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Abstract 
Despite extensive drug-development efforts targeting Mycobacterium tuberculosis (Mtb), 
tuberculosis (TB) remains a leading cause of death worldwide. One way to combat TB is to 
target isocitrate lyase 1 (ICL1), an enzyme involved in the glyoxylate shunt in Mtb. 
Although ICL1 is an attractive drug target, previous efforts to inhibit ICL1 have not yielded any 
viable drugs. ICL1 is known to form a dimer and tetramer, which play roles in regulating 
catalytic activity. Here we used a computational drug design pipeline and molecular dynamics to 
find new compounds to target the central cavity of the ICL1 dimer. By targeting the central 
cavity, we can potentially inhibit ICL1 by altering the dimer structure, which could disrupt 
tetramerization and allosterically reduce catalytic activity. In addition, the central cavity is fairly 
large and deep, making it a desirable drug binding site. Targeting this cavity, rather than the 
conserved catalytic site, has the potential of achieving high specificity and reducing off-target 
side effects. Through this approach we obtained multiple candidates that will be pursued in 
future studies. 
 
 
Introduction 
The World Health Organization estimates that around 1.2 million people die from TB yearly 
(https://www.who.int/news-room/fact-sheets/detail/tuberculosis). TB is currently curable but the 
treatment requires prolonged multidrug antibiotic regimens, and the emergence of drug-resistant 
Mtb strains remain major challenges1. 
 
One potential way to combat TB is to inhibit ICL1 and ICL2, which are necessary for the 
survival of TB in the host, as they jointly mediate the fatty acid catabolism.  Studies have shown 
that inhibiting ICL1 and ICL2 together can completely eliminate TB from mice2. 
 
ICL1 is a protein of 428 amino acids. Two monomers associate to form a bean-shaped dimer, 
with the catalytic site located at the center of each monomer (Fig 1a). Previous structural studies 
have shown that ICL1 often forms a tetramer, made up of two dimers (Fig 1b). These 
observations suggest that the catalytic activity may be dependent on tetramerization, although it 
is not known whether the dimeric form of ICL1 is completely or partially inactive. Besides the 
catalytic site, preliminary work in our lab identified a cavity at the dimer interfaces, which is 
referred to as the central cavity (Fig 1b). 
 
Previous efforts to inhibit ICL1 have largely focused on targeting the active site, of which, many 
were not successful in the long term3. This is because any potential drugs were non-selective, 
raising concerns about toxicity in humans3. Further, any attempts to screen for potential 



compounds was very difficult because of the small size of the ICL1 active site pocket and the 
fact that the active site of ICL1 is polar, not ideal for high-affinity binding of drugs. 
 
Thus, we have decided to target the central cavity of ICL1. Binding of a compound at this site 
can potentially disrupt the dimerization and tetramerization of ICL1. One benefit of targeting the 
central cavity is that it is much larger and more hydrophobic, therefore making it potentially 
more druggable than the active site. The central cavity, according to DogSiteScorer4, is 629.8 Å3 
vs the active site which is 347.8 Å3. DogSiteScorer also found that the druggability of the central 
pocket was 0.8, while the active site only scored 0.27.  We reasoned that compounds that bind to 
the central cavity may inhibit ICL1 by disrupting the tetramerization and/or allosterically altering 
the catalytic site5. Compounds that bind the central cavity could be large enough to physically 
block tetramerization, or possess electrostatic properties that disfavor the packing of two dimers 
into the tetramer.  
 
Since there were no other pockets of sufficient size to target, we decided to proceed with drug 
design for the central cavity under the hope that we would be able to accomplish either of these 
goals. 
 
 
Results 
System setup 
We used the structure of ICL1 from (PDB ID: 1f61) for our simulations6. As mentioned above, 
the ICL1 protein exists as a tetramer formed by two identical copies of the dimer. We decided to 
run docking experiments targeted at the central cavity of ICL1 and molecular dynamics 
simulations using the dimer. We reasoned that the central cavity is located near the dimer 
interface and the tetramer interface, which indicates that large compounds that bind to the central 
cavity of the dimer will very likely block the tetramerization. To be effective at disrupting the 
tetramer format, the compounds must be able to bind stably to the dimer. In addition, it is easier 
to analyze the potential allosteric effects of the compounds on the catalytic site in the dimer.   
 
Figure 1: ICL1 Dimer and Tetramer 

 
a, ICL1 dimer. Active site residues in cyan, central cavity residues in orange. b, ICL1 tetramer. 
Each monomer in own color, active sites are around gray magnesium ions. 



 
To assess druggability of the central cavity, previous work in the Biggin lab used three software 
packages: fpocket, DoGSiteScorer, PockDrug-Server7,8. Each of these packages gave different 
druggability scores and sizes of the pocket, but the consensus across them was that the central 
cavity was larger than the active site pocket and that druggability of the central cavity was, at 
worst, very similar to the active site, but likely much better (Fig 2). The size of the pocket and 
score reported by fpocket tend to deviate from those of the other packages because fpocket often 
splits 1 pocket into multiple smaller sub-pockets. 
 
Figure 2: Druggability of Central Cavity and Active Site 
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Compound selection 
We started with 1,341 compounds from virtual screening and narrowed down to 548 final 
compounds after filtering described in the methods section below (Fig 3). From these compounds 
we selected based upon AEV-PLIG, a machine-learning based scoring function for binding 
affinity prediction, and the pose of the compounds9. For some compounds, in order to maximize 
their docking score, they were bent into unnatural shapes during the docking process, which were 
unlikely to occur naturally since we were quite lenient with the number of rotational bonds 
allowed. Thus, these compounds were discarded. 
 
Figure 3: Compound Filtering Procedure 

 
 
After selecting a final compound, we proceeded to run three replica of 200 ns molecular 
dynamics simulations to visualize and analyze the movement of the compound in the pocket. 
Initially, the compound  has around 3 hydrogen bonds with the protein, which is a sufficient but 
improvable amount for stability. 
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In replicate 1, the compound seems to escape the pocket at around 180 ns, suggesting that the 
binding may not be very stable. But before that, the compound displayed some promising 
features. For a majority of the simulation, the small tail of the compound remained in the pocket 
and the rest of the compound stuck out of the pocket which could potentially physically prevent 
tetramerization. 
 
In replicates 2 and 3, the compound stays in the pocket during the entire trajectory, as indicated 
by the low RMSD value shown in the figure below (Fig 4). In replicate 2, approximately 56% of 
the surface area of the compound was buried in the central cavity from frame 817 until the end of 
the simulation (around 59% of the simulation), which is a positive sign in terms of blocking 
tetramerization. On the other hand, for replicate 3, only a small portion of the compound stuck 
out of the compound. During the entire simulation, over 73% of the surface area of the 
compound was buried in the protein. 
 
One positive aspect is that the ligand’s internal RMSD values were quite low. The RMSD values 
for all 3 reproductions fluctuated around 2 Å which shows that the ligand conformation remains 
stable throughout each of the trajectories. 
 
Figure 4: RMSD Plots 

 
 
 
Analysis of the allosteric network between the central cavity and catalytic site 
We initially hypothesized that the binding of compounds to the central cavity of ICL1 may 
inhibit the catalytic activity through an allosteric effect based on the short distance between the 
two sites. To more rigorously analyze this possibility, we carried out allosteric network analysis 
in the ICL1 dimer using two software packages, TEntropy and MDPath10,11.  
 
TEntroPy uses transfer entropy from molecular dynamics trajectories to calculate information 
flow between residues to indentify communication paths between functional sites. MDPath uses 



correlations in residue φ-ψ angle movements to identify allosteric communication pathways 
through the protein. 
 
Both showed mixed results. For MDPath, one path from the central cavity to the active site had a 
score of 5.06, which was on the fairly lower side of all paths, ranking 378 out of the 500 that 
MDPath saves. For TEntropy, we found that there was transfer entropy between the central 
cavity and active site. However over multiple replicates, the hot spot residues were not 
conserved, suggesting that the indicated relationship may not be very robust.  
 
 
Methods 
Compound selection 
We first used acs2ph4, a custom package written in 
our lab, to convert hot spots from E-FTMap solvent 
mapping analysis into pharmacophore features that 
are compatible with Pharmit12,13 (Fig 5). We selected 
three to five of the 38 pharmacophore features 
generated by acs2ph4 to build each pharmacophore 
models, which was then used to screen against 
ZINC using Pharmit14. We set an exclusive shape 
tolerance of 1.0 on the receptor. Under the “Hit 
Reduction” section we limited maximum hits per 
conformation to 10, maximum hits per molecule to 
1, and no cap on maximum total hits. For hit 
screening, we limited the molecular weight to less 
than or equal to 500 Da. We initially used less than 
or equal to 10 rotational bonds but later lowered it to 
5, LogP less than or equal to 5, maximum polar 
surface area to less than or equal to 140, less than or 
equal to 4 aromatics, less than or equal to 10 
hydrogen bond acceptors, and less than or equal to 5 
hydrogen bond donors.After compounds from 
Pharmit were obtained, we used Smina 
(https://github.com/quantori/scip-smina) to 
minimize the energy of the compounds relative to 
the central cavity. Smina outputs a sdf file with each 
compound and includes an RMSD value for the 
minimized vs unminimized position. Using a 
Jupyter notebook, we removed compounds with a 
docking score (generated by Smina, based on 
AutoDock Vina15) that were greater than -6 kcal/mol and any compounds with an RMSD greater 
than 2 Å. From there, we ran PAINS filters as a part of RDKit (https://github.com/rdkit/rdkit), 
which screen for compounds that are likely to give false positives in biological assays16. To 
further filter, we used PoseBusters to eliminate compounds which are unlikely to occur 
physically due to geometric inconsistencies like incorrect bond angles and internal ligand 

Figure 5: Drug Design Workflow 
  

 



clashes17. This is our final filter, from which we then manually select compounds to proceed 
with. 
 
In order to select which compounds to perform molecular dynamics on, we considered a variety 
of factors. First, whether or not the compounds matched with any halogen hot spots. Since 
Pharmit does not consider halogen pharmacophore models, of which we had already found from 
apo-site pharmacophore modeling using PharmacoNet, we looked at the compounds that we had 
that would match with the halogen hotspots found18. We also clustered all the compounds by 
their Morgan Fingerprint (radius of 2, fpSize of 2048) so we could proceed with compounds that 
represented a large portion of our options19. Finally, we considered predicted binding affinity 
scores from AEV-PLIG and aimed to choose the compounds with the highest scores9,20,21. The 
AEV-PLIG binding affinity scores had a very narrow score range (4 to 6), which might be 
because our compounds are unlikely to dock well or because the training data was not very 
representative. Because of this, we were unsure about how reliable the AEV-PLIG scores were 
but decided to proceed with the top scorers. 
 
Molecular dynamics simulations 
From there, we completed 200 ns molecular dynamics simulations using GROMACS22. We used 
AMBER forcefield 99SB-ILDN for the protein and the microMg forcefield designed by Grotz et 
al. for the magnesium ions in the active site (which AMBER cannot handle), and used H++ to 
generate forcefields for both ICL1 and for the compound of choice23-25. From there we combined 
the topology files. We first solvated the protein in water and added Na+ and Cl- ions to 
neutralize the system. After initial energy minimization, we performed an NVT equilibration, 
where the system was heated to 300K. Next we completed an NPT equilibration. The production 
run was performed under NPT conditions using the Bussi-Donadio-Parrinello thermostat with a 
time step of 2 fs. We used periodic boundary conditions and long-range electrostatics were 
calculated using particle-mesh Ewald summations. We also used a van der Waals cut-off of 1nm.  
 
 
Discussion 
Near the end of the simulation, the compound seemed to be coming out of the pocket. This could 
be for a number of reasons which all would prevent the drug from being effective. One possible 
reason is the hydrophobicity of the central cavity. When one compound we chose was docked in 
the central cavity, a vast majority of its polar components were near the hydrophobic area of the 
pocket. This hydrophobicity mismatch could have pushed the compound out of the pocket.  
 
Another reason could be that the compound is too large. One potential problem with our method 
of inhibition (specifically blocking tetramerization) is that a fine balance needs to be achieved – 
the compound must be big enough to physically block another dimer from binding, but small 
enough that it still fits into the pocket.  
 
To solve either of these problems, more stringent filters on virtual screening might need to be 
placed. If we picked hydrophobic features that aligned more with the hydrophobicity of the 
pocket, it might yield better results. If we lowered the number of rotational bonds or molecular 
weight, it might give us compounds that are smaller and potentially stay in the pocket larger. 
 



After we do further virtual screening and molecular dynamics simulations, we plan to send the 
most promising compounds for experimental validation. 
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