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Abstract  
Multiple Sclerosis (MS) is a chronic, neurodegenerative disease marked by demyelination of 
neurons, the formation of plaques in the central nervous system, and progressive neurological 
disability. Although treatments exist for relapsing forms of MS, there remains a significant 
unmet need for therapies that can promote myelin regeneration, improve patient quality of life, 
and slow disease progression. This thesis investigates in silico drug repurposing as a strategy 
for identifying novel therapeutic candidates for MS, leveraging hypotheses generated by the 
DRIVE platform, a network-based medicine tool that integrates phenotypic, biological, and 
pharmacological data to suggest potential drug-disease relationships.  

Two distinct pathways from DRIVE were examined: the gene-disease-drug pathway and the 
gene-protein-drug pathway, from which paclitaxel and isotretinoin were selected as candidate 
compounds. A multi-step filtering process, including Gene Ontology-based filtering, protein-
protein interaction considerations, literature support, and structural availability, was used to 
prioritize the potential targets. Molecular docking was then conducted to evaluate the binding 
affinity of drug-target pairs.  

Among the final candidates, docking analysis suggested that NLRP3 may serve as an 
alternative and therapeutically relevant target of paclitaxel in the context of MS. While these 
findings are preliminary and require further validation through molecular dynamics 
simulations and experimental studies, this work demonstrates the potential of combining 
network medicine approaches with structure-based drug repurposing tools to discover new 
therapies for diseases such as MS.  
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Section 1: Introduction and objectives  

1.1 Multiple Sclerosis (MS): Background and the Current Treatment Landscape  

Multiple Sclerosis (MS) is a chronic neurodegenerative disease of the central nervous system 

(CNS) that affects approximately 2.8 million people worldwide (1). It manifests in three main 

forms: Relapsing-remitting MS (RRMS), Primary Progressive (PPMS), and Secondary 

Progressive (SPMS), with RRMS being the most common (2).  

MS is characterized by demyelination of neurons and axonal damage in the CNS, accompanied 

by plaque formation. This damage results from autoreactive immune cells crossing through the 

blood brain barrier (BBB), driven by impaired regulatory T cells and persistent activation of 

autoreactive, adaptive, and innate immune responses (3,4). There are several genetic and 

environmental risk factors that further affect disease severity (5).  

Current treatments options for MS focus on reducing relapse rates and slowing MS progression 

(6,7), particularly applying to RRMS through disease-modifying therapies (DMTs) such as 

injectable interferon-β treatment (8) and glatiramer acetate (9). Meanwhile, the treatment 

options for PPMS and SPMS are limited, with ocrelizumab being the only Federal Drug 

Administration-approved drug to slow disease progression (10). Novel therapeutic targets that 

address progressive disease, promote neuroprotection, and repair existing damage are thus 

urgently needed. 

1.2 Drug repurposing as a strategy to find new therapies  

Classical drug development is costly and time-intensive, taking an average of 10-15 years and 

2.5 billion dollars (11). Drug repurposing shortens this process significantly by identifying new 

uses for existing, approved treatments that already have established safety profiles (12).  

Modern repurposing uses systematic approaches such as gene-expression based signature 

matching, pathway mapping, and clinical analysis to identify candidate drugs (13). These 

methods paired with virtual ligand screening, structure-based drug design, and docking, have 

further improved the efficacy of drug discovery.  

In silico methods help prioritize candidates before they are validated experimentally. Molecular 

docking predicts binding affinity between drugs and target proteins (14), network 

pharmacology tools such as STRING database (15) or DRIVE (16) map drug effects on disease 
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pathways, and molecular dynamics simulations provide atom-level insights into binding 

stability and conformation (17).  

1.3 Knowledge gap and thesis objectives  

While network-based approaches like the ones present in DRIVE show promise for generating 

repurposing hypotheses in various diseases, their potential for identifying novel targets in MS 

remains unexplored. Furthermore, integrated pipelines combining hypothesis generation with 

in silico validation methods (e.g. docking, pathway analysis) for MS are limited.  

This thesis aims to identify and validate drug-target predictions relevant to MS by using 

DISNET1-based disease-drug information and DRIVE2-based hypotheses, filtering methods, 

and molecular docking techniques. Secondary objectives include: 

1. Developing a filtering pipeline to prioritize the most promising drug-target candidates 

for MS. 

2. Evaluating top candidates with docking and reference binding site comparisons. 

3. Justifying the therapeutic potential of final candidates based on computational and 

biological evidence.  

 

The thesis is structured as follows: Section 2 discusses the state of the art of in silico drug 

repurposing tools; Then, Section 3 explains the methods used. Section 4 provides an overview 

of the results of the DRIVE prediction filtering pipeline and presents the docking results of the 

top hypotheses in comparison to previously described binding pockets of the selected drugs. In 

Section 5, these hypotheses are further discussed within the pathophysiological context, 

connecting them to previous MS drug research and their biological pathways. Finally, Section 

6 notes the conclusions of this study and expands upon the current research for future directions.  

  

 
1 https://disnet.ctb.upm.es/  
2 https://live.drive-project.com/  

https://disnet.ctb.upm.es/
https://live.drive-project.com/
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Section 2: State of the Art of computational drug repurposing  

2.1 Computational Drug Repurposing Tools  

Drug repurposing applies in silico approaches to overcome traditional bottlenecks within drug 

discovery. Major strategies include signature mapping tools such as Connectivity Map, which 

matches gene expression signatures from diseases to discover new therapeutics (18);  network 

pharmacology; molecular docking; and clinical data mining such as from electronic health 

records (19). This thesis focuses on a network-based hypothesis generation strategy, followed 

by structure-based molecular docking for validation.  

2.2 Network medicine hypothesis generation  

There are several strategies for identifying potential candidate targets. Pipelines using 

differential gene expression have been applied to diseases such as COVID-19 (20), as have 

proteomics-based approaches (21), and genome-wide position systems networks for patient-

specific genetic profiles (22). Networks such as the Human Disease Network (HDN) (23) and 

the Human Symptoms-Disease Network (HSDN) (24), which connect diseases via genetic, 

biological, and protein interaction data, have also advanced drug discovery efforts. The 

DISNET expand upon these networks by extracting and consolidating information such as 

signs and symptoms from medical databases (e.g. Wikipedia and PubMed) and disease-gene 

associations from DisGeNET (25) to further improve drug repurposing strategies.  

Leveraging information from DISNET, DRIVE generates novel disease-drug connections for 

diseases such as MS using various information paths (16). In this work, two information paths 

were used to find target candidates for certain drugs (Figure 1).   
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Figure 1. DRIVE-based information paths to generate drug-protein hypotheses 
Created using BioRender and adapted from (16), Figure 1. 

Path A takes the genes that are associated with the disease of interest, obtains diseases that 

share these gene associations and that are treated with the drug in question. Path B identifies 

the genes associated with the disease of interest, then finds proteins that are both associated 

with these genes and are considered targets of the drug of interest. While DRIVE suggests 

repurposing candidate hypotheses, further screening methods such as molecular docking are 

necessary to assess the feasibility of drug-target interaction before in-vitro or clinical validation.  

2.3 Molecular Docking 

Molecular docking predicts the geometry and binding affinity of a ligand to a three-dimensional 

(3D) protein target (14). By simulating the physical interactions between molecules, docking 

provides structural insight into potential drug-protein interactions. Docking has been used to 

help identify candidates like COVID-19 (26) and inhibitors for tuberculosis (27). 

Structural accuracy of target proteins is critical for obtaining reliable docking predictions. 

While high-resolution experimental structures (derived from X-ray crystallography, NMR, or 

cryo-EM) are the preferred target inputs of docking software, AlphaFold 3 (AF3) has expanded 

docking possibilities (28). Still, AlphaFold-based docking should be carefully evaluated, as 

inaccuracies in binding site conformation may affect outcomes (29).  

The typical docking workflow includes: (1) Binding site identification, (2) Ligand 

conformation sampling, and (3) Pose scoring based on energy functions (delta G, kcal/mol), 

incorporating van der Waals, hydrogen bonding, and electrostatic interactions.  
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Among available tools, AutoDock Vina is fast, accurate, and accessible, with benchmark 

studies showing 70-80% accuracy in reproducing experimental ligand poses (30). Other tools 

like GOLD (31) and Glide (32) also offer high accuracy and speed but often have steeper 

learning curves or license restrictions.  

AutoDock Vina requires the preparation and input of a ligand and receptor, specification of a 

docking box (center and size), and configuration of various docking parameters (e.g. number 

of docking runs, scoring function, ligand flexibility). For less-characterized drug-target 

complexes, blind docking servers can dock without requiring previous knowledge of the 

binding site (14). 

Template-based predict poses using structural analogs with known ligand conformations, 

leveraging similarities (33). While different docking programs define “similarity” distinctly, 

they typically use sequence identity (34), the threading (35), and structural alignments of the 

target proteins (36).  

Web-based tools such as CB-Dock2 (37) and COACH-D (38) integrate both blind and 

template-based docking approaches. CB-Dock2, which employs AutoDock Vina as its main 

algorithm, has achieved 85.9% success in reproducing crystal structure poses. Given its 

accuracy and versatility, molecular docking is a valuable tool for prioritizing candidate targets. 

In this thesis, docking serves as the primary computational method for screening DISNET-

derived drug-target pairs for further consideration.  
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Section 3: Materials and Methods  

3.1 Data Origin: Target-drug hypotheses using DRIVE predictions and selection of drugs 

Candidate drug-target hypotheses datasets were generated using the DRIVE dataset, which 

uses the DISNET database to infer possible drug-gene-disease associations. Two main 

information paths were used: Path A and Path B, summarized in Figure 1. From the DRIVE 

output, top drugs of interest were selected based on their results in these information paths and 

their redirection scores from the graph neural network (GNN) of the DRIVE methodology (39).  

Six FDA-approved drugs (Table S1) emerged as potential MS treatments based on their 

association with MS-relevant genes via Path A, Path B, or both. Paclitaxel was selected for 

further analysis due to its strong redirection score and presence in both paths, strengthening the 

confidence of its relevance. A second drug, isotretinoin, was chosen for its comparatively lower 

toxicity.  

To evaluate their novelty in MS treatment, both drugs were queried using the ClinicalTrials3 

Application Programming Interface (API) via the Python wrapper Pytrials. Code originally 

written by Esther Ugarte was modified4 to automate retrieval of the number of registered 

clinical trials for each drug for MS. Neither paclitaxel nor isotretinoin had completed clinical 

trials related to MS in humans, supporting their novelty as repurposing candidates. 

3.2 Selection of final target candidates for docking  
Predicted gene targets were further refined through various filtering steps. The selection 

process differed slightly for each information path due to differences in the number and nature 

of the predictions. In Path A, limited DRIVE output led to a literature-driven expansion of 

candidates, whereas Path B required the reduction of the prediction sets through a series of 

filters. The following section outlines the approach taken for each path.  

3.2.1 Selection of target candidates for Path A 

For paclitaxel, there was only one candidate gene target for Path A. A literature search was 

performed on this one output, and alternative candidates were identified based on this search.  

 
3 https://clinicaltrials.gov/data-api/api  
4 https://medal.ctb.upm.es/internal/gitlab/disnet/in-silico-validation/tfm-
elizabeth/blob/main/clinicaltrialsapi_code.py 

https://clinicaltrials.gov/data-api/api
https://medal.ctb.upm.es/internal/gitlab/disnet/in-silico-validation/tfm-elizabeth/blob/main/clinicaltrialsapi_code.py
https://medal.ctb.upm.es/internal/gitlab/disnet/in-silico-validation/tfm-elizabeth/blob/main/clinicaltrialsapi_code.py
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3.2.2 Selection of target candidates for Path B  

The initial DRIVE gene target prediction datasets for both isotretinoin and paclitaxel under 

Path B contained many entries. As manually performing docking and literature searches on the 

full outputs was not feasible, several preprocessing filters were applied using Python version 

3.11.13. All code is available on GitHub5, and the steps are outlined in Figure 2.   

 
5 https://medal.ctb.upm.es/internal/gitlab/disnet/in-silico-validation/tfm-
elizabeth/tree/main/filtering_pipeline_code 

https://medal.ctb.upm.es/internal/gitlab/disnet/in-silico-validation/tfm-elizabeth/tree/main/filtering_pipeline_code
https://medal.ctb.upm.es/internal/gitlab/disnet/in-silico-validation/tfm-elizabeth/tree/main/filtering_pipeline_code
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Figure 2. Visual summary of methodology and filtering steps  

First, duplicate genes were removed. Then, a Gene Ontology (GO) statistical enrichment 

analysis was performed with the aid of the GProfiler package (version 1.0.0) on Python (40). 

Gene ID’s of the filtered hypotheses were input into GProfiler, and an output of GO Biological 

Processes terms each with the list of intersecting genes was obtained. This work focused on 

identifying novel therapeutic targets, rather than prioritizing well-characterized immune genes. 

MS has a well-established immunopathological basis, and many immune-related genes, such 
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as those in the interleukin family, interferons, tumor necrosis factors, and chemokines, have 

already been studied extensively (41). Many of these, including cytokines such as interferon 

(IFN)-α, IFN-β, and IFN-γ, are not considered directly druggable by small molecules, limiting 

their relevance to docking. Thus, immune-associated genes enriched in Gene Ontology 

categories such as “immune system process” (GO:0002376) were excluded for both paclitaxel 

and isotretinoin. This allowed a more targeted exploration of lesser-studied biological 

pathways potentially relevant to MS.  

Next, protein-protein interaction (PPI) data from neXTProt (September 2023 release) was used 

(42) to filter out gene hubs, genes with high connectivity in PPI networks. Genes with extensive 

interaction networks are often highly conserved and participate in fundamental cellular 

processes. Targeting such essential genes may increase the risk of off-target effects or toxicity, 

particularly if they are involved in multiple biological pathways, a rationale that aligns with 

the centrality-lethality rule, which suggests that highly connected proteins are more likely to 

be essential (43,44). To mitigate this risk, gene IDs from the target hypotheses were mapped to 

their corresponding UniProt IDs, and any proteins with more than five direct PPI connections 

in the neXtProt dataset were excluded from further analysis (45).  

The remaining genes’ UniProt IDs were used to check for available experimental 3D structures 

in the Protein Data Bank6 (PDB). As docking was the primary screening tool in this thesis, the 

availability of even partial structures was important. Finally, literature reviews were conducted 

to determine which final targets had pathophysiological relevance to MS and had ligand-

accessible structures.  

3.3 Docking experiments 

Molecular docking was performed on the final set of selected target candidates. The following 

section details the methodology used for these experiments, including query preparation, 

sources of input structures, use of AlphaFold models, consideration of domains, and binding 

pocket analysis.   

3.3.1 Docking tools used  

All docking was performed using CB-Dock27, an open-source server that uses the AutoDock 

Vina algorithm (37). Although CB-Dock2 automatically preprocesses submitted protein 

 
6 https://www.rcsb.org/  
7 https://cadd.labshare.cn/cb-dock2/index.php  

https://www.rcsb.org/
https://cadd.labshare.cn/cb-dock2/index.php
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structures, manual preprocessing was also applied (see Section 3.3.2) to improve accuracy, as 

supported by benchmarking studies demonstrating that manual preparation improved accuracy 

(46).  

3.3.2 Preparation of proteins and ligands for docking  

3D structures of top candidate targets were obtained from the PDB (Table 1). 3D ligand 

structures were acquired from PDB and PubChem8: Paclitaxel was isolated as a residue from 

PDB 1JFF using Chimera-X-1.19. Tretinoin was downloaded from PubChem (CID: 5282379). 

Although isotretinoin was initially selected based on DRIVE predictions, its lack of well-

characterized targets relevant to its pharmacological action (47) made tretinoin (all-trans 

retinoic acid), an active metabolite of isotretinoin, more suitable for docking studies.  

Table 1. Candidate target protein identifiers 
Protein UniProt ID PDB Source 
NLRP3 Q96P20 9MGY 
MMP1 P03956 2CLT 

 

Before docking was performed, candidate protein structures were preprocessed on Chimera-

X-1.19. All ligands and residues (e.g. water molecules, ions, other small molecules) were 

removed from the protein structures, and hydrogen atoms and charges were added using the 

DockPrep tool. In cases where the target protein had essential ligand-coordinating ions, these 

ions were still omitted from the docking structure, as supported by evidence of previous 

benchmarks showing that their exclusion did not affect docking accuracy (46).  

3.3.3 Generation and selection of AlphaFold models 

In the case that a PDB structure had many incomplete regions from experimental methods, 

structural models were generated using AlphaFold Server9 (powered by AlphaFold 3) to fill the 

gaps (28). To determine which of the five generated outputs was the best, each modeled 

structure was overlayed with the incomplete PDB structure with MatchMaker on Chimera-X-

1.19. The calculated pruned Root Mean Square Deviation (RMSD) relative to the PDB 

structure, the sequency identity scores, and the overall predicted Local Distance Difference 

Test (pLDDT) scores were compared to select the best model.  

 
8 https://pubchem.ncbi.nlm.nih.gov/  
9 https://alphafoldserver.com/  

https://pubchem.ncbi.nlm.nih.gov/
https://alphafoldserver.com/
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3.3.4 Docking on targeted domains  

For candidate proteins with large, multi-domain structures such as NLRP3, the focus was on a 

specific region of interest. Because docking tools generally perform with higher accuracy on 

focused or smaller regions (48), specific domains were isolated using ChimeraX. In the case 

of NLRP3, the NACHT domain (residues 133-679) was selected for docking. Although the 

core NACHT domain spans residues 220-536, a broader region was included to ensure 

structural context and stability during docking (Figure 3).  

 

Figure 3. NLRP3 domain representation. 
The PYD, NACHT, and LRR domain are labeled, with places where the NLRP3 proteins were 
cut indicated with dotted lines.  Numbers correspond to the amino acid positions.   

To compare resulting binding pockets from both the isolated domain and the full structure, 

MatchMaker was used. Overlapping pocket visualizations and binding residues were analyzed 

to verify that docking occurred on the same domain for both queries.   

3.3.5 Generation of reference binding pockets for docking validation   

For each drug of interest, a reference binding pocket was selected based on available 

crystallographic complexes and established direct binders. 3D complexes were analyzed using 

the Protein-Ligand Interaction Profiler10 (PLIP) to identify interaction types with key binding 

residues (49) and inputted to CB-Dock2 to gather pocket information from template-based 

docking. Distances between paclitaxel and binding site residues were measured in ChimeraX. 

Data from PLIP and ChimeraX were used to generate a descriptive pocket illustration to serve 

as a reference for docking with candidate targets.  

3.3.6 Analysis of docking experiment results  

Docking results were analyzed by qualitatively comparing key binding site residues to those in 

the reference complexes (Section 3.3.5) for each drug. Key residues, cavity volumes, and Vina 

scores were obtained from the CB-Dock2 outputs. From the five docking results provided by 

CB-Dock2 for each protein-ligand pair, the “best” result was selected for further analysis based 

on combinations of lowest Vina score, similarity to the reference binding pocket, cavity 

 
10 https://plip-tool.biotec.tu-dresden.de/plip-web/plip/index  

PYD NACHT LRR
1 93 220 536 742 991 1036

133 679

https://plip-tool.biotec.tu-dresden.de/plip-web/plip/index
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characteristics, and biological relevance (e.g. proximity to known functional domains or active 

sites).  

Plausibility of binding was assessed qualitatively by evaluating key interactions, such as 

hydrogen bonds or hydrophobic contacts involving specific ligand functional groups, as well 

as distances to binding site residues and the Vina score. Visual inspection and analysis were 

performed using ChimeraX and PLIP to examine interaction types, measure residue-ligand 

distances, and generate pocket illustrations for comparison with reference complexes.  
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Section 4: Results  

4.1 Overview of results of initial DRIVE outputs and clinical trials program  

As described in the methodology, six FDA-approved drugs were identified from the DRIVE 

predictions as potential candidates for repurposing in MS. Among these, paclitaxel (labeled in 

Figure S1) and isotretinoin were selected for further investigation based on their DRIVE 

redirection scores and clinical considerations. 

The DRIVE output datasets for each compound included target predictions from both Path A 

(genes-proteins-drugs) and Path B (genes-diseases-drugs):  

• Path A yielded no candidate genes for isotretinoin, and one gene for paclitaxel.  

• Path B yielded 1,632 and 6,661 candidate genes for isotretinoin and paclitaxel, 

respectively.  

Candidate genes from both Path A and B were retained for downstream filtering and analysis.   

4.2 Reference binding site reconstruction  

To establish a structural baseline for evaluating docking results of top candidate targets, 

reference binding pockets were constructed for each drug using well-characterized targets with 

known direct interactions. For all isotretinoin-related docking experiments, its active 

metabolite tretinoin was used instead (see Section 3.3.2). β-tubulin was chosen for paclitaxel 

(PDB: 1JFF) and CRABP1 for tretinoin (PDB: 1CBS). The reconstructed binding pockets, 

described below, provide a basis for later comparison with the binding sites predicted for 

candidate targets selected from the DRIVE hypotheses for paclitaxel and isotretinoin.  

The binding pocket for paclitaxel is shown in Figure 4 and Table 2. The pocket residues 

described by template-based docking include GLU22, VAL23, ASP26, GLU27, LEU217, 

ASP226, HIS229, LEU230, ALA233, SER236, GLY237, PHE272, PRO274, LEU275, 

THR276, SER277, ARG278, ARG320, PRO360, ARG369, GLY370, and LEU371. The cavity 

size was around 579 Å3.  
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Figure 4. Paclitaxel binding site in β-tubulin. 
A: Paclitaxel β-tubulin binding site. Green residues are aromatic and red are prolines. B: Key 
pocket residues are labeled. Interactions are shown in dotted lines, and the labeled numbers 
correspond with the annotations in Table 2.  

Key pocket characteristics were: hydrogen bonding of the oxetane ring (interaction 9 on Figure 
4B); aromatic residues permitting π–π interactions with nearby rings of paclitaxel (interactions 

10);  presence of proline residues, one being near the polar interaction with oxetane ring; 

multiple hydrophobic interactions anchoring the C2, C3’, and N’ phenyl rings (interactions 1-

5, 7, 8 on Figure 4B); and hydrogen bonding with the 2’-hydroxyl (interaction 6).  

Table 2. Interaction annotations for paclitaxel-β-tubulin binding site 
Interactions correspond with Figure 4.  

Bond 
Number 

Interaction type Interacting 
Residue 

Distance (Å) 

1 Hydrophobic ASP26 3.665 
2 Hydrophobic VAL23 3.490 
3 Hydrophobic PHE272 3.662 
4 Hydrophobic PHE272 3.404 
5 Hydrophobic PRO360 3.500 
6 Hydrogen bonding PRO360 3.508 (2.76 to H) 
7 Hydrophobic HIS229 3.925 
8 Hydrophobic LEU230 3.789 
9 Hydrogen bonding THR276 2.923 (2.30 to H) 
10 Pi-stacking HIS229 3.790 

 

The binding pocket of tretinoin is visualized in Figure 5 and Table 3. The pocket residues as 

described by template-based docking were PHE15, LEU19, VAL24, LEU28, ILE31, ALA32, 

Reference structure (Paclitaxel – beta tubulin) 
final idea

A B
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ALA35, ALA36, PRO39, THR54, THR56, VAL58, ARG59, VAL76, ASP77, ARG111, 

LEU121, MET123, ARG132, and TYR134. The cavity size was 1064 Å3.  

 

Figure 5. Tretinoin binding site in CRABPI 
Key pocket residues are labeled. Interactions are shown in dotted lines, the adjacent numbers 
corresponding with the annotations in Table 2.  

An essential salt bridge between ARG132 and the carboxylate group was annotated (interaction 

6 in Figure 5). The pocket had several hydrophobic residues to stabilize the hydrocarbon tail 

of tretinoin, with ILE31, LEU19, VAL58, THR56, and THR54 (interactions 1-5), all with 

distances of maximum 4.096 Å (Table 3). Finally, there was one hydrogen bond interaction 

with TYR132, at 2.830 Å (interaction 7, Table 3).  

Table 3. Interaction annotations for binding site interactions of tretinoin in CRABPI 
Interactions correspond with Figure 5.  

Interaction 
Number 

Interaction type Interacting 
Residue 

Distance (Å) 

1 Hydrophobic  ILE31 3.879 
2 Hydrophobic LEU19 3.992 
3 Hydrophobic VAL58 3.657 
4 Hydrophobic THR56 4.096 
5 Hydrophobic THR54 3.845 
6 Salt Bridge  ARG132 3.480 
7 Hydrogen bonding TYR134 2.830 
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4.3 Path A: Repurposing candidate from the genes-proteins-drugs pathway predictions  

Path A analysis yielded a single gene for paclitaxel, BCL2, and no outputs for isotretinoin. A 

manual literature review confirmed that a direct molecular interaction between BCL-2 protein 

and paclitaxel occurred. In addition, pathway analyses (discussed further in Discussion) 

identified NLRP3 (Uniprot: Q96P20) as a candidate target of interest. In this section, the 

docking results of NLRP3 with paclitaxel are described.  

Docking was performed on the NACHT domain of NLRP3 due to its biological relevance. To 

ensure that the identified binding site was not an artifact of isolating the NACHT domain, the 

full structure was also docked with paclitaxel. The top-scoring binding pockets appeared in the 

same region on the NACHT domain in both cases (Figure S2).  

4.3.1 AF modeling of NLRP3 

Because NLRP3 had several missing regions in the cryo-EM structure (PDB:9MGY), a 

structural model of the full-length human NLRP3 was generated with AF3. The best model had 

a mean pLDDT of 77.51, an RMSD of 0.893 Å to the cryo-EM structure, and a sequence 

identity score of 4376.6 out of 5000 (Table S2).  

Docking simulations were conducted using the NACHT domain from both the cryo-EM 

structure of NLRP3 (PDB:9MGY) and the AlphaFold-predicted model. In both cases, the same 

general binding region was identified, with some discrepancies in the binding conformation 

and positioning of the ligand (Figure 6C).  
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Figure 6. Comparison of docking sites of paclitaxel for cryo-EM and AlphaFold-
generated NLRP3 
A: predicted docking site of paclitaxel on the cryo-EM structure of NLRP3 NACHT domain 
(PDB: 9MGY). Green – aromatic residues; red – prolines. B: the predicted docking site of 
paclitaxel on the best AlphaFold-generated model of NLRP3. C: the binding conformations of 
the two queries overlapped using ChimeraX Matchmaker tool. Yellow – paclitaxel with AF 
model; Green – paclitaxel with cryo-EM model. D: AF-generated (multi-color) and cryo-EM 
(white) models’ binding pockets overlapped. The red boxes mark the discrepancies between 
the two chains near the docking region (Box 1 – GLU176-SER201; Box 2 – LYS615-LEU628). 
The orange color of Box 1 indicates a pLDDT of between 50 and 70.   

For both structures, the predicted pocket volume, docking score, and interacting residues are 

summarized in Table 4. The binding pockets of the two structures shared approximately 51.7% 

sequence identity relative to the cryo-EM structure. A key difference was the presence of 

residues GLN180, ARG183, GLU184, and LEU187 in the AF-predicted pocket, which aligned 

with a missing region (GLU176-SER201) in the cryo-EM model (Figure 6D). This predicted 

region on the AF-predicted structure had an orange color (left red box on Figure 6D), 

indicating moderate pLDDT. Given the greater completeness of the AF-generated structure 

pocket, it was retained for further analysis and validation with the reference pocket.  

A B

C D
1

2
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Table 4. Predicted docking of paclitaxel on NLRP3 NACHT region on the cryo-EM and 
AlphaFold-generated structures 

Structure 
Cavity 
Volume 
(Å³) 

Vina Score (kcal/mol) Predicted Pocket Residues 

Cryo-EM 
NACHT 

2526 -9.3 

GLU176 GLN225 GLY226 
ALA227 ALA228 ILE230 
ARG351 PRO352 VAL353 
LEU355 GLU369 ILE370 
LEU371 GLY372 PHE410 
ILE574 PHE575 ARG578 
LYS620 GLN624 SER626 
LEU628 TYR632 ASN656 
LEU657 SER658 THR659 
MET661 ASP662 

AlphaFold 
NACHT 

1855 -9.9 

GLN180 ARG183 GLU184 
LEU187 ALA227 ALA228 
PRO352 VAL353 GLU356 
PHE410 ILE411 THR439 
THR524 GLY566 ILE574 
PHE575 ARG578 PRO625 
SER626 LEU628 GLU629 
TYR632 SER658 THR659 
MET661 ASP662 

 

4.3.2 Residue interactions of Paclitaxel-NLRP3  

In the AlphaFold-predicted NACHT domain, paclitaxel formed multiple interactions with the 

surrounding residues (Figure 7, Table 5). All final interaction distances were under 4 Å. The 

binding pocket had a cavity of 1855 Å3 and a Vina score of -9.9. Binding pocket residues are 

listed in Table 4.  
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Figure 7. Predicted binding conformation of paclitaxel in NLRP3.  
Key residues and proximal residues are labeled. Interactions are shown in dotted lines, and the 
labeled numbers correspond with the annotations in Table 5.  

Notable interactions included: a hydrogen bond with the C2’ side chain oxygen (interaction 4, 

Table 5) at 4.040 Å; a π–π interaction between the N’ phenyl ring and PHE575 at 4.810 Å 

(interaction 3); and multiple hydrophobic interactions anchoring the C2 and C3’ phenyl rings 

(interactions 1, 2, 5, 6, 13-15) with a maximum 3.990 Å. All interactions were identified by 

PLIP, except interaction 12 between the oxetane ring SER658 (Table 5), which was included 

due to its relevance in the reference paclitaxel binding pocket (interaction 9 of Table 2). 

Notably, the oxetane hydrogen bond distance was considerably longer in the NLRP3-NACHT 

pocket (4.927 Å) compared to the reference pocket (2.930 Å, Table 2). Other key 

characteristics of the pocket were aromatic residues (PHE410, PHE575) near paclitaxel’s 

phenyl rings and general hydrophobicity, with eleven aliphatic residues (Table 4).   
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Table 5. Interaction annotations for predicted binding conformation of paclitaxel in AF 
model of NLRP3 
Interactions correspond with Figure 7. * was not identified by PLIP.  

Bond 
Number 

Interaction type Interacting 
Residue 

Distance (Å) 

1 Hydrophobic  ILE411 3.990 
2 Hydrophobic ALA228 3.872 
3 π–π PHE575 4.810 
4 Hydrogen Bond ALA228 4.040 (3.17 to H) 
5 Hydrophobic PHE410 3.937 
6 Hydrophobic  THR659 3.497 
7 Hydrophobic LEU187 3.580 
8 Hydrophobic PRO352 3.605 
9 Hydrogen bonding SER658 3.819 (3.39 to H) 
10 Hydrogen bonding ARG578 3.685 (2.25 to H) 
11 Hydrogen bonding GLN180 3.207(2.87 to H) 
12 Hydrogen bonding SER658 4.927* 
13 Hydrophobic ILE574 3.420 
14 Hydrophobic GLU629 3.594 
15 Hydrophobic PRO625 3.938 
16 Hydrogen bonding GLN180 3.211 (2.87 to H) 

 

The paclitaxel binding conformer varied from the β-tubulin-bound form, having rotations at 

carbons C3’, C13, C2, and C10 atoms (Figure 8). The β-tubulin-bound paclitaxel (Figure 8A) 
adopted a more “closed” conformation, with the N’ phenyl ring and C2 ring positioned closer 

to one another than in the NLRP3-docked conformer (Figure 8B).  
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Figure 8. Comparison of paclitaxel binding conformers for docking with NLRP3. 
A. Paclitaxel bound to β-tubulin (PDB:1JFF). B: Predicted binding conformation of paclitaxel 
in AlphaFold-generated NLRP3 NACHT domain. Black arrows mark the carbon atoms around 
which torsional rotations occurred, resulting in conformational differences between A and B.  

4.4 Path B: Repurposing candidate from the genes-diseases-drugs pathway predictions 

In parallel with the literature-based target hypothesis from Path A, a systematic filtering was 

applied to prioritize drug-target candidates identified via Path B. From initial target gene lists 

of approximately 1,632 for isotretinoin and 6,661 for paclitaxel, 11 and 10 drug-target pairs, 

respectively, were retained for further analysis (Tables S3 and S4).  

Among these candidates, MMP1 (matrix metalloproteinase-1) appeared as a final candidate for 

both drugs and was of particular interest due to its biological relevance in MS and the 

availability of a high-resolution crystal structure suitable for docking.   

Docking was performed using the crystal structure of MMP1 protein (PDB: 2CLT) for both 

compounds, the top two docking poses according to Vina scores are detailed in Table S5 and 
6. Although the top-ranked binding site did not correspond to the catalytic region of MMP1, 

the second-ranked pocket did for both drugs. Given the functional importance of this region, 

docking poses with the second-best Vina scores were selected for further analysis.   

4.4.1 Paclitaxel docked to MMP1 

Paclitaxel was docked into a surface-exposed cavity adjacent to the catalytic zinc ion which 

coordinated with HIS199, HIS203, and HIS209. The Vina score of the binding conformation 

was -8.0, with a cavity volume of 228 Å3. The contact residues identified can be found on 

A B
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C3’
C13

C13

C2C2
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Table S5 under Pocket #2. Several key interactions were observed (Figure 9, Table 6), 

including hydrophobic interactions near the N’ phenyl ring (interaction 1), potential weak 

coordination of the 2’-OH with the zinc atom (interaction 4), and hydrogen bonding with the 

oxetane ring (interaction 5).  

 

Figure 9. Binding pocket of paclitaxel docked to MMP1 
A: Binding cavity of paclitaxel docked to MMP1. Green residues are aromatic and red are 
prolines. B: Key pocket residues are labeled. Interactions are visualized with dotted lines, with 
adjacent numbers corresponding to the annotations in Table 6.   

The C3’ phenyl ring and C2 ring did not have any hydrophobic interactions anchoring them to 

the pocket. There was one proline residue present in the identified binding pocket which 

participated in a hydrogen bond (interaction 3). All interactions were identified by PLIP, except 

interaction 4, which represents a potential zinc coordination at 1.391 Å. Hydrogen bonds were 

observed at 3.480, 3.019, and 3.079 Å (interaction 3, 7, 8, Table 6).  

Table 6. Interaction annotations of MMP1-Paclitaxel binding pocket 
The interaction number corresponds to the labels in Figure 9B. * not identified by PLIP.  

Interaction 
Number 

Interaction type Interacting Residue Distance (Å) 

1 Hydrophobic  TYR221 3.758 
2 Hydrophobic LEU162 3.517 
3 Hydrogen bonding PRO219 3.480 (2.84 to H) 
4 Zinc coordination Zn2+ 1.391* 
5 Hydrogen bonding SER153 3.154 
6 Hydrophobic  PHE166 3.792 
7 Hydrogen bonding LEU207 3.019 (2.67 to H) 
8 Hydrogen bonding THR84 3.079 (2.12 to H) 
9 Hydrophobic GLN167 3.914 
10 Hydrophobic HIS164 3.265 
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Compared to the β-tubulin-bound form, the docked paclitaxel conformer on MMP1 had 

rotations at carbons C13, C10, and C4, with C2’ (Figure 10). However, both β-tubulin and 

MMP1-bound conformers maintained a similar conformation, with relative proximity between 

the phenyl groups.  

 

Figure 10. Comparison of paclitaxel binding conformers for docking with MMP1 
A: Paclitaxel bound to β-tubulin (PDB:1JFF). B: Predicted paclitaxel conformation in MMP1. 
Black arrows mark the carbon atoms where rotations occurred.  

4.4.2 Tretinoin docked to MMP1  

Following the paclitaxel analysis, tretinoin was also docked to MMP1. The resulting binding 

pocket, located in the catalytic site near HIS199, HIS203, and HIS209, corresponded to the 

second highest vina score of -6.9, with a cavity volume of 228 Å3. Contact residues can be 

found in Table S6 under Pocket #2. Key interactions with the binding pocket included: 

hydrophobic interactions across the ligand structure (interactions 1-4 on Figure 11, Table 7) 

and hydrogen bonds with the carboxylate group of tretinoin (interactions 5 and 6). No salt 

bridge was observed between the carboxylate group and the pocket. 
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Figure 11. Binding pocket of tretinoin docked to MMP1 
A: Binding cavity. B: Key pocket residues are labeled. The purple sphere is the Zn2+ ion. 
Interactions are visualized with dotted lines, with adjacent numbers corresponding to the 
annotations in Table 7.  

No likely coordination was observed between the Zn2+ ion and tretinoin. Although a nearby 

methyl group was positioned close to the ion, it lacks a coordinating functional group and was 

thus excluded from the annotations. All annotated interactions within the binding pocket were 

within 3.979 Å of the ligand (Table 7).     

Table 7. Distance calculations of MMP1-Tretinoin binding pocket. 

Bond Number Interaction 
type 

Interacting 
Residue 

Distance (Å) 

1 Hydrophobic  LEU162 3.979 
2 Hydrophobic VAL196 3.665 
3 Hydrophobic ALA200 3.665 
4 Hydrophobic HIS203 3.753 
5 Hydrogen bond GLN167 3.338 (2.45 to H) 
6 Hydrogen bond SER208 2.708 (2.41 to H) 
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Section 5: Discussion  

5.1 Overview of candidate selection strategy  

Multiple Sclerosis (MS) remains a disease with limited therapeutic options, particularly in the 

progressive forms. Given the complex and heterogeneous nature of MS, drug repurposing 

presents a promising strategy to identify new treatments. In this study, two computational 

information paths from the DRIVE network were used to generate drug-target hypotheses: Path 

A (genes-proteins-drug) and Path B (genes-disease-drug) (Figure 1). Two drugs were selected: 

paclitaxel and isotretinoin.   

Paclitaxel is a chemotherapeutic agent that binds β-tubulin, stabilizing microtubules and 

disrupting cell division (50). Isotretinoin, an oral retinoid used primarily to treat severe acne, 

is converted in-vivo to tretinoin, which binds to the retinoic acid receptors and CRABPI (47,51). 

The discussion below evaluates the final candidate targets identified from the DRIVE-based 

hypotheses, focusing on their interactions with paclitaxel and isotretinoin, and their potential 

therapeutic relevance in MS.  

5.2 Evaluation of Path A-based candidate: Paclitaxel and NLRP3 

In this section, the NLRP3-paclitaxel hypothesis will be discussed, beginning with its 

literature-based origin from the initial BCL2 DRIVE output, followed by an assessment of the 

docking results, and concluding with a discussion of the potential treatment’s relevance to MS.  

5.2.1 BCL2: Initial Output from Path A  

The only output of Path A for paclitaxel was BCL2, a gene which codes for BCL-2, an anti-

apoptotic protein highly expressed in cancer cells to promote tumor cell survival and resistance 

(52). The direct binding of paclitaxel to BCL-2, an interaction relevant to the drug’s anti-cancer 

effects, has been experimentally described through biosensor-based binding assays (53). The 

relevance of BCL-2 in MS has also been experimentally described: for instance, BCL-2 shows 

altered expression levels in oligodendrocytes of MS lesions; levels of phosphorylated BCL-2 

are significantly decreased in non-responders to GA, and defective apoptotic deletion of 

autoreactive lymphocytes in MS patients contributes to CNS inflammation (54–56). Therefore, 

leveraging paclitaxel’s ability to inhibit BCL-2 could help mitigate the formation of new 

lesions. That Path A identified a known, MS-relevant binding target of paclitaxel highlights its 

robustness and suggests its utility for uncovering novel MS targets.   
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5.2.2 Literature-based origin of NLRP3 as a paclitaxel target hypothesis 

Based on Path A’s BCL2 output, a literature review was performed to identify an additional 

candidate target: NLRP3. Prior studies have confirmed the direct interaction between paclitaxel 

and BCL-2 protein, computationally characterizing the binding pocket, docking site, and key 

residues involved (53). Notably, parallels have been drawn between paclitaxel’s binding to 

BCL-2 and β-tubulin, and the interactions of the orphan nuclear receptor Nur77 (a transcription 

factor whose endogenous ligand remains undefined) with these same proteins. This raises the 

possibility that paclitaxel may functionally mimic aspects of Nur77’s activity (53).  

In addition to BCL-2 and β-tubulin, NLRP3 has also been observed to interact directly with 

Nur77. Specifically, during pyroptosis induction, Nur77 translocates from the nucleus to the 

cytoplasm and colocalizes with NLRP3 in the trans-Golgi network, subsequently blocking 

NLRP3 oligomerization. This inhibition of NLRP3 complex formation prevents IL-1B release 

and downstream immune activation (57). 

Therefore, building on: (1) Paclitaxel’s known direct inhibition of BCL-2 and β-tubulin, (2) 

The parallel drawn between paclitaxel’s binding and Nur77’s interactions, and (3) The 

established direct Nur77-NLRP3 interaction, NLRP3 is a proposed potential novel target for 

paclitaxel. NLRP3 was also present as a candidate in the unfiltered Path B hypotheses for 

paclitaxel, providing convergent evidence that supports NLRP3 as a possible target. The logical 

pathway connecting paclitaxel’s known targets through Nur77 mimicry to inhibition of NLRP3 

is summarized in Figure 12.  
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Figure 12. NLRP3 as a candidate target for paclitaxel treatment for MS 

5.2.3 Docking validation: Paclitaxel and NLRP3 

Docking was focused onto the NACHT domain of NLRP3 due to its physiological relevance. 

NLRP3 consists of three main domains: the PYD (pyrin domain), the central NACHT domain, 

and the C-terminal LRR (leucine-rich repeat) domain. The NACHT domain is essential for 

NLRP3 activation, as it mediates ATPase activity and oligomerization. Interaction with this 

region has shown to promote ubiquitination of NLRP3 and inhibitory effects (58). In contrast, 

interaction with the LRR domain has primed the activation of the inflammasome (59). Given 

the goal of inhibiting NLRP3 activation as a potential treatment strategy for multiple sclerosis, 

targeting the NACHT domain was particularly strategic.   

The docking confirmed that paclitaxel binds to the NACHT domain of NLRP3 with a low Vina 

score (-9.9 kcal/mol), supporting its potential as a mechanistic target. The generated AF model 

resolved a critical missing loop in the cryo-EM structure, enabling more comprehensive pocket 

characterization (Figure 6D).  

Several of the key interactions deemed essential in the paclitaxel-β-tubulin site were also 

observed in the paclitaxel-NLRP3 binding site. Hydrophobic interactions anchoring the C2, N’, 

and C3’ rings (60),  the presence of prolines in the pocket (53), and hydrogen bonding with the 

2’-OH group (61) were all maintained.  

Notable differences between the two binding pockets included the nature and location of the 

π–π interactions. In the paclitaxel-β-tubulin site, they occurred between HIS229 and the C2 

ring (Figure 4B), while in the paclitaxel-NLRP3 site, π–π interactions were between PHE275 

and the N’ phenyl ring (Figure 6). This discrepancy likely reflects differences in the binding 
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pocket architecture and the positioning of the aromatic residues, an expected outcome when 

comparing binding sites across structurally unrelated proteins.  

Another key difference was the lack of close hydrogen bonding between the oxetane ring and 

surrounding residues in the NLRP3 pocket. The closest interaction was with SER658 at a 

distance of 4.927 Å, which is too far for even weak hydrogen bonding to occur .  

The binding pocket of paclitaxel-NLRP3 also shared several key features with the Nur77 

mimicry model proposed by (53), which suggests that paclitaxel mimics the endogenous ligand 

Nur77 when binding to BCL-2 and β-tubulin (pockets shown in Figure 13).  

 

Figure 13. Modeled binding sites of paclitaxel in BCL-2 and in β-tubulin 
Reprinted from (53), with permission from American Association of Cancer Research. 

Like the conserved residues of PRO65-ARG68 in BCL-2 and PRO274-ARG278 in the β-

tubulin, the paclitaxel-NLRP3 pocket had a structure that spans from PRO625 to ARG578. 

This structure interacted with the C2-phenyl and participated in hydrogen bonding with various 

side chain oxygens. Next, the PHE575 in NLRP3, which interacted with the N’ phenyl,  and 

PHE410, which interacted with the C3’-phenyl, resembles the PHE49 of BCL-2 and PHE272 

of β-tubulin. Finally, ALA288 of NLRP3 formed similar hydrophobic bonds with the N’-

phenyl ring as HIS55 (BCL-2) and VAL23 (β-tubulin). There are two discrepancies of the 

paclitaxel-NLRP3 pocket from the binding sites in Figure 13: a lack of adjacent proline 

residues (PRO39 and PRO40 in BCL-2 and PRO359 and PRO360 in β-tubulin) and a lack of 

close hydrophobic contacts with the oxetane ring. Despite these differences, the binding 
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pockets share several key characteristics, and nearly all essential interactions of paclitaxel were 

accounted for in the docked structure. 

Another important inconsistency to consider regarding the docking of paclitaxel to NLRP3 is 

the difference in the paclitaxel conformers, as illustrated by Figure 8. The T-Taxol 

conformation, the form taken by β-tubulin-bound paclitaxel, is generally considered the 

mechanistically active form β-tubulin binding pocket (63). An alternative paclitaxel docking 

result on the AlphaFold-generated NLRP3 NACHT domain occupied the same region but 

adopted the T-shaped paclitaxel conformation (Figure S3). However, this conformer had a 

slightly higher VinaScore of -9.0 and was therefore not chosen for further analysis.  

Paclitaxel is a relatively flexible molecule, except for its rigid taxane core. To date, its optimal 

binding conformation has primarily been characterized in complex with β-tubulin. However, 

docking alone cannot determine whether specific bond rotations impact paclitaxel’s biological 

activity within other targets. Therefore, additional in-vitro experiments or molecular dynamics 

simulations are needed to determine the most active conformer of paclitaxel when bound to 

NLRP3.   

5.2.4 Therapeutic potential and dual effects of targeting NLRP3 with paclitaxel in MS  

Whether inhibition of NLRP3 is a plausible treatment method for MS, and whether paclitaxel 

is an ideal candidate for this purpose, requires further discussion. The NLRP3 protein, the 

sensor component of the NLRP3 inflammasome, plays a central role in detecting Damage-

Associated Molecular Patterns (DAMPs) and Pathogen-Associated Molecular Patterns 

(PAMPs) and mediating inflammatory responses (64). In MS, the NLRP3 inflammasome 

contributes to the development of experimental autoimmune encephalomyelitis (EAE), the 

animal model of MS, by aiding the migration of T-helper cells to the CNS and inducing pro-

inflammatory cytokine release (65,66).  

Although most research about MS focuses on  T-cells as the key player of MS pathogenesis, 

recent studies highlight the role of B-cells in the disease through the production of cytokines 

and interaction with T cells (67). B-cell-activating factors may also stimulate the NLRP3 

inflammasome, but this mechanism remains to be further explored. Finally, the NLRP3 protein 

is elevated in the monocytes of MS patients compared to healthy individuals (68). Given its 

pro-inflammatory role, targeting NLRP3 activity may help mitigate the autoimmune response 

in MS.   
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Assuming paclitaxel engages NLRP3 in a manner that mimics Nur77, as has been proposed for 

its interactions with BCL-2 and β-tubulin (Figure 12), it is important to consider the context-

dependent nature of the Nur77-NLRP3 interaction. While Nur77 has been shown to sequester 

NLRP3 to the trans-Golgi and block inflammasome assembly (57), it has also been reported to 

promote NLRP3 activation through direct binding to cytoplasmic lipopolysaccharide in the 

presence of double-stranded DNA (dsDNA) (69). Despite this potential activating role, other 

studies, particularly in models of colitis and endotoxin-induced inflammation, show that Nur77 

deficiency leads to heightened NLRP3 activation and increased inflammatory responses (70). 

This suggests that Nur77 acts as a context-dependent modulator, but mimicking its inhibitory 

interaction with NLRP3 may be a compelling method of restraining the inflammasome in the 

context of MS.   

Docking results indicate a plausible direct interaction between paclitaxel and the NACHT 

domain of NLRP3, supporting its potential role as an inhibitor and therapeutic candidate for 

MS. However, paclitaxel has also been shown to indirectly activate NLRP3 in some contexts, 

through its microtubule stabilization (71). These seemingly conflicting effects may depend on 

factors like dosage, cell type, and timing, and highlight the importance of understanding 

context when repurposing paclitaxel. Within the CNS, paclitaxel has demonstrated both 

neurotoxic and neuroprotective effects: while it promotes axonal regeneration and reduces glial 

scar formation in animal models of nerve injury (72), it also increases the risk of peripheral 

neuropathy and impaired neural function (73). In short, β-tubulin-targeting drugs can exert both 

beneficial and adverse effects in the CNS.  

Still, dual inhibition of BCL-2 and NLRP3 by paclitaxel could offer meaningful therapeutic 

benefits for MS, especially if its direct interaction with NLRP3 is inhibitory in relevant cell 

types. Although its effects in human patients remain uncharacterized, paclitaxel has been 

shown to delay the onset of CNS disease in the mouse model of MS, further supporting its 

potential as a treatment candidate (74).  

5.3 Path B: MMP1 as a Potential Novel Target for Paclitaxel and Tretinoin   

5.3.1 Rationale for MMP1 Selection 

From the initial Path B candidate lists, MMP1 was selected as a target candidate for both 

paclitaxel and tretinoin as it did not have the immune system processes GO term, it had fewer 

than five PPI connections, and had a 3D structure available on PDB. Matrix metalloproteinases 

(MMPs) play an important role in the immunopathogenesis of MS by disrupting the BBB, 
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recruiting inflammatory cells into the CNS, and enhancing the demyelination process (75). 

MMP1 is a collagenase that belongs to this family of proteins and is an activator for MMP2 

and MMP9, both proteins which increase the permeability of the BBB. Additionally, there is 

an increased expression of MMP1 in cerebrospinal fluid and brain tissue of MS patients (76,77). 

Inhibiting MMP1 could thus provide an effective method of preventing the disruption of BBB, 

mitigating migration of non-native immune cells to the CNS, and ultimately decreasing 

inflammation and MS pathogenesis.  

5.3.2 Docking validation analysis of Paclitaxel with MMP1 

To validate whether the paclitaxel-MMP1 complex was a plausible drug-target hypothesis in 

the context of MS treatment through docking, the binding site on MMP1 was considered in 

addition to the similarity of the binding pocket to the reference. Inhibitors of MMP1 bind to 

the protein’s active site, which is located within the catalytic domain and characterized by a 

zinc ion coordinated by three histidine residues and a water molecule. The catalytic zinc ion is 

bound by HIS199, HIS203, and HIS209, and MMP1 inhibitors typically coordinate directly 

with the zinc ion through a zinc binding group (78,79).  

Although paclitaxel docked to MMP1 in the active site had the second-best Vina score, it was 

selected for further analysis and comparison with the reference binding site due to its biological 

relevance. There were several interactions with binding pocket residues that matched the 

reference binding pocket, such as hydrophobic interactions with the N’ phenyl ring and 

hydrogen bonding of the oxetane ring (Figure 9B, Table 6). However, several interactions that 

are essential for paclitaxel activity were missing in this binding pocket. For example, there was 

no hydrophobic interactions stabilizing neither the C3’ nor the C2 phenyl rings. In addition, 

while there were several aromatic residues present (Figure 9A) there was only one aromatic 

residue (TYR221) that had proximity to a phenyl ring, indicating that π–π bonds with the 

phenyl rings of paclitaxel would be unlikely. In terms of the binding conformer of paclitaxel, 

it exhibited a T-Taxol form like that of the reference, with a few minor rotations of carbons, 

which are annotated in Figure 10. As mentioned, one significant characteristic of an MMP 

inhibitor is coordination with the zinc ion. In the predicted binding conformer, the closest 

interacting group with zinc was the C2’ hydroxyl, which in β-tubulin forms a hydrogen bond 

with PRO360. This oxygen is 1.391 Å away from the zinc ion, so its coordination with zinc is 

possible but likely weak, given that hydroxyls are not among the frequently found zinc binding 

groups of ligands (80). 
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Despite the similarity of the structural binding conformer and the possible coordination with 

the zinc ion, the missing key residue interactions and the small, shallow binding pocket suggest 

that paclitaxel is likely not an ideal binding candidate of MMP1.  

5.3.3 Docking validation analysis of Tretinoin with MMP1 

Tretinoin bound to the active site of MMP1 also had the second highest Vina score of -6.9. As 

with the binding site with that of CRABP1, there were several hydrophobic residues interacting 

with the hydrocarbon chain of tretinoin. There were also hydrogen bonds of the carboxylic acid 

group oxygen atoms interacting with GLN167 and SER208, further stabilizing the ligand in 

the pocket.  

Despite these interactions, tretinoin is not likely to bind into this pocket of MMP1 for several 

reasons. Firstly, there is no salt bridge of the carboxylate oxygens with ARG, an interaction 

that is essential for tretinoin activity, not just in the modeled reference CRABPI but also in 

other retinoic acid receptors, such as RARα, RARβ, and RARγ (81,82). Secondly, there are no 

zinc binding groups in proximity to the zinc ion, meaning that inhibitory action within MMP1 

is unlikely.  
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 Section 6: Conclusions and Future Directions 

This thesis aimed to identify and evaluate potential drug-target interactions relevant to multiple 

sclerosis (MS), using DRIVE-based repurposing hypotheses, a custom filtering pipeline, and 

molecular modeling techniques. While the process yielded mixed outcomes, it highlights the 

promise and limitations of computational drug repurposing strategies in the context of MS and 

establishes a foundational framework for integrating network medicine-based repurposing 

hypotheses with structural computational data. The key findings were as follows: 

1. A filtering pipeline was developed to prioritize novel drug-target candidates.  

2. Application of the pipeline to candidate targets of paclitaxel and isotretinoin yielded 

MMP1 as a potential target. However, docking results did not support a viable drug-

target interaction.  

3. A gene-protein-drug-based approach identified NLRP3 as a promising target for 

paclitaxel, supported by favorable docking results.  

This work also had important limitations. Docking studies, while useful for an initial screening, 

lack precision and thus cannot be considered definitive evidence of binding. In particular, CB-

Dock2, the tool used in this thesis, performs rigid receptor docking and cannot account for 

protein flexibility, which can impact docking results. Furthermore, the potential impact of 

genetic variants in MS patients, such as polymorphisms in NLRP3 or MMP1, was not addressed 

and could affect the relevance of the proposed hypotheses.  

Future work should focus on validating the paclitaxel-NLRP3 interaction through molecular 

dynamics simulations to assess binding stability and conformational dynamics. In parallel, 

other target candidates in the final candidate lists from the DRIVE predictions could be further 

explored. To improve the docking studies, tools that support flexible side-chain docking could 

be employed, which may better simulate interactions between drugs and proteins with dynamic 

binding pockets. Ultimately, experimental validation in MS-relevant models is necessary to 

determine the therapeutic potential of the predicted interactions.  
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Supplementary Materials  
 

Table S1. DRIVE drug outputs 

Drug ID Drug Name Paths with output Redirection score 
CHEMBL1023 Bexarotene B 0 
CHEMBL408 Troglitazone A, B 0.0000000340714 

CHEMBL428647 Paclitaxel  A, B 1 
CHEMBL547 Isotretinoin B 0 
CHEMBL553 Erlotinib B 0 
CHEMBL92 Docetaxel B 0 

 

  

 

Figure S1. Labeled paclitaxel 2D structure 
Figure reprinted from (83). 



 B 

 
Figure S2. Identified binding pocket for NLRP3 NACHT vs. NLRP3 full structure 
Best docking results from CB-Dock2 for FULL protein 9MGY and protein cut for just the 
NACHT domain. Green is conformer for query with all domains; Cyan is just when docked 
with NACHT. 

 

Table S2. Alphafold-NLRP3 model analysis 

Model # Sequence Alignment Score RMSD (Å) of pruned atoms pLDDT 
0 4359.6 0.919 77.40 
1 4376.6 0.893 77.51 
2 4369.4 0.980 77.58 
3 4344.8 1.016 77.68 
4 4370.6 1.014 77.71 

 

A B



 C 

 

Figure S3. AF-NLRP3 NACHT with paclitaxel domain: pocket 2 
The binding pocket of the second-place docking (in terms of vina score) is shown for 
AF_NLRP3 NACHT domain query with paclitaxel. It had a T-Taxol conformer, a vina score 
of -9.0, a cavity volume of 3773 Å3 and the following pocket residues: GLU176 GLN180 
ARG183 GLN225 GLY226 ALA227 ALA228 PRO352 VAL353 LEU355 GLU356 GLU369 
PHE568 ILE574 PHE575 ARG578 SER626 LEU628 GLU629 TYR632 ASN656 SER658 
THR659 ASP662.  

 

Table S3. Final isotretinoin hypotheses from Path B 

Gene symbol UniProt ID 
NOTCH4 Q99466 
INS IGF2 F8WCM5 
ERVW-1 Q9UQF0 

SLC2A4RG Q9NR83 
CYP2R1 Q6VVX0 
MMP1 P03956 

CYP2D6 P10635 
PTHLH P12272 
KCNH7 Q9NS40 

SEC14L2 O76054 
ERVK-11 Q9UQG0 
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Table S4. Final paclitaxel hypotheses from Path B 

Gene symbol UniProt ID 
NOTCH4 Q99466 

PPT2 Q9UMR5 
ERVW-1 Q9UQF0 

SLC2A4RG Q9NR83 
CYP2R1 Q6VVX0 
MMP1 P03956 
PTHLH P12272 
CYP2D6 P10635 
SEC14L2 O76054 
ERVK-11 Q9UQG0 

 

Table S5. Top two best binding pockets from MMP1-Tretinoin docking 

Target-
Ligand 

Pocket 
Number 

Cavity 
Volume 
(Å³) 

Vina Score 
(kcal/mol) Predicted Pocket Residues 

MMP1- 
Tretinoin 

1 367 -7.5 

PHE188 TYR221 THR222 
PHE223 SER224 PHE297 
SER299 VAL300 PRO303 

GLN304 ASN336 

2 228 -6.9 

THR84 GLU85 ASN161 
LEU162 ALA163 HIS164 
ALA165 PHE166 GLN167 
VAL196 HIS199 ALA200 
HIS203 LEU207 SER208 
HIS209 PRO219 SER220 

 

Table S6. Top two best binding pockets for MMP1-Paclitaxel docking 

Target-
Ligand 

Pocket 
Number 

Cavity 
Volume (Å³) 

Vina Score 
(kcal/mol) Predicted Pocket Residues 

MMP1- 
Paclitaxel 

1 420 -8.2 

THR269 THR270 ARG272 
GLY273 ASN287 PHE289 
TYR313 GLU314 PHE315 
ALA316 ASP317 ALA361 
LEU362 SER363 GLU364 
GLU365 ASN366 GLU383 
TYR384 VAL410 PHE411 
MET412 LYS413 ASP414 

2 228 -8.0 

THR84 SER153 ASN161 
LEU162 ALA163 HIS164 
ALA165 PHE166 GLN167 
HIS199 HIS203 LEU207 
SER208 HIS209 PRO219 

SER220 TYR221 


