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Introduction
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What is drug?

A drug is a chemical 

substance that alters the 

normal operations of an 

organism’s body

How does a drug work?

A drug works by binding to 

a specific biological target 

to block its activity
Computational drug discovery is the 

use of computer-based methods to 

identify, design, and optimize 

potential drug candidates before 

laboratory testing

Computational Drug 

discovery

Ibuprofen: C13H18O2 CYCLOOXYGENASE-2
PDB ID: 1CX2

Computational drug 

discovery leverages AI 

and advanced 

computing power to 

identify, design, and 

optimize potential drug 

candidates before 

laboratory testing
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Drug discovery and development

➢Drug development

➢ A lengthy and costly process 

➢ Takes ~15 years to bring a new 

drug to market 

➢ Development costs can exceed 

$1–2.6B per drug 

➢ Failure rates as high as 90%

➢Eroom’s Law 

➢ Moore’s Law states that computing 

power grows exponentially. 

➢ Eroom’s Law states that drug 

development costs double roughly 

every nine years. 

➢ Reverse Moore’s Law highlights the 

increasing inefficiency of traditional 

drug development.

H., & Alam, T. (2023) 3
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Computational approaches can accelerate the process
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The rise of AI and deep learning in drug discovery

Our methods: EquiPNAS, EquiPPIS, EquiRank

2012

AlphaGo

• Transformer

• DeepChem

• EquiPPIS

• EquiPNAS

• EquiRank

AlexNet

2016

2017

AlphaFold

2018

2021

AlphaFold2

• Large pretrained 

model: ESM

• FDA AI Guidance

2023

AlphaFold 3

2024

GANs

ResNets

2015 2023 
- 

2025
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In this presentation…

➢Drug Discovery

➢ Target identification

➢ Methods for protein-protein/nucleic acids 

interaction prediction

➢ Our methods: EquiPPIS, EquiPNAS, EquiRank

➢ Hit identification

➢ Methods for drug-target interactions/affinity 

prediction

➢ Representative models: GraphDTA, iNGNN-

DTI, 

6
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Target Identification
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Target identification

➢Target identification is the process of finding biological targets, such as 

proteins, nucleic acids, or interaction interfaces, that play a key role in a 

disease and could be modulated for therapeutic purposes

➢ In vivo/experimental methods (low throughput)

➢ Yeast two-hybrid

➢ CRISPR (Clustered Regularly Interspaced Short Palindromic Repeats)

➢ In silico / computational methods 

➢ Deep learning methods that can predict a potential targets: 

➢ Protein–protein interactions (our method: EquiPPIS)

➢ Protein–nucleic acid interactions (our method: EquiPNAS) 

➢ Ranking scores or probabilities for candidate interactions (Our method: 

EquiRank)

8
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1. Protein-Protein interaction prediction

➢Protein–Protein Interaction (PPI) 

prediction identifies how proteins 

bind and interact

➢Discover and map critical protein–

protein interactions that drive

➢Blocking the interaction can 

prevent infection and halt disease 

progression.

http://rcsb.org/

SARS-CoV-2

Re
ce
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C

E2

Drug discovery task
Target identification 
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1. EquiPPIS: Protein-Protein interaction site prediction

Roche et al., 2023
Drug discovery task
Target identification 

EquiPPIS is freely accessible at https://github.com/Bhattacharya-

Lab/EquiPPIS 

10

https://github.com/Bhattacharya-Lab/EquiPPIS
https://github.com/Bhattacharya-Lab/EquiPPIS
https://github.com/Bhattacharya-Lab/EquiPPIS
https://github.com/Bhattacharya-Lab/EquiPPIS
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1. EquiPPIS: Method architecture

Drug discovery task
Target identification 

➢ Trained on 335 redundancy removed proteins collected from three public PPI datasets 

(Dset_186, Dset_72, Dset_164)

➢ Notable features: Evolutionary, Language model (ESM2), and Orientation and 

Geometry

11
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1. EquiPPIS: Results

Drug discovery task
Target identification 

Tested on 60 non-redundant proteins from Dset_186, Dset_72, and Dset_164

EquiPPIS outperforms state-of-the-art approaches

12
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1. EquiPPIS: Model interpretation

Drug discovery task
Target identification 

➢All features in EquiPPIS contribute to its 

accuracy

➢Sequence-based features like PSSM and 

ESM2 are more important than simple 

residue types, and removing them 

significantly reduces performance.

➢Structural and Physicochemical features 

have complementary contribution to the 

improved performance

13
PSSM: Position Specific Sequence Matrix
ESM: Evolutionary Scale Modeling
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2. Protein-Nucleic Acids interaction prediction

➢Protein–Nucleic acid interaction 

prediction shows exactly where 

proteins bind to DNA or RNA

➢ helps identify important interactions 

that control gene activity or allow 

viruses to replicate

➢Stopping these interactions can 

block disease

Drug discovery task
Target identification 

http://rcsb.org/ 14
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2. Protein-Nucleic Acids interaction side prediction

Drug discovery task
Target identification 

EquiPNAS is freely available at https://github.com/Bhattacharya-

Lab/EquiPNAS

Roche et al., 2023 15

https://github.com/Bhattacharya-Lab/EquiPNAS
https://github.com/Bhattacharya-Lab/EquiPNAS
https://github.com/Bhattacharya-Lab/EquiPNAS
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2. EquiPNAS: Method architecture

Drug discovery task
Target identification 

➢ Trained on:

➢ Protein–DNA with 573 unique protein chains from the BioLiP database

➢ Protein–RNA with 495 unique protein chains from the BioLiP database

16
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2. EquiPNAS: Results

Drug discovery task
Target identification 

Tested on protein–DNA using the Test_129 and Test_181 datasets, and protein–RNA 

using the Test_117 dataset

EquiPNAS consistently outperforms the state-of-the-art methods on both protein–DNA 

and protein–RNA binding site prediction tasks

17
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2. EquiPNAS: Model interpretation

Drug discovery task
Target identification 

Removing protein language model (pLM) features greatly reduces prediction accuracy

18

For protein–DNA binding site 
prediction, bar charts representing 
the performance of the ablated 
variants in terms of 

(A) ROC-AUC and 
(B) PR-AUC obtained using 5-fold 
cross validation are shown. 

For protein–RNA binding site 
prediction, bar charts representing 
the performance of the ablated 
variants in terms of 

(C) ROC-AUC and 
(D) PR-AUC obtained using 5-fold 
cross validation are shown
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3. Protein-Protein interaction quality prediction

Drug discovery task
Target identification 

➢ # of chains/subunits > 1

➢ A.K.A. protein complex

➢ Protein-protein interaction

➢ Catalyzes biological processes

➢ Interface quality → multimeric protein quality

➢ Accurately predicting interface quality helps 

identify stable protein complexes. 

➢ Predicted interfaces linked to disease can 

be drug targets, and quality estimation 

shows prediction reliability.

Chain1/

Subunit 1

Interface region

Protein-protein interface

Chain2/

Subunit 2

https://www.rcsb.org/structure/1ACB 19
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3. Protein-Protein interaction interface prediction

Drug discovery task
Target identification 

EquiRank is freely available at https://github.com/Bhattacharya-

Lab/EquiRank

Shuvo & Bhattacharya, 2025 20
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3. EquiRank: Method architecture

Drug discovery task
Target identification 

➢ Trained on 1,127 protein complex targets

➢ 𝐸𝑞𝑢𝑖𝑅𝑎𝑛𝑘𝑠𝑐𝑜𝑟𝑒 is the probabilistic combination of estimated multimeric distance and 

orientation error

21
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3. EquiRank: Results

Drug discovery task
Target identification 

VoroIF_GNN_test → total decoys: 2,845 Correct: 

42% Incorrect: 58%)

Dockground v1→ total decoys: 2,500 Correct: 

10.72% Incorrect: 89.28%

EquiRank is better in reproducing ground truth ranking

Spearman correlation coefficient between predicted and DockQ scores

22
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3. EquiRank: Model interpretation

Drug discovery task
Target identification 

Protein Language Model embeddings and EGNN contributes to the improved model 

quality estimation performance

23
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Target identification

Drug discovery task
Target identification 

➢Predicting molecular interactions, including protein–protein and 

protein–nucleic acid interactions, and assessing their quality can 

potentially help target identification in several ways 

➢Equivariant graph neural networks capture molecular symmetry and 

are ideal for representing complex structures 

➢Using large protein language models and evolutionary information 

further improves prediction performance

➢Challenges remain due to the limited availability of high-quality protein–

protein interaction databases 

➢Highly accurate methods, such as AlphaFold3, can help generate 

well-curated databases for improved model development

24
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Hit Identification
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Hit identification: Drug-target binding affinity

➢Hit identification is the process of on finding small molecules or 

compounds that can bind to a biological target such as a protein or 

nucleic acid to modulate its activity

➢ In vivo/experimental methods

➢ High-throughput binding assays 

➢ Fragment-based screening 

➢ Surface plasmon resonance (SPR)

➢ In silico approaches

➢ Drug-target biding affinity prediction (GraphDTA)

➢ Drug-target interaction prediction (iNGNN-DTI)

Drug discovery task
Hit identification 

26
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➢Measures how strongly a drug molecule binds to its target (usually a 

protein such as enzyme or receptor)

➢Higher affinity = stronger binding = more effective drug action

➢Helps prioritize best candidate compounds (hits) before lab testing

➢Reduces experimental cost and time by avoiding weak binders

➢Used in virtual screening, lead optimization, and repurposing.

Drug-target binding affinity

Ibuprofen: C13H18O2

C
YC

LO
O

XYG
EN

ASE-2
PD

B ID
: 1C

X2

Drug discovery task
Hit identification 

https://www.rcsb.org/ 27
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➢Drug molecules are represented using SMILE string

➢Protein targets are represented either in sequences or 3D-Structures

Drug-target binding affinity prediction: approach

Ibuprofen: C13H18O2

C
YC

LO
O

XYG
EN

ASE-2
PD

B ID
: 1C

X2
CC(C)Cc1ccc(cc1)[C@@H](C)C(=O)O

SMILE

ANPCCSNPCQNRGECMSTGFDQ…

Sequence

AI Models

Binding affinity

Drug discovery task
Hit identification 

https://www.rcsb.org/structure/1ACB
SMILE: Simplified Molecular Input Line Entry System 28

https://www.rcsb.org/structure/1ACB
https://www.rcsb.org/structure/1ACB
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Drug-target binding affinity prediction: Dataset

Drug discovery task
Hit identification 

Dataset Targets Compounds Total Records
Binding 

Metric
Value Range

DAVIS 379 proteins 68 inhibitors 30,056 pKd (–log₁₀ Kd) 5.0 – 10.80

KIBA 467 proteins
52,498 

compounds
243,251 KIBA score –3.10 – 17.8

PDBbind 2020 19,443 proteins 15,477 ligands 19,443 pKd / pKi 0.4 – 15.22

Metz 170 proteins 1,423 ligands 35,259 Ki 4.0 – 11.1

BindingDB 

(2025)
4,649 targets

252,224 

molecules

598,427 

(Redundancy 

removed)

pKd / pKi / IC₅₀ 
/ EC₅₀

0-15

➢ Kd: measure of 

how easily a 

complex 

dissociates 

➢ Ki: measure of 

how effectively an 

inhibitor binds

➢ Higher Kd and Ki 

values = weaker 

binding, and vice-

versa

29
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Drug-target binding affinity prediction

Drug discovery task
Hit identification 

30
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GraphDTA: Method architecture

Drug discovery task
Hit identification 

➢Accepts a drug–target pair as 

input and predicts their affinity 

➢The drug SMILES string is 

converted into a molecular 

graph and encoded 

➢The protein sequence is 

embedded and processed with 

1D CNN layers 

➢The two feature vectors are 

combined and passed through 

fully connected layers to 

generate the affinity score

➢Trained on Davis and Kiba 

datasets

Nguyen et al., 2021 31
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GraphDTA: Results

AI in drug discovery and its clinical relevance
https://www.sciencedirect.com/science/article/pii/S0006349518303242

Drug discovery task
Hit identification 

➢ Concordance Index (CI)

➢ Measures ranking consistency between predicted and true affinities

➢ Higher CI indicates better predictive ranking (range: 0.5 – 1.0)

➢ Mean Squared Error (MSE)

➢ Lower MSE indicates more accurate predictions

➢ Pearson Correlation Coefficient (R)

➢ Measures linear correlation between predicted and actual values

➢ Higher R indicates more accurate predictions

➢ Spearman Rank Correlation (ρ)

➢ Measures monotonic relationship between predicted and actual rankings

➢ Higher ρ indicates more accurate predictions

32
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GraphDTA: Results

Drug discovery task
Hit identification 

➢GIN variant performed best 

across both datasets and metrics 

➢Graph-based representations (1D 

+ graph) outperform traditional 

sequence/similarity-based 

methods

33
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GraphDTA: Conclusion

Drug discovery task
Hit identification 

➢GraphDTA tested with GCN, GAT, GIN, and GAT-GCN for drug–target 

affinity prediction 

➢Performs strongly on Davis and Kiba datasets across key metric 

➢Learns molecular descriptor importance without prior knowledge

➢Few drugs contribute disproportionately to prediction error

➢Future improvements may involve protein graph representations using 

3D structural data

34
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Drug-target interaction prediction

Drug discovery task
Hit identification 

➢Drug-target interaction prediction is the process of predicting whether a 

drug and a target protein interact

➢Simpler than drug-target binding affinity prediction

➢DTI is generally used to identify possible drug–target pairs, and DTA is 

then applied to estimate and prioritize their binding strengths

35



36

Drug-target interaction prediction

Sun et al., 2024
Drug discovery task

Hit identification 
36
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iNGNN-DTI: Method architecture

Drug discovery task
Hit identification 

➢ iNGNN-DTI converts drug SMILES 

strings and protein sequences into 

graph representations. 

➢ A k-subgraph GNN encoder 

processes the graph data, while 

Chemformer and ESM encode the 

SMILES and amino acid sequences. 

➢ The cross-AFT module captures 

interaction information between drugs 

and proteins. 

➢ Drug and protein representations are 

combined with global features from 

unsupervised models. 

➢ The final concatenated representation 

is fed to an MLP to predict drug–

target interactions.

37
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iNGNN-DTI : Results

Drug discovery task
Hit identification 

➢For the Davis dataset, a pKd 

value of at least 7.1 is considered 

an interaction. 

➢For the KIBA dataset, a score 

above 12.1 indicates a positive 

interaction. 

➢The model achieved better 

performance on both the Davis 

and KIBA datasets

38
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Drug-target binding affinity and interaction prediction

Drug discovery task
Hit identification 

➢Drug–target binding affinity (DTA) and drug–target interaction (DTI) 

prediction are related

➢DTA is a regression task predicting the strength of binding, while DTI is a 

classification task predicting whether an interaction occurs. 

➢DTI is often used to screen candidate drugs, and DTA helps prioritize the 

strongest binders

39
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Challenges and gaps

Xin et. Al. 2024
Amit et. al. 2024

➢Need to develop ensemble models that effectively combine multiple 

architectures to capture important features and better learn complex 

drug–target representations

➢Most deep learning–based DTA prediction methods lack interpretability, 

making it necessary to incorporate explainability to improve 

trustworthiness and understanding

➢Incorporating AlphaFold-predicted protein structures can enhance the use 

of accurate structural features for improved prediction

➢Current models often struggle to generalize due to limited and imbalanced 

datasets, therefore, there is a need for diverse, high-quality, and well-

curated databases to ensure broader applicability.

40
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