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Protegrin antimicrobial peptides (AMP) possess a high activity against a variety of microorganisms. In the present
contribution, we analyse the structural requirements of protegrin analogues reported by Ostberg and Kaznessis (Peptides
2005; 26: 197) for having antimicrobial activity against several microbial species by using interpretable QSAR models.
Models were carried out using multiple linear regression (MLR) combined with genetic algorithm (GA) and smoothed amino
acid sequence properties were employed for characterizing the peptide dataset. The main advantage of smoothing process is
the alteration of local amino acid properties by the properties of the amino acids in the closer neighbourhood. We report
models encompassing different characteristics for describing the activities against different microbial species. Our results
suggest the existence of specific mechanisms of action for protegrin analogues against different microbial species.
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1. Introduction

Cationic antimicrobial peptides (AMPs) have been
gaining recognition as highly valuable therapeutic agents
for their roles in innate immunity and for their multiple
biological effects [1]. They can possess antimicrobial
activity against Gram-positive and Gram-negative bac-
teria, fungi and protozoa. Certain AMPs have been shown
to inhibit the replication of enveloped viruses such as
influenza A virus [2], vesicular stomatitis virus and human
immunodeficiency virus (HIV-1) [3]; and may also
possess anticancer activity [4] or promote wound healing
[5]. Since the action of AMPs involves disruption of
microbial membranes, they limit the ability of bacteria
to develop resistance [6]. In this sense, AMPs can be
considered as new antibiotics with a more efficient
antimicrobial action.

AMPs are defined as peptides of less than 50 amino acid
residues with an overall positive charge, imparted by the
portion of hydrophobic residues. AMPs can be found
presence of multiple lysine and arginine residues, and a
substantial in simple and complicated organisms including

humans. They have been preserved through evolution for
their small size and their high potency [7]. Protegrins are
short natural AMPs found in porcine neutrophils, similar to
other defensins, which display a broad spectrum of
antimicrobial effects against Gram-negative, Gram-posi-
tive bacteria, yeasts and fungi [§—11]. Protegrin-1 (PG-1)
is 18 residues long and forms a rigid antiparallel two-
stranded P-sheet linked by a short two-residue loop
segment and stabilised by two disulfide bridges. Analogues
retaining the crosslinked (3-hairpin secondary structure
conserve their potency in spite of various substitutions,
while the linear ones exhibit reduced antimicrobial activity
[9,12]. In addition, PG-1 has a C-terminal NH, group
which has been kept on reported analogues. PG-1 structure
can be modified by amino acid substitutions without an
impairment of the antimicrobial activity; therefore overall
structural features such as amphipathicity, charge and
shape are more important to activity than the presence of
specific amino acids. The total number of cationic residues
and the amphipathicity of the B-hairpin determine the
activity; however, the analogues displayed relatively high
toxicity to mammalian cells [9,11].
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Predicting protein physico-chemical properties and
biological activities is a fundamental goal in molecular
biology. The profitableness of sequence information has
been highly confirmed for modeling large proteins
including conformational stability [13], secondary and
tertiary structures [14] or protein—ligand interactions
[15], etc. The same applications have emerged for
modeling biological functions of small peptides in recent
years. Peptides have attracted considerable pharmaco-
logical interest due to they role as hormones, enzyme
inhibitors, antibodies, olfaction and taste receptors,
antimicrobial compounds or agents, and other biological
functions.

The most common structural information employed for
quantitative structure—activity relationships (QSAR) of
peptides is provided from their macroscopic properties,
e.g. molecular weight, lipophilicity, formal charge, solvent
accessible surface area, etc. However, it is difficult to
predict the effect of amino acid substitution on peptide
descriptors derived from macroscopic properties. More
explicit use can be found for a QSAR model if it indicates
how the change in peptide sequence is correlated with the
variation in biological activity and how to modify the
sequence to achieve the improved activity. In this sense,
molecular descriptors describing amino acid properties
have been proposed. The main advantage of QSAR
models using amino acid descriptors is their easy
interpretability, since the information can be used directly
to design new compounds.

In the early 1960s, Sneath [16] derived amino acid
descriptor variables from physico-chemical semiqualita-
tive data for the 20 coded amino acids and used them in
a quantitative sequence-activity model analysis of
oxytocin—vasopressine analogues. Afterwards, various
approaches for encoding amino acid sequence infor-
mation have been explored [17-23]. Different methods
to transform the amino acid sequence of proteins and
peptides into multivariate data for QSAR modelling are
discussed in Ref. [24]. Hereafter, some recent
approaches are discussed. A valuable contribution was
presented by Hellberg et al. [19], who derived the z-
descriptors, which were obtained by applying principal
component analysis to groups of physico-chemical
variables describing lipophilicity, hydrophilicity, size
and charge-related properties of the amino acids. Recent
applications of z-descriptors include predicting the
activity of [P-lactam antibiotics [25], modeling the
antibacterial and anti-HSV activity of lactoferricin
analogues [26,27], and describing the binding of peptides
to the human class I major histocompatibility complex
(MHC) allele HLA-A*0201 [28]. Very recently, Mei
et al. [21] derived the VHSE scales from principal
components analysis (PCA) on hydrophobic, steric and
electronic properties of the 20 coded amino acids.
Authors applied their descriptors to QSAR modeling of
bitter-tasting dipeptides (BTD), angiotensin-converting
enzyme (ACE) inhibitors, and bradykinin-potentiating
pentapeptides (BPP). An adequate use of sequence

information was developed by Pripp [29] who modeled
inhibition of prolyl oligopeptidase by peptides derived
from [3-casein using simple amino acid descriptors
encoding hydrophobicity, molecular bulkiness and iso-
electric charge. The author assumed that prolyl
oligopeptidase inhibition was related to proline residues
in the endopositions of inhibitory peptides and
considered properties of residues adjacent to the prolines
in N- and C-terminal directions, i.e. positions P3, P2, P1/
and P2’ according to the proteolytic activity on peptides,
for QSAR modeling.

The use of amino acid descriptors only requires the
primary amino acid sequence, and replaces the measuring
of the properties of the peptide. However, the consider-
ation of amino acids as isolate points in the sequence is far
from reality. Physico-chemical properties of amino acids
inside a peptide are influenced by the solvent media and
the peptidic surroundings [30]. In order to consider the
peptide effects, we propose a local regression smoothing
process for assigning an influence to a local amino acid
descriptor from their neighbored amino acids. This
transformation attempts simulating a pseudo-global effect.
Smoothed amino acid sequence descriptors were tested in
sequences of AMP.

The activity of natural and synthetic protegrins
analogues against several microbial species have been
recently reported [6,9,31,32]. In addition, these datasets
have been studied by computational methods. In a recent
paper, Ostberg and Kaznessis [31] used descriptors from
three-dimensional homology models of PG-1 for carrying
out QSAR models describing antimicrobial activity
against six microbial species, and hemolytic and cytotoxic
effects of protegrin analogues. They find that some terms
describing the size, shape and energy of the peptide can be
correlated with peptide activities. Another approach was
carried out by Frecer [33] on cyclic AMPs derived from
PG-1 with simple additive molecular properties related to
the general mechanism of cell membrane disruption. By
means of QSAR models, author proposed site-directed
residue substitutions leading to simultaneous optimization
of the antimicrobial and hemolytic potencies. The need
of the development of computational models is clear:
the number of AMPs that have been chemically and
biologically characterized continues to grow, but the
number of those with available high-resolution structures
remains relatively small [34]. Our current contribution
utilizes the simple primary structure of protegrin
analogues for carrying out interpretable structure—activity
relationships.

2. Materials and methods

2.1 Protegrin sequences and biological activities

The primary structure of 56 peptides analogues of PG-1 was
compiled from the literature [31]. The minimal inhibitory
concentrations (MICs: pg/ml) against Gram-negative
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bacteria (Escherichia coli, Psendomonas aeruginosa,
Neisseria gonorrhoeae—two strains) and Gram-positive
bacteria (Listeria monocytogenes), and the yeast Candida
albicans are collected and transformed in log(103/MIC)
values. Peptide sequences and biological activities used
in this study are summarized in table 1. Inactive peptides
were not considered for QSAR modeling.

2.2 Amino acid sequence derived properties. Local
regression smoothing process

The matrix of structural descriptors was generated using
properties of the individual amino acids (table 2). Eight
physico-chemical properties of 20 coded amino acids were
employed: overall amino acid composition percentages
(AAC) [35], average flexibility indexes (AF) [36],
bulkiness (B) [37], hydrophobicities (H) as motilities of
amino acids on chromatography paper [38], molecular
weights (MW), polarities (P) [39], refractivities (R) [40]
and relative mutabilities (RM) [41]. The combination of
sequences with properties leads to property-sequence
representations (PSRs). In a PSR, the presence of an
amino acid in the sequence is described by the value of the
physico-chemical property.

For considering the effects of properties of vicinal
amino acids in a punctual amino acid, PSRs were modified
by smoothing the physico-chemical properties using the
Lowess method [42]. The name “Lowess” is derived from
the term “locally weighted scatter plot smooth”, the
method uses locally weighted linear regression to smooth
data, giving more weight to points near the point whose
response is being estimated and less weight to points
further away. For the smoothing process each amino acid
is considered as a central point. Each smoothed value is
determined for neighboring amino acids defined within a
span. The span is a percentage of the total number of
amino acids in the sequence; it dictates the number of
neighboring amino acids influenced by the regression
weight function.

The local regression smoothing process is developed for
each amino acid by calculation of the regression weights
for each amino acid in the span. The weights (w;) are given
by the tricube function shown below.

3\ 3
Wi = (1— ) ey

where x is the predictor value associated with the response
value to be smoothed, x; are the nearest neighbors of x as
defined by the span, and d(x) is the distance along the
abscissa from x to the most distant predictor value within
the span. A weighted linear least squares regression is
performed using a first degree polynomial. The smoothed
value is given by the weighted regression at the predictor
value of interest. If the smooth calculation involves the
same number of neighboring data points on either side of
the smoothed central point, the weight function is

X — X

d(x)

symmetric. However, if the number of neighboring points
is not symmetric about the smoothed central point, then
the weight function is not symmetric. The weight function
for an end point and for an interior point of peptide
sequence is shown in figure 1.

Lowess smoothing was carried out using Proteinplot tool
implemented in Bioinformatics toolbox of MATLAB [43].

2.3 Pool of descriptors and modeling procedure

Descriptors modified by Lowess smoothing are the
primary structural information available for estimating
models describing the relationship between activities and
peptide structures. A consideration must be done for
generating descriptor matrix, because protegrin analogues
contain from 10 to 18 amino acids. Sequences with
different numbers of amino acids produce a data set with
different numbers of descriptors, causing problems during
multivariate regression analysis. QSAR can be limited to
equal number of amino acid derivatives if a minor
fragment of the sequence is responsible for activity. Since
protegrin analogues containing ten amino acids display
antimicrobial activity, each sequence was aligned to PG-1
and coincident residue positions were determined
(alignment was carried out using Bioinformatics toolbox
of MATLAB [43]). In consequence, the pool of
descriptors was generated including properties of amino
acids located inside a reduced sequence: from position 6
to 15. In all, 80 descriptors were calculated, where each
descriptor in the data set expresses the sequence position
and an amino acid property. For each activity, descriptors
that stayed constant or almost constant were eliminated,
and pairs of variables with a correlation coefficient greater
than 0.7 were classified as intercorrelated, and only the
most correlated with modeled activity was included in
the model.

After descriptor matrix has been generated, a key issue
is to choose the most appropriate descriptors for modeling
the antimicrobial activities. Relevant amino acid descrip-
tors were chosen by using multiple linear regression
analysis (MLR) with genetic algorithm (GA). Then,
outliers were established and models were redone. Finally,
models were validated by cross-validation to examine
their predictive abilities.

3. Results and discussion

3.1 Analysis of smoothed amino acid sequence
descriptors

We first illustrate how the smoothed amino acid sequence
descriptors represent certain primary structural character-
istics of a peptide and how the smoothing process
influences the sequence representations. Traditionally,
the difference between two sequences containing one
different amino acid is only expressed by physico-
chemical properties of the unequal amino acids. However,
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Table 1. Experimental and predicted antimicrobial activities of PG-1 analogues (10g(103/MIC))‘L.

EC* NG (F-62)

NG' (FA19) LM* cAl PA*

Name Sequence Exp Pred Exp Pred

Exp Pred Exp Pred Exp Pred Exp Pred

PCO001 rggricycrrrfevevgr 3.05 2.98 2.92 2.89
PC003 rgggleycerrrfevevgr 2.64 291 2.85 2.88
PC004 rggricycrgwicfevgr 2.68 2.87 2.92 2.97
PC005 rggricycrPrevevgr 2.54 2.88 2.85 3.20
PC006 rggrlaycrrrfevavgr 2.68 2.70 2.96 2.98

PC007 rggricyarrrfavevgr - - 2.23 2.28
PCO009 Ieycrrrfevevgr 2.66 2.81 3.00 2.68
PCO10 reycrrrfevevgr 2.96 291 3.10 3.07
PCO11 rggricycrrrfevev 2.89 3.07 2.82 2.89
PCO12 rggricycrrrfcicv 2.72 2.85 2.89 2.49
PCO013 rggrlcycrrrfever 2.64 2.79 2.92 2.89
PCO14 reycrrrfever 2.54 2.72 2.96 3.07
PCO15 Ieycrrrfevev 2.82 2.90 2.64 2.68
PCO16 Icyarrrfavev 3.22 3.39 1.87 2.29
PCO17 reyarrrfaver 3.00 3.21 2.92 2.68
PCO18 laycrrrfcvav 2.92 2.82 2.80 2.72
PCO19 raycrrrfcvar 2.52 2.64 0.86 outl
PC020 cycrrrfcvevgr 2.72 2.60 2.46 2.48
PC021 rggricycrrrfeve 2.74 2.84 I -
PC037 leytrrrftvey 2.85 2.80 2.74 2.64
PCO045 Itycrrrfevty 3.30 3.17 2.70 2.99
PC064 leytrPrftvev 2.85 2.70 2.89 297
PCO64a Ieytrgrftvey 3.22 3.31 3.15 2.79
PCO065 leytfrPrivev 2.51 2.53 2.39 2.33
PCO066 leytfrgrfvev - - 1.23 outl
PCO069 cycrrrfevey I - 1.42 outl
PC070 Leycrrrfeve 2.57 2.67 2.49 2.54
PCO71 Cycrrrfeve 2.49 245 2.38 2.34
PCO072 Cycfrrfeve 3.22 3.09 2.74 2.69
PC073 Icycrrrrevev 1.85 1.87 1.50 1.73
PC074 Icycfrrrevev 2.09 2.50 2.82 2.73
PC077 Ieyerfrrevev 3.00 2.75 - -
PC078 Icycrrfrevev 2.74 2.79 - -
PCO079 yeycrrrfevevgr 2.46 2.93 - -
PC080 teycerrrfevevgr 2.96 3.00 - -
PC091 acycrrrfevevgr 3.15 2.68 - -
PC092 veycrrrfevevgr 3.15 3.10 - -
PC093 icycrrrfevevgr 3.15 3.45 - -
PC094 feyerrrfevevgr 3.22 2.97 - -
PC095 weyecrrrfevevgr 3.30 3.09 - -
PC096 ecycrrrfevevgr 3.22 3.10 - -
PC097 rggrlcycrrrfcvey 3.22 3.05 - -
PC098 rggricycrrrfevet 3.15 2.85 - -
PC100 rggricycrrrfcvea 3.10 2.92 - -
PC101 rggricycrrrfevel 3.15 3.13 - -
PC102 rggricycrrrfevei 3.10 3.10 - -
PC103 rggricycrrrfevef 3.15 3.11 - -
PC104 rggricycrrrfcvew 3.22 3.10 - -
PC105 rggricycrrrfcvee 3.00 2.78 - -
PC107 rleytrgrftvey 3.22 3.28 - -
PC108 Ieytrgrftvevr 3.52 3.20 - -
PCI112 Icycrrrfeyev 2.26 2.30 - -
PCI113 Ieycrrrfefev 1.97 outl - -
PC146 Ieycerrrfctev 3.00 2.82 - -
PC147 Icycrrrfegev 3.15 3.07 - -
PC148 Icycrrrfewey 2.89 outl - -

2.77 2.74 3.05 outl 2.28 1.97 3.05 2.84
2.74 2.74 2.55 2.63 2.02 1.98 - -
2.46 2.54 2.72 2.60 1.52 1.52 - -
2.80 2.71 2.60 2.63 1.81 1.93 - -
2.26 2.31 2.59 2.81 1.80 1.80 - -
1.49 1.81 - - 1.73 1.71 - -
2.20 2.27 1.63 outl 1.21 outl - -
2.74 2.70 2.10 2.43 1.50 1.75 - -
2.42 2.39 243 2.80 1.94 1.96 - -
2.37 2.12 2.26 2.38 1.69 1.81 2.51 2.78
2.72 2.88 2.57 2.74 1.99 2.19 - -
2.85 2.84 2.48 2.64 2.00 1.97 - -
2.01 1.92 2.62 2.61 2.06 2.07 2.52 2.65
1.32 1.35 2.82 2.93 1.59 1.89 3.10 3.23
2.62 2.27 3.15 2.96 1.98 1.79 3.22 3.19
1.93 1.51 2.85 3.11 I -
I - 1.54 outl 1.53 1.78 - -
1.28 1.28 1.66 outl 1.17 1.38 - -
I - 1.44 1.61 I - - -
2.00 2.18 2.38 2.36 1.56 1.56 2.85 2.68
2.00 2.24 3.52 3.13 2.57 outl 3.30 3.14
1.86 2.16 2.70 2.37 1.55 1.50 - -
2.28 1.81 2.41 2.28 1.91 1.73 - -

1.52 1.40 1.98 2.14 I - - -
0.80 1.12 - - - - - -
0.89 0.93 I - I - - -
1.49 1.65 1.58 1.42 I

1.89 outl 2.40 2.36 1.50 1.55 2.03 1.94
2.08 2.07 3.15 3.06 1.55 1.55 2.92 2.87

1.01 1.05 - - I - 2.15 outl
1.95 1.82 - - 1.55 1.48 2.01 1.95
- - 2.46 2.46 1.46 1.37 2.51 2.58
- - 2.74 2.65 I - 243 2.74
- - 2.06 outl 1 - 1.80 1.92
- - 2.44 2.83 I 2.39 2.52

- - 2.82 2.74 2.05 1.88 - -
- - 2.85 2.74 1.95 2.02 - -
- - 2.85 2.82 1.93 2.05 - -
- — 2.89 2.72 2.06 2.06 - -
- - 2.85 2.76 2.00 2.04 - -
- - 2.92 2.57 2.03 1.74 - -
- - 2.96 2.84 1.97 2.28 - -
- - - - 1.66 1.91 2.37 2.84
- - - - 241 outl 2.92 2.84
- - - - 2.36 2.06 2.85 2.84
- - - - 2.44 2.05 2.92 2.84
- - - - 2.82 outl 3.15 2.84
- - - - 2.44 2.48 3.00 2.84
- - - - 2.36 2.03 3.15 2.84
- - - - 1.50 1.63 3.30 3.59
- - - - 2.52 outl 3.40 3.26
- - - - 1 - 222 2.49
- 1.63 outl
- - - - 1.96 1.90 2.85 2.79

_ _ _ - 160 164 259 252

" C-terminal NH, is found on all the protegrins represented. Inactive compounds and outliers are indicated. I: inactive; outl, outlier.

*EC: Escherichia coli.

ING: Neisseria gonorrhoeae.
SLM: Listeria monocytogenes.
'CA: Candida albicans.

#PA: Psendomonas aeruginosa.

the smoothing process modifies the local properties of
more than one amino acid. In consequence, short
sequence portions containing identical amino acids can
be described by different values of the same descriptor.
Figure 2(a) shows the behavior of the AAC descriptor

profile when an amino acid is changed inside the fragment
of sequence considered for QSAR modeling (between
residues 6 and 15). When the Lowess smoothing is
applied, the modification of amino acid content at position
14 influences descriptor values from position 11 to 15.
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Table 2. Property matrix.

Amino acid code AACT AF* B! H MW p* R** RM™™
A 6.6 0.36 11.50 5.1 89 8.1 4.34 100
C 0.9 0.35 13.46 0.0 121 55 35.77 20
D 7.7 0.51 11.68 0.7 133 13.0 13.28 106
E 5.7 0.50 13.57 1.8 147 12.3 17.56 102
F 2.4 0.31 19.80 9.6 165 52 29.40 41
G 6.7 0.54 3.40 4.1 75 9.0 0.00 49
H 2.5 0.32 13.69 1.6 155 10.4 21.81 66
I 2.8 0.46 21.40 9.3 131 52 18.78 96
K 10.3 0.47 15.71 1.3 146 11.3 21.29 56
L 4.8 0.37 21.40 10.0 131 4.9 19.06 40
M 1.0 0.30 16.25 8.7 149 5.7 21.64 94
N 6.7 0.46 12.82 0.6 132 11.6 12.00 134
P 4.8 0.51 17.43 4.9 115 8.0 10.93 56
Q 52 0.49 14.45 1.4 146 10.5 17.26 93
R 4.5 0.53 14.28 2.0 174 10.5 26.66 65
S 9.4 0.51 9.47 3.1 105 9.2 6.35 120
T 7.0 0.44 15.77 35 119 8.6 11.01 97
A% 4.5 0.39 21.57 8.5 117 5.9 13.92 74
w 1.4 0.31 21.67 9.2 204 5.4 42.53 18
Y 5.1 0.42 18.03 8.0 181 6.2 31.53 41

" AAC: overall amino acid composition percentages.
£ AF: average flexibility indexes.

¥ B: bulkiness.

¥ H: hydrophobicities.

I'MW: molecular weights.

# P: polarities.

R refractivities.

T RM: relative mutabilities.

X X%
/N
X X
18 05 / \
X X
4 / \
0 XXX XXX XX XXX
0 5 10 15
3 The weight function for an interior
amino acid
2
11 X‘x\
1 X
05 \
X
) L VEVIVIVIVEVIVIVEVIVIVIVEVE
0 5 10 15

The weight function for an end amino acid

Figure 1. Lowess process over the sequence of PG-1. The weight function for an end point and for an interior point of peptide sequence.
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Figure 2. Behaviour of smoothed AAC descriptors inside the fragment of sequence considered for QSAR modelling (between residues 6 and 15). (a)
AAC descriptors for homologous peptides (5. . . Icycrrrfexcv . . . 16) varying amino acid x at position 14, amino acids x are indicated in the legend at right,
(b) AAC descriptors for homologous peptides (5 ... xcycrrrfecvevgr . . . 18) varying amino acid x at position 5, amino acids x are indicated in the legend at
right, (c) AAC descriptors for peptides with the same primary structure 6... cycrrrfeve. .. 15, but varying the length of the sequences, amino acids
before position 6 and after position 15 are indicated in the legend at right.

The reduction of the sequences can lead to several equal between residues 6 and 15, but they differ in residue at
sequences; however, the smoothing process allows position 5. In this case, the smoothing process introduces
valuating the effects of the rest of the sequence. Peptides the desired variability which was lost when the length of
represented in figure 2(b) have the same sequence the sequence was reduced in order to equal the size of the
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sequences for QSAR modeling. A similar effect is
observed when peptides sharing the primary structure
6... cycrrrfcve. .. 15 are compared (figure 2(c)). When
the sequence before 6 is rggrl, AAC values are 4.49, 3.99
and 3.88 for positions 6, 7 and 8 respectively; if the
sequence is reduced maintaining only Leu-5, ACC values
increase to 4.72, 4.46 and 4.21 for positions 6, 7 and 8§,
respectively. However, if the sequence begins with Cys-6,
ACC values decrease to 1.97, 2.72 and 3.42 for positions
6, 7 and 8, respectively. On the other, when the sequence
after 15 is vgr, AAC values are 4.11, 4.18 and 4.84 for
positions 13, 14 and 15 respectively; if the sequence is
reduced maintaining only Val-16, ACC values change
to 4.32, 436 and 4.46 for positions 13, 14 and 15,
respectively. However, if the sequence ends with Cys-15,
ACC values decrease to 3.93, 3.45 and 2.99 for positions
13, 14 and 15, respectively.

3.2 QSAR models against different microbial species

Models relating smoothed amino acid sequence descrip-
tors with several antimicrobial activities log(IO3 /MIC) of
protegrin analogues were carried out. Linear equations are
reported as the linear combination which fit well with
the data. The GA allows finding the most statistically
significant properties which provide the simplest model
for each organism. The key criterion for selecting the best
models is the leave one out (LOO) cross-validation
correlation coefficient (Q %) above 0.5, according to Wold
[44]. To gain a deeper insight into the impact of each
descriptor in the linear models, we evaluated their
relevance. For this, we chose to estimate the relative
contributions of each descriptor on the antimicrobial
activity. The descriptor under study was removed from the
model and mean of the absolute deviation values Ami

between the observed and estimated value for all
compounds were calculated. Finally, the contribution Ci
[45] of descriptor i is given by:

. 100X Ami
l ="
> Ami

Since each descriptor corresponds to a physico-chemical
property and an amino acid position, we can readily
interpret the QSAR models based on the sign of
descriptors in MLR equations and Ci values. However,
it must be considered the effect of smoothing: each
descriptor value is affected by its surroundings. Therefore,
interpretations must be carried out by considering a
pseudo-global effect.

The activity against E. coli was reported for 54 peptides.
Before selecting the relevant descriptors, the inactive
compound PC069 was excluded. The optimum QSAR
model for 51 analogues is

2

log(10° /MIC) = —26.283 X AF11 + 0.546 X B8
—0.635X B9+ 0.115xX H15
40.241 X R8 — 0.220 X R12
+0.031 X RM6 + 12.889 3)
N=51 R*=0.681 s=0207 F=13.05
02 =0.563 scy = 0.224

when N is the number of compounds included in the model,
R? is the square correlation coefficient, s is the standard
deviation of the regression and F is the Fischer ratio. Q ? and
scv are the correlation coefficient and standard deviation of
the LOO cross-validation, respectively. Compounds PC113
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Figure 3.  Model relating relevant physico-chemical properties with antimicrobial activity against E. coli. (a) Influence of descriptors: positive are gray
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and PC148 were identified as significant outliers, since they
have unexpected biological activity and are unable to fit in
the previous QSAR equation. MLR analysis gave, using
seven variables in regression analysis, a model with
R? = 0.681 and the predictability with full cross-validation
was acceptable (Q 2 =0.563). The model includes the
averaged flexibility at position 11 (Ci = 15.97), bulkiness at
positions 8 (Ci = 12.94) and 9 (Ci = 14.17), hydrophobi-
city at position 15 (Ci = 11.90), refractivities at positions 8
(Ci=15.06) and 12 (Ci = 15.58), and relative mutability at
position 6 (Ci = 14.39). Predictions are reported in table 1.
Additional information about this model is represented in
figure 3, including the scatter plot of the experimental
activities versus predicted activities. Figure 3(a) shows that
all descriptors display similar contributions. Due to the use
of smoothing process, the relevant amino acid properties
must be analyzed by considering the influence of proximate
amino acids. For instance, the flexibility at position 11
increases when Phe at position 12 in PCO15 is replaced by
Arg (PC0O73) which causes a decrease of antimicrobial
activity. R12 increases when Val at position 14 in PCO15 is
replaced by Tyr (PC112) which also causes a decrease of
antimicrobial activity. The relative mutability at position 6
and hydrophobity at position 15 increase when Cys residues
at the disulfide bond 8—13 in PCO15 are replaced by Ala
residues (PCO016), which causes an increase of antimicrobial
activity. As seen earlier (figure 2(c)), the value of
descriptors of amino acids located at positions 6, 8 and 15
can be manipulated varying the length of the sequence
instead of replacing Cys residues. In fact, the most active
peptides against E. coli have a reduced sequence (from PG-
1 initial sequence). In agreement with this, the bulkiness at

position 8 increases for peptides in which sequence begins
with Leu-5 instead of the larger sequence 1...rggrl...5 of
PG-1.

The activity against N. gonorrhoeae (F-62) was
reported for 31 peptides. Before selecting the relevant
descriptors, the inactive compound PC021 was excluded.
The equation (4) was the best QSAR model that was
selected by GA for 27 derivatives, if the less active
compounds PC019, PC0O66 and PC0O69 are considered
outliers.

log(10%/MIC) = —6.964 X AF6 — 1.098 X H8
+2.124 x P9 — 8.028 X P11
+6.277 X P12 4 10.717 (4)
N=27 R*=0.733 s=0214 F=1153
0% =0.558 scy = 0.244

The model includes five variables and describes about
73% of the activity variance, while the predictability
with cross-validation was acceptable (Q 2= 0.558). The
model includes the averaged flexibility at position 6
(Ci = 15.33), hydrophobicity at position 8 (Ci = 20.41),
and polarities at positions 9 (Ci = 20.97), 11
(Ci=121.95) and 12 (Ci=21.34). Predictions are
reported in table 1. Additional information about this
model is represented in figure 4, including the scatter plot
of the experimental activities versus predicted activities.
Figure 4(a) shows that polarity terms appear to be
providing a large portion of the structural information
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needed to explain the activity against N. gonorrhoeae
(F-62). In general, the positive global effect of polaribity
terms and negative effect of hydrophobicity indicate
the importance of the presence of Arg residues for
this activity. The hydrophobicity at position 8 can be
diminished by modifications in proximate amino acids.
When Leu at position 5 in PC009 and PCO015 is replaced
by Arg (PC010 and PCO14), HS8 is reduced, increasing
antimicrobial activity.

The activity against N. gonorrhoeae (FA-19) was
reported for 31 peptides. Before selecting the relevant
descriptors, PCO19 and PC021 were excluded because
they are inactive. From the data, we derived the following
QSAR equation including 28 derivatives (compound
PCO71 is an outlier and was removed).

log(10° /MIC) = —1.411 X AACS8 + 4.982 X P9
—5.979 X P10 4 2.260 5)
X P12 +0.291 X P15 — 0.961

N=28 R>=0.891 s=0223 F=23598

02 =0.834 scy = 0.245

The model includes five variables and describes about
89% of the activity variance, while the predictability with
cross-validation was very satisfactory (Q* = 0.834). The
model includes the overall amino acid composition
percentages at position 8 (Ci= 22.05) and polarities
at positions 9 (Ci = 23.38), 10 (Ci=22.44), 12
(Ci=18.12) and 15 (Ci = 14.01). Predictions are
reported in table 1. Additional information about this
model is represented in figure 5, including the scatter plot
of the experimental activities versus predicted activities.

Since the correlation between activity against species
of N. gonorrhoeae is very high (R* = 0.96; table 5 in
Ref. [31]), similitude among models is expected. As it was
evidenced for strain F-62, the main contributions for
antimicrobial activity against strain FA-19 is also provided
by polarity terms (figure 5(a)). The requirement of Arg
residues for increasing antimicrobial activity is also
evidenced for strain FA-19: the most active peptides with
log(10°/MIC) > 2.7 (PC001, PC003, PC005, PCO10,
PCO13, PC0O14) have Arg residues at terminal positions;
in contrast, peptides with the lowest activity
(1og(103/MIC) < 1.4: PC0O66, PC069, PCO073) contain
less polar residues at these positions.

The activity against L. monocytogenes was reported for
38 peptides. Before selecting the relevant descriptors, the
inactive compound PC069 was excluded. The equation (6)
was the best QSAR model that was derived for 32
derivatives, if the compounds PCO001, PC009, PCO19,
PC020 and PC079 are considered outliers.

log(10° /MIC) = —0.550 X AAC7 — 44.586 X AF12
+7.564X AF15 +0.399X H15
—0.033 X MW7 + 1.204 X P13 4 15.485
(6)
N=32 R?>=0780 s=0221 F=1479

0% =0.648 scy = 0.250

The model includes six variables and describes 78% of the
activity variance, while the predictability with cross-
validation was satisfactory (Q 2 =(.648). The model
includes the overall amino acid composition percentages
at position 7 (Ci = 15.97), averaged flexibilities at
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positions 12 (Ci = 18.99) and 15 (Ci = 15.65), hydro-
phobicity at position 15 (Ci = 17.46), molecular weight at
position 7 (Ci = 13.10) and polarity at position 13
(Ci = 18.84). Predictions are reported in table 1.
Additional information about this model is represented
in figure 6, including the scatter plot of the experimental
activities versus predicted activities. Figure 6(a) shows
that all descriptors display similar contributions. Due to
the use of smoothing process, the positive or negative
effects can be modulated by modifying proximate amino

acids. For instance, AAC7 and AF12 decrease when Arg at
position 9 in PC0O71 is replaced by Phe (PC072), which
causes an increase of antimicrobial activity. The molecular
weight at position 7 decreases when Cys residues at
disulfide bonds 6—15 and 8—13 in PCO15 are replaced by
Ala (PCO16 and PCO18), which causes an increase of
antimicrobial activity. This substitution also increases H15
and P13 descriptors. AF15, H15 and P13 decrease for
peptides in which Cys15 is the C-terminal amino acid like
PCO021 in comparison with peptides in which C-terminal
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Figure 7. Model relating relevant physico-chemical properties with antimicrobial activity against C. albicans. (a) Influence of descriptors: positive are
gray and negative are white. Diameters of the balls indicate the contribution (C;). (b) Scatter plot of the experimental activities versus predicted activities:

(®) training predictions and (O) LOO cross-validated predictions.
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amino acid is Vall6 (PC0O11); such modification causes a
decrease of antimicrobial activity.

The activity against C. albicans was reported for 55
peptides. Before selecting the relevant descriptors,
compounds PCO18, PC021, PCO065, PC069, PC070,
PC073, PCO78, PC079, PC0O80, PC112 and PC113 were
excluded because they are inactive. The QSAR model is
presented in equation (7) (compounds PC009, PCO045,
PC100, PC103 and PC108 were identified as outliers).

log(10° /MIC) = 1.126 X AAC12 + 0.180 X H7
—0.917 X H9 + 0.344 X P9 — 1.416
X P10 + 0.079 X R14 + 6.102

(7)
N=39 R>=0664 s=0.192 F=10.53

0% =0.558 scy = 0.201

MLR analysis gave, using six variables in regression
analysis, a model with R> = 0.664 and the predictability
with full cross-validation was acceptable (Q2 = (.558).
The model includes the overall amino acid composition
percentages at position 12 (Ci = 17.42), hydrophobicities
at positions 7 (Ci = 15.47) and 9 (Ci = 18.78), polarities
at positions 9 (Ci =13.96) and 10 (Ci = 17.35), and
refractivity at position 14 (Ci = 17.02). Predictions are
reported in table 1. Additional information about this
model is represented in figure 7, including the scatter plot
of the experimental activities versus predicted activities.
Figure 7(a) shows that all descriptors display similar
contributions. Due to the use of smoothing process, the
positive or negative effects can be modulated by
modifying proximate amino acids. For instance, R14

A

increases when Val residue at position 16 in PCO11 is
replaced by the most refractive residue Trp (PC104),
which causes an increase of antimicrobial activity. AAC12
decrease when Val at position 14 in PC0O15 is replaced by
Trp (PC148), which causes a decrease of antimicrobial
activity. The requirements involving descriptors at
position 9 for increasing activity suggested by equation
(7) (higher P9 and lowest H9) are maintained in peptides
containing 9...rrrf... 12 subsequence. Changes in this
subsequence (9...frrr...12in PC074 or 9. ..rfrr...12in
PCO77) decrease P9 and increase H9 leading to the
deterioration of the antimicrobial activity.

The activity against P. aeruginosa was reported for 29
peptides. The equation (8) was the best QSAR model that
was selected by GA for 27 derivatives (compounds PC073
and PC113 were identified as outliers).

log(10° /MIC) = 0.451 X AAC6 — 0.923 X AACI2
—31.365X AF11  —0.193 X B6
—0.227 X R12 + 28.227

N=27 R>=0.787 s=0223 F=1549 ®

02 =0.672 scv = 0.249

MLR analysis gave, using five variables in regression
analysis, a model with R > = 0.787 and the predictability
with full cross-validation was satisfactory (Q2 = 0.672).
The model includes the overall amino acid composition
percentages at positions 6 (Ci=24.25) and 12
(Ci = 17.49), flexibility at position 11 (Ci= 20.11),
bulkiness at position 6 (Ci = 17.45), and refractivity at
position 12 (Ci = 20.70). Predictions are reported in
table 1. Additional information about this model is
represented in figure 8, including the scatter plot of the
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experimental activities versus predicted activities. Figure
8(a) shows that all descriptors display similar contri-
butions. Since there are not relevant properties involving
amino acids above position 12, the model does not
consider changes above position 15 as relevant for
antimicrobial activity. The analysis of amino acid
properties considering their close surroundings is dictated
by the smoothing process. For instance, the overall amino
acid composition percentage at position 6 increases and
refractivity at position 12 decreases when Cys residues at
the disulfide bond 8—13 in PCO15 are replaced by Ala
(PCO016); the same effect is observed when Cys residues at
the disulfide bond 6—15 in PCO15 are replaced by Thr
(PC045). Such modifications cause an increase of
antimicrobial activity. R12 also decreases when Arg-10
in PCO37 is replaced by Gly (PC108), which causes an
increase of antimicrobial activity. B6 decreases when Tyr
residue at position 5 in PCO79 is replaced by Thr (PC080),
which causes an increase of antimicrobial activity. AF11
increases when Ala-8 in PCO16 is replaced by Thr
(PC037) and when Arg-9 in PCO15 is replaced by Phe
(PCO074), such modification decrease the antimicrobial
activity.

3.3 Comparison with previous models

Previous QSAR studies have identified the main
characteristics of the protegrin sequences that made them
more active as the presence of disulfide bonds and higher
positive charges [6,31]. These characteristics have been
described by QSAR models reported by Ostberg and
Kaznessis [31]. However, the analysis of the data reported
by these authors suggests that different characteristics
correspond to activities against different microbial species.
The structure—activity trends captured by our models
reflect these differences. In general, the presence or
absence of disulfide bonds highly influences the activities
against E. coli, L. monocytogenes and P. aeruginosa. The
length of the sequences is another factor influencing
the activities against E. coli and L. monocytogenes. In the
other hand, the presence of higher positive charges is the
main feature in the activity against N. gonorrhoeae.
Meanwhile, the activity against C. albicans is sensible to
modifications in the inner subsequence.

The above-mentioned differences must be traduced as
differences in protegrin—microbial specie interactions.

The antimicrobial activity is evidenced as cell lysis
process, where the cytoplasmic membrane have been
proposed as the ultimate target of AMP. Cell lysis is
proposed to proceed via numerous mechanisms involving
membrane perforation, disruption and solubilization [46].
Being cationic, the peptides displace the natural Ca®>" and
Mg?* jons and interact electrostatically with the
negatively charged phospholipid headgroups; thus, they
insert into the membrane bilayer in a manner that leads to
its destabilization. Numerous studies have demonstrated
that the peptides’ physico-chemical properties, i.e.
secondary structure with amphipathic properties, positive
charge content, and hydrophobicity, are the main factors
affecting membrane lysis activity. However, their precise
mechanism of action is not fully understood. Our results
suggest that these above-mentioned factors induce
membrane lysis in some specific way for different
microorganisms.

Shown in table 3 is the comparison between the
statistics of our models and the previous ones reported by
Ostberg and Kaznessis [31]. All the previous models have
similar or lower R? value. We cannot compare the
predictive capacity because referred authors did not assess
the predictive power of their models. As Ostberg and
Kaznessis did, our objective is to describe structure—
activity trends instead to assess the predictive capacity of
our models. In this sense, a higher Q2 is a criterion of
reliability of our models. The local character of the
descriptors brings some advantages. Current models allow
easy interpretation and offer clear guidelines for peptide
optimization or design. The amino acid properties can be
easily derived from peptide sequences and available data
on amino acids. It is possible to predict the effect of a
substitution using the property matrix (table 2).

4. Conclusions

A new method was applied to model the antimicrobial
activity of recently reported protegrin analogues. In the
application of the MLR procedure, we reported predictive
equations for studying the effects of varying the PG-1
sequence. We found that different characteristics guide the
activities against different microbial species. This aspect
indicates the existence of specific protegrin—microbial

Table 3. Statistics of the QSAR models and comparison with previous ones in Ref. [31].

Current models

Models from Ref. [31]

Microbial specie N vars’ R’ o’ N vars’ R’

Escherichia coli 51 7 0.681 0.563 55 5 0.680
Neisseria gonorrhoeae (F62) 27 5 0.733 0.558 28 4 0.515
Neisseria gonorrhoeae (FA-19) 28 5 0.891 0.834 27 4 0.480
Listeria monocytogenes 32 6 0.780 0.648 36 3 0.635
Candida albicans 39 6 0.664 0.558 45 5 0.600
Psendomonas aeruginosa 27 5 0.787 0.672 32 2 0.670

T vars: number of variables included.
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specie interactions, suggesting specific mechanisms for
different microorganisms.

The obtained results clearly pointed out that the
smoothed amino acid sequence descriptors may be
considered useful for describing peptides. These descrip-
tors have been found to provide unique information
regarding molecular structure and have been found to
make significant contributions to resulting equations.
The smoothing process introduces the effects of the closer
members of the sequence. Because of this, the gain of
using the smoothing process is the ability of effectively
code the biological content in sequences considering the
chemical neighborhood. Our current work presents a new
method on the use of amino acid descriptors for QSAR
modeling in peptide research. This allows the use of
simple amino acid descriptors for peptides that possess
different lengths. The main advantage is that obtained
models can be interpreted in order to guide peptide
optimization or design.
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