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To establish a new amino acid structure descriptor that can be applied in peptide quantitative structure
activity relationship (QSAR) studies, a new descriptor, named SVMW, was derived by principal components
analysis of the matrix of 160 MoRSE descriptors and 99 WHIM descriptors of amino acids. The scale was then
applied in fwo panels of peptide QSAR that were molded by partial least square regression. The correlation
coefficients (R - 2) cross validation correlation coefficients (! Q, 02) were 0.821 and 0.783 for anglotensm-
converting enzyme inhibitors (dipeptide), 0.991 and 0.969 for angzotensm converting enzyme inhibitors (tri-
peptides), 0.868 and 0.807 for bitter tasting thresholds, respectively. In addition, the estimation capability
and generalization ability of the models were analyzed by external validation. The correlation coefficients of
predicted values versus experimental ones of external samples (Q, ?) were 0.821, 0.774 and 0.964.
Satisfactory results showed that information related to biological activity ‘Could be systemzcally expressed by
SVWG scales, which may be a useful structural expression methodology for study on peptides QSAR.
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Peptides are essential substance to sustain life [1,2].
They have high activity, high selectivity and fewer side
effects. The peptide is one of the hot spots of drug research
[3,4]. However, most of experimental methods are
inefficient and expensive. Therefore, the computational
methods such as quantitative structure-activity relationship
(QSAR) have been brought into the spotlight, involving in
not only the key idea of pharmaceutical chemistry and
pharmacology but also the foundation of drug design.
Molecular structural characterization (MSC) is critical to
the success of QSAR. However, in recent years, a good
descriptor should contain as much chemical information
relating to biological activities as possible.

In this paper, SVMW, which derived by principal
components analysis of the matrix of 160 MoRSE
descriptors and 99 WHIM descriptors of amino acids, were
examined through principal component analysis (PCA).
Applying SVMW to 58 angiotensin-converting enzyme
inhibitors (dipeptide), 55 angiotensin- convertmg enzyme
inhibitors (tri-peptides) and 48 bitter tasting thresholds,
satisfying results were obtained from the constructed QSAR
models.

Experimental part
Principle and Methodology
Principal component analysis (PCA)

Based on quantum chemistry calculation level of density
function theory (DFT) [5, 6], Berny energetic gradient and
generalized gradient approximation (GGA) were employed
to optimize the spatial conformation of 20 coded amino
acids. The descriptor calculation software of Dragon 5.2
was utilized to generate the 160 MoRSE descriptors and 99
WHIM descriptors for each single amino acid [7]. Among
these, the calculation of DFT was achieved by Gaussian
98, and the input file of structures for natural amino acids
was automatically generated by Chemoffice 8.0. Thus, the
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matrix of 20xX160 dimensions consisting of 160 MoRSE
descriptors, and 20 x99 dimensions consisting of 99 WHIM
descriptors was obtained. Primarily, the original variable
matrix X, . and X, . were subject to autoscaling, then
PCA was’ applled to generate corresponding scores of
principal components and characterized vector for every
principal component. For original 160 MoRSE descriptors
there generated 7 prominent PCs with eigenvalues > 1,
cumulatively explaining 83.05% variances. For original 99
WHIM descriptors, the former 4 PCs with eigenvalues > 1
cumulatively explained 87.55% variances were selected.
A total of 11 PCs, which MoRSE descriptors and WHIM
descriptors, for 20 coded amino acids were termed as
vector of principal component score (SVMW) (table 1).
Statistics software SPSS 13.0 implemented PCA program.

Partial least square

Partial least square (PLS) [8] regression is a widely
employed modeling method at the present time, which
has advantage of effectively overcoming multicollinearity
issues and especially suits for condition of sample size
smaller than variable number. Even more, PLS has the
desirable property that the precision of the model
parameters is improved with the increasing number of
relevant variables and observations [9, 10].

Stepwise multiple regression (SMR) was carried out for
variable selection because it was less time-consuming and
easy to implement. PLS was implemented by software of
Simca-P 10.0. Matlab 7.0 was used for PCA, and SPSS 10.0
was used for stepwise multiple variable selection.

Results and discussions
QSAR model for angiotensin-converting enzyme inhibitors
(dipeptide)

Angiotensin converting enzyme inhibitor (dipeptide) is
an inhibitor of angiotensin-converting enzyme (ACE)
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IAm10 acids Vi Vo V3 V4 Vs Ve V7 Vg Vg Vio Vil
AlaA 48673 4.8567 0.2935 -1.1984-1.7882 0.1084 -0.9456-11.6344-1.89677 1.97792 -2.60584
ArgR  2.8074 -5.7328-10.0304 0.1795 -1.8715-2.2739 1.9078 11.87107-2.87032 2.74823 1.25733
AsnN  -4.2352 4.4868 -1.581 -0.5684 2.9533 -1.0546 0.4217 -5.34951 7.68317 4.11656 4.1737
AspD 3675 5.6066 -1.3744 2375 22126 13277 2.1233 -4.02676 2.99296 -3.35851-3.77013
CysC  -4.8303 63381 0.7404 -3.6652-1.4237-1.5163-2.8869-5.65032 -2.87927-2.99048 2.3435
QB 2816706925 14272 05017 38608 1093 0408 2.36685 015236 404847 0 50392 Table |
u ~Lav -U. -1 -U. R B -4, . . =4, .
GlyG  -4.6947 9.543 -0.1147 -0.1988-0.4047 1.5034 0.8204 -11.7823-13.6975 3.47023 0.20083 SVMW DESCRIPTORS FOR AMINO
HisH 43481 3.6123 1.8679 3.8021 0.8011 5.1879-5.1697 2.33867 0.36099 -1.56522-1.07602 ACIDS
lel 2213 -52 3.6825 5.6186-5.55252.8169 1.2975 0.41167 6.40422 -1.24429-1.62207
LeuL -3.1883-9.1722 5.8668 4.8209-0.3621-0.87063.2602 0.26884 8.11636 2.89694 0.98231
LysK  -0.5855-11.934 -4.8895 -1.5481 3.8189 2.5185 -2.3203 9.00644 -2.09657-3.35485 2.39215
MetM  -3.9573-4.0717 2.3255 -4.3088-5.9397-3.4378-3.8467 4.36305 -1.66543-3.97675-1.02332
PheF  13.8796-2.8069 2.0969 -6.5485-0.78130.7353 0.795 7.26373 -4.36604-1.09058 1.62148
ProP  -2.7762-3.1282 7.5571 -2.57017.0349 -3.0942 0.809 -5.3069 3.18399 0.59462 4.27735
SerS  -3.3416 6.8606 -0.9756 0.8169 -1.6716-2.4715 3.4412 -9.15545 2.32007 -0.49944-2.26929
TheT  -2.7966 0.8798 -1.07 -1.2773-0.1541 2.2859 0.1757 -4.22009-0.27234-1.39095-2.53752
Trp W 19.20633.7382 -0.0853 6.6477 1.0446 -4.6764-2.645211.70248 0.16164 5.62047 -4.91875
TyrY 13.29742.2367 0.8869 -4.4618-1.3706 3.1242 4.2243 8.54042 -1.52583 174131 -1.28473
ValV  -5.1508-4.5618 -0.2362 -0.2687-1.1856-0.1157-1.1943-3.18401 2.29446 -0.49218-0.51649
No. Peptidle Obsd Calcd® Pred® No. Peptide Obsd Caled® Pred®
1 VW* 58 511 522 30 KG 249 245 233
2 W 570 562 575 31 FG 243 251 234
3 Y 543 448 445 32 GS 242 279 291
4 AW 500 481 491 33 GV* 234 237 257
5  RW* 480 516 544 34 MG 232 220 314
6 VY 466 39 392 35 GK 227 227 229
7 GW 452 434 449 36 GE 227 241 241
8 VF 428 412 38 37 GT* 224 227 255
9 AY* 406 366 360 38 WG 223 227 210
10 P 389 111 383 39  HG 22 216 203
11 RP 374 366 351 40 GQ 215 140 217
12 AF 372 381 355 41 GG* 214 195 183
13 GY* 368 320 318 42 QG 213 218 215
14 AP 364 330 298 43 SG 207 229 216
15 RF 364 417 408 44 LG 206 279 259 Table 2
16 VP 338 559 330 45 GD* 2.04 241 273 SEQUENCES OF ACE INHIBITORS (DIPEPTIDE)
17 GP* 335 28 255 46 TG 200 243 228 WITH THEIR OBSERVED AND CALCULATED
18 GF 320 335 314 47 EG 200 198 187 ACTIVITIES
19 IF 303 463 440 48 DG 185 202 188
20 VG 296 272 257 49  PG* 177 164 138
21 IG* 292 323 310 50 LA 351 318 33l
2 Gl 202 239 270 51 KA 342 283 304
22 GM 285 267 28 52 RA 334 316 349
24 GA 270 233 255 53 YA* 334 283 303
25 YG* 270 245 232 54  AA 321 280 297
26 GL 260 268 281 55 FR 304 350 339
27 AG 260 242 225 56  HL 249 288  3.00
28 GH 251 249 255 57 DA* 242 241 260
29 GR* 249 294 289 58 EA 200 235 257

activity of compounds. Angiotensinogen [11,12], which is
produced by liver, is catalyzed by rennin to disrupt into
inactive angiotensin I which is further catalyzed by
angiotensin converting enzyme to rupture into angiotensin
II. ACE inhibitors combined with the structural
characteristics of angiotensin I to compete with the ACE
and inhibited its effective biological activity, so that to
achieve the purpose of control and lower blood pressure.
Thus, ACE inhibitors have prepared the premedicant [13]
to treat blood pressure, heart disease and diabetes kidney
disease. Data sets of ACE inhibitory with experimentall
determined values were originally from Cushman et al.[ 14].
Firstly, as a classical sample set in QSAR studies [15-
17], 58 ACE inhibitors (dipeptide) are often utilized to
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validate the efficiency of amino acid descriptors. For a set
of peptide analogues, the chemical structure can now be
quantified by describing each varied amino acid position.
So the chemical structure of each dipeptide ACE inhibitor
can be described by 2x11 variables. Not all structural
descriptors are relevant to bioactivities for a QSAR data
set. SMR was employed to delete the irrelevant and
redundant descriptors. Q, ,*was shown to achieve the
maximum at the seventh step (Vip Vi Vor Voo Vi Vigr V).
Ultimately, PLS model in which two PLS components were
enough to account for 90.6% variances of Y variables with
cross-validation achieving 88.5% and RMSE achieving
0.432. There are sequences of ACE inhibitors (dipeptide)
which sorted from low activity to high activity with their
observed and calculated activities in table 2.
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Fig. 2. Distance to PLS model in X space of ACE inhibitors
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Fig. 3. Plots of calculated versus observed activities for ACE
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Figure 1 presented that most of the samples were falling
into Hotelling’s T? [18,19] confidence ellipse with 95%
confidence except sample #2, which indicated that SVMW
could provide a satisfied result to the model of ACE inhibitors
(dipeptide). The distance to the PLS model in the X space
was described by the solid line in figure 2 in order to
investigate efficiency on recombination. It can be seen
that the normalized distance to X for most samples were
smaller than the critical value of 1.692 (significance level
= 5%) except sample #49. A 7-variable PLS model was
constructed for the training set with its fitting correlative
coefficient R _2=0.821, and the cross-validation
Q,,,>=0.783. In"order to prove the validity and stability of
the model, the whole data set is systematically divided
into two subsets, from table 2 samples were chosen
regularly every four as test set, thus 43 samples were
treated as training set which were utilized to construct
QSAR model and the remaining 15 samples were regarded
as test set (samples in test set are highlighted with “*” in
table 2). The rest 15 samples were utilized to validate the
external prediction power of the model developed.
Consequently, the correlation coefficients of predicted
values versus experimental ones of external samples
Q. f 0.821. There are plots of calculated versus observed
actwvities for ACE inhibitors (dipeptide) in figure 3. We, also
compared between QSAR models of ACE inhibitors
(dipeptide) in table 3. The results are similar to or better
than those in the literatures.

QSAR model for angiotensin-converting enzyme inhibitors
(tri-peptides)

Research on angiotensin-converting enzyme inhibitors
(tri-peptides) is an active field in medicine exploitation in
recent years. A series of 55 peptides of ACE inhibitors (tri-
pef)tlc}es) peptides were taken from the data by Z.H. Lin et
al.[20

The processes of establish model of ACE inhibitors
(tripeptide) are similar to ACE inhibitors (dipeptide). There
are sequences of ACE inhibitors (tripeptide) which sorted
from low activity to high activity with their observed and
calculated activities in table 4. PLS model in which two
PLS components were enough to account for 99.9%
variances of Y variables with cross-validation achieving
96.5% and RMSE achieving 0.07. Figure 4 presented that
all of the samples were falling into Hotelling’s T2 confidence
ellipse with 95% confidence. Except sample #29, the
distance to the PLS model in the X space was described by
the solid line in figure 5. The normalized distance to X for

inhibitors

No descriptors model  A*  Ryn? Oeum™ RMSEE!

1 zscale PLS 2 0.770 nd® nd®

2 GRID(tscores) PLS 1 0.744 nd® 0.500

3 ISA-ECI PLS 2 0.700 nd® nd®

4 MS2WHIM(rotameric) PLS 3 0.657 0.541 nd® Table 3

5 MS2WHIM(extended) PLS 3 0.708 0.637 0.54 COMPARISON BETWEEN QSAR MODELS OF
6 MHDV PCR 19 0.878 0.753 0.350 ACE INHIBITORS (DIPEPTIDE)
7 MEEV(M1) MLR 10 0711 0.475 0.340

8 MEEV(M2) MLR 3 0.649 0.570 0.370

9 MEEV(M3) MLR 10 0.773 0.588 0.330

10 MEEV(M4) MLR 3 0.735 0.677 0.320

11 VHSE PLS 1 0.770 0.745 0.480

12 SVTV PLS 1 0789 0.767 0.460

13 c*scales G/PLS 3 0.806 0.761 nd®

14 SVMW PLS 3 0.906 0.885 0.432

“principal components; ® cumulative multiple correlation coefficient; < cumulative cross-

validated R
552

2: droot mean square error; ¢ not determined.
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No. Peptides Obsd Calcd® Pred® No. Peptides Obsd Caled® Pred®
1 VVV* 163 172 188 29 GVV 182 197 189
2 RPG 309 308 305 30  PPG 318 318 3.10
3 GRP 048 055 051 31 PGG* 3.4 309 3.06
4 LLL 135 133 142 32 PGP 182 180 1.80
5 GLG 245 243 244 33  GPG 265 265 266
6 LGL* 152 146 159 34  GGP 128 127 135
7 FGG 279 278 297 35 PGI 223 235 225
8 GFG 253 246 243 36  KPK* 263 268 259
9 GGF L1 108 109 37 ADA 217 193 204
10 FFG 271 267 278 38 GEG 228 232 220
11 FGF* 129 229 145 39  LEL 119 122 118
12 GFF 1.02 099 08 40 RGP 173 170 174
13 GGG 261 256 261 41  PIP* 169 169 158 Table 4
14 GYG 233 234 234 42 FPF 132 139 148 SEQUENCES OF ACE INHIBITORS (TRI-
15 GGY 135 132 130 43  KPF 151 164 167 PEPTIDES) WITH THEIR OBSERVED AND
16 YGY* 182 175 174 44  VYP 082 082 107 CALCULATED ACTIVITIES
17 GYY 1.07 111 103 45  YPF 160 161  1.58
18 YYY 154 154 147 46 LGG* 249 254  2.68
19 FIV 204 222 230 47  GGL 163 147 153
20  FPP 150 158 175 48  LLG 233 241 242
21 FPK* 245 253 240 49  GLL 147 134 136
2 PFP 174 170 161 50  YGG 307 199 3.6
23 RRR 177 179 165 S YYG* 279 277 279
24 PPP 186 189 184 52  LDL 142 136 136
25 FFF 120 120 125 53 VIF 078 075  0.85
26 RGP* 173 170 174 54  RPF 159 160 152
27 PGR 267 262 255 55 PPF 168 171 158
28 GGV .99 211 216
®calculated values; bpredicted values; “test set.
30F R, =0088 o5
Q. =0.932 Y
25 RMSEE=0.077 \AA
&
20k a
B
T &
g o 184 A@ o
10 a
AA
05
N . L H . 05 1 TD 1 j5 2.‘0 275 3f0
-4 -3 -2 -1 0 1 4 Obsd
i Fig. 6. Plots of calculated versus observed activities for 55 ACE
Fig. 4. PLS scores of ACE inhibitors (tri-peptides) inhibitors (tri-peptides)
22 = Table 5
20 COMPARISON BETWEEN QSAR MODELS OF ACE INHIBITORS (TRI-PEPTIDES)
1.8 A
g ry No descriptors model  A'  Run®  Qew® RMSEE!
BT \/\,L/\ 1 zscale PLS 2 0770 nd® nd®
g 12y, _ 2 GRID(scores) PLS 1 074 nd® 0.500
gyl g ; . / 3 ISA-ECI PLS 2 0700 nd® nd®
S sl J/ \/\/\/ \/ \.A 4 VSTV PLS 3 0789 0.767 0.460
© osl 5 SSIA-AMI PLS 3 0.769 0.699 0.490
el 6 SSIA-PM3 PLS 3 0.789 0773 0.470
0zl 7 SZOTT PLS 3 0.878 0.753 0.330
N . 8 T-scales PLS 3 0.845 0.786 0.390
6 5 10 15 220 25 ;0 3B 40 45 =3 9 VSW PLS 3 0.868 0.784 0.370
Num ' 10 G-scales PLS 3 0.870 0.831 0.370
Fig. 5. Distance to PLS model in X space of ACE 11 SVMW PLS 5 0.998 0.931 0.077

inhibitors (tri-peptides)
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mez; 9root mean square error; ° not determined.
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Fig. 7. PLS scores of BTT Fig. 8. Distance to PLS model in the X space of BTT
No. Peptide Obsd Caled® Pred® No Peptide Obsd Caled® Pred®
1 GV* 1.13 0.88 093 25 Ir* 2.26 2.25 2.13
2 GL 1.68 1.50 1.62 26 IP 2.40 2.28 2.50
3 Gl 1.70 1.37 144 27 w 3.05 2.96 2.66
4 GP* 1.35 1.39 1.8 28 IN* 1.49 1.58 1.52
5 GF 1.80 1.79 196 29 ID 1.37 1.66 1.57
6 GW 1.89 2.09 1.96 30 1IQ 1.49 1.58 1.31
7 GY* 1.77 1.67 1.81 31 IE* 1.37 1.75 1.60
8 AV 1.16 0.91 095 32 IK 1.65 1.78 1.34
9 AL 1.70 1.54 1.64 33 IS 1.49 1.65 1.62
10 AF* 1.72 1.83 198 34 IT* 1.49 1.72 1.63
11 VG 1.19 1.13 1.33 35 PA 1.32 1.60 1.59 Table 6
1 VA 116 1.20 136 36 PL 222 234 222 SEQUENCES OF BTT INHIBITORS WITH THEIR
3 Vy* 171 131 130 37 - 233 929 105 OBSERVED AND CALCULATED ACTIVITIES
14 VL 2.00 1.94 1.99 38 PY 1.80 2.50 241
15 LG 1.72 1.71 1.73 39 PF 2.80 2.64 2.56
16 LA* 1.72 1.78 1.76 40 FG* 1.77 1.82 1.88
17 LL 2.35 2.52 239 41 FL 2.87 2.62 2.55
18 LF 2.75 2.81 273 42 FP 2.70 2.51 2.73
19 Lw* 3.40 3.10 275 43 FF* 3.10 291 2.89
20 LY 2.46 2.68 259 44 FY 3.13 2.78 2,74
21 1G 1.68 1.57 1.65 45 WE 1.56 2.07 1.94
22 IA* 1.68 1.64 1.68 46 WW#* 3.60 3.29 3.00
23 v 2.05 1.75 1.62 47 YL 2.40 2.61 2.55
24 IL 2.26 2.38 231 48 SL 1.49 1.58 1.69

“calculated values; bpredicted values; “test set.
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Fig. 9. Plots of calculated versus observed activities for 48 BBT

most samples was smaller than critical value of 1.584. We
get the PLS model was constructed for the training set
with its fitting correlative coefficient R _2=0.991, cross-
validation Q,,?=0.969. After that, the whole data set is
systematicaﬁ’y divided into two subsets, from table 4
samples were chosen regularly every five as test set, thus
44 samples were treated as training set which were utilized
to construct QSAR model and the remaining 11 samples
were regarded as test set (samples in test set are
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highlighted with “*” in table 4). As a result, the correlation
coefficients of predicted values versus experimental ones
of external samples Q_ *=0.964. There are plots of
calculated versus observed activities for ACE inhibitors
(tripeptide) in figure 6. Table 5 is compared between QSAR
models of ACE inhibitors (tripeptide). We also get that the
results are similar to or better than those in the literatures.

QSAR model for bitter tasting thresholds

Bitter sensitivity, as one of gustatory sensitivities,
protects humans and organisms from injury by toxic
substances. Studies indicate that conduction of taste signal
in taste receptor cells involves in a series of complicated
processes mediated by G protein-coupled receptors [21].
As a classical sample set in QSAR studies, 48 bitter tasting
thresholds (BTT) reported by Collantes [22], with its activity
expressed by negative logarithm of concentration (pT), are
often utilized to validate the efficiency of amino acid
descriptors. Utilizing the 2x11 SVMW scales to describe
each BBT, the resulting PLS model in which three PLS
components were enough to account for 93.2% variances
of Y variables with cross-validation achieving 89.8% and
RMSE achieving 0.231. From figure 7, except sample #46,
they are smaller than twice the standard deviation.
However, they are all smaller than triple standard deviation.

REV. CHIM. (Bucharest) ¢ 65 No.5 ¢ 2014



No descriptors model A*  Raym® Qeur™® RMSEE?
1 zscale PLS 2 0.824 nd® 0.260 Table 7
2 GRID(tscores) PLS 1 ndg 0.780 nd® COMPARISON BETWEEN QSAR MODELS OF BTT
3 ISA-ECI PLS 2 0.847 nd® nd°®
4 MS2WHIM(rotameric) PLS 3 0.704 0.633 nd®
5 MS2WHIM(extended) PLS 3 0.754 0.710 0.320
6 MHDV PCR 10 0.919 0.864 0.180
7 MEEV(M1) MLR 10 0.711 0.475 0.340
8 MEEV(M2) MLR 3 0.649 0.570 0.370
9 MEEV(M3) MLR 10 0.773 0.588 0.330
10 MEEV(M4) MLR 3 0.735 0.677 0.320
11 VHSE PLS 3 0.881 0.843 0.220
12 c*scales G/ PLS 3 0.847 0.776 nd*®
13 SVMW PLS 1 0.869 0.806 0.432

* principal components; ° cumulative multiple correlation coefficient; ® cumulative cross-validated

2.4 .
Rem”; “ root mean square error;  not determined.

The distance to the PLS model in the X space was
described by the solid line in figure 8. The normalized
distance to X for all samples was smaller than critical value
of 1.709. We get that the PLS model was constructed for
the training set with its fitting correlative coefficient
R,’=0.868, cross-validation Q *=0.807.

‘Moreover, the whole data set Is systematically divided
into two subsets, from table 6 samples were chosen
regularly every three as test set, thus 32 samples were
treated as training set which were utilized to construct
QSAR model and the remaining 16 samples were regarded
as test set (samples in test set are highlighted with “*” in
table 6). Consequently, the constructed model was then
utilized to predict test set with the result of Q_ 2 =0.774.
There are plots of calculated versus observed activities for
BBT in figure 9. At the same time, we compared between
QSAR models of BBT in table 7. The results are similar to or
better than those in the literatures.

Conclusions

The amino acid descriptors, SVMW, were derived from
principal component analysis of 160 MoRSE descriptors
and 99 WHIM descriptors only by theoretical calculation.
Applying SVMW scales into peptide QSAR studies for three
kinds of classical peptide analogues, the results are similar
to or better than those in the literatures. Thus it is suggested
the SVMW scales have multiple advantages, such as
plentiful structural information, easy to get and good
structural characterization ability. This method can be used
widely in forecasting QSAR studies.
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