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Abstract 

Dual Specificity Phosphatases (DSPs) are a subject of interest because of their ability as a 

protein tyrosine phosphatase group that can dephosphorylate phospho-tyrosine and phospho-

serine/threonine. While relatively little is understood about them, their regulatory balance has 

been linked to the development of cancers, Alzheimer's disease,  diabetes,  and obesity.  In order 

to rank compounds that bind specifically to a DSP called Slingshot Homolog 2 (SSH2), we use 

the program DOCK6 to test the docking energies for tens of thousands of ligand-protein 

combinations against two other proteins in the SSH family. A previously generated list of the top 

1% of SSH2 binding ligands was found by screening the ZINC database with DOCK6, reducing 

number of possible candidates to 20,000. This top 1% is docked against SSH1 and SSH3 so that 

their binding energies can be compared to that of SSH2, determining which bind well to SSH2 

but poorly to SSH1 and SSH3. Using this method across various DSPs, it is possible to discover 

a compound of medicinal significance. The screening process occurs in silico using models of 

DSP proteins generated in previous PRIME projects [1]. 

Introduction 

The DSP is a subgroup of the type-I cysteine-based Protein Tyrosine Phosphatase (PTP) 

superfamily. This superfamily all share a characteristic, highly conserved catalytic domain which 

contains the sequence HCXXXXXR[2]. In this generalized motif, H is histidine, C is cysteine, R 

is arginine, and X is any amino acid. This group of proteins can be further split into two classes, 

classical PTPs and dual specificity PTPs, our area of interest. While having similar 3D structure, 



the catalytic pocket of DSPs are shallow, but broader than 

those of classical PTPs, a supposed reason as to how DSPs are 

thought to be able to accommodate more than one 

phosphorylated residue [3].  

 The SSH family is composed of 3 known variants, 

SSH1, SSH2, and SSH3, as found in human and mouse 

isoforms. They contain conserved A and B domains, though 

their functions remain unknown, as well as a general motif of 

HCXXGXXR at the active site, possibly including a C-terminal F-actin-binding region[4]. SSH2 

has been of recent interest because of its role as an actin regulator through the phosphorylation of 

actin-depolymerizing factor (ADF) and cofilin [5]. As actin makes up the microfilaments of cells, 

SSH2 plays a large role by indirectly regulating the actin cytoskeletal structure of cells. LIM 

kinases phophorylate the serine 3 on cofilin, reversibly suspending its actin-severing ability 

while SSH phosphatases dephosphorylate the cofilin to balance the effects of the kinases [5]. 

When neurons in the brain undergo stress from peptides like amyloid-β (Aβ) 1–42, over 

expression of SSH prevents the phosphorylation of cofilin, resulting in rod-shaped actin bundles 

[6],[7]. Understanding the role of SSH2 in actin suppression grows increasingly necessary as 

recent efforts have linked Alzheimer’s disease to the ectopic expression of these actin rods and 

cofilin [6].  By finding specific inhibitors of SSH2, dephosphorylation of cofilin can be repressed, 

making headway in finding the cure for Alzeheimer's. When determining a drug candidate, 

specificity is key as other DSPs could be affected due to similar homology. 

The program MODELLER is a 3D modeling software that uses spatial restraints of a 

known template x-ray crystallography or nuclear magnetic resonance (NMR) spectroscopy to 

Figure 1: Classification of PTPs [2] 



generate missing DSP models and refine existing one, allowing for the calculation of the binding 

energies of a ligand database [8]. The DOCK6 program for protein-ligand simulation and scoring 

was used in conjunction with the 3D DSP structures to find inhibitors of SSH2 that show 

significantly less affinity to the homologically similar structures like SSH1 and SSH3. 

Method 

In the experiment, MODELLER and DOCK6 ran on the supercomputer grid, ranking the 

binding affinities of potential inhibitors of SSH1 and SSH3. The grid was made possible by 

PRAGMA, the Pacific Rim Applications and Grid Middleware Assembly. Models generated by 

previous PRIME projects were evaluated and used in the screening process [1]. Based on the 

satisfaction of the spatial restraints through a similar DSP template, in this case SSH2, 

MODELLER employed its homology or comparative modeling method to calculate the 3D 

model for SSH1 and SSH3 [8]. Evaluations of the models have found them to have sound 

stereochemistry and as accurate to the crystallographic 

structures as the template structures if not more so [8]. 

Discrepancies are often due to misalignment of the 

template and a known sequence identity or a template 

structure than simply does not match the correct structure 

[8]. Identifying unstable high energy loops can also be 

identified and refined to reduce the energy of the model 

and stabilizing it [1]. This function on MODELLER is 

called loopmodel, but is basically a localized version of MODELLER, lowering the energy of the 

loop and providing a DOPE energy profile for such refinements. Given such functions, 

MODELLER is a viable solution for generating models to run through DOCK6. Besides loop 

Figure 2: MODELLER scoring different 
orientations through loopmodel [8] 



refinement, the energy minimization tool on the model visual aid and editing program 

CHIMERA was used. This tool includes two algorithms to calculate the energy minimization, 

steepest descent and conjugate gradient. While the steepest descent algorithm proved effective at 

the default 100 steps, we found our models were most stable around 75 steps for conjugate 

gradient. The accuracy of our models were verified with the multi-purpose online structure 

validation program, MolProbity.  

If the model structures differ from known x-ray crystallography structures, new models 

can be recalculated on MODELLER with more careful alignment. The models used for SSH1 

and SSH3 were actually remodeled entirely as the previous models had loops too large to be 

fixed by loopmodel. Taking the top scoring 1% of SSH2 

inhibitors found by screening the ZINC database, we 

began running DOCK6 on the clusters using two 

methods of scoring. The fast method, Grid Based 

Energy Screening, takes into account Van der Waals 

and electrostatic forces, but treats both the receptor and 

the ligand as frozen entities [9]. The AMBER scoring 

method results in more precise scoring due to simulated 

“induced fit” of the function, in other words, the 

program takes into account the changing geometry of the ligand during interaction at the expense 

of more computing time [9]. The summation of the Grid score and the AMBER score were used 

to determine the final consensus ranking of the best inhibitors of SSH1 and SSH3. Going back to 

compare between previously ranked potential inhibitors of SSH2 ascertained which ligands 

proved the most protein specific.  

Figure 3:Typical setup of Grid Based 
scoring. The blue target is SSH3. The red 
spheres define the atom points and the 
volume of the active site. The ligand (not 
shown) will be docked and scored using 
the grey box, also called the grid. 



Further Information 

DOCK6 uses 3D protein models, orienting and docking ligands into the active site [9]. 

After finding the best protein-ligand fit, DOCK6 scores the binding energy and continues the 

process for the rest of the top ranking SSH2 inhibitors. While not the most exact calculation of 

binding free energy, DOCK6 ranks the compound library with respect to each other [9]. The loss 

of accuracy is excusable because the goal is to rank the likeliest compounds for binding 

specificity. Also, this significantly reduces the time to calculate the scores. Even so, screening 

tens of thousands of compounds would be overtaxing for a single computational unit. As a result, 

using the PRAGMA grid of networked supercomputers allows for parallel computing, reducing 

the calculation time by many times over. Approximately 20,000 ligands were distributed among 

176 slices for job submission to Osaka University's Milk Cluster, which housed around 9 nodes 

for a total of 136 processors. 

All the MODELLER and DOCK jobs were sent to the grid through the Opal OP 

application wrapper. Local scripts for loopmodel, Grid based docking, and AMBER based 

docking were already written by previous PRIME students. This year, scripts were written to sort 

through the results folders and package them into manageable tar files. Other scripts included an 

AMBER error handler and a installation script for all our necessary programs. 

The whole project fit within the span of 9 weeks, with the average job time for DOCK 

preparation being 2 days, assuming the model was loop refined. If no errors occurred, grid based 

scoring averaged 4-5 days while AMBER calculation took around 1-2 weeks. Variability 

occurred from shared usage of the supercomputer grid and changing complexities of compound 

structure, making it hard to pinpoint how long a given job would take. Most of the time went into 

straightening out various errors as the cluster would often drop jobs or perform slowly. One 



cause that was pinpointed retrospectively was that Apache Tomcat server was designed to only 

have one job submission at a time. Trying to balance between three jobs per cluster lead to 

slowdowns and failed starts. AMBER also proved to have numerous errors as many protein-

ligand combinations proved incompatible with AMBER and would have to be skipped. Overall, 

we found the limiting factor to the speed of the experiment to be the number of nodes available 

as only the Milk Cluster was fast enough for the heavy calculations required. 

Conclusions 

Over the course of the experiment, the priority proteins of SSH1 and SSH3 were 

successfully docked for both Grid based scoring and AMBER scoring. DSP21 and PRL2 have 

been Grid docked only while DSP19 is in the process of AMBER scoring. While it was 

important to find a compound specific for SSH2 against all the DSPs, we focused on SSH1 and 

SSH3 as they are the most homologically similar. In future studies, it would be important to 

verify specificity against other DSPs, targeting for either SSH2 specific inhibitors or perhaps 

specific to the entire SSH family. 

 

 

 

 

 

 

 

 
Table 1:Ranking of SSH2 inhibitors and their differences for various DSPs.  



In the table of results, the three highlighted compounds of interest were ZINC05260817 

(Ranked 1st for SSH2), ZINC02384698 (Ranked 4th for SSH2), and ZINC03869935 (Ranked 6th 

for SSH2). These were noted for their high specificity while maintaining a high rank for SSH2. 

For compounds past 7, energy scores dropped significantly, so we focused more on the high 

ranking compounds. It is likely, however, that as more DSPs are added to the list, these 

compounds will become less and less viable as drug candidates. Still, the information is progress 

in the right direction. 

When comparing our results to similar studies, further information can be gleaned. In the 

screening of highest ranked inhibitors of SSH-2 against the DSP VH-1 done by Pham et al, the 

results show that ZINC03869935 (Ranked 6th for SSH2) does not actually show as much 

specificty in relation to other compounds. ZINC02384698 (Ranked 4th for SSH2) actually shows 

more promise, but again, when compared to other compounds like ZINC06815633, (Ranked 14th 

for SSH2) the difference becomes marginal. In 

general, the top ranked SSH-2 inhibitors tended 

to be smaller and showed less specificity due to 

their similar molecular motifs [10]. High ranking 

compound, 2-amino-3-phosphonooxy-propanoic 

acid (ZINC06815633) listed at 14th based on the 

energy score rankings and showed the highest 

specificity because of its carboxyl end and the 

strong H-bonds that held its end to the activation site [10]. While its binding affinity for SSH2 is 

certainly lower, its specificity looks sufficient enough to compensate. In our own screenings, the 

trend remained the same for DSP21 and DSP19, though they lacked a proper AMBER screening. 

Table 2: Comparing Consensus Ranking Between 
Screenings of SSH-2 and VH-1 [10] 



It should be noted that  ZINC06815633 (Ranked 14th for SSH2) remained fairly high ranked for 

SSH1 and SSH3. While this does not represent the SSH2 specific inhibitor that we originally 

sought, it could still be of importance as the members of the SSH family are so similar, that they 

play congruous roles in their effects on cofilin. Other DSPs must be AMBER docked before 

determining which compounds are best to be tested in wet lab as none of the data means 

anything until it has been proven in vitro. In conclusion, there are many more steps to be taken 

before we find a solid cure for Alzeheimer's disease, but the more knowledge we attain, the 

better our chances become.   
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