski’s rule of five [45, 46] and a novel custom scoring
function designed to assess the synthetic accessibility
and overall quality of generated molecules:

1
Drug-Likeness Score = - <moth_score

+ numHAcceptors_score
+ numHDonors_score

+ molLogP_score

+ TPSA_score

+ numRotBonds_score

+ saturation_score)
“)
This scoring formula integrates multiple aspects of a
molecule to provide a comprehensive drug-likeness
profile, enhancing the utility of our predictions for
pharmaceutical applications.

3.3.3 Experimental Execution and Outcomes

The experimental setup was limited by time and com-
putational resources, and therefore, conducted using a
single data fold on a laptop equipped with an Nvidia
RTX 3070 GPU, spanning 130 epochs. Despite these
limitations, valuable insights were gained into the
performance of the modified ConditionalVAE [42].
Notably, we observed variations in the drug-likeness
scores among the generated molecules, with a focus
on properties such as druggability, uniqueness, and
novelty. We provided visual representations of these
variations to illustrate the impact of our modifications
on both druggable and non-druggable ligands, demon-
strating their potential validity for subsequent stages



of the drug discovery process. Comparative analyses
with existing models highlighted the improvements
made by our approach as seen in the appendix. This
was especially seen in balancing drug-like properties
with high binding affinities. This showcases the adapt-
ability and potential of our Conditional VAE to gener-
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(a) Comparison of the original binding affinity predictor model from Ngo and Hy et al. [32] to the modified binding affinity predictor

model.

In continuation of the work put forward by Ngo and
Hy, their original binding affinity predictor was de-
signed to compute the affinity between a generated
ligand and a target protein structure [32]. The orig-
inal model utilizes a combination of geometric and
relational features extracted from protein-ligand inter-
actions. This model integrates features using a pro-
tein multimodal network (PMN) and feed-forward net-
works of various layers (FFNs) to predict the binding
affinity score. The network operates by first trans-
forming the 2D molecular graph of a ligand into a
vector representation using a message-passing neu-
ral network (MPNN). Simultaneously, ligand features
such as Morgan Fingerprints are processed via a feed-
forward network to produce another vector represen-
tation [47]. These representations, alongside the en-
coded protein structure from the PMN, are combined
and fed into a final FFN that predicts the binding affin-
ity as a scalar value:

211 = MPNN(G), 5)
212 = Wina - ReLUW,1 - Uy + bin1) + bma,  (6)
2, = PMN(p), (7)

y = FFN(concat(z;1, 22, 2p))- (8)

Modifications were made to the original model to en-
hance its predictive capabilities and output additional
qualities about the binding interaction. The modified
network now not only predicts the binding affinity in
kcal/mol but also estimates the distance from the best
mode root-mean-square deviation (RMSD) for both
lower and upper bounds. This expanded output pro-
vides a more comprehensive understanding of the lig-
and’s fit within the binding site. Additionally, the
model now assumes a binding mode of 1 [48] for all
input ligand-target protein pairs, simplifying the com-
plexity of predicting multiple binding modes [49]. The
governing equations remain similar, but the final out-
put layer has been adapted to produce multiple out-
puts:

Y = FFNpodified(concat(z1, 212, 2p)),  (9)
where Y is a vector that includes not only the binding
affinity but also distances indicating the quality of the
binding pose. These modifications aim to provide a
richer set of data for evaluating potential drug candi-
dates, improving the utility of the model in real-world
drug discovery applications and lays the foundation
for predicting additional properties of ligand-protein
interactions [50].



3.4.1 Experimental Setup and Data Processing

The experimental setup for the binding affinity pre-
diction involves extensive data processing and com-
putational modeling. We utilize the DAVIS and KIBA
datasets, which contain information on protein-ligand
interactions, with the binding affinities expressed as
Kp constants and KIBA scores, respectively [43,
51]. The datasets include 30,056 and 118,254 protein-
ligand pairs for DAVIS and KIBA respectively, en-
riched with 3D protein structures generated by Al-
phaFold [52]. Data preprocessing was performed in
Python, utilizing PyTorch and PyTorch Geometric for
graph-based neural network implementations. The ex-
periments were conducted using a train-test split as
specified in previous studies, ensuring fair compari-
son. The performance of the models were evaluated
using metrics like Mean Squared Error (MSE), concor-
dance index (CI), and the modified squared correlation
coefficient 7-2,, providing a comprehensive assessment
of their predictive accuracy.

3.4.2 Evaluation Metrics

To quantitatively assess the performance of our modi-
fied binding affinity predictor, we employ several sta-
tistical metrics cited by Ngo et al. [32]. These metrics
include Mean Squared Error (MSE), Concordance In-
dex (CI), and the modified squared correlation coeffi-
cient (r%), defined as follows:

L
MSE = - Z;(yi — )%,
1=

(10)

where n is the number of samples, y; is the observed
value, and g; is the predicted value.

1 A
Cl=— > h(gi— i), (11
5i>6j
where J; > 0; indicates that the affinity ¢; is greater
than §;, Z is the normalization constant, and h(z) is

the Heaviside step function defined by:

1 if x > 0,
h(z)=140.5 ifz=0,
0 ifz<O.

2 _ .2
e —
rg, =12 1- 2, (12)
1—rg
where 72 and 7‘(2) are the squared correlation coeffi-
cients with and without intercepts, respectively.

3.4.3 Computational Experiments and Results

The binding affinity prediction experiments were con-
ducted on a single fold due to constraints related to
time and computational resources, specifically using a
laptop Nvidia RTX 3070 GPU for training. The net-
work was trained for 100 epochs, utilizing both Py-
Torch and PyTorch Geometric to handle graph-based
operations. The full code implementation and detailed
setup are available on the project’s GitHub repository.
This setup allowed for the generation of comprehen-
sive loss plots and correlation metrics comparing the
ground truth data with predicted values. Additionally,
comparative analyses against baseline models were
performed to validate the enhancements made in the
modified binding affinity predictor.

3.5 Optimization Pipeline Integration with
TeachOpenCADD

Ligand Optimization Pipeline:
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(a) Diagram of the modified ligand optimization pipeline frdm TeachOpenCADD [46] with modifications implemented.



The optimization pipeline for drug discovery involves
several computational and bioinformatics tools aimed
at refining the efficacy and selectivity of potential
drug candidates (see appendix). Utilizing the work-
flows suggested by Volkamer Lab’s TeachOpenCADD
[33], we adapt a streamlined approach to automate
the structure-based virtual screening process. The pri-
mary adaptation involves replacing traditional dock-
ing calculations with a modified binding affinity pre-
dictor network, which significantly reduces computa-
tional costs and accelerates throughput [53].

Our process begins with the extraction of SMILES
strings of druggable ligands from the pool of generated
molecules. These SMILES strings are then processed
to identify and prioritize compounds that exhibit po-
tential for high binding affinity and optimal drug-like
properties.

The optimization pipeline involves several key
stages, starting with Binding Site Detection, where the
most druggable binding sites on the target protein are
identified using geometric and chemical features of the
protein structure using DoGSiteScorer [54, 48]. Fol-
lowing this, Ligand Modification and Selection takes
place, where structural analogs of the initial hit or
lead compound are computationally generated and fil-
tered based on their drug-likeness scores and molecu-
lar properties [55]. In the Binding Affinity Prediction
stage, traditional molecular docking is replaced by the
modified binding affinity predictor. This network uti-
lizes the features of both the ligand and the protein to
predict binding affinities directly, as expressed in the
equation:

Y = FFN..aisea(concat( zii. zio. zn)). (13)

where Y outputs not only the binding affinity but also
distances that reflect the quality of the binding pose,
providing a comprehensive view of the interaction dy-
namics. Finally, during the Analysis and Selection
phase, the predicted interactions and binding modes
are analyzed to select ligands that likely exhibit the
best therapeutic profiles [50, 56].

This optimized pipeline is fully compatible with
Python-based computational platforms, enhancing the
utilization of chemical informatics libraries like RD-
Kit, and deep learning frameworks such as Ten-
sorFlow and PyTorch. This integration moves be-
yond traditional command-line docking programs like
AutoDock GPU or Smina, although these remain sup-
ported within the suggested workflow [49]. The out-
puts generated by this pipeline include ligand struc-
tures refined for enhanced affinity and selectivity,
accompanied by comprehensive interaction profiles.
These outputs significantly contribute to the meticu-

lous refinement of potential drug candidates, advanc-
ing their development through detailed biochemical
interactions analysis [57].

4 Results and Discussion

4.1 Overview of the Automated System
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Figure 4: Schematic representation of the automated drug discovery system. This diagram highlights the integration of
different computational stages from target selection, through ligand generation, to the final optimization pipeline.



4.2 Target Selection and Computational
Representation

In the initial phase of our drug discovery pipeline,
the target protein FGFR-2 is identified as a crucial
element for further analysis [10]. The process in-
volves extracting information from the Protein Data
Bank (PDB) using a modified script that maps the
UniProt ID to its corresponding PDB entry [58], fol-
lowed by downloading and processing the PDB file.
The function fetch_and_save_pdb_file(
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mapped_protein_id,

protein_pdb_path), handles the retrieval and
storage of protein data. Once acquired, the protein data
is transformed into a graph representation using the
function featurize_as_graph (protein_df,
device=self.args.device).

4.3 Analysis of Generated Druggable vs.
Non-Druggable Ligands
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Figure 5: Distribution of molecular properties including Molecular Weight (MolWt), Number of Hydrogen Acceptors
(NumHAcceptors), Number of Hydrogen Donors (NumHDonors), LogP (logP), Topological Polar Surface Area (TPSA),
Number of Rotatable Bonds (NumRotBonds), and Saturation for druggable and non-druggable molecules.

Upon generating 1000 molecular entities via the Con-
ditional VAE model, we determine the druggability of
the output molecules based on their calculated proper-
ties (inferred by their molecular structures). The prop-
erties evaluated included molecular weight (MolWt),
number of hydrogen acceptors (NumH Acceptors),
donors (NumH Donors), logP (logP), topological
polar surface area (1T'P.S A), number of rotatable bonds
(NumRotBonds), and saturation (Saturation).
Each property was calculated using the function
calculate_druglikeness (mol_ob7j), ensur-
ing a comprehensive assessment of each molecule’s
potential as a drug candidate. The distribution of these
properties was then plotted, highlighting the varia-
tions between molecules deemed druggable and non-
druggable based on established thresholds and scores

such as QED and Lipinski’s rule of five [45].

The molecular diversity within the generated set
was quantified using various metrics, focusing partic-
ularly on drug-likeness (Q E D), Lipinski, and custom
drug scores. Druggable molecules exhibited a nar-
rower distribution in molecular weight, ranging from
150 to 400 Daltons, compared to non-druggable ones,
which showed a broader range up to 575 Daltons. This
pattern was mirrored across other properties, indicat-
ing a distinct profile for molecules that potentially
qualify as drug candidates. The diversity, unique-
ness, and validity scores for these molecules were
computed, yielding high values, which underscores
the model’s ability to generate structurally diverse and
valid molecular structures.



4.4 Optimizing Generated Ligands Using
Modified TeachOpenCADD Pipeline

Upon generating druggable molecules from the Con-
ditional VAE, we transition to optimizing these lig-
ands using a streamlined TeachOpenCADD pipeline
[46], adapted for FGFR-2 as the target pro-
tein. The first stage involves the conversion of
SMILES strings into PyMOL objects for ligands.
These objects are then featurized using the func-
tion featurize_as_graph and subsequently pro-
cessed through a series of computational steps aimed
at enhancing their therapeutic potential.

During the pipeline, a
LeadOptimizationPipeline class or-
chestrates  the  workflow, beginning  with
BindingSiteDetection, which identifies

the most druggable sites on the protein surface [59].
This is followed by LigandSimilaritySearch
and Docking processes, where ligands are com-
pared against known databases and docked to the
protein to predict binding affinities. Importantly,
this process integrates a binding affinity prediction
model that replaces the traditional, computationally

expensive docking simulations, offering significant
computational savings [53].

The optimization continues with
InteractionAnalysis, which evaluates the
interactions between the ligands and the protein at the
predicted binding sites, followed by selecting the best
analogs based on these interactions. Each ligand’s
performance is quantitatively assessed using various
metrics, such as binding affinity and the total number
of interactions, aiding in the selection of the most
promising candidates for further development.

The improved structure of the input generated
molecule is shown comparatively below, and it is con-
trasted with the optimized ligand. The tables detailing
the properties, predicted binding affinities, and molec-
ular characteristics of each molecule are included in
the appendix. The enhanced molecular properties and
improved binding affinity confirm the success of our
pipeline. This comparison highlights similar atomic
components but a significantly longer chain in the
FDA-approved drug. Further training or a focus on
model parameterization might have yielded different
outcomes.

: N
/H\%
2D: \
\

(a) Molecular representation of the input generated ligand and the output ligand of the pipeline. Input molecular smiles string:
CC(C)(C)C=CN1C2=CINC=CC2CN output molecular smiles string CCCCCNICN(C(=C1C)C)C=C2C=CC=CN2.

4.5 Discussion

The modifications introduced to the original Target-
VAE model and the TeachOpenCADD pipeline have
showcased nuanced impacts on the drug discovery
process. Although the integration of a Conditional-
VAE aimed to enhance the specificity and relevance

of generated molecules, the proportion of druggable
molecules remained relatively low. This suggests that
the training and inference processes could benefit from
incorporating target-specific strategies, such as those
used in the GENTRL paper, which actively leverages
reinforcement learning to optimize its latent space, po-
tentially refining the molecular generation process to
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ensure a higher yield of candidate molecules with de-
sired properties [60].

While the pipeline demonstrated the capability to
generate and optimize ligands, the drugs produced
did not match the efficacy of current FDA-approved
drugs. This was apparent from the structural dif-
ferences observed between the optimized ligand,
CCCCCNICN(C(=CIC)C)C=C2C=CC=CN2,
and the FDA-approved drug Infigratinib,
CCNI1CCN(CC1)C2=CC=C(C=C2)
NC3=CC(=NC=N3)N(C)C(=0O)NC4=C
(C(=CC(=C4C1HOC)OC)CL. A key observation
was the simplicity in the bond structures and lower
complexity in heteroatoms of the optimized ligand
compared to Infigratinib, which features multiple
aromatic rings and heteroatoms essential for higher
binding efficacy [61]. Effective parameterization,
such as adjusting the model to predict more com-
plex molecular frameworks with diverse functional
groups, could have significantly improved outcomes.
This includes refining parameters that govern bond
angle predictions, aromaticity, and the presence of
pharmacophore features [62] which are critical for
drug-receptor interactions.

Future iterations could benefit from integrating in-
sights from advanced structural prediction models like
AlphaFold, developed by DeepMind [52], to better
predict how complex molecular structures fold and in-
teract with biological targets. By adjusting model pa-
rameters to enhance the generation of molecules with
specific bond types, angles, and necessary chemical
groups, it’s possible to bridge the gap between the
generated molecules and high-efficacy drugs like In-
figratinib. These changes could lead to the genera-
tion of molecules not only structurally similar to FDA-
approved drugs but also functionally capable of bind-
ing effectively to target proteins, reflecting a deeper
understanding of molecular dynamics and interactions
critical for drug development.

On the scalability of these approaches, the modi-
fied pipeline exhibits a high degree of adaptability and
potential applicability across various targets and dis-
eases. This adaptability is crucial in the context of
deep learning-driven drug discovery, where the ability
to generalize across different biological contexts can
significantly expedite the development process. How-
ever, scalability is contingent upon overcoming sub-
stantial computational bottlenecks encountered during
analog search and feature extraction processes, sug-
gesting a potential improvement could be the local
caching of compound databases or employing a more
robust server-side computation scheme to handle these
tasks efficiently [63].

11

The primary challenge was the integration and com-
putational efficiency of searching for analogs within
extensive chemical databases like PubChem, which
was both time-consuming and resource-intensive. Fu-
ture iterations of the project could benefit from stream-
lined database interactions or enhanced computational
strategies, possibly incorporating more efficient al-
gorithms or hardware solutions. Despite these chal-
lenges, the project’s success in identifying a candidate
for FGFR-2 interaction highlights the potential of deep
learning approaches in revolutionizing drug discovery,
supporting continued development and optimization
of these computational tools for broader applications
in biomedicine.

5 Conclusions and Future Directions

The exploration and development of FGFR-2 targeting
drug discovery using a modified TeachOpenCADD
pipeline and Conditional VAE have shown significant
potential and identified areas for enhancement. While
the project has effectively demonstrated the integration
of machine learning to generate and optimize ligands,
the complexity and efficacy of the resultant molecules
still fall short of FDA-approved standards like Infigra-
tinib. Key future directions include refining model
parameterization to predict more intricate molecular
architectures and employing advanced structural pre-
diction techniques like AlphaFold to better model in-
teractions with biological targets. Furthermore, ad-
dressing computational bottlenecks, such as through
local caching of compound databases or utilizing high-
performance computing solutions, is essential for im-
proving scalability and efficiency. Continuous evolu-
tion of Al techniques promises to revolutionize tra-
ditional drug discovery processes, expediting the de-
velopment of new therapies and broadening the ap-
plication of these computational tools across various
biomedical domains.
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1 Introduction

For more details and to contribute to this evolv-
ing project, visit our GitHub repository at
https://github.com/PriestlyAdejo/
drug_discovery_cholangiocarcinoma. All
the code used can be found here!

2 Methodology

2.1 Target Protein Selection: FGFR-2

Figure 2: Molecular graphics of FGFR-2 showing binding
sites and important functional domains essential for its ac-
tivity in intrahepatic cholangiocarcinoma.

2.2 Computational Representation of Target
Protein

Figure 1: 3D structural ribbon representations of FGFR-2, Figure 3: Architecture of the Protein Modal Network

highlighting key molecular features and domains. (PMN) as proposed in the Target VAE study by Ngo and
Hy.
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https://github.com/PriestlyAdejo/drug_discovery_cholangiocarcinoma

2.3 Binding Affinity Prediction with Modi-
fied Binding Affinity Predictor

Binding Affinity Model Metrics, Fold: 0, True vs Predicted Values with Mean Squared Error (MSE: 0.221)
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Figure 4: Plot of mean squared error and correlation in
predicting different binding affinity values after training the
model for 100 epochs.

Proportion of Druggable Molecules
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Figure 5: Pie chart showing proportion of molecules that

were actually druggable according to aforementioned char-
acteristics of druggable molecules.

3 Results and Discussion

3.1 Analysis of Generated Druggable vs.
Non-Druggable Ligands

Figure 6: Distribution of molecular properties includ-
ing Molecular Weight (MolWt), Number of Hydrogen Ac-
ceptors (NumHAcceptors), Number of Hydrogen Donors
(NumHDonors), LogP (logP), Topological Polar Surface
Area (TPSA), Number of Rotatable Bonds (NumRot-
Bonds), and Saturation for druggable and non-druggable
molecules. This visualization highlights the contrast in key
molecular descriptors that define potential drug candidates
versus those less likely to be viable drugs, based on estab-
lished thresholds and scores such as QED and Lipinski’s
rule of five.

3.2 Optimizing Generated Ligands Using
Modified TeachOpenCADD Pipeline
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Figure 7: Interaction analysis of the optimized ligands with
the FGFR-2 protein target. Visual representations of ligand-
protein interactions highlighting key binding sites and inter-
action strengths, which were crucial for selecting the most
promising drug candidates.



2D:

Figure 8: Molecular representation of existing FGFR-2
inhibitor, Infigratinib, showcasing its molecular structure,
with a smiles string of CCN1CCN(CC1)C2=CC=C(C=C2)
NC3=CC(=NC=N3)N(C)C(=0)NC4=C
(C(=CC(=C4C1HOC)OC)CL.

Table 1: Binding Affinity and RMSD Metrics for Input Ligand

Mode | Affinity (kcal/mol) | Dist from Best Mode rmsd_L.b | Dist from Best Mode rmsd_u.b
1 -4.8 0.000 0.000
2 -4.6 1.362 1.895
3 -4.6 1.304 2.580
4 -4.3 2.120 6.058
5 -39 2.418 6.407

Table 2: Binding Affinity and RMSD Metrics for Optimized Ligand

Mode | Affinity (kcal/mol) | Dist from Best Mode rmsd_l.b | Dist from Best Mode rmsd_u.b
1 -5.1 0.000 0.000
2 -4.8 2.680 5.897
3 -4.5 1.996 6.627
4 -4.5 2.078 6.016
5 -4.4 2.280 6.583




Table 3: Comparative Molecular Properties between Input

and Optimized Ligands
Property Input Ligand Optimized Ligand
Smiles CC(C)(C)C=CNI1C2=CINC=CC2CN | CCCCCNICN(C(=C10)O)C=C2C=CC=CN2
Num. Rot. Bonds 2 4
Num. H Donors 2 1
Num. H Acceptors 3 3
Mol. Weight 205.305 245.37
LogP 1.72 3.13
Drug Score Total 0.8 0.86
Drug Score QED 0.72 0.82
Drug Score Lipinski 1.0 1.0
Drug Score Custom 0.82 0.85
Saturation 0.5 0.47
TPSA 41.06 18.51
Druggable Smiles True True
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