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covered more than 82, 94, 80 and 78  % of the cross-val-
idated variance of C. albicans, MRSA, MRSE and E. coli 
data sets, respectively. The results were also used to deter-
mine the important and significant AAs which are impor-
tant in CAPs activities. According to the best of our knowl-
edge, it is the first successful attempt in the QSAM studies 
of peptides containing both natural and non-natural AAs of 
the both l and d isomers.
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Introduction

The fact of increasing use of antibiotics in immunosup-
pressant patients has resulted in the prevalence and drug 
resistance of bacterial/fungal superbugs (Guilhelmelli et al. 
2013; Mayer et al. 2013). Cationic antimicrobial peptides 
(CAPs) as a wide category of compounds with their primi-
tive defense mechanism could be an effective immune wall 
against the superbugs-associated infections (Zasloff 2002). 
CAPs are found in a wide range of eukaryotic organisms, 
which mostly show action by damaging bacterial/fungal 
cell membrane (Dathe and Wieprecht 1999; Bagheri et al. 
2011).

Design and introduction of new CAPs with better thera-
peutic activity are always demanding and are in progress 
(Reddy et al. 2004; Junkes et al. 2011). On the other hand, 
because of growing emergence of bacterial/fungal super-
bugs some efforts have been started to introduce suitable 
CAPs as a new generation of antibiotics.

Some methods have been proposed to help the design 
of peptides and also analog peptide libraries with desired 
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activity for final synthesis in laboratory. For example, 
peptide sequence scanning (Savio et al. 2012; Jamieson 
et al. 2013) and quantitative sequence–activity modeling 
(QSAM) (Jonsson et al. 1993; Zhou et al. 2010) are two 
well-known techniques showing good potential in peptide 
design.

QSAM is an effective chemoinformatic technique, 
firstly proposed by (Jonsson et al. 1993), employing 
quantitative structure–activity relationship for biomol-
ecules. In this approach, biosequence activities of bio-
molecules, e.g., therapeutic peptides, are linked to their 
functional/structural properties (Doytchinova et al. 2005; 
Hemmateenejad et al. 2011). The most important part of 
a structure–activity relationship in peptides is the defini-
tion and extraction of suitable descriptors or indices for 
the AAs in the peptide sequences. Different attempts have 
been done to propose new indices for AAs to use in the 
QSAM studies (Sneath 1966; Kidera et al. 1985; Hellberg 
et al. 1987; Sandberg et al. 1998; Raychaudhury et al. 
1999; Zaliani and Gancia 1999; Mei et al. 2005; Tong et 
al. 2008; Lin et al. 2008; Yang et al. 2010; Hemmateene-
jad et al. 2011; Yousefinejad et al. 2012; Hemmateenejad 
et al. 2012). Most of these proposed AA indices used in 
the QSAM studies are for natural AAs; however, some of 
them are extended for non-natural AAs [e.g., Sandberg et 
al. (1998); Yang et al. (2010)].

Here, a QSAM study was performed on a series of linear 
hexa-CAPs with different activity profiles against bacterial/
fungal superbugs using segmented principal component  
regression strategy (SPCR) (Hemmateenejad and Elyasi 
2009). Since these CAPs contained simultaneously non-
natural AAs and AAs of the both d- and l-isomers and no 
indices have been proposed before for some of these AAs, 
SPCR helped to extract potent indices for this kind of AAs 
and the data set of target CAPs.

Methods and materials

Data set

60 recently synthesized linear hexapeptides derived from 
O-W-F-I-F-H(1-Bzl)-NH2 sequence which showed excel-
lent activities against a broad range of hazardous micro-
organisms: e.g., C.  albicans, MRSA, MRSE and E.  coli, 
were taken from the literature (Sharma et al. 2010). All of 
these 60 peptides had defined antifungal activity against C. 
albicans. Among these 60 peptides, 48 had defined activity 
against “methicillin-resistant Staphylococcus epidermidis” 
(MRSE) and 40 of them were active against “methicillin-
resistant Staphylococcus  aureus” (MRSA), respectively. 
Also 28 of these 60 linear peptides showed activity against 
“Escherichia coli” (E. coli). All of the MRSE, MRSA and 

E. coli activities of the under-study peptides were adopted 
from the literature (Sharma et al. 2010). The data used 
in the current QSAM study consisted of activity of these 
linear hexapeptides (IC50 in mg/mL), against C. albicans, 
MRSE, MRSA and E. coli. The inhibition activities were 
converted to the logarithmic scale pIC50 (−log IC50) and 
then used for subsequent quantitative sequence–activ-
ity modeling as the dependent variables. The sequence of 
peptides and their experimental antimicrobial activities 
could be found in Table 1. It should be mentioned that the 
presentation of peptides in this table was arranged accord-
ing to rational of AA replacement in the base peptide, i.e., 
O-W-F-I-F-H(1-Bzl)-NH2.

Descriptor extraction and model development

One of the essential steps in structure–activity relation-
ship studies is extraction of some numerical codes from 
the desired compounds which could describe the struc-
tural properties. Because the values of many descriptors 
are dependent on the bond lengths, bond angles and other 
geometrical characteristics, each AA structure was firstly 
drawn using Hyperchem (Version 8, Hyper Cube Inc.) 
and subsequently optimized by the semi-empirical AM1 
method. This process obtained the most stable state of 
AAs according to the interactions between the chemical 
groups in a molecule, before determination of its molecular 
descriptors.

Then, the optimized structure of the AAs was transferred 
to the Dragon software (Version 2.1, Milano Chemometrics 
and QSAR research group, http://michem.disat.unimib.it/
chm/) to extract the molecular descriptors. A total of 531 
descriptors (Charge, Randic molecular profiles, Geometri-
cal, Radial Distribution function, 3d-MoRSE, WHIM, 
GETAWAY) were calculated for each AA molecule. These 
descriptors were calculated after deleting the redundant 
and collinear descriptors (i.e., R2  >  0.95). Another crite-
rion which should be included in the generated descriptor 
was the ability of differentiating between the two isomers 
of an AA (d and l). It was necessary because in some of 
the peptides in the under-study data set, d and l conform-
ers of some AAs were existed. So, the descriptors with high 
similarity in the d and l forms were deleted and finally 297 
descriptors were remained for each AA molecule.

It is clear that the large number of descriptors for each 
AAs could not be logical for constructing the independent 
(descriptor) matrix for the peptides that consist of six AAs. 
In such case, we have a matrix containing a large number 
of descriptors (6 × 297 = 1,782) and apparently the risk of 
obtaining chance models is increased if the number of orig-
inal descriptors is increased significantly with respect to 
the number of molecules (Topliss and Costello 1972; Liv-
ingstone and Salt 2005). One of the strategies to decrease 
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Table 1   Sequences of 60 antimicrobial linear peptides used in this 
study which are based on the O–W–F–I-F–H(1-Bzl)-NH2 with their 
observed and predicted activities against C. albicans, Gram-positive 

MRSA and MRSE and Gram-negative E. coli bacteria obtained by the 
models based on 16 segments’ SPCR indices

Peptide 
denotation

Sequencea Activity Rationale

C. albicans MRSA MRSE E. coli

PIC50 
(Obs.)

PIC50 
(Pred.)

PIC50 
(Obs.)

pIC50 
(Pred.)

pIC50 
(Obs.)

pIC50 
(Pred.)

pIC50 
(Obs.)

pIC50 
(Pred.)

Diastereomers of original peptide sequence

 P1b O-W-F-I-F-H(1-Bzl)-NH2 2.10 2.22 2.96 2.96 2.21 2.58 1.63 1.76 Trp → D-Trp

 P2c O-W-F-I-F-H(1-Bzl)-NH2 1.87 1.77 1.64 1.99 2.42 2.37 Phe1 → D-Phe1

 P3b O-W-F-I-F-H(1-Bzl)-NH2 1.69 1.78 Phe2 → D-Phe2

Substitution of the amino acid residue at 1st position

 P4c,d R-W-F-I-F-H(1-Bzl)-NH2 1.73 1.75 3.12 2.82 2.17 2.26 1.88 1.88 Arg → Orn

 P5 K-W-F-I-F-H(1-Bzl)-NH2 1.93 1.84 2.32 2.32 2.43 2.21 1.44 1.50 Lys → Orn

 P6 H-W-F-I-F-H(1-Bzl)-NH2 1.68 1.6 His → Orn

 P7 H(1-Bzl)-W-F-I-F-H(1-Bzl)-NH2 1.75 1.76 H(1-Bzl) → Orn

 P8d K-W-F-I-F-H(1-Bzl)-NH2 2.00 2.00 1.76 1.76 2.10 2.26 1.37 1.38 D-Lys → Orn

Substitution of the amino acid residue at 2nd position

 P9 O-P-F-I-F-H(1-Bzl)-NH2 1.636 1.662 D-Pro → D-Trp

 P10 O-Bal-F-I-F-H(1-Bzl)-NH2 2.027 2.019 Bal → D-Trp

 P11 O-Nal-F-I-F-H(1-Bzl)-NH2 2.959 3.010 2.43 2.45 2.42 2.36 Nal → D-Trp

 P12 O-F(4-CF3)-F-I-F-H(1-Bzl)-NH2 2.143 2.127 1.79 1.78 1.47 1.56 F(4-CF3) → D-Trp

 P13b,c O-F(4-F)-F-I-F-H(1-Bzl)-NH2 2.398 2.459 2.47 2.68 1.66 1.62 F(4-F) → D-Trp

 P14 O-F(4-Me)-F-I-F-H(1-Bzl)-NH2 2.824 2.802 1.57 1.58 1.49 1.61 1.49 1.33 F(4-Me) → D-Trp

 P15 O-F-F-I-F-H(1-Bzl)-NH2 1.827 1.791 Phe → D-Trp

 P16d O-Phg-F-I-F-H(1-Bzl)-NH2 1.951 1.957 1.55 1.91 Phg → D-Trp

 P17 O-Cha-F-I-F-H(1-Bzl)-NH2 2.538 2.524 2.14 2.14 2.44 2.46 Cha → D-Trp

 P18 O-I-F-I-F-H(1-Bzl)-NH2 1.684 1.780 1.64 1.64 1.94 2.12 Ile → D-Trp

 P19c O-Y-F-I-F-H(1-Bzl)-NH2 2.347 2.295 2.07 2.17 2.70 2.22 2.85 2.81 Tyr → D-Trp

Substitution of the amino acid residue at 3rd position

 P20c O-W-W-I-F-H(1-Bzl)-NH2 1.951 1.879 2.05 2.08 3.74 3.84 D-Trp → D-Phe1

 P21 O-W-I-I-F-H(1-Bzl)-NH2 2.018 2.104 1.77 1.78 2.07 2.08 D-Ile → D-Phe1

 P22 O-W-L-I-F-H(1-Bzl)-NH2 2.092 2.135 1.21 1.33 2.20 2.24 D-Leu → D-Phe1

 P23c,d O-W-C-I-F-H(1-Bzl)-NH2 1.547 1.522 2.25 2.45 2.85 2.54 1.39 1.51 D-Cys → D-Phe1

 P24d O-W-F(4-CF3)-I-F-H(1-Bzl)-NH2 2.398 2.304 3.03 3.05 3.09 2.77 1.67 1.71 F(4-CF3) → D-Phe1

 P25b O-W-F(4-tBu)-I-F-H(1-Bzl)-NH2 2.143 2.030 2.96 2.98 3.25 3.22 1.10 1.11 F(4-tBu) → D-Phe1

 P26d O-W-F(4-F)-I-F-H(1-Bzl)-NH2 1.886 1.984 3.60 3.60 2.62 2.41 1.54 1.69 F(4-F) → D-Phe1

 P27 O-W-F(4-Me)-I-F-H(1-Bzl)-NH2 2.180 2.125 2.74 2.67 3.70 3.65 1.79 1.50 F(4-Me) → D-Phe1

 P28d O-W-Bal-I-F-H(1-Bzl)-NH2 1.752 1.811 2.74 2.69 3.00 2.99 1.28 1.32 Bal → D-Phe1

 P29b,d O-W-W-I-F-H(1-Bzl)-NH2 2.292 2.069 1.74 1.61 2.96 2.69 Trp → D-Phe1

 P30 O-W-Dip-I-F-H(1-Bzl)-NH2 2.194 2.191 2.92 2.93 3.24 3.25 1.45 1.56 Dip → D-Phe1

 P31b,c O-W-Phg-I-F-H(1-Bzl)-NH2 1.551 1.489 2.06 2.50 2.16 2.01 2.23 2.19 Phg → D-Phe1

 P32b O-W-I-I-F-H(1-Bzl)-NH2 1.680 1.544 1.11 1.12 Ile → D-Phe1

 P33 O-W-L-I-F-H(1-Bzl)-NH2 1.914 1.837 1.68 1.54 1.94 1.84 Leu → D-Phe1

 P34b O-W-Nle-I-F-H(1-Bzl)-NH2 1.830 1.544 2.17 2.16 2.80 2.90 Nle → D-Phe1

 P35 O-W-Cha-I-F-H(1-Bzl)-NH2 3.000 3.007 3.96 3.93 3.07 2.86 1.72 1.65 Cha → D-Phe1

 P36 O-W-Y-I-F-H(1-Bzl)-NH2 1.646 1.778 1.33 1.40 Tyr → D-Phe1

Substitution of the amino acid residue at 4th position

 P37c O-W-F-Pfp-F-H(1-Bzl)-NH2 1.623 1.634 3.20 2.98 1.71 1.68 Pfp → Ile

 P38 O-W-F-A(9-anth)-F-H(1-Bzl)-NH2 1.752 1.685 1.41 1.39 A(9-anth) → Ile

 P39b O-W-F-F(4-Me)-F-H(1-Bzl)-NH2 1.815 1.634 3.38 3.35 4.15 4.19 F(4-Me) → Ile
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the number of initial descriptors before variable selection is 
using principle component analysis (PCA). This is a good 
way to compress data in some principal components (PCs) 
without losing information. Then, these PCs could be uti-
lized in the regression step after variable selection. In the 
current study, a segmented principal component regression 
(SPCR) was used which was proposed by Hemmateenejad 
and Elyasi (2009). The SPCR showed also good ability in 
the QSAR study of peptides (Hemmateenejad et al. 2012). 
According to the SPCR method, the original descriptors 
for all AAs were segmented into different groups based 
on their information similarity and then each segment was 
subjected to PCA. Segmentation of original descriptors 
could be done by different strategies like PCA, self-organ-
ization mapping (SOM) based on Kohonen network and 
classification, and fuzzy c-means clustering and K-means 
clustering (Hemmateenejad et al. 2013). In this study, PCA 

based on singular value decomposition algorithm was uti-
lized as a simple segmentation strategy. The extracted PCs 
of each segment were then subjected to PC selection and 
the most relevant subset of PCs was used as the AA indices. 
Finally, the obtained indices of AAs in each peptide were 
arranged beside each other to construct the independent-
variable matrix of linear hexapeptide data set.

To test of the models performance, in addition to cross-
validation, about 20 % of the data (12 peptides out of 60 in 
C. albicans model, 10 peptides out of 48 and 40 in MRSE 
and MRSA models respectively) were selected as the exter-
nal test set. These peptides were selected randomly based 
on descriptors spaces. Because of the limited number of 
peptides in the E. coli data set, none of the peptides were 
used as the external test set and the goodness of the model 
was checked only by cross-validation. To further evalu-
ate the model performance, cross-validation, r2

m
 metrics, 

a  The single letters representing d-amino acids residues were underlined. Chemical formulae of schematic
b  The test set for C. albicans
c  The test set for MRSA
d  The test set for MRSE

Table 1   continued

Peptide 
denotation

Sequencea Activity Rationale

C. albicans MRSA MRSE E. coli

PIC50 
(Obs.)

PIC50 
(Pred.)

PIC50 
(Obs.)

pIC50 
(Pred.)

pIC50 
(Obs.)

pIC50 
(Pred.)

pIC50 
(Obs.)

pIC50 
(Pred.)

 P40 O-W-F-Dip-F-H(1-Bzl)-NH2 1.646 1.754 1.91 1.88 3.15 3.20 Dip → Ile

 P41b O-W-F-Phg-F-H(1-Bzl)-NH2 1.572 1.522 2.03 2.01 2.92 2.76 1.44 1.43 Phg → Ile

 P42 O-W-F-Cha-F-H(1-Bzl)-NH2 1.947 1.950 1.47 1.44 Cha → Ile

 P43 O-W-F-Nle-F-H(1-Bzl)-NH2 2.155 2.148 Nle → Ile

 P44 O-W-F-L-F-H(1-Bzl)-NH2 1.533 1.538 L → Ile

 P45 O-W-F-V-F-H(1-Bzl)-NH2 1.903 1.954 1.57 1.56 1.69 1.84 D-Val → Ile

 P46c,d O-W-F-F-F-H(1-Bzl)-NH2 2.357 2.336 2.68 2.73 2.40 2.50 1.16 1.17 D-Phe → Ile

Substitution of the amino acid residue at 5th position

 P47 O-W-F-I-W-H(1-Bzl)-NH2 1.947 1.921 1.83 1.88 1.22 1.22 D-Trp → D-Phe2

 P48 O-W-F-I-Y-H(1-Bzl)-NH2 1.559 1.623 D-Tyr → D-Phe2

 P49 O-W-F-I-Dip-H(1-Bzl)-NH2 1.762 1.890 1.45 1.44 2.02 2.23 Dip → D-Phe2

 P50 O-W-F-I-F(4-tBu)-H(1-Bzl)-NH2 2.237 2.220 1.56 1.54 1.57 1.55 F(4-tBu) → D-Phe2

 P51 O-W-F-I-Cha-H(1-Bzl)-NH2 1.793 1.780 1.84 1.85 1.47 1.49 Cha → D-Phe2

 P52 O-W-F-I-A-H(1-Bzl)-NH2 1.717 1.703 Ala → D-Phe2

Substitution of the amino acid residue at 6th position

 P53 O-W-F-I-F-F(4-NH2)-NH2 1.815 1.803 2.39 2.39 2.48 2.32 2.19 2.16 F(4-NH2) → H(1-
Bzl)

 P54b O-W-F-I-F-R-NH2 1.544 1.692 2.80 2.70 3.92 3.92 1.78 1.87 Arg → H(1-Bzl)

 P55 O-W-F-I-F-K-NH2 1.821 1.862 1.96 1.96 Lys → H(1-Bzl)

 P56d O-W-F-I-F-O-NH2 1.967 1.989 2.17 2.51 2.92 2.57 1.91 1.77 Orn → H(1-Bzl)

 P57b O-W-F-I-F-Dab-NH2 2.585 2.653 1.82 1.89 2.41 2.48 1.98 2.14 Dab → H(1-Bzl)

 P58 O-W-F-I-F-H-NH2 1.896 1.800 2.33 2.36 1.88 1.83 His → H(1-Bzl)

 P59 O-W-F-I-F-K-NH2 1.928 1.920 2.02 2.05 2.82 2.78 D-Lys → H(1-Bzl)

 P60c O-W-F-I-F-H-NH2 1.730 1.683 1.92 2.35 2.21 2.27 2.09 2.08 D-His → H(1-Bzl)



129QSAM of linear antimicrobial peptides

1 3

external validation and y scrambling test were used. All the 
statistics and modeling procedures were done in MATLAB 
environment (version 7, Math work, Inc., http://www.math-
works.com, USA) and necessary routines were written in 
our laboratory.

Results and discussion

Model construction for C. albicans activity

It is worth mentioning that one of the important aspects of 
the peptides data set with antimicrobial activity, studied in 
the current work, is the presence of non-natural AAs as well 
as d and l conformers of some other AAs. So it was neces-
sary to define a new source of indices for these non-formal 
kinds of AAs. First, the model development was performed 
for the C. albicans data set which was the largest one. As it 
was noted, we used segmented principal component regres-
sion (SPCR) to extend SPCR index (Hemmateenejad et al. 
2012) for the AAs used in the synthesis of the 60 hexa pep-
tides. The name and structure of AAs used in this work are 
represented in Table S1 (Supplementary materials).

After extraction of AA structural codes, they are classi-
fied into groups with similarity in their informational con-
tents using principal component analysis. The distribution 
of descriptors of AAs in the two-dimensional space of load-
ings (loading 1 and loading 2) is classified into different 
groups. Then each group was separately subjected to prin-
cipal component analysis (PCA). The extracted PCs were 
used as the indices of AAs in the hexapeptides data set.

The distribution of descriptors in the factor space of 
the first and the second loadings (PCs in the direction of 
descriptors) is presented in Fig.  1a. These two PCs cov-
ered about 70 % of variances of total 297 extracted descrip-
tors. This pattern of distribution was used to classify the 
descriptors into different number of segments. According to 
Fig. 1a, it is clear that the distribution of variables related to 
the AAs was almost homogenous in both x- and y-directions 
of space. So both axes of distribution space (between mini-
mum and maximum values) were divided into 1, 2, 4 and 5 

portions and finally 1, 4, 16 and 25 segments were obtained, 
respectively. For instance the clustering of descriptors in 16 
segments is shown in Fig. 1b. After segmentation (1, 4, 9, 
16 and 25), the descriptors in each segment were separately 
subjected to singular value decomposition and the PCs with 
eigenvalues bigger than one were extracted from each seg-
ment. Total number of PCs in each segmentation step and 
number of PCs in each segment are abstracted in Table 2. 
It is clear that by increasing the number of segments, num-
ber of extracted PCs as the descriptive indices of AAs was 
increased. SPCR is a way to input the relevant information 
into the model and by increasing the number of segments, 
the probability of separating irrelevant and relevant informa-
tion increased (Hemmateenejad and Elyasi 2009).

After arranging AA indices obtained with different 
number of indices for 60 linear hexapeptides in C.  albi-
cans data set, five matrices of independent variables with 
the size of 60 × n were constructed based on n extracted 
indices in five different segmentation strategies. Each of 
these matrices was subjected to stepwise variable selec-
tion to make QSAM models to relate peptides’ independent 
variables to their activities against C. albicans. During the 
modeling procedure, 80 % of peptides (48 of 60) were ran-
domly selected as the training set for model development 
and remaining 20 % were used as the test set to check the 
prediction ability of models. In the current work stepwise 
multiple linear regressions (SMLR) were used for variable 
selection and model development.

All statistics of five constructed models like train-
ing correlation coefficient (R2

cal
), root mean square error 

of calibration (RMSEC), correlation coefficient and root 
mean square error of cross-validation (Q2

cv
 and RMSEcv, 

respectively) related to the C. albicans model are presented 
in Table S2. Correlation coefficient and root mean square 
error of the external test set (R2

test
 and RMSEtest, respec-

tively) are also summarized for each model in Table S2.

Validation of C. albicans models

According to the criteria noted in the literature, all the 
models had acceptable values of R2

cal
 and Q2 (R2

cal
  >  0.6 

Fig. 1   a Distribution of the 
calculated descriptors for amino 
acids in the 2D-space of the first 
and second PCs in the descrip-
tors’ direction (loading 1 and 
loading 2). b Partitioning of the 
descriptors into 16 segments by 
vertical and horizontal lines to 
extract amino acid indices

http://www.mathworks.com
http://www.mathworks.com
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and Q2 > 0.5 (Golbraikh and Tropsha 2002a); however, the 
models based on segments = 4 and segments = 16 showed 
better statistics. It is also clear from Table S2 that all the 
models also show good predictability for the external test 
set. The squared regression coefficient between observed 
and predicted values of the train, cross-validation or test 
set peptides do not necessarily mean that the predicted 
values are very near to observed activity values (Roy et 
al. 2012). So an average modified term (r2

m(cv)), that was 
recently proposed (Roy et al. 2012), was calculated for 
cross-validation. According to this parameter, only models 
#2 and #4 (based on AA indices from 4 segments and 16 
segments, respectively) were acceptable and model #4 was 
the best one. In model #4, r2

m(cv) shows that 71 % of pre-
dicted values are very near to observed activity values of 
the hexapeptides. So, the number of segments equal to 16 
was chosen as the optimum case for AA index extraction 
and QSAM of C. albicans hexapeptide data set. As noted 
previously, prediction ability of this model was also good 
and R2

test
 and RMSEtest had values of 0.87 and 0.42, respec-

tively. Slopes k (slope of observed peptide activity vs. 
predicted activity) and k’ (slope of observed peptide activ-
ity vs. predicted activity) (Golbraikh and Tropsha 2002b) 
related to regression line of model #4 through the origin 
were also calculated which were 0.97 and 1.0, respectively. 
Both values were in the range of 0.85–1.15 (Golbraikh and 
Tropsha 2002b) and already were near to middle of this 
range, showing another proof for the predictability of the 
proposed QSAM model.

In addition, to assess the risk of chance correlation, per-
mutation test (y scrambling) was performed (Gramatica 
et al. 2007). In this way, the dependent variable of model 
(pIC50 of different peptides) was randomly shuffled 50 
times and maximum correlation coefficient of cross-vali-
dation in permutation test (Q2

MP
) was calculated which was 

0.14. It is clear that this value is significantly lower than 
Q2 of original model and proves that the model was not 
chancy.

To have a comparison of the statistics of model #4 (based 
on 16 segments) with the modes constructed for other 
kinds of antimicrobial activities, which discussed future, 
the parameters of model #4 are abstracted in Table  2. A 
complete list of the peptide sequences in the training and 
test sets, their experimental and predicted −log(IC50)  
values by stepwise MLR and their residual values of pre-
diction are listed in Table  1. To have a visual presenta-
tion, the plot of predicted vs. observed activity of peptides 
against C. albicans is presented in Fig.  2 (up-left). The 
standardized residual distribution plot of Fig. 2 related to 
C. albicans is also shown in Fig S2 (up-left). The propa-
gation of the standardized residuals in both sides of zero 
line indicates that no systematic error exists in the con-
structed model for C. albicans activity. On the other hand, 
all the standardized residual values of training and test 
set were located in the acceptable range of ±3σ, where σ  
is the standard deviation.

Highlighted zone in linear antifungal peptides

One of the goals of this research was discovering “which 
residue(s) in the peptide sequence has (have) more effect 
on the bioactivity?” To do so, we look at the indices (PCs 
obtained by SPCR) that were selected after variable selec-
tion to include in the model. First of all, the percent of 
existence of variables (PCs) related to each residue in the 
peptide sequence for the selected model (model #4) was 
calculated which is shown graphically in Fig.  3 (up-left). 
As it is clear from this figure, the percent of existence in 
model (PEM) related to residue 2 and 3 was bigger than 
remaining AAs. However, the role of AA2 was bigger than 
AA3. On the other hand, AA4 also has the next order of 
importance in activity against C. albicans. So it could be 
concluded that the manipulation in this position of these 
kinds of antimicrobial linear hexapeptides might have 
a significant effect on their activity against C. albicans 
superbugs.

Table 2   Initial number of indices extracted by SPCR for each amino acid

a  Total number of extracted PCs for each amino acid
b  Number of extracted PCs from each segment before variable selection; Segi,j shows segments of the ith row and jth column (Fig. 1b)

Segments’ no. Na
EPCs Nb

EPCs-seg

1 24 Seg1,1 = 24

4 45 Seg1,1 = 13; Seg2,1 = 12; Seg1,2 = 13; Seg2,2 = 7

9 54 Seg1,1 = 5; Seg2,1 = 6; Seg3,1 = 6; Seg1,2 = 12; Seg2,2 = 7; Seg3,2 = 5; Seg1,3 = 4; Seg2,3 = 6; Seg3,3 = 3

16 62 Seg1,1 = 2; Seg2,1 = 3; Seg3,1 = 5; Seg4,1 = 1;Seg1,2 = 7; Seg2,2 = 7; Seg3,2 = 4; Seg4,2 = 4; Seg1,3 = 7; Seg2,3 = 7; 
Seg3,3 = 4; Seg4,3 = 3; Seg1,4 = 1; Seg2,4 = 4; Seg3,4 = 2; Seg4,4 = 1

25 64 Seg1,1 = 1; Seg2,1 = 2; Seg3,1 = 3;Seg4,1 = 2; Seg5,1 = 1; Seg1,2 = 3; Seg2,2 = 4; Seg3,2 = 2; Seg4,2 = 4; Seg5,2 = 2; 
Seg1,3 = 6; Seg2,3 = 5; Seg3,3 = 5; Seg4,3 = 4; Seg5,3 = 2; Seg1,4 = 3; Seg2,4 = 5; Seg3,4 = 3; Seg4,4 = 2;Seg5,4 = 2; 
Seg1,5 = 0;Seg2,5 = 1; Seg3,5 = 1; Seg4,5 = 1; Seg5,5 = 0
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Model development for activity against MRSE, MRSA 
and E. coli

After showing the effectiveness of indices based on 16 seg-
ments (4 × 4) in modeling the anti-C. albicans activity, the 
potential of proposed indices for constructing the QSAMs 
for the activity of these hexapeptides against MRSE, MRSA 
and E. coli was also checked and in all cases good results 
were achieved. The statistics of calibration, cross-valida-
tion, external test set and y-randomization test are avail-
able in Table 3. According to the results, all models showed 
good statistics in both calibration and prediction points of 
view. However, the model of MRSA was the best one espe-
cially in cross-validation parameters. The average r2

m
 met-

rics of cross-validation (r2
m(cv)) for the model of MRSA 

activity was 0.88 which shows stability of the model (Roy 
et al. 2012).

By applying the extracted indices based on segmenta-
tion of PCs space, it was shown that this kind of param-
eters has enough potential in prediction of other antimi-
crobial activities of the linear hexapeptides studied in the 
current work. The plot of observed vs. predicted activity of 
MRSE, MRSA and E. coli model is represented in Fig. 2. 
The standardized residual distribution plots of these models 
is also represented in Fig. S2. In all models (MRSE, MRSA 
and E. coli), the standardized residual values of test and/or 
training set were located in the acceptable range of ±3σ. 
The propagation of the standardized residuals in both sides 
of zero line indicates that no serous systematic error exists 
in the developed models for the under-study antimicrobial 

activities. The observed (experimental) and predicted val-
ues of MRSE, MRSA and E. Coli activities are included in 
Table  1. It is worth mentioning that the indices based on 
other number of segments in SPCR (1, 4, 9 and 25) were 
also checked to model the MRSE, MRSA and E. Coli activi-
ties but similar to C. albicans case; it was observed that the 
index #4 (based on 16 segments) was the best one (data are 
not shown).

Highlighted zone of antimicrobial peptides with activity 
against MRSE, MRSA and E. coli

By similar manner which was noted previously for the 
highlighted zone of anti-C. albicans peptides, the PEM of 
each AA of peptides of three data sets (MRSE, MRSA and 
E. coli) was calculated which is plotted in Fig. 3. As it is 
clear from Fig. 3 (down-left and down-right), in MRSE and 
MRSA data sets, similar to anti-C. albicans peptides AA2, 
AA3 and A4 were the highlighted residues in antimicrobial 
activities. However in MRSE and MRSA models AA3 was 
the most important one.

The highlighted zone in the E.  coli data set which 
is active against E.  coli as Gram-negative bacteria was 
slightly different with the others. According to which is 
shown in Fig. 3 (up-right), in the anti-E. coli peptides, AA3 
and AA6 were the most important and effective residues in 
their activities. However, here again the AA3 was the most 
important residue. It is worth mentioning that in almost all 
data sets, the AA3 was the most effective residue on the 
antimicrobial activities. So the focus on this residue could 

Fig. 2   Plot of different cal-
culated antimicrobial activity 
against observed values
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be useful in designing linear peptides with general antimi-
crobial properties.

Brief description of model

Another finding from the obtained model was looking at 
original descriptors more weighted in PCs (indices) related 
to the highlighted AA(s) which is more important in pep-
tide activity changes. For this purpose, the loadings of the 

selected PCs were analyzed. For each selected PC of the 
target residue in each segment of SPCR step, the elements 
of its loading indicate the importance of the descriptors of 
that segment in construction of selected PC (AA’s indices). 
So the original descriptors related to maximum value of 
loadings were extracted. Table S2 (supplementary infor-
mation) contains descriptors of the highlighted zone which 
had the highest loading value and their definitions for all 
data sets (C. albicans, MRSE, MRSA and E. coli).

Fig. 3   Percent of existence of 
indices related to each residue 
of CAPs in the final models 
built for different antimicrobial 
activities

Table 3   Statistics of models developed for the peptides activities against C.albicans, Gram-positive MRSA and MRSE and Gram-negative 
E. coli bacteria based on amino acids indices obtained by SPCR in 16 segments

ND not determined
a  Correlation coefficient of calibration
b  Root mean square error of calibration
c  Correlation coefficient of cross-validation
d  Root mean square error of cross-validation
e  Average r2

m
 metrics of cross-validation

f  Correlation coefficient of prediction (test set)
g  Root mean square error of prediction (test set)
h  Maximum cross-validation correlation coefficient for Y-randomization (permutation) test

Entry no. Data set R2

cal
 a RMSECb Q2c RMSEd

cv r2
m(cv)

e R2
test

f RMSEg
test Q2

MP

h

1 C. albicans 0.97 0.17 0.82 0.43 0.71 0.87 0.42 0.14

2 MRSA 0.98 0.07 0.94 0.26 0.88 0.90 0.53 0.25

3 MRSE 0.97 0.19 0.80 0.56 0.66 0.86 0.52 0.21

4 E. coli 0.95 0.22 0.78 0.48 0.64 ND ND 0.19
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It should be noted that almost all properties extracted 
as the most important features of the most highlighted 
AA in these peptide data sets are weighted with different 
properties like atomic mass, atomic van der Waals vol-
umes and atomic Sanderson electronegativity. For example, 
“Mor30  m” and “H8  m” show that AAs in the 2nd posi-
tion of peptide sequence with elements of the higher atomic 
mass have a relatively positive effect on pIC50 (nega-
tive effect on peptide C. albicans activity). Negative sign 
of the score of “E3e”, which is a descriptor weighted by 
atomic van der Waals volume, probably shows that AAs 
with elements of lower atomic van der Waals volumes 
result in higher pIC50 (lower activity against C. albicans). 
On the other hand by looking at the descriptors weighted 
by atomic van der Waals volume and sign of coefficients of 
their original scores, it is clear that R3v+ shows negative 
effect on pIC50 while RDF030v shows a positive effect. So, 
it could be concluded that the van der Waals volumes might 
be of an optimum value (i.e., not high and not low) in this 
situation (See Table S3). Other descriptions of important 
parameters of the most highlighted AAs (i.e., 3rd resi-
due) of other data sets are also presented in Table S3. The 
important properties implied by the important properties 
with their effect (positive, negative or optimum of both) for 
all four models are abstracted in Table 4. As another exam-
ple from results it seems that the van der Waals volume of 
the AA’s Atoms in the 3rd position of peptide sequence rep-
resents a relative negative effect on pIC50 (positive effect on 
peptide’s antimicrobial activity).

Conclusions

A multiparameter quantitative sequence–activity relation-
ship model was proposed for a series of linear hexapeptide 
antibiotics to predict their antimicrobial activity against 
C.  albicans, MRSA, MRSE and E.  coli. However, the 
structure of these peptides contained non-natural and very 
structurally similar AAs (d and l-isomers); the obtained 
model had enough ability to predict and model the activi-
ties. This quantitative sequence–antifungal activity model 

was validated with different statistical and chemometrics 
approaches. Also, information on the highlighted zone of 
the hexapeptides (representing a general part of peptide 
structure with highest impact upon antifungal activity) 
was obtained. It was shown that the 2nd and 3rd residues 
in the peptide sequence might highlight the importance 
in controlling the total antimicrobial activity. However, 
the role of 2nd residue was more significant in C. albicas 
activity and 3rd residue might be more important in other 
kinds of antimictobial properties (against MRSA, MRSE 
and E. coli). So if we want to have a peptide with multi-
functionality against different kinds of microbes, focus on 
the 3rd AA is important. The applied strategy in the cur-
rent work, which imports the properties of each peptide 
residue separately in calculation, makes it possible to show 
the importance of different parts of sequence in peptide 
activities. However, the data obtained by our model are 
well supported by the experimental results (Sharma et al. 
2010), suggesting that the cationic N-terminus of the lin-
ear hexapeptides has an important role for peptide interac-
tion with both the negatively charged components of outer 
membrane of Gram-negative and Gram-positive bacteria, 
i.e., lipopolysaccharide and peptidoglycan, as well as the 
fungal membrane composed of zwitterionic phospholipids. 
This effect was more pronounced at 2nd and 3rd residues 
for C. albicans and the bacteria, respectively. Most likely, 
the difference in the selectivity of CAPs against bacte-
ria and fungi is related to the charge and physiochemical 
properties of the microorganisms’ cell membranes (Zasloff 
2002). On the other hand, some properties like atomic 
mass, electronegativity and van der Waals volume of the 
highlight zone of these peptides might have a significant 
role in their antifungal activity. In this work, not only the 
potential of SPCR in the predictive QSAM of linear pep-
tides with relatively similar structures was shown, but also 
the results of the work could be used to direct the synthesis 
of this kind of important antibiotic peptides toward repre-
senting better activities.

Acknowledgments  The supports of Iran National Elites Founda-
tion (INEF), Iran National Science Foundation (INSF), Center of 

Table 4   Important parameters of the most important AA of peptides and their relative effect on peptide activity

The effect of each property (negative, positive or both) on the antimicrobial activity is represented in the parenthesis

Vw atomic van der Waals volume, ma atomic mass, Χ atomic Sanderson electronegativity, α atomic polarizability, σ molecular symmetry, ℮ 
molecular eccentricity
a  Negative is more optimum
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AA2 Vw (±)a, ma (+), Χ (−)

AA3 Vw (±)a, ma (−), ℮ (+) Vw (−), α (+), σ (−) Vw (−), σ (−)
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