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Hologram quantitative structure–activity relationships (HQSAR) analysis were conducted on two series
of PTP1B inhibitors, 39 2-(oxalylamino) benzoic acid (OBA) analogues and 60 benzofuran and benzothio-
phene biphenyls (BBB) analogues. The optimal HQSAR model of the OBA analogue has q2 = 0.592 and
r2 = 0.940, while the optimal HQSAR model for the BBB analogues shows q2 = 0.667 and r2 = 0.863. Two
models were employed to predict the biological activities of two test sets. For OBA analogues, the optimal
model was validated by an external test set of six compounds with satisfactory predictive r2 value of
0.786. For BBB analogues, the optimal model shows satisfactory predictive r2 value of 0.866 for an exter-
nal test set of 10 compounds. The contribution maps derived from the optimal HQSAR models are con-
sistent with the biological activities of the studied compounds. Two virtual combinatorial libraries
were designed and screened by the optimal HQSAR models and potential candidates with high predictive
biological activities were discovered. This work may provide valuable information for future design of
more promising inhibitors for PTP1B.

� 2010 Elsevier Ltd. All rights reserved.
Protein tyrosine phosphatases (PTPs), a large family of signaling
enzymes, serve as paramount regulatory components in numerous
cell functions including growth, mitogenesis, motility, cell–cell
interaction, metabolism, gene transcription, and immune re-
sponses.1–3 In vivo, tyrosine phosphorylation is reversible and dy-
namic, with the phosphorylation states of proteins being governed
by opposing actions of two enzyme families; protein tyrosine ki-
nase (PTKs), which catalyze the formation of phosphotyrosyl resi-
dues in peptide and protein substrates, and the PTPs, which are
responsible for dephosphorylation.4 PTKs, PTPs and their associ-
ated substrates are integrated within signal transducing net-
works,5 whose defective and unregulated operations give rise to
many human diseases including cancer, diabetes and obesity.6–8

Protein tyrosine phosphatases 1B (PTP1B) is a member of PTP fam-
ily. It has been identified to play a major role in the dephosphoryl-
ation of insulin receptor (IR) and IR substrate thus abrogating
insulin signaling.9–11 Compelling data for this negative role of
PTP1B were reported by two laboratories. PTP1B knockout studies
in mice indicate that mice lacking PTP1B exhibit improved sensi-
tivity to insulin and are resistant to high-fat diet induced obes-
ity.12,13 A recent study demonstrated that in vivo, the
phosphorylation state of the Y1162/Y1163 site in the activation
loop of the IR PTK catalytic domain is regulated by PTP1B.14 Based
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on these studies, PTP1B-specific inhibitors might be expected to
enhance insulin sensitivity and act as effective therapeutics for
the treatment of type 2 diabetes and obesity. As a result, the design
of novel PTP1B inhibitor has intrigued international passion in the
last few years.15–18

HQSAR is a modern 2D-QSAR technique that eliminates the
need of 3D structure determination, conformational search and
molecular alignment.19 Compared with the 3D-QSAR technique,
such as CoMFA and CoMSIA, HQSAR could also easily and rapidly
generate QSAR models with high predictive value for both small
and large data set.20 Besides, HQSAR models could interpret both
positive and negative contributions based on various atoms and
structural units, which are alternatives to 3D-QSAR models.
Although several papers were published for the 3D-QSAR studies
of PTP1B inhibitors, the HQSAR studies of these inhibitors have
rarely been reported.21,22 In this Letter, two HQSAR models were
generated and evaluated using two series of PTP1B inhibitors, 39
OBA analogues and 60 BBB analogues.

These analogues were taken from previous works.23,24 Chemical
structures with experimental and predicted biological activity of
OBA analogues and BBB analogue are listed in Table 1 and Table
2, respectively. The binding affinity pKi (�log Ki) (lM) for OBA
and pIC50 (�log IC50) (lM) for BBB were used as dependent vari-
ables in HQSAR analyses. An essential characteristic of a training
set is that the molecules must be orthogonal (i.e., dissimilar from
each other). Surflex-Sim is able to provide the most orthogonal
and diverse set of molecules to be included in the training set.25
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Table 1
Chemical structures, experimental and predicted activities, and residuals of training set and test set of OBA analogues
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O 10

N 2
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OH
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O
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O
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Ar

R1
8

9

Compound Ara R1 Experimental Predicted Residual

1

R3

R2

H 4.64 4.40 0.24

2

R3

R2 H 2.9 2.83 0.07

3

R3

R2

Me 2.96 2.92 0.04

4

S

R3

R2 H 3.97 4.16 �0.19

5
S

R3

R2 H 4.43 4.31 0.12

6

I

R3

R2

H 4.85 4.73 0.12

7

R3

R2

H 4.85 5.15 �0.30

8

N

R3

R2
H 3.80 3.86 �0.06

9

R3

R2 H 5.00 5.12 �0.12
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Table 1 (continued)

Compound Ara R1 Experimental Predicted Residual

10

R3

R2

H
N

H 4.74 4.75 �0.01

11

R3

R2

H 2.77 3.06 �0.29

12 S

R3

R2
H 2.70 2.81 �0.11

aR2 = OC(@O)C(@O)NH, R3 = COOH
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Compound R1 Experimental Predicted Residual

13 Ph 4.89 5.13 �0.24
14 3-Thienyl 4.96 4.89 0.07
15 4-F-Ph 5.10 5.12 �0.02
16 4-(i-Bu)-Ph 4.89 4.91 �0.02
17 4-HO-Ph 5.35 5.12 0.23
18 4-MeO-Ph 5.05 5.17 �0.12
19 4-PhO-Ph 4.59 4.34 0.25
20 4-BnO-Ph 4.80 4.78 0.02
21 4-(HOOCCH2–O)-Ph 5.60 5.52 0.08
22 3-NO2-Ph 5.33 5.50 �0.17
23 3-H2N-Ph 5.22 5.38 �0.16
24 3,4-MeO-Ph 4.60 4.81 �0.21
25 3,5-MeO-Ph 5.10 5.11 �0.01
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4 S
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HO
7

O 8

NH
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10 11

OH
12

O
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16

X17

18

n

Compound X n Experimental Predicted Residual

26 CH2 2 4.92 4.78 0.14
27 CH2 1 5.09 5.04 0.05
28 O 1 4.85 4.98 �0.13
29 S 1 5.08 5.03 0.05
30 SO 1 5.29 5.19 0.10
31 SO2 1 5.22 5.21 0.01
32 C@O 1 5.89 5.62 0.27

33

O

O

* 1 5.66 5.70 �0.04
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Test Set
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Compound Ara R1 Experimental Predicted Residual

34

S

R3

R2 H 4.12 4.36 �0.24

35

R3

R2

N
H

H 5.10 4.96 0.14

aR2 = OC(@O)C(@O)NH, R3 = COOH
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Compound R1 Experimental Predicted Residual

36 4-Cl-Ph 5.00 5.22 �0.22
37 3-MeO-Ph 4.92 5.10 �0.18
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Compound X n Experimental Predicted Residual

38 CH2 0 4.92 5.03 �0.11
39 CH–OH 1 5.70 5.27 0.43
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Thus, Surflex-Sim is used to select the training set and test set. For
OBA analogues the 39 molecules were segregated into training and
test set having 33 and 6 molecules, respectively. For BBB analogues
the 60 molecules in the data set were divided into training and test
set including 50 and 10 molecules, respectively. All molecular
modeling studies were performed using molecular modeling pack-
age SYBYL 8.026 in a Linux system. The structures of the data sets
were sketched and minimized using MMFF94 force field and
MMFF94 charges until a gradient convergence of 0.005 kcal/mol
was achieved.27

In HQSAR, the molecular structures are broken down into all
possible fragments (including branched, linear, and overlapping
fragments) containing user defined minimum (M) and maximum
(N) number of atoms (fragment size). Each fragment is defined
by fragment distinction parameters, including atom (A), bonds
(B), connection (C), chirality (Ch), and hydrogen (H), donor/accep-



Table 2
Chemical structures, experimental and predicted activities, and residuals of training set and test set of BBB analogues

1 2

3

45

6

7

8

9

X10

11

12

13
14

15

16

17 18

19

20
21

R1
22

O
23

R3

24

R2

25
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26

Training Set

Compound R1 R2 R3 R4 X Experimental Predicted Residual

1 H H H Benzyl O 6.04 5.96 0.08
2 H H CH(CH2Ph)CO2H(R) Benzyl O 6.46 6.66 �0.20
3 H H CH(CH2Ph)CO2H(S) Benzyl O 6.49 6.66 �0.17
4 H H CH(CH2CH2Ph)CO2H(S) Benzyl O 6.66 6.50 0.16
5 H H CH(Ph)CO2H(R) Benzyl O 6.40 6.55 �0.15
6 H H CH2Ph-4–CO2H Benzyl O 6.44 6.50 �0.06
7 Br H CH(CH2Ph)CO2H(S) Benzyl O 7.25 7.21 0.04
8 Br Br CH(CH2Ph)CO2H(S) Benzyl O 7.42 7.41 0.01
9 4-OCH3-Ph H CH(CH2Ph)CO2H(S) Benzyl O 7.37 7.32 0.05

10 NO2 H CH(CH2Ph)CO2H(R) Benzyl O 6.64 6.75 �0.11
11 Br Br CH(CH2CH3)CO2H(S) Benzyl O 6.89 6.80 0.09
12 CH3 CH3 CH(CH2Ph)CO2H(R) Benzyl O 7.13 7.15 �0.02
13 Cyclopentyl H CH(CH2Ph)CO2H(S) Benzyl O 7.26 7.24 0.02
14 Cyclopentyl H CH2COOH Benzyl O 6.77 6.68 0.09
15 NHCH2CO2H H CH2CH2Ph Benzyl O 7.09 7.11 �0.02
16 NHCOCH2CH2CO2H H H Benzyl O 6.04 6.06 �0.02
17 NHCOCH@CHCO2H H H Benzyl O 6.34 6.18 0.16
18 NHCO–C6H4-2–CO2H H H Benzyl O 6.80 6.87 �0.07
19 Br H H Benzyl S 5.97 6.30 �0.33
20 I I H Benzyl S 6.28 6.18 0.10
21 Br H CH(CH2Ph)CO2H(R) Benzyl S 7.24 7.18 0.06
22 Br Br CH(CH2Ph)CO2H(R) Benzyl S 7.60 7.56 0.04
23 4-OCH3-Ph H CH(CH2Ph)CO2H(R) Benzyl S 7.28 7.46 �0.18
24 4-Cl-Ph H CH(CH2Ph)CO2H(R) Benzyl S 7.28 7.37 �0.09
25 Br Br CH(CH2CH2Ph)CO2H(S) Benzyl S 6.54 6.64 �0.10
26 Br Br CH2COOH Benzyl S 7.00 6.97 0.03
27 Ph H CH2COOH Benzyl S 7.00 6.88 0.12
28 4-OC2H5-Ph H CH2COOH Benzyl S 7.28 7.07 0.21
29 4-OCH3-Ph H CH2COOH Benzyl S 7.10 6.92 0.18
30 3,4,5-tri-OCH3-Ph H CH2COOH Benzyl S 7.00 6.98 0.02
31 3-OCH3-Ph Br CH2COOH Benzyl S 7.55 7.42 0.13
32 2,4-di-OCH3-Ph Br CH2COOH Benzyl S 7.33 7.47 �0.14
33 4-OCH3-Ph 4-OCH3-Ph CH2COOH Benzyl S 7.60 7.60 0
34 3-OCH3-Ph 3-OCH3-Ph CH2COOH Benzyl S 7.60 7.72 �0.12
35 Br H CH2CH2CH2COOH Benzyl S 6.77 6.79 �0.02
36 H H H Butyl O 6.13 5.97 0.16
37 H H CH2COOH Butyl S 5.66 6.02 �0.36
38 H H CH(CH2Ph)CO2H(R) Butyl S 6.77 6.74 0.03
39 H H CH(Ph)CO2H(R) Butyl S 6.96 6.74 0.22
40 H H CH(CH2Ph)CO2H(R) Benzoyl O 6.17 6.37 �0.20
41 H H CH(CH2Ph)CO2H(R) CH(OH)phenyl O 6.96 6.87 0.09
42 H H H 4-OH-benzyl S 5.97 6.01 �0.04
43 H H H 2,4-di-OH-benzyl S 6.24 5.95 0.29
44 H H CH(CH2Ph)CO2H(R) 4-F-benzyl S 6.92 6.77 0.15
45 H H CH(CH2Ph)CO2H(R) 4-OCH3-benzyl S 7.11 6.84 0.27
46 H H CH(CH2Ph)CO2H(R) 3,4-di-OCH3-benzyl S 6.92 6.85 0.07
47 H H CH(CH2Ph)CO2H(R) 2,4-di-OCH3-benzyl S 7.07 6.98 0.09
48 H H CH(CH2Ph)CO2H(R) b S 7.11 7.24 �0.13
49 H H CH(CH2Ph)CO2H(R) c S 5.94 6.06 �0.12
50 H H CH(CH2Ph)CO2H(R) d S 5.81 5.89 �0.08

a.

O

O b.

S

N c. N
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Table 3
Results of HQSAR analyses for OBA analogues for various fragment distinction
combinations on the key statistical parameters using fragment size (4–7)

Model Fragment distinction q2 r2 SEE HL N

1 A/B 0.388 0.507 0.577 61 1
2 A/B/C 0.396 0.511 0.575 71 1
3 A/B/H 0.404 0.852 0.339 199 5
4 A/B/D 0.404 0.79 0.403 61 5
5 A/B/Ch 0.389 0.508 0.576 61 1
6 A/B/C/D 0.257 0.469 0.599 307 1
7 A/B/C/H 0.405 0.706 0.461 353 3
8 A/B/D/H 0.472 0.881 0.303 97 5
9 A/B/C/Ch 0.396 0.511 0.575 71 1

10 A/B/D/Ch 0.386 0.741 0.44 151 4
11 A/B/H/Ch 0.384 0.761 0.328 199 5
12 A/B/C/D/H 0.504 0.889 0.296 61 5
13 A/B/C/D/Ch 0.256 0.469 0.599 307 1
14 A/B/C/H/Ch 0.405 0.706 0.461 353 3
15 A/B/D/H/Ch 0.412 0.87 0.317 97 5
16 A/B/C/D/H/Ch 0.423 0.831 0.356 97 4

q2, cross-validated correlation coefficient; r2, noncross-validated correlation coef-
ficient; SEE, standard estimated error; HL, hologram length; N, optimal number of
components. Fragment distinction: A, atom; B, bond; C, connections; H, hydrogen
atom; Ch, chirality; D, donor and acceptor.
The model chosen for analysis is highlighted in bold fonts.

Table 4
Results of HQSAR analyses for BBB analogues for various fragment distinction
combinations on the key statistical parameters using fragment size (4–7)

Model Fragment distinction q2 r2 SEE HL N

1 A/B 0.621 0.726 0.282 53 3
2 A/B/C 0.608 0.771 0.258 83 3
3 A/B/H 0.667 0.863 0.204 199 5
4 A/B/D 0.639 0.743 0.273 53 3
5 A/B/Ch 0.616 0.720 0.285 53 3
6 A/B/C/D 0.606 0.831 0.224 257 4
7 A/B/C/H 0.665 0.862 0.205 59 5
8 A/B/D/H 0.598 0.887 0.211 307 6
9 A/B/C/Ch 0.616 0.777 0.254 83 3

10 A/B/D/Ch 0.625 0.749 0.270 199 3
11 A/B/H/Ch 0.596 0.846 0.216 401 5
12 A/B/C/D/H 0.582 0.762 0.265 71 4
13 A/B/C/D/Ch 0.643 0.855 0.207 353 4
14 A/B/C/H/Ch 0.648 0.846 0.216 59 5
15 A/B/D/H/Ch 0.599 0.793 0.211 307 5
16 A/B/C/D/H/Ch 0.596 0.772 0.260 71 4

Test Set

Compound R1 R2 R3 R4 X Experimental Predicted Residual

51 H H CH(CH3)CO2H(R) Benzyl O 5.88 6.10 �0.22
52 Br Br CH[CH2CH(CH3)2]2CO2H(R) Benzyl O 7.27 7.34 �0.07
53 NHCH2CH2CO2H H CH2CH2Ph Benzyl O 6.85 7.05 �0.20
54 H H CH(CH2Ph)CO2H(R) Benzyl S 7.02 6.81 0.21
55 Br Br H Benzyl S 6.35 6.61 �0.26
56 Br H CH2COOH Benzyl S 6.44 6.61 �0.17
57 2,3-di-OCH3-Ph H CH2COOH Benzyl S 7.15 7.04 0.11
58 4-OCH3-Ph Br CH2COOH Benzyl S 7.54 7.35 0.19
59 H H H Butyl S 6.16 6.05 0.11
60 H H CH(CH2Ph)CO2H(R) 2,4-di-OH-benzyl S 6.92 6.65 0.27
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tor (D). Then, each unique fragment is assigned a specific large po-
sitive integer by means of a cyclic redundancy check (CRC) algo-
rithm. Each of these integers corresponds to a bin in an integer
array of fixed length L. Bin occupancies are incremented according
to the fragments generated. Thus, all generated fragments are
hashed into array bins in the range from 1 to L. This array is called
a molecular hologram, and the bin occupancies are the descrip-
tor.28 HQSAR module provides 12 default hologram length (53,
59, 61, 71, 83, 97, 151, 199, 257, 307, 353 and 401), which are
prime numbers, in order to minimize the possibility of fragment
collision. Statistical significant HQSAR models are derived from a
training set and produced by Partical least squares (PLS) analysis.29

Cross-validation was done by means of Leave-One-Out (L-O-O)
procedure. The optimum number of components is obtained by
performing L-O-O analysis with SAMPLS.30 Through this procedure,
each compound is systematically excluded once from the data set,
after which its predicted activity is obtained by the model derived
from the remaining compounds. The predicted activities of the ‘left
out’ compounds are used to calculate the q2 and cross-validated
standard error.

For both training sets of the OBA analogues and the BBB ana-
logues, the default fragment size (4–7) was employed to obtain
the statistical values with different combinations of fragment dis-
tinction parameters. The statistical results for the OBA analogues
and the BBB analogues are listed in Table 3 and Table 4, respec-
tively. In order to improve the statistical results, we applied differ-
ent fragment sizes with the fragment distinctions of those models
having highest statistical values, which are shown in Table 3 and 4
in bold font. The statistical results with different fragment sizes for
the OBA analogues and the BBB analogues are summarized in Table
5 and Table 6, respectively. Finally, the optimal HQSAR model for
the OBA analogues generated using atoms, bonds, connections,
hydrogens and donor/acceptors as fragment distinction and 5–8
as fragment size displaying q2 = 0.592 and r2 = 0.940. The optimal
HQSAR model for the BBB analogues developed using atoms, bonds
and hydrogens as fragment distinction and 4–7 as fragment size
showing q2 = 0.667 and r2 = 0.863.

To evaluate the derived HQSAR models, biological activities of
an external test set were predicted using the models derived from
the training set.31 The predictive ability of the HQSAR models is ex-
pressed with predictive r2 value, which is similar to cross-validated
r2 (q2), and is defined using the (Eq. (1)):

r2
pred ¼

SD� PRESS
SD

ð1Þ

where SD is the sum of squared deviations between the biological
activity of the test set and the mean activity of the training set mol-
ecules and the PRESS is the sum of squared deviations between the
observed and the predicted activity values for every molecule in the
test set.32 For the OBA analogues, the optimal model was validated
by an external test set of six compounds with satisfactory predictive
r2 value of 0.786. Similarly, for the BBB analogues, the optimal mod-
el also shows satisfactory predictive r2 value of 0.866 for an external
test set of 10 compounds. The high predictive correlation coeffi-
cients authenticate the reliability and good predictable capability
of these HQSAR models. The correlation between the experimental
and the predicted activities of both the training set and the test set
for the OBA analogues and the BBB analogues with the optimal
HQSAR models are showed in Figure 1 and Figure 2, respectively.



Table 5
Influence of fragment size for OBA analogues on the statistical parameters using the
fragment distinction combinations (A/B/C/D/H)

Fragment size q2 r2 SEE HL N

1–4 0.435 0.782 0.411 71 5
2–5 0.349 0.731 0.441 199 3
3–6 0.380 0.700 0.465 97 3
4–7 0.504 0.889 0.296 61 5
5–8 0.592 0.940 0.217 61 5
6–9 0.491 0.844 0.345 61 3

7–10 0.480 0.856 0.288 401 5

Table 6
Influence of fragment size for OBA analogues on the statistical parameters using the
fragment distinction combinations (A/B/H)

Fragment size q2 r2 SEE HL N

1–4 0.654 0.813 0.238 97 5
2–5 0.661 0.834 0.225 257 3
3–6 0.645 0.847 0.215 401 5
4–7 0.667 0.863 0.204 199 5
5–8 0.592 0.814 0.235 97 4
6–9 0.642 0.851 0.205 59 5

7–10 0.622 0.849 0.219 257 5

Figure 2. Plot of experimental versus predicted values of pIC50 of the training set
and test set molecules for BBB analogues.
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The result of the HQSAR analysis can be graphically displayed as
a color-coded structure diagram, in which the color coding of each
atom reflects the contribution of that atom to the molecule’s over-
all activity. The red end of the spectrum (red, red orange, and or-
ange) represents the unfavorable or negative contribution to the
activity, while the green end (yellow, green blue, and blue) denotes
favorable or positive contribution to the activity. Atoms with inter-
mediate contribution to the activity are colored white. The com-
mon backbones (maximal common structures) are colored
cyan.20 The individual atomic contributions of the most active
OBA analogue (compound 33) and BBB analogue (compound 34)
are displayed in Figure 3 and Figure 4, respectively.

From Figure 3, it can be seen that the fragment of spiro
[10,30]dioxolane substituted cyclohexyl is strongly associated with
the biological activity of this compound. The color green and yel-
low indicate their favorable contribution to the activity enhance-
ment, which is consistent with previous study about the binding
style of OBA inhibitors with PTP1B.21 According to that research,
the spiro[10,30]dioxolane substituted cyclohexyl is on the ‘mouth’
Figure 1. Plot of experimental versus predicted values of pKi of the training set and
test set molecules for OBA analogues.
of binding pocket, thus enlarging molecular size here is crucial to
increase binding affinity and improve activity. Compounds 26–
32, which possess fused ring (cyclohexyl etc.), also show valuable
biological activities. Previous publications pointed out that fused
ring systems markedly increase the overall potency against PTP1B
due to additional van der Waals interactions to the phenyl phos-
phate binding pocket.23 In addition, when an additional phenyl
ring was introduced into the core structure (compound 13–25),
green or yellow of the phenyl ring displays their positive contribu-
tion to biological activity, which can be interpreted by the van der
Waals interaction between the phenyl ring and two residues,
Ile219 and Val49.23

As what suggests in Figure 4, the ortho–ortho-disubstitutional
groups (methoxyl-phenyl group) of the phenyllactic head piece
and the benzyl on the benzofuran portion are strongly related to
the biological activity of this compound. This result is consistent
with previous study which shows the ortho–ortho-disubstituted
Figure 3. The HQSAR contribution map of compound 33 for OBA analogues.

Figure 4. The HQSAR contribution map of compound 34 for BBB analogues.



Table 7
Chemical structures and predicted activities of designed molecules for OBA analogues

1

2

3

4

S
5

6

HO
7

O 8

NH
9

10
11

OH
12

O
13

O
14

R1
15

Compound R1 Predicted

HQSAR FlexX (kJ mol�1)

D1 4-N(CH3)2-Ph 5.944 �36.16
D2 4-NHOH-Ph 5.861 �37.24
D3 3-NH2-4-OCH2OH-Ph 6.225 �38.12
D4 3-SH-4-NH2-Ph 5.983 �37.38
D5 3,4-di-NH2-Ph 6.023 �37.71
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analogues have great activity since they occupy a large hydropho-
bic region at the vicinity of the catalytic site. This site is defined by
Phe182, Asp181 and the loop containing residues 215–221.24 Sim-
ilarly, the compounds 9, 23 and 29–33, which possess one or two
ortho-phenyl fragments of the phenyllactic head part, all have high
biological activities. Consequently, the structural unit of ortho-phe-
nyl should be included in a new design of BBB analogues for PTP1B
inhibitors.

Finally, based on above suggestions, two virtual libraries were
designed by Legion in SYBYL and screened by the optimal HQSAR
models. Legion is a technique for creating virtual combinatorial li-
braries for efficient storage in a UNITY database, for retrieving
them from such databases, and for generating lists of the individual
compounds included in the combinatorial structure.26 Thus, Legion
is used to generate new OBA analogues and BBB analogues. First, a
database of more than three hundreds of mono-valent substitutes
was generated. Then two virtual combinatorial libraries of the OBA
analogues and the BBB analogues were created by replacing the
mono-valent substitutes at different positions. Subsequently, the
Table 8
Chemical structures and predicted activities of designed molecules for BBB analogues

1 2

45

6

7

8

9

X10

11

12

13
14

15

R4

26

Compound R1 R2 R3

1 3-OCH2CH3-Ph Benzyl CH2COO
2 Benzyl Benzyl CH2COO
3 2,4-di-OCH3-Ph Benzyl CH2COO
4 CH(OH)-Ph Br CH(CH2P
5 4-OH-benzyl 4-COOH-Ph CH2COO
6 3-Br-Ph 4-OH-Ph CH2COO
7 4-OH-Ph Benzyl CH2COO
8 CH(OH)-Ph 4-COOH-Ph CH2COO
9 Benzyl Benzyl CH2COO

10 4-OH-benzyl CH(OH)-Ph CH2COO
virtual libraries for the OBA analogues and BBB analogues were
screened by the optimal HQSAR models. Chemical structures of
the designed molecules for the OBA analogues and the BBB ana-
logues, which have high predicted activities are listed in Table 7
and Table 8, respectively. From these tables, it can be seen that
all designed compounds for OBA analogues had an additional phe-
nyl ring and for BBB analogues had the structural unit of ortho-phe-
nyl, which are consistent with the HQSAR graphical result of
individual atomic contribution.

For the purpose to further validate the rationality of designed
molecules, docking studies were performed by FlexX on the OBA
analogues as an example. FlexX is a flexible automated docking
program that the flexibility of the ligand is considered while the
protein or biomolecule is considered as a rigid structure33 (see
Supplementary data for detailed information about FlexX docking).
The predicted binding free energies (total scores) of designed mol-
ecules for the OBA analogues are listed in Table 7. From Table 7, it
can be seen that all designed OBA analogues (except compound
D1) had satisfactory predicted binding free energies which are con-
sistent with the predicted HQSAR activities. In order to explain it,
the binding modes of designed molecules of the OBA analogues
with PTP1B have been intensively studied.

Figure 5 displayed the binding mode of compound D3 of OBA
analogue with PTP1B. From this figure, it can be seen compound
D3 extends deep into the binding site and forms a hydrogen bond-
ing network with key residues in the catalyst site, such as Lys120,
Tyr46, Asp181, Ser216, Gly220 and Arg221. The thiophene ring is
sandwiches between Tyr46 and Phe182, with which can form
strong p–p stacking interactions to further stabilize the binding.
The additional phenyl ring forms a set of van der Waals interac-
tions with Tyr46, Val49 and Ile219. Furthermore, the –OCH2OH
group and the –NH2 group on this phenyl ring could form addi-
tional hydrogen bonding interactions with Asp48 and Gln262,
respectively. Compared to the binding mode of compound 21 with
PTP1B (see Supplementary data), it is worthwhile to note that com-
pound D3 had two additional hydrogen bonding interactions with
Gln262 in PTP1B. This might interpret the reason that compound
D3 has better predicted binding free energy than compound 21.
The predicted binding free energies of compounds D3 and 21 are
�38.12 and �37.13 kJ/mol, respectively.

The binding modes of the rest designed molecules of OBA ana-
logues were shown in Figure S4. As what suggests in Figure S4,
3
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21

R1
22

O
23

R3

24

R2

25

R4 X Predicted

H 4-OH-benzyl S 8.205
H 3,4-di-OCH3-benzyl S 8.305
H 2,4-di-OCH3-benzyl S 8.126
h)CO2H(R) 2,4-di-OCH3-benzyl S 8.227

H CH(OH)-Phenyl S 8.038
H 3,4-di-OCH3-benzyl S 8.102
H 3,4-di-OCH3-benzyl O 8.064
H 4-OCH3-benzyl O 8.186
H CH(OH)-Phenyl O 8.112
H 4-Br-Benzyl O 8.034



Figure 5. FlexX-predicted binding mode of compound D3 of OBA analogues with
PTP1B active site. For clarity, only the polar hydrogens are shown. Hydrogen bonds
are shown as dotted red lines. Active site amino acid residues are represented as
lines with the atoms colored as (carbon: black, hydrogen: cyan, nitrogen: blue,
oxygen: red and sulfur: yellow) while the inhibitor is shown as stick with same
color scheme as above except carbons are represented in white.
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these compounds display the similar binding manners as those
previously described for compound D3 except the hydrogen bond-
ing interactions with Asp48 and Gln262. For compound D5, it could
found that the two –NH2 groups form two additional hydrogen
bonding interactions with Asp48 and Gln262, respectively. Simi-
larly, both the –NHOH group of compound D2 and the –NH2 group
of compound D4 could form an additional hydrogen bonding inter-
action with Asp48. This might be the reason that they have the
similar predicted binding free energies to compound 21. The pre-
dicted binding free energies of compounds D2, D4 and D5 are
�37.24, �37.38 and �37.71 kJ/mol, respectively. However, after
carefully investigating the binding mode of compound D1, no addi-
tional hydrogen bonding interaction with Asp48 and Gln262 had
been found, which might interpret the reason that the predicted
binding free energy of compound D1 only equaled �36.16 kJ/mol.
Thus, based on the HQSAR prediction and the FlexX docking result
of OBA analogues, compounds D2–D5 might be chosen as potential
candidates for future work. Similarly, for the designed compounds
of BBB analogues, some of them may have good values of binding
free energies which are consistent with the predicted HQSAR
activities.

In summary, we have successfully generated two HQSAR mod-
els for PTP1B inhibitors. For OBA analogues, the statistical result of
the optimal HQSAR model displays q2 = 0.592 and r2 = 0.940. The
optimal HQSAR model for the BBB analogues shows q2 = 0.667
and r2 = 0.863. The reliability and the predictable capability of
two models were verified by the predictive r2, which for the OBA
analogues and the BBB analogues are 0.786 and 0.866, respectively.
Moreover, the contribution maps derived from the optimal HQSAR
models are consistent with the biological activities of the studied
compounds. Finally, two virtual combinatorial libraries were de-
signed and screened by the optimal HQSAR models and the poten-
tial candidates with high predictive biological activities were
discovered. This work may provide valuable information for future
design of more promising inhibitors for PTP1B.
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