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Abstract

Protein  tyrosine phosphatase 1B (PTP1B) is  a potential  drug target  for diabetes and obesity.  However,

designing PTP1B inhibitors that combine potency and bioavailability is a great challenge and new leads are

needed to  circumvent  this  problem.  Virtual  screening  (VS)  workflows can  be  used  to  find  new PTP1B

inhibitors  with  little  chemical  similarity  to  existing  ones.  Unfortunately,  previous  VS  workflows  for  the

identification of PTP1B inhibitors have several limitations, such as a small number of experimentally tested

compounds and the low bioactivity of those compounds. We developed a VS workflow capable of identifying

15 structurally diverse PTP1B inhibitors from 20 compounds whose bioactivity was tested in vitro. Moreover,

we have identified the two PTP1B inhibitors with the highest bioactivity reported by any VS (i.e. IC50 values of

1.4 and 2.1 μM), which can potentially be used as new lead compounds.



1. Introduction

Diabetes mellitus and obesity have become major public health problems in today’s society, affecting more

than 9%[1] and 13%[2] of the adult population worldwide, respectively. The combination of a sedentary lifestyle

and  an  unbalanced  diet  promotes  the  development  of  obesity  because  it  increases  lipid  storage  and

encourages the expansion of adipose tissue and the progressive loss of leptin sensitivity. [3] This triggers the

secretion of cytokines, which ultimately results in a systemic inflammation driven by the immune response. [4,5]

This inflammation can result in increased insulin resistance, [6,7] decreased insulin secretion by the pancreatic

islets[8], and the increased permeability of the vascular endothelium, [3] favoring the development of type 2

diabetes mellitus (T2DM)[9,10] and cardiovascular disease (CVD).[11] Moreover, the higher waist circumference

of obese patients is thought to be related to elevated blood pressure and risk of CVD. [12] Elevated waist

circumference  as  a  measure  of  central  obesity,  elevated  blood  pressure,  atherogenic  dyslipidemia  (i.e.

elevated TAG and lowered HDL cholesterol) and raised fasting glucose levels (as an outcome of increased

insulin resistance and decreased insulin secretion) constitute a cluster of cardiovascular risk factors that

define metabolic syndrome, which in turn confers a 5-fold increase of risk for T2DM. [13] All the cardiovascular

risk factors involved in metabolic syndrome are part of a wide range of diseases that should not be treated

separately, but recognized as components of a greater single disease.[14]

Protein tyrosine phosphatase 1B (PTP1B) is a phosphatase whose increased activity and expression are

associated with resistance to the hormones insulin[15] and leptin.[16,17] PTP1B acts at several stages of the

insulin  and  leptin  signaling  pathways.[18] In  the  insulin  signaling  pathway,  PTP1B dephosphorylates  the

insulin receptor,  thus diminishing insulin action.  It  also dephosphorylates IRS1/2,  inhibiting insulin signal

transduction.[19,20] As a result, both the Akt/PKB pathway and the Ras-MAPK pathway are affected. In the

leptin signaling pathway, PTP1B dephosphorylates JAK2, altering the JAK-STAT pathway and therefore

inhibiting the anorexigenic action of leptin in the hypothalamus, resulting in an increase in food intake and a

decrease in energy expenditure.[21,22] Consequently, PTP1B inhibition has emerged as a promising strategy

for the treatment of diabetes and obesity.[23,24]

Over the last two decades, different classes of PTP1B inhibitors have been identified through rational drug

design.[25] However, achieving a compromise between the activity and pharmacokinetics of PTP1B inhibitors

has proved a major challenge in medicinal chemistry due to the characteristics of the PTP1B binding site.

The  combination  of  the  backbone  amide  protons  of  the  P-loop  (defined  by  residues  214  to  221  with

HCSAGIGR sequence) and the basic  nature of  the Arg221 side chain  create a highly  positive-charged

environment that has a preference for ligands with highly acidic groups (see Figure 1). VS workflows capable

of further exploring the chemical space by identifying new chemical entities with diverse structures may

prove useful in the pursuit of molecules that show potential for use as new lead compounds for the design of

PTP1B inhibitors with a good balance between potency and bioavailability. To date, several VS workflows

have been developed for the purpose of discovering novel PTP1B inhibitors. [26-33] Despite their success in

identifying PTP1B inhibitors, they often present drawbacks such as few [31-33] or no compounds[26,27,29] tested in

vitro, low  percentages  of  active  compounds[28,30] and  relatively  low  activity  values  of  the  identified

inhibitors[28,30,33] (see Table 1).



Therefore, the aim of this study was to design a new VS methodology and validate it by means of the in vitro

testing of a structurally diverse set of compounds, which addresses the need to find new PTP1B inhibitors

with increased potency that can be used as lead compounds in the search for new PTP1B inhibitors.

Figure 1. Representation of the crystal  structure  with PDB[34,35] code 1Q6M[36] showing the P-loop residues of PTP1B and the co-

crystallized ligand. The ligand and the P-loop residues are shown in sticks and the molecular surface of the P-loop residues has been

represented and colored according to their Poisson-Boltzmann electrostatic potentials from red (negative) to blue (positive), where

potentials range from -50.0 to 50.0. This figure was obtained with Maestro[37] v10.7.

Table 1. Summary of the manuscripts that have been published containing VSs for PTP1B inhibitors. The first column contains the

authors and the reference to the manuscript; the second column contains the number of compounds tested in vitro; the third column

contains the number of PTP1B inhibitors identified by the  in vitro assay; the fourth column contains the number of PTP1B inhibitors

identified whose activity was found in the 1-10 μM range.

VS
Compounds 
tested in vitro

Compounds with
PTP1B activity

Compounds with activity in
the 1-10 μM range

Floriano et al.[25] 0 - -

Bharatham et al.[26] 0 - -

Park et al.[27] 225 62 0

Rao et al.[28] 0 - -

Reddy et al.[29] 43 4 0

Ma et al.[30] 8 8 2

Balaramnavar et al.[31] 10 10 2

Chandra et al.[32] 5 5 0

Present study 20 15 2

Arg221

His214

Cys215

Ser216

Ala217

Gly218

Ile219

Gly220



2. Results and Discussion

We  have  developed  a  VS  workflow  capable  of  identifying  PTP1B  inhibitors  from  a  given  library  of

compounds. The workflow consists of a series of successive filters, namely a molecular weight (MW) filter, a

random  forest  (RF)  model  based  on  fingerprints,  protein-ligand  docking  and  an  electrostatic  similarity

analysis, in which the output molecules of each filter were the input of the next one ( i.e. those molecules that

do not accomplish one filter are eliminated for subsequent filters; see Figure 2). The performances of the RF

model and the electrostatic similarity analysis were validated in silico with two different sets of actives and

decoys. Finally, a library of 212,672 compounds obtained from the Specs[38] company was screened for the

purpose of validating the VS protocol  in vitro by finding new PTP1B inhibitors with previously undescribed

scaffolds for such bioactivity.

2.1. MW filter

In the first VS step, the Specs library was filtered according to MW in order to discard molecules that were

considered either too small or too large to fit on the PTP1B binding site. In order to determine the specific

molecular weight range, all inhibitors of human PTP1B with an average pX bioactivity greater than or equal

to 4 were obtained from Reaxys[39] (a total of 6,091 molecules) and the distribution of their MW was plotted

(see Figure S1). Using the MW of these known actives as a reference, molecules with a MW lower than 200

Da and higher  than 900  Da were  removed from the  library,  leaving 65,223  remaining compounds and

discarding about 70% of the initial compounds (see Figure 2). Although no validation was performed for this

step,  the  rapid  exclusion of  compounds from the scope of  the VS justifies the  use  of  this  filter  at  the

beginning of the workflow.

Figure 2.  Diagram of the virtual screening indicating the different filters used and the number of compounds that overcome each of

them.

Workflow steps
Number of 

compounds

Starting library 212,672

MW filter 65,223

Random Forests 30,838

Docking 11,429

Electrostatic
similarity  analysis

717

Activity assay 20



2.2. RF model

Next,  an RF model  based on circular  fingerprints  (FPs) was developed in  order  to  rapidly  rule  out  the

compounds least likely to be active. Circular FPs (also known as Morgan FPs because they are based on

the Morgan algorithm) record the environment of each atom in the molecule up to a determined radius. [40] As

hashed topological fingerprints, they have the advantage of being built around each molecule; therefore, any

molecule can produce a meaningful FP. Despite the drawback that FP bits do not relate to the presence or

absence of a particular substructure, since the RF model from these FPs was developed for the specific

purpose of enriching the library in actives, circular FPs have been used to develop the model as they are one

of the highest ranked FPs in terms of FP performance.[40] 

As a supervised machine learning algorithm based on fingerprints, in this RF model, FP bits are related to

bioactivity and the output probabilities are a function of the presence of important structural characteristics

for the bioactivity of known actives. Therefore, the model  should be capable of identifying molecules with

similar  structural  characteristics  to  known  actives,  but  with  different  overall  structures,  recognizing

compounds that present crucial features for activity as compounds with a high probability of being active and

vice versa. Because the RF model is not  the last  step of  the VS workflow (see Figure 2),  compounds

presenting a probability of  being active of less than 20% were excluded. For this threshold,  in a cross-

validation using actives and decoys, the RF model performed with average precision and sensitivity values of

94.1% and 98.7% (see Table 2 for performance details). Despite this relatively low threshold, about 50% of

the compounds from the Specs library that passed the MW filter were discarded and 30,838 compounds

remained (see Figure 2). Therefore, the development of this predictive model allowed us to quickly dismiss a

large number of molecules with low probabilities of inhibiting PTP1B due to the low computational cost of FP

calculation and machine learning, thus proving a good filtering option for application at early stages of the VS

workflow.

Table 2. Statistical parameters of the RF model cross-validation. The values correspond to the means of the 5-fold cross-validation for

each parameter.

Sensitivity Specificity Precision Fall-out
False

Negative
Rate

False
Discovery

Rate
Accuracy F1 Score

Matthews
Correlation
Coefficient

5-fold cross-

validation mean
0.9875 0.9379 0.9408 0.0621 0.0125 0.0592 0.9627 0.9636 0.9265

2.3. Protein-ligand docking

The compounds resulting from the RF filter were docked onto the binding site of PTP1B using the protein

from the crystal  structure with  PDB[34,35] code 1Q6M.[36] It  has previously  been reported that  the use of

pharmacophoric constraints during docking (i.e. a polar interaction with Arg221 and at least one interaction

with the backbone amides of the residues of the P-loop) contributes to an increase in VS enrichment when



searching  for  PTP1B inhibitors.[41] Thus,  with  this  idea  in  mind,  the  ligand  interactions  with  the  P-loop

residues were analyzed for the crystal structures containing the most potent PTP1B inhibitors (see Table 3).

In this analysis, a series of hydrogen bond interactions were identified to be common among most of these

inhibitors and, therefore, the protein atoms involved in these interactions were used to set hydrogen bond

constraints  during  the  protein-ligand  docking.  A  total  of  6  protein  residues  were  used  to  define  these

hydrogen bond constraints (see the Grid generation section for more details). Since the next step of the VS

is a 3D-based similarity analysis with actives, hydrogen bond constraints are also helpful in orienting each

molecule at the binding site and dismissing the molecules that are unable to form hydrogen bond interactions

with the P-loop. These molecules are not of interest to us because their binding mode would be different to

that of the molecules used as a reference in the subsequent electrostatic similarity analysis.

Table 3. Summary of the interactions between crystallized PTP1B inhibitors with an IC50 or Ki lower than or equal to 100 nM and their

target.  Data was obtained from the LigPlot[42] and PoseView[43] diagrams in  the PDBsum[44] and PDB[34,35] databases.  Non-bonded

contacts are indicated with check marks and hydrogen bonds are indicated with the PDB [34,35] label of the protein atom that is involved in

the  interaction.  The  crystallized  ligands  of  these  protein-ligand  complexes  were  used  as  a  reference  to  perform  electrostatic

comparisons. The ligands of all 14 protein-ligand complexes were used to perform 14 separate validations (see Figure S2), but only the

ligands of the 11 underlined protein-ligand complexes were selected as queries for the electrostatic similarity analysis.

1Q6J 1Q6M 1Q6N 1Q6P 1Q6S 1Q6T 2FJN 2QBP 2QBQ 2VEU 2VEW 2VEY 2ZMM 2ZN7

His214 - - - - - - - - - - - - - -

Cys215 SG ✓ SG SG SG SG SG ✓ ✓ , ✓ SG ✓ ✓ ✓ ✓

Ser216 N N N N N N N ✓ ✓ N N N ✓ ✓

Ala217 , ✓ N , ✓ N , ✓ N , ✓ N , ✓ N , ✓ N , ✓ N ✓ ✓ , ✓ N , ✓ N , ✓ N ✓ ✓

Gly218 - - - - - - - - - - - - - -

Ile219 , ✓ N , ✓ N , ✓ N , ✓ N , ✓ N , ✓ N , ✓ N - - , ✓ N N , ✓ N ✓ ✓

Gly220 N N N N N N N - ✓ N N N ✓ ✓

Arg221
N, NE,
NH2

N, NE,
NH2

N, NE,
NH2

N, NE,
NH2

N, NE,
NH1

N, NE,
NH2

N, NE,
NH2

N, NE N, NE
N, NE,
NH2

N, NE
N, NE,
NH2

N, NE N, NE

Although this docking step allows us to discard compounds that would not fit in the binding site as well as

those that would not be capable of establishing hydrogen bonds with the P-loop residues, it is not considered

a filter per se, included to increase enrichment in actives, but instead it is considered a means of generating

hypotheses on how each compound may bind to the binding site. Therefore, no validation was performed for

this step of the VS. After applying this filter to the remaining compounds from the Specs library, 114,823

docked poses corresponding to 11,429 compounds survived this step (see Figure 2).

2.4. Electrostatic similarity analysis

Once  the  docked  poses  were  obtained,  an  electrostatic  similarity  analysis  was  performed  in  order  to

compare the electrostatic potential of the 114,823 docked poses for the remaining 11,429 molecules to those

of  the  experimental  poses  for  potent  PTP1B  inhibitors  (see  Figure 2).  Thus, 11 crystallized  complexes



Figure 3.  Histogram representation of the highest electrostatic Tanimoto (i.e. EON_ET_pb) values obtained in the comparison of the

validation set to all queries. Panel A shows the histogram for the actives in the validation set. Actives with a pX lower than 4 are in red,

actives with a pX from 4 to 7 are in blue and actives with a pX higher than 7 are in green. Panel B shows the histogram for the decoys in

the validation set. The EON_ET_pb cutoff of 0.4 is represented as a red line.

between PTP1B and PTP1B inhibitors with IC50 or Ki activity values between 1 and 100 nM were superposed

to the crystal structure with PDB[34,35] code 1Q6M[36] (the same PDB[34,35] structure that was used during the

protein-ligand docking step of the VS) and used as a reference for the electrostatic comparison (see Table

3). Comparing the superposed experimental poses directly with the 114,823 docked poses of the 11,429

compounds allows us to overcome the limitations of docking scoring functions by selecting the most reliable

docking pose for each compound  based on its similarity  to the known binding mode of an active compound.
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To validate the use of these co-crystallized PTP1B inhibitors as reference compounds for the electrostatic

potential comparison in silico, a validation set of 1,424 actives and 1,500 decoys was prepared and docked

to  1Q6M[36] in  the  same  conditions  as  the  library  compounds  and  compared  with  the  set  of  the  11

experimental poses (see Table 3) in order to obtain the electrostatic Tanimoto (i.e. EON_ET_pb) coefficients

of  the  docked  poses  for  actives  and  decoys  from  the  validation  set  for  each  comparison.  Once  the

EON_ET_pb values were computed for each molecule, only the docked pose that presented the highest

EON_ET_pb  value  regardless  of  the  reference  compound  used  for  the  comparison  was  kept.  After

discarding all other docking poses, histograms of the electrostatic Tanimoto coefficients for the actives and

the decoys in the validation set were plotted, separating the actives into 3 groups depending on whether their

bioactivity had a pX value lower than 4, between 4 and 7 or higher than 7 (see Figure 3). As Figure 3 shows,

applying an electrostatic Tanimoto (i.e. EON_ET_pb) cutoff of 0.4 to the validation set allowed us to discard

1,436 decoys (96% of the initial decoys) and retain 739 actives (52% of the initial actives).  Therefore, this

cutoff was applied to our compound library after performing the same electrostatic potential comparison in

order to enrich it with active molecules, leaving 717 remaining compounds (see Figure 2).

Figure 4. 2D structures of the 20 hit compounds. Each compound is identified with its Specs ID number. MarvinSketch [45] was used to

draw the structures. The protonation state of each compound corresponds to the protonation state of the docked pose selected for that

compound.

1 (AG-205/07930063) 2 (AM-807/41462317) 3 (AI-204/43362778) 4 (AG-690/11836029) 5 (AF-399/15030257)

6 (AF-399/15285024) 7 (AK-968/41025519) 8 (AG-690/40107322) 9 (AJ-077/33270018) 10 (AH-487/41936905)

11 (AE-641/42119771) 12 (AK-968/15361893) 13 (AG-205/37175018) 14 (AF-886/30566062) 15 (AG-205/37169028)

16 (AK-968/11197127) 17 (AF-962/02757026) 18 (AM-879/12634007) 19 (AG-690/36826026) 20 (AK-968/37202023)
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2.5. Clustering and hit selection

After having computed their  EON_ET_pb similarities with experimental poses and applied the cutoff,  the

resulting 717 hit molecules were clustered using the HDBSCAN[46] algorithm together with the 1,424 active

compounds used in the validation of the electrostatic similarity filter. Thus, hit compounds that were grouped

in the same cluster as known active compounds were excluded. Clusters that contained only hit molecules

were identified and the molecule with the highest EON_ET_pb value for one of the 11 experimental poses

was selected from each cluster. The selected molecules were sorted according to electrostatic similarity and

were visually  inspected to  examine the diversity  of  their  structures.  Finally,  the top 20 molecules were

selected for  activity  tests  (see Figure 4).  Figure 5 shows their  structural  diversity  in a fingerprint-based

dendogram.  This  allowed  us  to  identify  the  molecules  that  had  similar  electrostatic  potential  to  active

compounds, but with a different structure. These molecules may present similar chemical properties to those

of active compounds and may thus be able to establish similar interactions with the protein environment,

despite their low structural similarity to known PTP1B inhibitors (see Figure S3).

Figure 5.  Dendogram based on fingerprints showing the structural  diversity of the 20 hit  compounds. The FP used to obtain the

distance matrix was the OpenEyePath FP. iTOL[47] was used to draw the dendogram.

2.6. Activity assays and comparison with other VS looking for PTP1B-inhibitors

The 20 hit compounds were purchased from the Specs [38] company. Figure S4 shows the LC-UV/Vis and Q-

TOF spectra and each compound. This data was obtained at the  Center for Omic Sciences (COS, Reus,

Catalonia) and shows that all compounds have a purity above 95.0% (see Table S1) except for compounds

13 (87.96%) and 17 (93.56%). The PTP1B inhibitory activity of these 20 hit compounds was analyzed in vitro

at concentrations of 100 μM and 10 μM (see Table 4). Fifteen of the 20 hit compounds (2, 3, 4, 5, 6, 7, 9, 10,

12, 13, 14, 15, 18, 19 and 20) showed PTP1B inhibition at a concentration of 100 μM. Although compounds

2, 3, 4, 6, 9, 10, 12, 13, 14, 15, 18, 19 and 20 displayed reduced or no inhibition at the concentration of 10

μM, interestingly, compounds 5 (with a purity of 97.77%) and 7 (with a purity of 99.64%) displayed complete

inhibition of the enzyme at both concentrations and were selected for IC50 determination (see Table 4).

Compound 8 was not selected because it inhibited the enzyme at the concentration of 10 μM, but not at the
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concentration of 100 μM. The IC50 values of compound 5 and compound 7 were 1.4 and 2.1 μM, respectively

(see Table 4). 

To our knowledge, these compounds represent the highest inhibitory potency for PTP1B obtained by any VS

method. Moreover, although previous VS protocols[31,32] have also obtained PTP1B inhibitors with activity

values in the low μM range, they were similar in structure. For example, Ma et al.[31] reported two inhibitors

(labeled 6 and 4 by the authors) with IC50 values of 4.2 and 4.5 μM, respectively, but the compounds were

structurally similar to one another and to previously identified PTP1B inhibitors (see Figure S5). Moreover,

Balaramnavar et al.[32] reported two other inhibitors (labeled 115 and 116 by the authors) with IC50 values of

7.5 and 8.3 μM, respectively, that share the same core structure and a different aryl sulfonyl substituent (see

Figure S6). In contrast, the PTP1B inhibitors obtained in this work are more potent than those found by Ma

et al.[31] or Balaramnavar et al.,[32] and they are structurally diverse and different from previously described

PTP1B inhibitors (see Figure 5). Remarkably, 15 of the 20 compounds tested show bioactivity as PTP1B

inhibitors.  Therefore,  this  method  offers  unprecedented  performance  when  using  VS  for  exploring  the

chemical space in pursuit of new scaffolds with PTP1B inhibitory activity.

Table 4. Results of the activity assays performed on the 20 hit compounds showing the percentages of inhibition at the substrate

concentrations of 100  μM and 10  μM and the IC50 values of compounds  5 and  7 in  μM. ND refers to “not determined”. a  Negative

inhibition values were considered as 0% inhibition. b Inhibition values higher than 100% were considered as 100% inhibition. c Suramin

was used as a positive control. The experimental data used to calculate the IC50 values in this table can be found in Figure S7.

Compound
PTP1B inhibition (%)

PTP1B IC50 (μM)
100 μM 10 μM

1 0a 0a ND

2 12 0 ND

3 27 0a ND

4 44 0a ND

5 100b 100b 1.4

6 5 0a ND

7 100b 100b 2.1

8 0a 77 ND

9 29 4 ND

10 72 11 ND

11 0a 0a ND

12 37 0a ND

13 27 3 ND

14 89 0a ND

15 26 0a ND

16 0a 0a ND

17 0a 0a ND

18 16 0a ND

19 57 42 ND

20 40 0a ND

Suraminc 90 93 ND



2.7. Performance of our VS workflow on compounds identified by other VSs

We have analyzed how our VS workflow acts on the hit compounds identified by previous PTP1B VSs (see

Table 1). At this point, it is worth remarking that although the bioactivity of a total of 291 compounds was

assayed in these studies, no data is available on the 2D structure for: (a) the false positive compounds; and

(b) 53 out of the 62 actives identified by Park et al.[28] Thus, we can only describe the performance for 36

PTP1B inhibitors from Table 1:

• Park  et al.[28]:  out of the 9 compounds with reported PTP1B inhibitory activity available from this

study, 5 of them were identified as hits by our VS methodology ( i.e., compounds 1, 3,  4, 8 and 9).

Compounds  5 and  6 from this study were discarded in the protein-ligand docking step of our VS

workflow because no docked poses were able to fulfill the hydrogen bond constraints specified in the

protein-ligand docking step. This could be explained by the fact that hydrogen bond acceptors in

both compounds are surrounded by bulky groups which may prevent them from interacting with the

hydrogen bond donors of the P-loop. Compounds 2 and 7, on the other hand, fulfilled the docking

constraints, but their docked poses showed low electrostatic similarity with the co-crystallized ligands

used as queries and, therefore, they were discarded.

• Reddy  et al.[30]: out of the 4 compounds with reported PTP1B inhibitory activity in this study, 3 of

them were identified as hits by our VS methodology ( i.e., compounds  AU-247,  AU-2525 and  AU-

2439). Compound AU-008 was the only one that the VS was not able to predict as active and it was

discarded by the RF model, possibly due to its low structural similarity with known PTP1B inhibitors.

• Ma et al.[31]: out of the 8 compounds with reported PTP1B inhibitory activity in this study, only 1 of

them was identified as a hit by our VS methodology (i.e., compound 5). Compounds 1 and 2 were

discarded by the RF model and compounds  3,  4,  6,  7 and  8 fulfilled the docking constraints but

displayed  an  electrostatic  similarity  value  lower  than  the  defined  cutoff  value.  As  these  five

compounds  present high structural similarity, it is no surprise that all of them are discarded for the

same reason. Compound 5 (the only hit from Ma et al. that succeed in our VS workflow) is a special

case in the sense that, despite its structural similarity with compounds 3, 4, 6, 7 and 8, it is the only

compound in that study that has a -COOH group which is not only able to fulfill the protein-ligand

docking constraints but also provides a negative environment close to the P-loop residues that is

similar to the one provided by the co-crystallized compounds used as queries during the electrostatic

comparison.

• Balaramnavar et al.[32]: out of the 10 compounds with reported PTP1B inhibitory activity in this study,

only 1 of them was identified as a hit by our VS methodology ( i.e., compound 117). Compounds 116

and 117 reported by this work were the only ones able to fulfill our protein-ligand docking constraints

due to the presence of a -NO2 group and a -COOH group, respectively at their variable substructure.

Interestingly, the protein-ligand docking results obtained by Balaramnavar  et al.[32] suggest that all



ten compounds used the hydroxyl group present in the substructure shared by all of them to act as a

hydrogen bond acceptor of the protein donors located at the P-loop. In contrast, no pose for any of

these 10 compounds in our protein-ligand protocol was able to use this hydroxyl group to make

hydrogen bonds with the P-loop residues. Moreover, using our protocol with the same PDB structure

that Balaramnavar et al.[32] used (i.e., 1AAX[48]) also gave no docked poses with the hydroxyl group

accepting protons from the P-loop and only docked poses for compounds 116 and 117 were again

obtained. Therefore, such strong differences between protein-ligand docking results could be the

result of differences in how the programs used to perform this step consider the steric hindrance

between protein binding site and ligand (which would allow certain poses for one program that are

forbidden for another one). Finally, only compound 117 surpassed the electrostatic similarity filter.

This is surely the consequence of using query ligands at this step with negatively charged groups to

interact with the P-loop (as compound 117 does with its -COOH substituent in the docked pose we

obtained).

• Chandra et al.[33]: out of the 5 compounds with reported PTP1B inhibitory activity in this study, 3 of

them were identified as hits by our VS methodology ( i.e., compounds SB01794SC, JFD02789 and

JFD03705). Compounds BTB12807 and JFD02644 were discarded in the last step of the workflow

as they did not show enough electrostatic similarity with the reference compounds.

Overall, our VS workflow is able to identify 13 out of the 36 compounds identified by other VS methodologies

as PTP1B inhibitors. From the 23 discarded molecules, 3 and 10 of them are eliminated by the RF and the

electrostatic  similarity  filters,  respectively.  Remarkably,  the  protein-ligand  docking  step  (that  was  not

specifically designed as a filter and whose aim was to orient each molecule at the binding site and dismiss

those that were unable to form hydrogen bond interactions with the P-loop) also discarded 10 compounds.

However, as mentioned above, this could be related to differences in how the programs consider the steric

hindrance between the protein binding site and the corresponding ligand, as 8 of these compounds shared

the same substructure that is expected to hydrogen bond to the P-loop .[32]

3. Conclusions

Due  to  the  lack  of  PTP1B inhibitors  presenting  both  a  good  activity  and  pharmacokinetic  profile,  new

candidate compounds presenting PTP1B inhibitory activity through novel structures need to be identified for

use as lead compounds. Despite previous efforts, over the last  two decades very few PTP1B inhibitors

resulting from VS have been reported. Our VS methodology demonstrates the potential of VS workflows

because  it  was  able  to:  a) find  15  compounds  capable  of  inhibiting  PTP1B  at  100  μM  (75%  of  the

compounds experimentally tested); b) find 2 PTP1B inhibitors with an IC50 value in the 1-10 μM range; c) find

PTP1B inhibitors with structural diversity; and d) find PTP1B inhibitors whose structure is not similar to that

of known actives. Although further pharmacokinetic studies are required, this VS workflow has discovered

several novel compounds capable of inhibiting PTP1B and has shown its potential for identifying more potent



and structurally diverse molecules which could be used as lead compounds for the treatment of diabetes and

obesity.

Nevertheless, although a good proportion of the tested compounds have been found to be active in this

study, their activity values are not as high as those described in several structure-activity relationship studies .
[36,49] Keeping in mind that: (a) the percentages of PTP1B inhibition of the 20 hits show poor or no correlation

with either the docking score or the  electrostatic Tanimoto (see Figure S8); and  (b) the required protein-

ligand interactions were the establishment of at least one hydrogen bond with one of the residues of the P-

loop and the implicit presence of a negative charge in that region, these results suggest that it would be

necessary to consider further interactions within the binding site to achieve higher inhibitory potency during a

VS workflow. For instance, Padney et al.[50] developed and validated different 3D-QSAR models from a set of

peptidomimetic competitive inhibitors and concluded that: (a) hydrogen bonding with the carboxylate group of

Asp48 is an important interaction for PTP1B inhibitor activity; and  (b) the inclusion of steric bulks in the

region around Phe182 are detrimental factors for PTP1B inhibitory activity. In another study, Gupta  et al.

[51] remarked the importance of hydrogen bonding with the side chain oxygen of Gln262 by comparing the

binding pose of compound 5b obtained in that study to the binding poses of the corresponding acetamide

derivatives  and  their  respective  bioactivities.  Moreover,  the  same study  shows  the  key  role  played  by

Asp181, Ser216 and Arg221 in the anchorage of compound 5b to the active site. From our docking studies,

we observed that most of our compounds did not perform further hydrogen bonding interactions apart from

those required with the residues of the P-loop (see Figure S9).  Interestingly,  the compounds with more

activity identified in our study are the only ones capable of performing an additional π-π interaction with

Tyr46  in  the  active  site  (i.e.,  compounds  5 and  7;  see  Figure  S9)  which,  together  with  a  second π-π

interaction with Phe182, has been reported to be present in other complexes between PTP1B and potent

inhibitors.[51,52] Moreover, the requirement of an interaction with secondary binding site residues like Arg24

and Arg254 would contribute to the selectivity of the VS hits over  the highly homologous T-cell  protein

tyrosine phosphatase (TCPTP).[48,51,53] Thus, this indicates that there is still room for improvement in our VS

protocol as seeking interactions with other residues in the PTP1B binding site may result in the identification

of PTP1B inhibitors with higher potency and selectivity.

4. Experimental section

4.1. RF model

In order to prepare the molecules for the application of the RF model, ChemAxon’s Standardizer [54] was used

to generate canonical representations of each molecule and Morgan fingerprints of radius 2 were calculated

with RDKit.[55] The RF model was built and validated with a set of 4,693 actives and 4,676 decoys using the

Python  package  Scikit-learn[56] v0.17.  The  actives  were  obtained  from  ChEMBL[57] and  Reaxys[39] and

correspond to inhibitors of human PTP1B from those databases with bioactivity in the 1 to 15 range for pX,

and whose activity was determined by measuring IC50 or Ki.  MW-based decoys were obtained from the

ZINC[58] database  using  Decoyfinder.[59] Some  parameters  of  the  model  were  adjusted  by  individually



evaluating their effect upon the performance of the model (see Figure S10). We chose to use 100 trees and

to split the training and the  test set into 80% and 20%, respectively. The model was validated via 5-fold

cross-validation. The RF model performs well, with average precision and sensitivity values of 94.1% and

98.7% (see Table 2 for performance details). The output classification probabilities were calibrated using

Platt  scaling.[60] Thanks  to  probability  calibration,  the  RF model  provides  the  predicted  probability  of  a

compound being active.  It  is  worth  noting that  the probability threshold  can be increased or  decreased

depending on the library size to obtain the desired amount of input compounds for the following step of the

virtual screening. 

4.2. Selection of the crystal structure used for docking

Crystal structures for PTP1B/inhibitor complexes were obtained by VHELIBS [61] from PDB_REDO[62] under

the Uniprot[63] accession number for human PTP1B (i.e. P18031) and the fitting of the coordinates of the

inhibitors and the binding site relative to their corresponding electron density map was analyzed. Protein-

ligand interaction schemes from the PDBsum[44] website were used to confirm the non-peptide and reversible

character  of  the  PTP1B  inhibitor  present  in  each  complex.  Furthermore,  complexes  with  at  least  one

mutation in their amino acid sequence were discarded. Thus, from the initial 72 structures corresponding to

PTP1B-inhibitor  complexes  in  the  PDB_REDO,[62] 11  were  rejected  by  VHELIBS[61] because  either  the

inhibitor or the receptor binding site coordinates did not correctly fill  their corresponding electron density

map. Of the remaining 61 structures, 13 were discarded because the ligand was a peptide or covalently

bound to PTP1B. From the remaining 48 structures, the one with PDB [34,35] code 1Q6M[36] (corresponding to

the complex with an inhibitor that shows one of the lowest IC50;  i.e.  13 nM) was selected as the target for

protein-ligand docking.

4.3. Ligand setup for docking

Before docking, ligand molecules were prepared with Maestro’s v10.7 LigPrep[37,64] with default parameter

values  except  for  the  following  options:  a) respect  chiralities  from  input  geometry  when  generating

stereoisomers; b) use Epik[65] v3.7 for ionization and tautomerization; c) use 7.0 as effective pH; and d) use

2.0 as pH tolerance for generated structures.

4.4. Protein preparation

The A chain of the crystal structure with PDB[34,35] code 1Q6M[36] was prepared by using Maestro’s v10.7

Protein  Preparation  Wizard[37,66] through  the  following  procedure:  a) remove  original  hydrogens;  b) cap

termini; c) generate ionization and tautomeric states of the ligand with Epik [65] (here the original state of the

ligand was selected since it showed the lowest state penalty and the highest hydrogen bond count; i.e. state

penalty:  0.17  Kcal/mol,  Q:  -4  and  hydrogen bond count:  10);  d) assign  hydrogen bonds at  pH 7  with



PROPKA;  e) use  force  field  OPLS_2005 to  minimize  the  structure  at  0.30  Å;  and  f) remove all  water

molecules from the structure.

4.5. Grid generation

The grid for protein-ligand docking was generated with Maestro [37] v10.7 by using default parameter values

except  for  the  following  settings:  a) the  grid  center  coordinates  were  (0.25,  72.57,  70.0);  b) aromatic

hydrogens were included as hydrogen bond donors;  c) halogens were included as acceptors;  d) the inner

box size was (10, 10, 10);  e) the outer box size was (30, 30, 30); and f) hydrogen bond constraints were

defined on the backbone nitrogens of the residues Ser216, Ala217, Ile219, Gly220 and Arg221, as well as

the side-chain nitrogens of the residue Arg221 and the thiol group of the residue Cys215.

4.6. Docking

Protein-ligand docking was performed with Glide[67] v7.2 by using default parameter values except for the

following settings:  a) SP precision;  b) enhance planarity of conjugated π groups; c) include aromatic H as

donors; d) include halogens as acceptors; e) write out at most 10 poses per ligand; f) include 50 poses per

ligand in post-docking minimization; and g) require accomplishment of one hydrogen bond constraint.

4.7. Electrostatic similarity analysis

The software EON[68] compares the poses for two different compounds by calculating Tanimoto coefficients

associated either to their electrostatic potentials (i.e. Poisson-Boltzmann electrostatics and the coulombic

part of the Poisson-Boltzmann electrostatics), to their shape, or to the combination of Poisson-Boltzmann

electrostatics and their shape. The Poisson-Boltzmann electrostatics metric was used here, obtaining the

electrostatic  Tanimoto  value  (i.e.  EON_ET_pb),  which  was  in  the  -⅓ to  1  range  (where  a  value  of  1

corresponds to identical electrostatic potential overlap whereas negative values correspond to the overlap of

opposite charges between the two poses). The validation set used in all electrostatic similarity comparisons

was  composed  of  1,424  actives  and  1,500  decoys.  The  actives  were  obtained  from  Reaxys [39] and

corresponded to inhibitors of human PTP1B with a bioactivity in the 1 to 15 range for pX and whose activity

was determined by measuring IC50 or Ki. MW-based decoys were obtained from the ZINC [58] database using

Decoyfinder.[59] Prior to the analysis, the docking of the validation set was performed following the procedure

described above.

In order to determine which crystallized ligands to use as references for the electrostatic similarity analysis,

the PTP1B crystal structures containing ligands with IC50 or Ki activity values between 1 and 100 nM (a total

of 14 crystal structures;  see Table 3) were obtained and superposed to the crystal structure with PDB [34,35]

code 1Q6M.[36] The validation set was then used to perform 14 separate validations (i.e. one for each of the



14 crystallized ligands in the superposed crystal structures; see Figure S2) using the crystallized ligands as

queries. In each validation, only the docked pose that presented the highest electrostatic Tanimoto with the

corresponding query was kept for each library compound. After discarding the rest of the docking poses,

histograms of the electrostatic Tanimoto coefficients for the actives and the decoys in the validation set were

plotted, separating the actives into 3 groups depending on whether their pX value was lower than 4, between

4 and 7 or higher than 7 (see Figure S2).  For 3 of  the 14 initial  crystallized actives (ligands in crystal

structures with the PDB[34,35] codes 2VEU,[69] 2VEW,[69] 2VEY;[69] see Figure S2) the electrostatic Tanimoto

value distribution of the actives was very similar to that of the decoys, so no electrostatic Tanimoto value

could be used as a cutoff to differentiate between the two groups, and for this reason these queries were

discarded. The remaining 11 crystallized actives (ligands in crystal structures with the PDB [34,35] codes 1Q6J,
[36] 1Q6M,[36] 1Q6N,[36] 1Q6P,[36] 1Q6S,[36] 1Q6T,[36] 2FJN,[49] 2QBP,[70] 2QBQ,[70] 2ZMM,[71] 2ZN7;[71] see

underlined PDB codes in Table 3 and Figure S2) were selected as queries for the in silico validation of the

electrostatic similarity analysis.

4.8. Clustering

The  HDBSCAN[46] Clustering  Library  from Python  was used  for  clustering.  First,  a  distance  matrix  was

developed using scikit-learn based on the “rogerstanimoto” metric and then  HDBSCAN[46] clustering was

performed with the following settings: a) minimum cluster size: 2; b) metric: “precomputed”.

4.9. Bioactivity assays

The colorimetric PTP1B Drug Discovery Kit  (BML-AK822) was purchased from Enzo Life Sciences. The

compounds were fully dissolved in DMSO at a concentration of 25 mM. For the inhibitory activity assay, each

compound was dissolved in 1X assay buffer to obtain the final concentrations of 100 μM and 10 μM in a

volume of 45 μL per well with the respective DMSO concentrations of 0.4% and 0.04%. Controls with DMSO

were prepared at these concentrations to ensure that DMSO had no effect on PTP1B activity (data not

shown). After warming for 10 min to the assay temperature of 37 ºC, 5 μL of human recombinant PTP1B

stock solution (0.6 ng/μM) were added. The reaction was initiated with 50 μL of the substrate IR5 ( insulin

receptor β residues 1142-1153 with pY at position 1146) dissolved in 1X assay buffer to a concentration of

60 μM. After an incubation period of 2 h at 37 ºC the reaction was terminated by adding of 25 μL of Biomol

Red Reagent. PTP1B dephosphorylates the IR5 substrate resulting in the release of orthophosphate, which

was quantified after  incubating for  30 min at  620 nm using the microtiter  plate  reader  EON Microplate

(BioTek, Vermont, USA). The maximum absorbance values were detected 10 min after exposure to Biomol

Red reagent. In this initial bioactivity assay, only two measures per compound were performed (one at 10 μM

and another one at 100 μM concentration; see Table 4). For the determination of IC50 values of the two most

active compounds, they were diluted  in 1X assay buffer  to obtain the following final concentrations: 1000,

300, 100, 30, 10, 3, 1, 0.3, 0.1, 0.03, 0.01, 0.003, 0.001, and 0.0003 μM. Suramin was used as the positive



control.  The  percentages of  inhibition  at  each  concentration  were  determined  using  triplicates  and  IC50

values were calculated using a four parameter logistic regression (see Figure S7).
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Table S1. Purity and exact mass of the 20 compounds whose bioactivities have been tested.

Compound Specs ID Purity (%) Formula
Pseudo

molecular
ion adduct

Theoretical
m/z

Measured
m/z

1 AG-205/07930063 98.98 C18 H16 N2 O3 S [M+H]+ 341.0954 341.0999

2 AM-807/41462317 98.92 C18 H12 F3 N3 O5 S [M+H]+ 440.0523 440.052

3 AI-204/43362778 97.92 C16 H14 N2 O4 S2 [M+H]+ 363.0468 363.0466

4 AG-690/11836029 98.43 C12 H8 Br Cl O2 S [M]·+ 329.9111 329.9102

5 AF-399/15030257 97.77 C17 H10 N4 O4 [M+H]+ 335.0775 335.0766

6 AF-399/15285024 98.72 C21 H22 N2 O4 [M+H]+ 367.1652 367.1663

7 AK-968/41025519 99.64 C21 H16 N2 O4 S [M+H]+ 393.0904 393.095

8 AG-690/40107322 95.29 C18 H16 Br2 F N7 O2 [M+H]+ 539.9789 539.9781

9 AJ-077/33270018 97.56 C22 H14 N4 O4 [M+H]+ 399.1088 399.1092

10 AH-487/41936905 96.38 C9 H8 I2 O4 [M+NH4]+ 451.8850 451.884

11 AE-641/42119771 99.65 C13 H10 Cl N O5 S [M+H]+ 328.0041 328.003

12 AK-968/15361893 99.29 C19 H20 Cl N O5 S [M+H]+ 410.0823 410.0812

13 AG-205/37175018 87.96 C16 H16 N2 O6 [M+H]+ 333.1081 333.1074

14 AF-886/30566062 99.27 C16 H10 Cl N3 O3 [M+H]+ 328.0483 328.0475

15 AG-205/37169028 96.02 C18 H12 Cl F N2 O3 [M+H]+ 359.0593 359.0613

16 AK-968/11197127 99.33 C19 H16 Cl N3 O3 [M+H]+ 370.0953 370.0994

17 AF-962/02757026 93.56 C13 H10 N2 O5 S2 [M+H]+ 339.0104 339.0147

18 AM-879/12634007 96.84 C16 H8 Cl3 N O2 S2 [M+H]+ 415.9135 415.9108

19 AG-690/36826026 96.37 C11 H8 Br N O3 S2 [M+H]+ 345.9202 345.9189

20 AK-968/37202023 98.16 C14 H6 Br2 F3 N3 O2 [M+H]+ 463.8852 463.8832



Figure S1. Histogram representation of the molecules used as references to establish a MW range for the MW filter.
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Figure S2. Histogram representation of the highest electrostatic Tanimoto (i.e. EON_ET_pb) values obtained in the comparison of the

validation set to each query. For each query, the PDB [34,35] code of the crystal structure from which it was obtained and two histograms

are shown: one corresponding to the actives and one corresponding to the decoys. In the actives histogram, actives with pX lower than

4 are in red, actives with pX from 4 to 7 are in blue and actives with pX higher than 7 are in green. In the decoys histogram, decoys are

in gray. The 11 queries selected for the in silico validation of the electrostatic similarity analysis are underlined.
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Figure S3. In each panel, a hit compound is represented in 2D, together with the most similar active compound that was used during

the clustering. In each case, the most similar active compound is labeled with its Reaxys[39] Registry Number. The Tanimoto similarity

value resulting from the comparison of the OpenEyePath FP of both compounds is shown below. MarvinSketch [45] was used to draw the

structures.  The  protonation  state  of  each  compound  corresponds  to  the  protonation  state  of  the  docked  pose  selected  for  that

compound.
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Figure S4. This figure shows the LC-UV/Vis and Q-TOF spectra for the 20 compounds whose bioactivities have been tested. Panels A-

T refer to compounds 1-20, respectively. The following information is provided for each tested compound: a) the UV/Vis relative area

percentage (calculated without considering the solvent peak) on top of each chromatographic peak (with the corresponding retention

time); b) the total wavelength chromatograms (220-600 nm) from the LC-UV/Vis; c) the UV/Vis spectrum from 220 to 600 nm; and d) the

mass spectrum from 100 to 1000 m/z.
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Figure S5. In each panel, a hit compound reported by Ma et al.[31] is represented in 2D, together with the most similar active compound

that was used for clustering in the current study. In each case, the hit compound is labeled with its corresponding code in the original

publication and the most similar active compound is labeled with its Reaxys [39] Registry Number. The Tanimoto similarity value resulting

from the comparison of the OpenEyePath FP of both compounds is shown below. MarvinSketch[45] was used to draw the structures.
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Figure S6. In each panel, a hit compound reported by Balaramnavar et al.[32] is represented in 2D, together with the most similar active

compound that was used for clustering in the current study. In each case, the hit compound is labeled with its corresponding code in the

original publication and the most similar active compound is labeled with its Reaxys[39] Registry Number. The Tanimoto similarity value

resulting from the comparison of the OpenEyePath FP of both compounds is shown below. MarvinSketch [45] was used to draw the

structures.



[compound 5] in μM Log([compound 5] in μM])
PTP1B inhibition (%)

Replicate 1 Replicate 2 Replicate 3 Mean ± standard deviation

1000 3 118.7 118.9 87.0 108.2 ± 18.4

300 2.5 125.2 107.0 130.7 121.0 ± 12.4

100 2 122.1 115.0 122.7 120.0 ± 4.3

30 1.5 107.9 106.5 104.6 106.3 ± 1.6

10 1 103.0 103.2 106.4 104.2 ± 1.9

3 0.5 100.7 98.6 97.8 99.0 ± 1.5

1 0 36.1 55.2 43.3 44.9 ± 9.6

0.3 -0.5 6.9 -4.4 45.2 15.9 ± 26.0

0.1 -1 8.4 18.9 -7.6 6.6 ± 13.3

0.03 -1.5 28.6 26.2 -3.1 17.3 ± 17.6

0.01 -2 -6.7 45.6 16.4 18.4 ± 26.2

0.003 -2.5 34.8 26.2 51.8 37.6 ± 13.0

0.001 -3 14.0 36.5 16.4 22.3 ± 12.4

0.0003 -3.5 -27.6 18.9 n/a -4.3 ± 32.9
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[compound 7] in μM Log([compound 7] in μM])
PTP1B inhibition (%)

Replicate 1 Replicate 2 Replicate 3 Mean ± standard deviation

1000 3 137.3 121.8 139.2 132.7 ± 9.5

300 2.5 113.9 117.3 122.3 117.8 ± 4.2

100 2 108.9 108.6 107.0 108.2 ± 1.0

30 1.5 103.5 103.2 103.4 103.4 ± 0.1

10 1 102.5 102.3 102.5 102.4 ± 0.1

3 0.5 49.6 92.0 86.1 75.9 ± 23.0

1 0 18.3 7.2 55.7 27.1 ±  25.4

0.3 -0.5 1.3 -5.9 -2.4 -2.3 ± 3.6

0.1 -1 7.4 -1.0 -0.0 2.1 ± 4.6

0.03 -1.5 -9.0 28.0 18.4 12.5 ± 19.2

0.01 -2 32.4 14.4 47.9 31.6 ± 16.8

0.003 -2.5 1.8 -30.3 -25.8 -18.1 ± 17.4

0.001 -3 -17.8 -19.3 -2.7 -13.2 ± 9.2

0.0003 -3.5 6.7 21.1 n/a 13.9 ± 10.1
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Figure S7. Panels A and B show the IC50 curves of compounds 5 and 7, respectively, and the data used to represent them. In both

cases, the percentages of inhibition of PTP1B for 14 different compound concentrations were determined using triplicates. IC50 values

were calculated using a four parameter logistic regression.



Figure S8.  Representations of the docking score (panel A) and EON_ET_pb (panel B) against the percentages of PTP1B inhibition

obtained for the 20 hit compounds at the concentration of 100 μM.
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Figure S9. Ligand interaction diagrams of the docked poses with the highest EON_ET_pb values of the 20 hit compounds. Negatively

charged residues are colored in red, positively charged residues are colored in blue, hydrophobic residues are colored in green, polar

residues are colored in cyan, glycine residues are colored in salmon, hydrogen bonds are represented as fuchsia arrows, salt bridges

are represented as red and blue lines, π-π stacking interactions are erepresented as green lines, π-cation interactions are represented

as red lines and atoms exposed to the solvent are circled in gray. The protein surface corresponding to the residues closest to the

ligand is represented as a solid line colored by residue according to the presviously describred color scheme. This representation has

been obtained with the help of Maestro[37] v10.7.
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Figure S10. Representations used to define the RF model parameters and evaluate its performance. The training set is plotted in red

and the validation set is plotted in green. In panel A, the validation curve is plotted varying the number of trees, showing that the

estimator is not overfitted as the training and test scores are similar and that the number of trees chosen is adequate. In panel B, the

learning curve is plotted using training and test sets of different sizes. It shows that the training set needs to comprise a high percentage

of the data to reduce the error of variance.
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