AlphaFold 3—enhanced graph neural network repurposing of FDA-approved drugs against
neglected tropical disease proteins

INTRODUCTION & BACKGROUND

e |nfections caused by various pathogens and transmitted by vectors
e Mainly affect poor populations in tropical and subtropical regions
e Limited attention & funding by governments and companies

Every year due to NTDs:
e 1.5B people require prevention or treatment
e 14.1M years of healthy life is lost
e 120K people die

N of people requiring treatment for NTDs
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Project Goal: Develop a scalable Al/ML-driven platform that identifies FDA-
approved drugs that can be repurposed to treat NTDs, accelerating drug
discovery for populations overlooked by traditional drug development

How drugs work:

e Ligands (drugs or bioactive compounds) bind to specific targets
(usually proteins) and change how these molecules normally function

Protein
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Protein-Ligand
interaction

e Binding Affinity: how strongly a drug binds to
its target:
¢ |s often measured with K, (dissociation constant)

o Lower K, = stronger binding (higher affinity)
o Higher Ky = weaker binding (lower affinity)

Ligand

e pKj,is the logarithmic form of K,. pK, = -log(Ky)
o Higher pKy = stronger binding
o Lower pK, = weaker binding

Protein-Ligand interaction 3D
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Progress of AI/ML methods in life sciences and drug_discovery

Deep Learning (DL) made a breakthrough in 3D protein modeling in late 2010s

3D model of a

AlphaFold (AF) protein using AF3

» Al model by Google DeepMind;

e Predicts 3D structures of proteins and other
biological molecules given only their sequences;

e Uses attention neural network deep learning model

e When first introduced in 2018, AF1 placed 1st in the
overall rankings of the Critical Assessment of
Structure Prediction (CASP) competition;
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model quality

» Scientists of AlphaFold and RosettaFold (another protein prediction
method) won the Chemistry Nobel Prize in 2024

Graph Neural Networks (GNNSs)
» Most recent advancement of deep learning in biological science
e 3D structure of proteins is directly encoded into graph structure of GNNs
» Allows to incorporate various biological features of macromolecules
o Current applications: protein function prediction; protein-protein interaction
prediction; and protein-ligand interaction prediction and drug discovery

We can leverage DL approaches for our problem:

e 3D structural model can be obtained for any protein through DL predictions;
« GNN-based methods are promising for predicting protein-drug interactions.

MOTIVATION / SIGNIFICANCE / GOALS

Knowledge Gap: NTDs are heavily underfunded and understudied

e Funding in developed countries is focused on non-communicable, chronic, and
prioritized infectious diseases

Annual R&D funding for NTDs and

Malaria, 2022
$4.22 billion

$1.35 billion
Tuberculosis $702.43 million
Malaria $603.53 million
Dengue [ $81.83 million
Chagas disease | $42.71 million

Schistosomiasis | $38.88 million
Leishmaniasis | $37.81 million
Chikungunya | $36.26 million

Snakebite envenoming | $20.99 million
LymEhatic filariasis | $20.53 million
iver blindness | $14.23 million
Leprosy | $13.58 million
Hookworm | $4.61 million
Tapeworm | $4.16 million
Whiobworm | $2.4 million
cabies | $1.89 million

Roundworm | $1.4 million
Buruli ulcer | $573,758

Mycetoma | $486,537
Trachoma | $166,682

(adopted from [2])

Cancer research yearly funding is ~$5B

Research for schistosomiasis (one of the COVID-19

biggest NTDs) annual funding is only ~$14M Moo

For many tropical infectious diseases, there
is little or no precedent for developing

small-molecule drugs

This problem is made worse by our limited
understanding of the pathogen’s biology and

lack of well-defined protein targets

There is an urgent need for new, safe,

low-cost and efficacious treatments

Specific Goal 1: Improve state-of-the-art GNN-based deep learning models
for binding affinity by training them on an accurate set of protein 3D structures
generated with AlphaFold 3 (AF3).

Hypothesis:Training on improved AF3-generated protein structures will
increase the prediction accuracy of the GNN-based models.

Specific Goal 2: Using the improved deep learning models, develop a
computational pipeline for virtual screening of drugs against protein targets.
Apply this pipeline to generate a comprehensive list of FDA-approved drugs
and their putative novel NTD protein targets.
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METHODS

DATA COLLECTION DATA PROCESSING MODEL TRAINING, VALIDATION RESULT VISUALIZATION
AND APPLICATION AND ANALYSIS
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e Source: TDR Targets database of NTDs [12]
e High druggability score (DS =4 or 5)
e Using UniProt Database API:

1. Data collection

NTD Protein Targets FDA-approved Drugs &

Bioactive Compounds
e Retrieved from DrugBank database
of drugs & bioactive compounds
e Selected FDA-approved
e Fetch SMILES representation

NTD Pathogens Covered

Plasmodium Trypanosoma Toxoplasma Plasmodium Plasmodium

NCBI Taxon ID » Uniprot ID
Fetching protein sequences
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2. Modeling 3D structure of protein targets with
AlphaFold 3
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AF3 on a server
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Challenge 1: Standard implementation of AF3 can’t benefit from high-performance
computing resources: some steps are CPU-intensive while others are GPU-heavy.

Solution: (1) Re-engineer the computational workflow by isolating CPU-intensive
and GPU-intensive stages of the protocol;

(2) First execute CPU-heavy components of AF3 across multi-core server nodes;
then independently parallelize GPU-bound stages to leverage multi-GPU capacity.

3. GNN Method for Binding Affinity Prediction

e | everaged arecent Deep Learning method for predicting protein-ligand
binding affinity: DMFF-DTA [6];

e DMFF-DTA integrates two types of DL neural networks (NN): Feed Forward NN
to encode drugs and Graph NN to encode protein structures;

e Original work trained two models based on two independent datasets of
protein-ligand pairs with experimentally obtained binding affinities:
o Davis set: 442 proteins and 30,058 protein-ligand pairs
o KIBA set: 228 proteins and 118,083 protein-ligand pairs

Challenge 2: The published original DMFF-DTA model is trained based on protein
structures predicted with AF2, and we now have a more accurate AF3 method.

Hypothesis: Training DMFF-DTA using more accurate protein models will improve
the binding affinity prediction accuracy.

e Predictions from both models are integrated using Borda rank aggregation
e Both new DMFF-DTA models are evaluated using 5-fold cross validation

Borda aggregation Evaluation metrics
1.New Rank = RankDavis'i'RankKIBA n
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Result: The resource-aware optimization approach significantly improved
computational efficiency, reducing runtime.

4. Modeling 3D structure of PDI with Chai-1
Chai-1: A recently developed Deep Learning method for predicting 3D

structure of protein-ligand interaction [17]

Higher prediction accuracy than of AlphaFold 3

Input: target protein sequence and SMILES of the ligand

Note: The model cannot be used to predict if an interaction exists, it needs
to know this information beforehand

5. Computational run-time complexity for critical steps
e Computing: WPI server with 16 CPU nodes + variable number of GPU nodes
e Shown: total CPU/GPU hrs for each task type; overall: 15,905 CPU/GPU hrs

Computing 5\),cpU Hours

Task Node Type N of Samples
Training set AF3 protein modeling CPU & GPU 194 x 16 = 3,104 o700 proteins
Model training / CPU 21 148,142 target-drug pairs

Cross validation
NTD targets AF3 protein modeling CPU & GPU 778 x 16 = 12,448
GPU 332

2,000 proteins
9,663,644 target-drug pairs

Binding affinity prediction

. Initial AF3 DMFF-DTA model 1 (Davis)

1. Modeling input protein structures in AlphaFold 3
improved affinity prediction accuracy for both models
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. Original AF2 DMFF-DTA model 2 (KIBA)

Original AF2 DMFF-DTA model 1 (Davis)

Improved AF3 DMFF-DTA model 1 (Davis) [ AF3 DMFF-DTA model 2 (KIBA)

2. Protein-drug interaction prediction showed promising hits
for druggable proteins across all five pathogens
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3. Many of the top drug hits have stronger affinity compared to
the known native targets

4. Predictions of both GNN models are not always consistent

Overlap between Top X% affinity-based ranked
Calibration of predicted scores

Average Davis score across all ligands

Average KIBA score across all ligands

Model 1 Model 2 lists by each model increases as X increases _
Dru Original drug WHO Native protein Native NTD protein (Davis) (KIBA) " :UT for each model based on native
v purpose  essential? target PDB target ~ NTD . NTD|[||@ 8 180 174 protein-drug interactions
Native target Native target = o 160
c
Cinnarizine  motion sickness No calcium ion channels 7TUHF Ubiquitin family 6.24 7.84 12.07 12.94 3 E 140 E n 121 :
Clotrimazole antifungal Yes fungal 14a- demethylase 2XFH Uncharacterized 6.85 7.63 12.01 1306/ |§ S 120 >% Mean pK, = 12.2 ——
: = 0 = o
Deferasirox ;i‘éﬂ;i'mn No biliverdin reductase B 7ERC Ubiquitin family 6.29 7.30 11.97 12.96 g 5 100 = ?E,_lo-
- G
Fluconazole antifungal Yes fungal 14a-demethylase 21J7 Cytochrome c 5.60 8.84 12.37 12.96 8 N 80 g 8
: : : : " 8-
. s potential bacterial periplasmic w— = B0 Qo
Histidine i No histidine-binding 1HPB Cytochrome c 6.17 8.25 1238 12.75 ° 5 -l§ S T v K =5
Lamivudine ~ antiretroviral Yes HIVandHepBreverse .o, pieske domain-containing 528 802 1246 1285| |8 £ % BE 6 ean pK, = 5.
(HIV/AIDS) transcriptase 9 o ' : ' -g P £< 4}_ |
Linagliptin gﬁfﬁj';‘s”:ﬁ;i No DPP-4, FAPalpha 6YOF Zinc finger 575 744 1238 1288|| | 5 S 0 DAVIS KIBA
e = 01 02 03 04 05 06 07 08 09 1 Predicted pK, values
Lycopene hydrocarbon No  Unknown 6Q53 Uncharacterized protein 859 8.19 1215 12.70 . . .
in tomatoes Top X% ranked NTD target-drug entries Conclusion: Model 2 inflates pK,
Voriconazole antifungal Yes fungal 14a-demethylase 6V34 Rieske domain-containing 5.60 8.09 11.84 12.92 (based on predicted affinities) by a factor of 2
O e MO (INEN N ENEI NN N ENIN BNEENINS(Ne ¢ ¢
S ¢ PLAVS ; 1200 S N
E = 3 1200 N
5. Davis and to lesser 5 £ * TRYBZ 20 1000 5 pp .
- PLAVI . = .
(] o
extent KIBA scores £ 3 TOXGM > .
O > 60 . 60 = o
= ] (7] < i
are inflated by low- & % ol . 8 400 ~ - R
- |
- o g g % w,l et & 200 IR
giuality models 3z ™ 1 TTEEERE
[l - L - | i
w —
o s 60 65 70 75 11.20 11.30 11.40 11.50 11.60 0 10 20 30 40 50 60 70 80 90 100

Number of low quality segments per protein Percentage of low-quality regions

6. Improving model quality by splitting protein into domains
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APPLICATION

1. Drugs can bind multiple protein targets 2. Protein targets can bind

from different pathogens multiple drugs
Top 100 PDIs 15 = Top 100 PDIs
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e Developed an automated computational framework for virtual screening of drugs
against proteins based on the protein sequences

e Improved a recently published GNN model DMFF-DTA by training it on the new
dataset of protein 3D structures generated with AF3

e Integrated results of two DMFF-DTA models trained on independent experimental sets
using Borda ranking aggregation

e Applied this framework to a large-scale analysis of 5 pathogenic species causing
deadly Neglected Tropical Diseases

 Framework automatically screened 9,663,644 potential protein-drug interactions
between 3,386 pathogenic proteins annotated as ‘druggable’ by research community
and 2,854 FDA-approved bioactive compounds

e Many compounds in the top 100 ranked pairs are anti-fungal drugs listed as WHO
essential medicine

e Some of the identified drugs, such as thiram and linagliptin, have shown to exhibit
antibacterial and antiviral properties

* An exciting discovery is lycopene, a natural compound found in tomato, strawberry,
and other fruits and berries with recent evidence of its antimicrobial activity

IMPACT: This work offers a cost-effective and scalable alternative to traditional drug
discovery, accelerating the identification of drug candidates for NTD that
disproportionately affect vulnerable populations worldwide.

FUTURE RESEARCH

1.Model Improvement: The current DMFF-DTA can potentially be further improved
through training on the larger available datasets of known ligand binding affinities

2.Reducing false-positive rate: Potential source of false-positive hits: incorrectly
modeled protein, specifically for large proteins or proteins with unstructured regions

Solution: instead of modeling 3D structure of entire protein, model the structures of
its individual protein domains (structurally compact and independent units of proteins)

3.In Silico Confirmation: How does one know that a ligand actually inhibits a function?
a.Find if this ligand targets a functional site of the protein
b. This site may be a protein-, DNA-, or RNA-binding site, efc.
4.Experimental Validation: Selected drugs should be experimentally tested, first in
culture and then in animal models
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