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The Challenge of Neurodegenerative Drug Discovery

MMP-9 & Parkinson's
Matrix Metalloproteinase-9 (MMP-9) is a zinc-dependent enzyme 

implicated in neuroinflammation and blood-brain barrier disruption.

Traditional Barriers
Conventional drug discovery is prohibitively expensive (~$2B per drug) and 

slow (10–15 years).

The Solution
There is a critical need for faster, computational approaches to identify 

therapeutic agents efficiently.

Comparison of Traditional vs. In Silico Discovery Timelines



Research Objective: Accelerating MMP-9 Inhibitor Discovery

Develop a computational pipeline to predict MMP-9 inhibitory activity, identify drug-like candidates, and optimize lead compounds for 

neurodegenerative disease modulation.

Question 1

Can machine learning effectively model structure–activity relationships for MMP-9 

inhibitors?

Question 2

Can we computationally identify high-confidence inhibitors with therapeutic 

potential?

Overall Pipeline Flow Diagram



Comprehensive Pipeline for In Silico Drug Discovery

PHASE I

Data Acquisition

Sourcing high-quality bioactivity data 

from the ChEMBL database.

PHASE II

Feature Engineering

Extracting molecular descriptors and 

ECFP4 fingerprints.

PHASE III

Machine Learning

Developing QSAR models using Random 

Forest algorithms.

PHASE IV

Drug-likeness

Filtering candidates based on Lipinski 

and Veber criteria.

PHASE V

Molecular Docking

Simulating binding interactions with the 

MMP-9 target site.

PHASE VI

Interaction Analysis

Evaluating binding affinity and 

molecular interactions.

PHASE VII

Lead Optimization

Refining chemical structures for 

enhanced therapeutic potential.

GOAL

Candidate Selection

Identifying high-confidence inhibitors 

for further validation.

"A systematic multi-stage approach ensures the identification of potent, drug-like, and selective MMP-9 inhibitors."



Dataset Curation and Preprocessing

Initial Acquisition

1,067
Raw compounds from ChEMBL

Primary source: ChEMBL database

Target: MMP-9 inhibitors

Data Cleaning

Removed missing SMILES

Removed missing pIC50 values

Duplicate detection: None

Standardized chemical structures

Final Dataset

950
Cleaned compounds retained

Key Data Fields:

CHEMBL_ID

SMILES (Structure)

pIC50 (Activity)



Biological Activity and Physicochemical Profile

pIC50 Distribution

Activity Classification: Compounds classified as Active if pIC50 > 7 and Inactive if ≤ 7. 

The dataset shows a distribution centered between 7.5–8.5.

Physicochemical Properties

Molecular Weight (MW) 400 – 500 Da

Lipophilicity (LogP) 2.0 – 4.0

H-Bond Donors (HBD) 2 – 3

H-Bond Acceptors (HBA) 5 – 7

Lipinski’s Rule of Five: Most compounds in the dataset satisfy these criteria, 

indicating high potential for oral bioavailability and drug-likeness.



Feature Engineering and Model Development

Feature Engineering

ECFP4 Fingerprints

2048-bit vectors capturing local substructures and molecular

topology.

Physicochemical Descriptors

7 key properties including MW, LogP, HBD, and HBA.

Feature Matrix

Final representation of 950 compounds × 2055 features.

Model Development

Random Forest Classifier

Ensemble method chosen for its ability to handle nonlinear

relationships.

Robustness

High resistance to overfitting and effective handling of high-

dimensional data.

Training Strategy

Stratified 5-fold cross-validation to ensure reliable performance

evaluation.

"Combining structural fingerprints with global descriptors provides a holistic 

view of molecular activity."



Robust Model Performance and Validation

ROC-AUC

0.92
ACCURACY

0.86

PRECISION

0.87
RECALL

0.89

Y-Scrambling Validation
Confirmed the model learns real structure–activity relationships. 

 True Labels: ROC-AUC ≈ 0.92 

 Scrambled Labels: ROC-AUC ≈ 0.50

Receiver Operating Characteristic (ROC) Curve



Candidate Filtering and Lead Compound Identification

Drug-likeness Screening
Applied Lipinski and Veber criteria to ensure oral bioavailability. 

 Result: 950 → 539 compounds

High-Confidence Selection
Filtered by prediction probability ≥ 0.9 and applicability domain. 

 Result: 539 → 168 candidates

Lead Identification
Evaluated ligand efficiency (LE) and lipophilic efficiency (LLE). 

 Result: Compound C3 identified as Lead

Lead Compound C3 Profile

pIC50
8.80

Half-life
44.6 h

Clearance
0.183 mL/min/kg



Peptidomimetic Sulfonamide



Significance, Limitations, and Future Directions

Study Significance
Demonstrates the power of AI-driven drug discovery to accelerate the 

identification of MMP-9 inhibitors, significantly reducing the time and cost 

associated with traditional screening methods.

Limitations
The study is fully computational. While the pipeline is robust, the identified 

candidates require experimental validation to confirm their biological activity 

and safety profiles.

Future Work

In Vitro Testing: Synthesis and assaying of Compound C3.

In Vivo Validation: Testing in Parkinson's disease models.

Clinical Translation: Investigating therapeutic potential. Top 10 Feature Importance (Random Forest Model)



Conclusion: A New Frontier in 
Drug Discovery

Successfully built a robust, 

ML-driven QSAR pipeline for 

MMP-9 inhibition.

Identified 168 high-confidence 

inhibitors with drug-like 

properties.

Compound C3 shows strong 

therapeutic potential for 

Parkinson's disease.

"Computational drug discovery is a viable, efficient approach to neurodegenerative disease modulation."















The provided visualizations represent the molecular 
property distributions and correlations for a library of 
potential MMP-9 inhibitors. The histograms confirm that the 
majority of compounds, including lead candidates like C1 
and C3, align with Lipinski’s Rule of Five for oral 
bioavailability. Meanwhile, the heatmap accurately illustrates 
the inverse relationship between a molecule's lipophilicity 
(LogP) and its hydrogen-bonding capacity. Together, these 
charts statistically validate that the screened candidates 
possess the ideal structural characteristics for successful 
drug development.

Docking Procedure






