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ABSTRACT: The global spreading of multidrug resistance has motivated the
search for new antibiotic classes including different types of antimicrobial peptides
(AMPs). Computational methods for predicting activity in terms of the minimal
inhibitory concentration (MIC) of AMPs can facilitate “in silico” design and reduce
the cost of synthesis and testing. We have used an original method for separating
training and test data sets, both of which contain the sequences and measured
MIC values of non-homologous anuran peptides having the Rana-box disulfide
motif at their C-terminus. Using a more flexible profiling methodology (sideways
asymmetry moment, SAM) than the standard hydrophobic moment, we have
developed a two-descriptor model to predict the bacteriostatic activity of Rana-box peptides against Gram-negative bacteriathe
first multilinear quantitative structure−activity relationship model capable of predicting MIC values for AMPs of widely different
lengths and low identity using such a small number of descriptors. Maximal values for SAMs, as defined and calculated in our
method, furthermore offer new structural insight into how different segments of a peptide contribute to its bacteriostatic activity,
and this work lays the foundations for the design of active artificial AMPs with this type of disulfide bridge.

■ INTRODUCTION

With the worldwide rise in bacterial resistance to antibiotics,1−3

the search for alternatives has become of utmost importance.
Antimicrobial peptides (AMPs) are used by almost all
organisms as part of their host defense systems to combat
infections.4−6 They are ancient innate weapons which our and
other species employ as a first line of defense to fend off
microbes, in tight cooperation with other sophisticated cellular
or humoral effectors of immunity. Throughout their evolution,
they have avoided becoming obsolete by inducing bacterial
resistance, coevolving with microbes in specific niches. Under
“in vitro” testing conditions, AMPs rapidly and efficiently kill a
broad range of microbial species. They also have a remarkable
potential for targeted rational modifications, allowing for the
creation of a very large number of scaffolds for new classes of
antibiotics. Despite this, only a limited number of AMPs have
been examined in clinical settings.7,8 A couple of bacteriocins
entered into clinical practice almost 60 years ago, but they are
used cautiously due to toxic side effects9 and the desire to avoid
induction of resistance mechanisms in Gram-negative patho-
gens.10 The search space for novel AMPs with the desired
properties is so vast that dedicated computational methods
must be found for predicting their antimicrobial activity and
specificity/selectivity.11 Furthermore, modifications to natural
AMPs, required to counter well-known problems with their
therapeutic use, such as inadequate toxicology profiles, host cell

toxicity, degradation by proteases, rapid turnover, suboptimal
bactericidal activity, and salt sensitivity, are further increasing
this search space.12

Initially, these modifications availed of template-based or
residue-based modeling methods, so that synthetic analogues of
natural peptides were designed with substitutions introduced
according to some expert rules.8,13,14 Peptide modeling using
molecular descriptors and the building of quantitative
structure−activity relationship (QSAR) models was the next
logical step, but new levels of complexity were required with
respect to the widely practiced drug design for small
molecules.15 Predicting the minimal inhibitory concentration
(MIC, one of the most commonly used parameters to measure
activity) of AMPs, when only their sequences are used as input,
can easily run into overtraining problems. This is connected
with the use of too many descriptors in the predictive models,
combined with the generally modest size of validation data
sets.16 A compromise is therefore required between the number
of descriptors used in the QSAR model and the number of
peptide sequences available to compose training and validation
data sets. Such a compromise usually involves using
homologous peptides of the same or similar lengths, derived
from a common precursor, such as magainin, lactoferricin,
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protegrin, bactenecin, brevinin, indolicidin, cecropin, and
cathelicidins, among others. The “leave one out” validation
procedure (a.k.a. jack-knife method)17 was another commonly
used option, removing the need to gather sequences for the test
set. The drawback of such QSAR models is the resulting high
dependence of specificity on the parent peptide used, and
consequently a high likelihood of prediction failure for
sequences with a low identity and/or different length
distribution compared to the parent one.
Various nonlinear techniques, such as artificial intelligence

methods, are capable of connecting sequences with antimicro-
bial activity even in the case of non-homologous peptides,18 but
they require many parameters to be used during the training
process, so that overtraining can be a problem. In addition,
these models are rather opaque, and it is not clear what (if any)
general structure−activity relationships have been recognized
by using these programs, or which amino acid attributes are
important for a peptide’s antimicrobial activity.19

In attempts to find structure−activity relationships, linear
QSAR models are the easiest to use for selecting the most
relevant descriptors, for interpreting results, and for examining
the underlying mechanisms. Furthermore, being restricted to
primary structures as the only input removes the need for
predicting the three-dimensional (3D) peptide structure, and
the consequent need to verify predictions by means of NMR
experiments. This being said, it is however important to extract
information as general as possible from the peptides contained
within a training set. In practice, this means facing the challenge
of constructing QSAR models for a set of non-homologous
peptides, which in addition are of different lengths.
We have decided to explore sequence−activity relationships

for a set of AMPs that are likely to have a common evolutionary
origin, although today they are widely divergent with respect to
pairwise identity, sequence length, and host species. This is the
case for anuran AMPs bearing the “Rana-box” motif, a
characteristic cyclic structure, at their C-terminus.20−22 To
the best of our knowledge, it is not known why this disulfide-
bridged structure is so widespread among anuran AMPs. Some
reports indicate that the deletion of the carboxy-terminal
cysteine impairs antibiotic activity of Rana-box peptides,23 while
others dismiss its importance, as activity is unaffected when
cysteine residues are replaced with serine to eliminate the cyclic
structure.24,25 The role of the Rana-box in pore formations has
only rarely been explored.26 In agreement with previous
reports, the reduction of the disulfide bond did not alter
peptide antimicrobial activity, while omitting the Rana-box does
result in a decrease of ionophoric and antimicrobial activity.26,27

In the present paper we have assumed ab initio that the Rana-
box loop structure is as important for some aspects of the
peptides’ activity as the preceding linear part of the sequence,
which may be mostly or partially in a helical conformation
when associated with biological membranes. Furthermore, we
assumed that sideways asymmetry of the secondary structure
(amphipathicity in a generally used sense, quantifiable as a
hydrophobic moment) can promote a deeper burial of the
peptide and favor destabilization of the membrane bilayer
structure. In our QSAR method, we have employed as general
an approach as possible to the structure−activity problem of
Rana-box AMPs, so that we considered all 544 amino acid
attributes scales listed in the AAindex database [http://www.
genome.jp/aaindex/] of Kawashima et al.28 but limited the
collection of measured MIC values to Escherichia coli strains.

■ MATERIALS AND METHODS
Selection of Training and Test Sets. Anuran AMPs, with

disulfide-linked Rana-box at their C-terminal, were selected as
an ordered set of peptides p1, ..., pn. Our goal was to obtain non-
homologous training and test sets, with reported experimentally
measured bacteriostatic activity against E. coli. All of the MIC
values collected from the literature had been obtained using
microdilution method, as far as possible with 5 × 105 CFU/mL
inocula by incubating E. coli (mostly the reference strain
ATCC25726 or ATCC25922) overnight at 37 °C with
different peptide concentrations. In rare cases, MIC obtained
using 2.5 × 105/mL CFU inocula were also allowed.
Dissimilarity or taxonomic distance between sequences was

calculated using the MEGA software for finding pairwise
distances (p-distances).29 All sequences were aligned using the
MUSCLE algorithm and the p-distances between each pair of
peptides were computed using the pairwise deletion method.30

The output was saved in the form of a lower-left matrix, and the
identity (similarity) for each pair was defined as the (1 − p)-
distance value. The similarity matrix M containing all (1 − p)-
distance values was used as numerical input for subsequent
calculations.
Peptides were divided in training and test sets with the

following conditions:

(1) no two peptides in the training set have a greater
similarity than a prescribed value (we used t1 = 0.9), and

(2) no two peptides in the test set have a greater similarity
than a prescribed value (again t2 = 0.9).

We used a greedy algorithm that found the most similar
triplets placing two of its elements in the training set and the
third in the test set. We started with empty training and test
sets and iterated the following procedure as long as a new
triplet could be found. A triplet (p1, p2, p3) with the largest
value of similarity (sym) was found:

+ +sym p p sym p p sym p p( , ) ( , ) ( , )1 2 1 3 2 3

such that p1 and p2 can be stored in the training set without
violating condition (1) and that p3 can be stored in test set
without violating condition (2). Moreover, we applied the
following two additional criteria:

(i) if p1 and p3 can be interchanged in the training and test
sets without violating conditions (1) and (2), then it
must hold that sym(p1, p2) ≤ sym(p3, p2), and

(ii) if p2 and p3 can be interchanged in the training and test
sets without violating conditions (1) and (2), then it
must hold that sym(p1, p2) ≤ sym(p1, p3).

These two requirements add more diversity to the training
set. In the case of a tie in the previous maximization, the
algorithm takes the triplet with the smallest indices according to
lexicographical order of peptide indices in the database. Let us
illustrate this by one example, suppose that triplets (p7, p11, p43)
and (p7, p14, p21) have the same value. Then, we choose the first
one, since (7, 11, 43) is smaller than (7, 14, 21) according to
lexicographical order.

Sideways Asymmetry Moment (SAM). In order to
calculate the sideways asymmetry moment (SAM) as a simple
extension of Eisenberg’s hydrophobic moment (HM),31,32 the
544 scales in the AAindex database of amino acid attributes
were used.28 Scales were normalized in such a way that the 20-
tuple vector obtained for each scale has length one; i.e., it holds
that
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where A is the set of all 20 amino acids and sX is the original
index value (attribute) for each amino acid (vector normal-
ization). Each normalized scale is proportional to the original
one, so it is also perfectly correlated with it. The SAM
definition follows that of Eisenberg’s HM:
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For the nth amino acid in the sequence containing N
residues, nδ is the angle separating side chains along the
backbone (δ = 100° for an α helix), while Hn is its
hydrophobicity. Optimizations allowing for specific applications
are described below.
Definition of the Pre-Rana-Box Descriptor. All the

anuran peptides considered had a linear sequence of varying
lengths prior to the Rana-box, segments of which adopt a
helical conformation when in contact with biological
membranes. Let us define the pre-Rana-box descriptor Pxy
that corresponds to attribute scales x and y. Let p be a peptide
consisting of amino acids a1, a2, ..., au b1, b2, ..., bv, such that
amino acids b1, b2, ..., bv constitute the Rana-box:

where x(ai) and y(ai) are normalized amino acid attribute
values, ϕ is the twist angle of successive side chains, s is the start
position of a maximally asymmetric segment and e is the end
position, while its length has the lower limit of five amino acids
and the upper limit is the length u of the whole pre-Rana-box
sequence. Note that function P does not depend on b1, ..., bv;
hence, one could substitute Pxy(a1,a2,...,au) for Pxy(a1,a2,...,aub1,
b2,...,bv). However, Pxy(p) indicates the whole Rana-box peptide.
Note, too, that in normalizing, we divide by the third root of an
optimal segment length e − s + 1; the reasons for such a choice
are explained below.
Let us first explain our motivation for this definition of a

double maximization procedure. We start from the assumption
that asymmetry in the profile of amino acid attributes along the
peptide sequence is important for its antibacterial activity.
When the peptide backbone in the segment under consid-
eration is folded in accordance with a specific secondary
structure, asymmetry arises if amino acid residues with a high
value of certain attribute cluster mainly on one side of the
segment. This is a simple extension of Eisenberg’s HM concept
that we term “sideways asymmetry moment”, and we seek to
find such SAM descriptors that can predict for the activity of
the peptide in terms of its reported MIC (in this case,
log(MIC)).

There is, however, good evidence in published research that
there is more than one possible mechanism for the membrane
attachment/insertion step leading to membrane disruption or
pore formation,33 underlying the antimicrobial activity.
Furthermore, Rana-box motif peptides like gaegurins, esculen-
tins, and ranatuerins are well known to contain deformations
separating α helical segments in membrane-mimicking
solvents.34−36 In fact, bipartite helical structures with loops or
kinks separating two amphipathic helices are in general quite
common in helical AMPs.37,38 By using two different scales of
amino acid attributes we hoped to better capture segments
acting via two different mechanisms, or having different
functional roles for different helical segments in the pre-Rana-
box domain. Considering that a peptide’s ability to penetrate
into the membrane should correlate more to the better of these
two mechanisms, or to the more important of two helical
segments, we used the maximum of the two values obtained.
Given that calculation of x and y is completely analogous, we

can limit our explanation to the calculation for x. We assume
that there is a most active part of the pre-Rana-box sequence a1,
a2,...,au starting from residue s and ending in residue e (i.e., the
subsequence as,as+1,...,ae) that is responsible for the peptide’s
activity. Moreover, we assume to begin with that this sequence
has a conformation close to an α helix, with the twist angle ϕ,
between successive side chains in the range 80° ≤ ϕ ≤ 120°
(the canonical angle being 100°). We can then carry out
maximization in terms of s, e, and ϕ and assume that the
contribution of the sequence to activity is measured by its
normalized SAM value. We have set the lower limit of the
length to five amino acids and the upper limit to u,
encompassing all of the pre-Rana-box segment. Furthermore,
the SAM value is calculated assuming that the analyzed segment
adopts a helical conformation with axis perpendicular to the
plane π in which we assign the twist angle ϕ. We then assign to
each amino acid attribute vector x(ai) so that

(1) it is parallel to plane π;
(2) it points outward from the helix axis if x(ai) > 0, and

inward if x(ai) < 0; and
(3) its length is |x(ai)|.
We obtain the SAM value by summing up all the vectors

x(ai). The pre-Rana-box descriptor Pxy is therefore denoted as
SAMpre‑Rana‑box and is defined as

ϕ ϕ

=

∑ + ∑

− +

ϕ +

= =

a a a

x a i x a i

e s

SAM ( ... )

( ( ) cos( )) ( ( ) sin( ))

( 1)

x s s e

i s
e

i i s
e

i

, 1

2 2

1/3

which is Pxy limited to the most asymmetric subsequence in the
pre-Rana-box segment.
In normalizing, we divide by the third root of the segment

length e − s + 1, in order to compromise between two
extremes:

(1) the actual strength of the property throughout the
observed segment (that would mean no normalization at
all, i.e., division by 1), and

(2) the density of the strength of the property throughout
the observed segment, i.e., the strength of property per
amino acid (that would mean division by the length of
the segment).

We consider condition (1) to be more important than (2), so
we choose not to use the square root (that would correspond
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to the geometrical mean of the two divisors), but rather the
third root, to increase the weight of property (1), i.e., to
increase the weight of a segment length, e − s + 1, in calculating
SAM values. The alternative extremes (1) and (2) respectively
neglect the strength of the property per amino acid and the
actual strength of the property for observed segment.
Definition of the Rana-Box Descriptor. Let us now

define the Rana-box descriptor, denoted by Rx, in similar terms
to the pre-Rana-box descriptor. In this case, however, we
consider only one scale at a time and analyze the whole
sequence rather than a most active part, as it is very short and
we assume that all residues are important to peptide activity.
The descriptor Rx is given by

ϕ ϕ

=

∑ + ∑

ϕ= ° ° °

= =
⎧
⎨⎪
⎩⎪

⎫
⎬⎪
⎭⎪

R a a a b b b

x b i x b i

v
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x u v

i
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i i
v

i

1 2 1 2
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1
2
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2
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where x(bi) is the normalized amino acid attribute value, ϕ is
the twist angle of successive side chains, and v is the length of
the Rana-box sequence.
The result of the Rx calculation is denoted as SAMRana‑box and

is defined as

ϕ ϕ
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The main problem we addressed here is how to obtain
appropriate SAM for the Rana-box segment. Rana-box residues
form different types of 3D structures,39,40,35 having in common
the cystine motif. An approximate center position can be found
for the cycle, although the 3D structure is not a regular flat
circle, but rather a combination of loop, helix turn and
disordered structure. The cycle would be asymmetric if residues
with mostly high values of a given attribute point away from
cycle center or toward it. Alternatively, the side chains of these
residues could extend above or below the cycle plane. In both
cases, one could model the sequence as being an extended one,
so that a form of sideways asymmetry would be generated
(resulting in high SAM values) by linearizing the cycle and
determining the SAM value using twist angles from 170° to
180°. Note that this is simply a formalism and we are not
implying, indeed we can safely assume, that most Rana-box
segments are not in a β strand conformation.
Obtaining Models. We first searched for a high but

reasonable number of one-parameter models for each of two
peptide sections, using two pre-Rana-box SAM descriptors and
one Rana-box SAM descriptor, and the set S of 544 amino acid
attribute scales in the AAindex database,28,41 to which we added
extended consensus scale determined on a subset of these

scales, as described by Tossi et al.42 Hence, there are ( )545
2 =

148 240 possible pre-Rana-box descriptors.
We then restricted our attention to 66 809 descriptors that

resulted in correlation coefficients with log(MIC) of r2 > 0.2,
i.e., that in some way reflect the relevance of helical
conformation to activity. Analogous criteria were used for the
545 Rana-box descriptors, and only 186 of these satisfy r2 > 0.2
for correlation with log(MIC). Hence, we collected 66 809 and
186 one-parameter linear models from pre-Rana-box and Rana-

box sections, respectively. Subsequently, we analyzed
66 809 × 186 = 12 426 474 two-parameter linear models in
search for those for which it holds that

(a) the model improves r2 with respect to a one-parameter
correlation by more than 0.2 (this incorporates the
expectation that both parts of peptide play a role in its
biological activity);

(b) the overall correlation coefficient is r2 > 0.72; and
(c) the “leave one out” determination coefficient is r2 > 0.67.

The value 0.72 was selected simply to allow us to obtain a
sufficient number of models (not just one or two), while that of
0.67 was chosen so as to be smaller by 0.05 (which we
considered to be an acceptable difference). There are no other
special justifications for our choices of thresholds. We simply
selected the numbers in such a way that r2 could be as high as
possible and still to allow that some models survive. This
permitted us to obtain eight models, which we then used to
analyze the test set of peptides, two of which showed
particularly interesting properties.

Visualization Software. Peptides for which Protein Data
Bank 3D structures were available (Ranatuerin-2CSa, PDB
code: 2K10; Gaegurin 4, PDB code: 2G9L) were visualized
using the Discovery Studio version 3.5. 2012. (Accelrys
Software Inc., San Diego, California).

Peptide Synthesis. Ranaboxin-1 (FRGAFRGVLRGG-
RVAGRLCKLKLQC) was synthesized in the solid phase
using a Biotage Altra instrument and standard Fmoc chemistry
on a Fmoc-Cys(Trt)-NovaSyn Tentagel amide resin (sub-
stitution 0.22 mmol/g). The peptide was cleaved from the resin
using 3% H2O, 3% triisopropylsilane, 8% 3,6-dioxa-1,8-
octanedithiol, and 86% trifluoroacetic acid (TFA) for 3.5 h at
room temperature and precipitated with methyl tert-butyl ether.
The molecular weight of the peptide was confirmed using ESI-
MS (Bruker Daltonics, Esquire 4000) as 2762.1 Da (calculated
mass 2762.4). The peptide was then resuspended in 10 mL of 5
M guanidine HCl and added to 1 L of folding buffer (0.1 M
ammonium acetate, 2 mM ethylenediaminetetraacetic acid, pH
7.5) with final peptide concentration of 80 μg/mL. Cystine and
cysteine were also added at a peptide:cystine:cysteine ratio of
1:5:50. At different times, aliquots were analyzed by RP-HPLC
on a Waters Symmetry analytical column (C18, 3.5 μm, 100 Å,
4.6 × 75 mm) using a gradient of 0−90% solvent B (0.05%
TFA v/v in acetonitrile) in 30 min with flow of 0.8 mL/min. A
shift in the main band from a retention time of 15 to 15.5 min
(more hydrophobic) was consistent with disulfide bond
formation, and was effectively complete by 24 h, as also
confirmed by a shift in mass to 2760.9 Da (calculated molecular
weight of oxidized peptide is 2760.4 Da). The folded peptide
was purified by preparative RP-HPLC using a Phenomenex
Jupiter column (C18, 10 μm, 90 Å, 250 × 21.20 mm) and a
gradient of 10−30% B in 60 min with flow of 8 mL/min.
Fractions containing the folded peptide were confirmed by ESI-
MS, pooled, dried and relyophilized from 10 mM HCl to
remove trifluoroacetate. The absence of free cysteine was
confirmed using Elman’s reagent. The peptide was determined
to be >95% pure by analytical RP-HPLC using a gradient of 0−
40% B in 40 min at 0.8 mL/min.

■ RESULTS AND DISCUSSION
Data Sets of Antimicrobial Peptides. Our initial aim of

predicting MICs for non-homologous peptides of different
length, with a small number of transparent and meaningful
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descriptors (two or three), was achieved when we used AMPs
with common evolutionary origin in both the training and test
data sets. Our choice fell on anuran AMPs with a Rana-box at
their C-terminus. This segment has two flanking cysteine
residues separated by four or five other residues forming a
disulfide bridge, the second cysteine usually being at the C-
terminus (other rarer variations of the Rana-box theme were
not considered here). The Rana-box motif is restricted to the
Neobatrachia suborder of Anura43 and is always associated with
a very well conserved class-1 signal peptide in precursor
sequence,44 indicating a common evolutionary origin for this
disulfide motif. Some Rana-box peptides have been reported to
have other activities in addition to antimicrobial activity, such as
anticancer, antifungal, serine protease inhibition, mast cell
degranulation, histamine release, insulin release, inhibition of
nitric oxide release, and stimulation of splenocyte proliferation
(riparin-1.2).44−46 The most prominent AMP families bearing
the Rana-Box motif are esculentins, brevinins, ranatuerins,
ranalexins, palustrins, and nigrocins.

MIC values for Rana-box peptides have been measured in
many different laboratories, and often under different
conditions. When considering MIC values obtained by the
microdilution method, we concluded that the inoculum size
(number of CFU/mL) is the most important feature in need of
standardization. Low MIC values (apparently stronger
bacteriostatic activity) are obtained when inocula significantly
lower than 5 × 105 CFU are used,47 and this can be misleading.
Therefore, we constructed the database of 59 natural Rana-box
peptides with known sequences and reliable MIC values
(mostly obtained using 5 × 105 CFU inocula). The criteria used
to fill the training and test sets of peptide sequences (see
Materials and Methods) assigned these 38 and 19 peptides,
respectively (see Tables 1 and 2), while two peptides were left
unassigned. Measured48−64 and predicted MIC values are also
included in the tables for comparison.
As far as we can tell, we have used an original method for

constructing these sets of peptides, which can be provisionally
termed the triplet sorting method. Namely, we wanted to
obtain triplets of peptides within a certain range of sequence

Table 1. Training Set Peptides with Measured and Predicted MIC against E. coli

aSequences are aligned on the Rana-box (shaded); segments in bold have a repetitive binary code (b.c.) 1010 frequently associated with a high
activity (low MIC): 1 (hydrophilic), 0 (hydrophobic). We used Eisenberg’s scale31 to assign I, F, V, L, W, M, A, and G as hydrophobic residues and
all the others as hydrophilic. bMeasured against initial inocula of 5 × 105 CFU/mL except for Brevinin-2Ej, Esculentin-1ARa, Ranatuerin-2BYb, and
Ranatuerin-2ARa, which had initial inocula of 2.5 × 105 CFU/mL.
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similarity (not too low and not too high) and place two in the
training and one in the testing set, ensuring at the same time
the desired degree of similarity between the two sets and
desired degree of dissimilarity or taxonomic distance within
each set. The training set contains sequences with identity as
low as 12.5% (13 pairs) and only one pair with an identity as
high as 89.2% (Brevinin-2PRc and Brevinin-2PRa). The test set
contains two pairs with identity as low as 8.3% and one with
identity as high as 89.2% (Brevinin-2PRd and Brevinin-2PRb).
On the other hand, several peptide pairs with only one different
residue at a corresponding sequence position are present when
considering different sets.
Highly antimicrobially active peptides listed in Tables 1 and

2 (MIC values ≤10 μM) are not necessarily also highly toxic to
animal cells. Measured HC50 values (peptide concentration that
lyses 50% of human red blood cells) have been reported in
literature for about 40% of the peptides included in Tables 1
and 2. Only brevinins-1 exhibit low HC50 values (i.e., have a
high hemolytic activity), but none of these have MIC < 10 μM.
Rana-box peptides are only a small subset of AMPs with

disulfide bridges, with defensins being the best known
examples. Defensins have three or four disulfide bridges but,
like Rana-box peptides, also often form membrane attached
helices with a helical N-terminal domain of an amphipathic
nature (with one side of hydrophobic and another of
hydrophilic nature).65 By finding relevant and meaningful
descriptors for predicting antibacterial activity of Rana-box
peptides we hoped to bridge the world of helical AMPs66−68

and the world of cysteine-containing AMPs with several
intramolecular disulfide bonded AMPs.69

QSAR Multilinear Models with Two Descriptors. In the
current study we intended to use a limited number of
descriptors in the QSAR model. We have previously shown
that only one descriptor (the D-descriptor, defined as the
cosine of the angle between two sequence moments) was
enough for predicting the therapeutic index of linear anuran
AMPs that adopt a helical conformation in the presence of

membranes.11 In the case of Rana-box peptides the most
productive idea for MIC prediction was to consider all possible
SAMs (see Materials and Methods). We used all 544 published
amino acid scales in the AAindex database28 plus the extended
consensus scale of Tossi et al.,42 a range of twist angles, and
different segment lengths in each of the examined peptide
sequences, to see if regular asymmetry deriving from certain
amino acid attributes in these segments could be related to
measured MIC values.
Two SAMs were used as descriptors. The first descriptor was

applied to all amino acids in the segment before the Rana box.
It was the higher from among two SAMs, calculated using side-
chain twist angles between 80° and 120° to account for
different helical conformations. The second SAM was applied
only to the Rana-box segment with twist angles set to between
170° and 180°, accounting for different extended structures that
could effectively represent sideways asymmetry when they are
looped into the cyclic Rana-box structure.
This approach, taking into account two different regions

requiring two different descriptors, produced a large number of
multiple linear regression (MLR) models (a total of
12 426 474) when a large number of amino acid scales (545)
and all combinations of scale pairs (148 240) were used; hence,
we needed a rapid and economical estimate of model quality.
We therefore used correlation with the MIC, r2, although it is
not the necessarily the best measure. Eight MLR models were
found with correlation coefficient r2 > 0.72 (in the training set)
and with determination coefficient (against the test set) ranging
from R2 = 0.52 to R2 = 0.70. For all of these models, the “leave
one out” cross-validation (the jack-knife resampling techni-
que17) produced r2 = 0.67−0.69. Figures 1 and 2 illustrate the
distribution of measured and predicted log(MIC) values for the
best model having correlation coefficient r2 = 0.726 among
measured and predicted log(MIC) values for the training set of
peptides (Table 1), and a determination coefficient R2 = 0.703
when validated against the test set of peptides (Table 2). We
also tested this model by making one random permutation of

Table 2. Test Set Peptides with Measured and Predicted MIC against E. coli

aSequences are aligned on the Rana-box (shaded); segments in bold have a repetitive binary code (b.c.) 1010 frequently associated with a high
activity (low MIC): 1 (hydrophilic), 0 (hydrophobic). We used Eisenberg’s scale31 to assign I, F, V, L, W, M, A, and G as hydrophobic residues and
all the others as hydrophilic. bMeasured against initial inocula of 5 × 105 CFU/mL except for Brevinin-2Ei and Ranatuerin-2BYa,which had initial
inocula of 2.5 × 105 CFU/mL.
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measured log(MIC) to show that this high R2 value is not
random. We obtained a value R2 = 0.268, which is significantly
lower. The second best model had slightly lower correlation
and determination coefficients, r2 = 0.721 and R2 = 0.693,
respectively, while the other six models had a considerably
weaker performance.
While these models are far from being perfect MIC

predictors, they can help pinpoint sequences that will likely
display good (low MIC) or poor (high MIC) antibacterial
activity.
From Figures 1 and 2, it is obvious that our best model has

its up and down sides. The latter is the apparent separation of
peptides in two distinct groups, those with good activity (MIC
≤ 10 μM) and those with mediocre/weak activity (MIC > 10
μM), so that the high values of r2 and R2 are partially due to
such separation. On the upside, the possibility of computational
identification or vetting of peptides prior to synthesis and
activity testing saves both time and resources.
In any case, an error by a factor of 2 is implicit in measured

MIC values due to the nature of the standard microdilution

measuring method,70,71 making it impossible to achieve an
exact prediction. The more modest goal of predicting whether a
novel sequence, with features common with those of Rana-box
peptides, will be more likely in the high or low MIC range is
instead perfectly feasible.

Best QSAR Models with Corresponding SAM Descrip-
tors and Amino Acid Scales. The QSAR models we have
identified perform an automatic choice between SAM
descriptors for volume and buriability for a peptide domain
of optimal length, to produce maximal SAM in the pre-Rana-
box segment, where domains are assumed to adopt some form
of helical conformation with a twist angle in the 80−120°
range. The best model uses the Grantham scale of side-chain
volumes72 (AAindex code:28 GRAR740103) and the Zhou and
Zhou buriability scale73 (AAindex code:28 ZHOH040103),
derived by considering the effect of burial of amino acid
residues on protein stability. The second best model uses the
Krigbaum and Komoriya scale of side-chain volumes74

(AAindex code:28 KRIW790103) and again the Zhou and
Zhou buriability scale.73 Note that the Grantham and
Krigbaum-Komoriya scales are highly correlated (r = 0.989).
The buriability SAM descriptor wins in 32 out of 38 pre-Rana-
box segments from training set peptides over volume SAM
descriptor in the case of our best model (see Supporting
Information, Table S1).
For the Rana-box domain, the SAM descriptor used in both

of the two best models is the Fasman’s melting point scale75

(AAindex code:28 FASG760102), which is clustered together
with hydrophobicity scales reported by Nakai et al.41

Various buriability descriptors are an automatic choice of our
algorithm (see Materials and Methods) present in all of eight
selected MLR models. In addition to ZHOH040103 from Zhou
and Zhou,73 these models are using the Wertz and Scheraga
scale76 (AAindex code:28 WERD780101) for propensities to be
buried inside proteins, and another buriability scale by Zhou
and Zhou73 (AAindex code:28 ZHOH040101), a stability scale
from the knowledge-based atom−atom potential.
When winning segments identified with the buriability

descriptor in the best model are examined in more detail, all
of such segments in peptides with MIC ≤ 15 μM are associated
with twist angles of 93 ± 3°, a little less than the canonical 100°
of an ideal α-helix (Table S1). This might suggest the
possibility of an intrahelical π bulge,77,78 although we should
keep in mind that the MLR model does not predict secondary
structure but only finds descriptors to maximize MIC
prediction. The NMR structures of Rana-box peptides available
in the Protein Data Bank (PDB codes: 2K10 and 2G9L) do not
in fact exhibit any π-helical segments. Furthermore, segments
associated with winning SAM having twist angles less than
100°, and MIC < 15 μM are often too long (8 out of 12 such
segments are longer than 20 amino acids, see Table S1) for the
π-helix assignment to be realistic.79

An additional caveat is that only MLR models can bring
buriability SAM descriptors to the forefront of best attributes
for relating sideways asymmetry and bacteriostatic activity. The
best one-parameter model for flexible helix parameters of
SAMpre‑rana‑box was obtained using Fasman’s hydrophobicity
index80 (AAindex code:28 FASG890101) (see Supporting
Information, Table S2).

Relationship between the MLR Model and 3D
Structure. The NMR structure of Ranatuerin-2CSa (PDB
code: 2K10)35 was visualized with color rendering using the
buriability scale of amino acid attributes derived by considering

Figure 1. Best QSAR model (r2 = 0.726) for correlating measured and
predicted MIC of non-homologous anuran peptides with Rana-box at
their C-terminal: log(MICpredicted) = 4.93 − 6.75 SAMpre‑Rana‑box − 7.87
SAMRana‑box.

Figure 2. Validation of the best QSAR model at test set of non-
homologous anuran peptides with Rana-box at their C-terminal
(determination coefficient R2 = 0.703).
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the effect of burial of amino acid residues on protein stability
(Figure 3A) or Eisenberg’s consensus hydrophobicity scale
(Figure 3B), to get some insight about possible structure-based
reasons why the former descriptor is better at predicting
activity.

The buriability scale appears to be at least as good as
Eisenberg’s hydrophobicity scale in separating hydrophobic
from hydrophilic helix faces. It defines groupings of hydro-
phobic residues with a high propensity to become buried at the
concave side of the bent pre-Rana-box domain and groupings of
hydrophilic residues (including glycine) at the convex side
(Figure 1A). Calculated SAM values for the optimal segment
I(2)LSSFKGVAKGVAKDLAGKLLETL(25) having maximal
SAM are 0.545 for buriability (95° twist angle) and 0.462 for
the hydrophobicity scale (fixed canonical 100° twist angle). For
a fair comparison we used for both evaluations the scales
normalization procedure and weighted moments (the third
root of the segment length) as defined in the Materials and
Methods section. A helical wheel projection for Ranatuerin-
2CSa segment 2−25 in the case (A) for twist angle 95 achieves
perfect separation of low buriability residues K, G, E, D, S, T
from all other residues (not shown).
An interesting feature observed in Figure 3 is a Möbius-like

strip connecting A10 to G12 and V13 through hydrogen bonds,
corresponding to a kink annotated as a 310 helical structure by

PDB entry 2K10. The intrahelical deformation is particularly
evident between K11 and G12, and is likely to be both a
structurally and functionally important feature, analogously to
bends in regular α helices caused by the presence of a proline
residue.24,37 In this case, a non-proline kink caused by the
sequential repeat motif GVAKGVAK is able to reposition the
second helix in the Pre-Rana-box domain in such a way as to
maximize the amphipathic nature of the whole segment. It also
aligns residues spaced i and i+4 apart so that glycines (G8,
G12) and lysines (K7, K11, K15) are on one side of the helix
while alanines (A10, A14, A18), valines (V9, V13), and leucines
(L17, L21, L25) are on the opposite side. Beside increasing
amphipathicity, a regular arrangement of small residues such as
Ala, Gly, and Ser in motifs of the type [G,A,S]-X-X-X-[G,A,S]
is important for dimerization of helices in the membrane
environment.81 The difference in color coding scheme for A, G
and S (Figure 3B), due to differences between buriability and
hydrophobicity scale, helps in recognition of their regular
positioning along helix sides.

Performance of the SAM Method Compared against
the “Standard” HM Method. The standard way of
calculating the HM for complete pre-Rana-box segments,
using Eisenberg’s scale and canonical 100° twist angles,
produces an unimportant correlation r2 = 0.22 with
bacteriostatic activity. Furthermore, Esculentin-1ISb had the
lowest calculated HM among all training set peptides (HM =
0.034), despite being very active (MIC = 3.1 μM, Table 1).
Using Eisenberg’ scale in the SPLIT algorithm82 (http://
splitbioinf.pmfst.hr/split/), however, returns a very good HM
profile along the sequence, and this is even more evident using
the HeliQuest algorithm,83 with the central 12 AA segment
I(15)LKGIKNIGKE(26), having HM = 0.77. This algorithm uses
sliding windows of a desired length and Fauchere and Pliska’s
hydrophobicity scale84 based on octanol/water partitioning of
AA side chains.
The assumption that the whole pre-Rana-box segment of 39

amino acids, RIFSKIGGKAIKNLILKGIKNIGKEVGMDVIR-
TGIDVAG adopts an ideal, unbent α-helical conformation with
canonical 100° twist angle is clearly unwarranted, and most
likely killing the goal of standard HM calculation to determine
if the peptide is amphipathic or not. Calculating the mean HM
using sliding segments of 11−12 amino acids has a much better
chance of identifying highly amphipathic peptides, or segments
therein, compatible with a fairly regular secondary conforma-
tion. This is a good rule that is often not applied when using
“standard” HM calculations for peptides longer than 15−20
residues.
Accordingly, we compared the performance of the “standard”

HM method against the SAM method by finding the higher of
maximal HM for all 11 or 12 AA segments in each peptide from
our training set (limited to the pre-Rana-box region). Within
this linear one descriptor model HMs were calculated using
Fasman’s hydrophobicity index80 (FASG890101), and resulted
in an r2 = 0.31 when correlated with log(MICexperimental). The
performance was considerably weaker than the r2 = 0.51
obtained using SAM calculations for the same scale (see Table
S2). The determination coefficient using test set peptides (R2 =
0.29) was also weaker than that obtained with SAM calculations
(R2 = 0.33). Thus, one must take into account the need for
some flexibility in twist angle and an optimal segment length in
secondary structure elements before one can expect descriptors
derived from these to exhibit a useful correlation with
antibacterial activity.

Figure 3. Ranatuerin-2CSa NMR structure (PDB code: 2K10) with
two different color-coding schemes. AAs are sorted into three
groupsred representing the lowest third, yellow the middle third,
and cyan the highest third of scale values: (A) buriability scale
ZHOH040103 [red AAs with low buriability parameter values (K, G,
E, N, D, S, R, Q, P, T, H), yellow AAs with medium buriability
parameter values (A, M), cyan AAs with high buriability parameter
values (Y, V, I, L, C, F, W)] and (B) hydrophobicity scale
EISD840101 [red AAs with low hydrophobicity values (R, K, D, Q,
N, E, H), yellow AAs with medium hydrophobicity values (S, T, P, Y,
C, G), cyan AAs with high hydrophobicity values (A, M, W, L, V, F,
I)]. Visualization using Discovery Studio.
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Rana-Box Sideways Asymmetry. Sideways asymmetry
could also be observed in Rana-box residues from peptides with
better antibacterial activity (Figure 4), if the QSAR method

considered the primary structure as in an extended strand
conformation, with twist angles ranging from 170° to 180°. The
SAM corresponding to the best correlation with activity, within
the simplest linear one descriptor model, was found in this case
using the scale derived by Sneath,85 the second principal
component vector calculated in his study of the relation
between chemical structure and biological activity of peptides
(AAindex code:28 SNEP660102). It achieves the correlation
coefficient r2 = 0.65 for the same training set of 38 peptides
(see Table S2), even though limited to only the Rana-box
residues (we named this the SAMRana‑box(SNEP2) model). The
determination coefficient using the test set was R2 = 0.47, still
quite significant (p = 0.00017), while the “leave one out”
determination coefficient was 0.61. This is clearly seen in Figure
4, comparing peptides with MIC ≤ 10 to those with MIC ≥ 20
μM. Those with intermediate MIC were not considered, as
considering the experimental error inherent in serial dilutions
(doubling or halving of the value70,71), 10 ≤ MIC ≤ 20 μM
values could actually fall within either the low or high MIC sets.
SAMRana‑box(SNEP2) values ≥0.45 for Rana-box segments

were all associated with peptides in the training set showing low
MIC values (seven peptides with measured MIC values from 2
to 6.3 μM). Out of five such SAM values in the testing set, four
were associated with the MIC = 3 μM, and one with MIC =
12.5 μM. The lower activity of this outlier is due to the pre-
Rana-box segment, as the CKIKGEC Rana-box motif is
otherwise found in peptides from the same family (Esculen-
tin-1) with MIC values of 2−6.3 μM (see Tables 1 and 2).
When assembling our tables and correlating measured and

predicted MIC, we noticed an interesting pattern. If one
substitutes the residues bracketed by cysteines in the Rana-box

with a binary code for their general hydrophobicity (1 = polar
hydrophilic, 0 = neutral or hydrophobic), all the peptides with
Rana-box correlating with good activity show a 1010 or 10101
pattern. This justifies our treatment of an alternating residue
pattern and can thus be used in identifying/designing active
Rana-box peptides.

Public Domain Server for Predicting Bacteriostatic
Activity of Rana-Box Peptides. We used our best QSAR
model to construct a public domain online server for MIC
prediction: http://splitbioinf.pmfst.hr/micpredictor/. This
MIC predictor accepts all sequences based on natural anuran
peptides having the C-terminal Rana-box motif CXXXXC or
CXXXXXC. It can be used to introduce amino acid
substitutions and “in silico” construction of Rana-box-like
artificial AMPs, allowing the user to identify those predicted
to have activity against E. coli in particular and Gram-negative
bacteria in general. The predicted MIC is indicative and is not
limited to the training set range of 2 < MIC < 100 μM. It can
therefore be described as a MIC estimate rather than a MIC
prediction, as reconciling predicted and measured activity
values for AMPs is not facile.86

Ranaboxin-1 Design and Experimental Testing. We
explored the limits of using our MIC predictor on its own, with
amino acid substitutions guided only by volume SAM for the
pre-Rana-box domain and by the binary code pattern 10101
(Table 1) for the Rana-box domain. A 25-residue peptide
designed on this basis, FRGAFRGVLRGGRVAGRLCK-
LKLQC, provisionally named ranaboxin-1, has little resem-
blance to Ranatuerin-2AMa,87 which served as the parent
compound (common in traditional Chinese medicine lin wa
pi). It had a predicted MIC = 0.1 μM, meaning it is predicted to
have an activity at the low end of the 2−100 μM natural
peptides range. The peptide was synthesized and the correct
molecular weight was confirmed by ESI-MS to ensure disulfide
bond formation (see Supporting Information, Figure S1). The
peptide purity was verified by RP-HPLC (see Supporting
Information, Figure S2). MIC against E. coli (ATCC 25922),
Acinetobacter baumannii (ATCC 19606), and Pseudomonas
aeruginosa (ATCC 27853) was determined and effectively
found to be 2 μM for each of these Gram-negative strains in
20% Müler−Hinton growth medium (microdilution method as
described previously88). This result therefore confirms
ranaboxin-1 among Rana-box AMPs with good antibacterial
activity against Gram-negatives. The peptide’s activity was,
however, found to be medium-sensitive, so that it decreased
several-fold in full MH medium. This underlines the difficulty
in deviating too much from naturally honed AMPs, in the
absence of a suitable designer algorithm to help one. Like our
previously published therapeutic index predictor11 and Mutator
algorithm89 the MIC-predictor is likely to have a better chance
for producing peptides with an improved and also robust
activity against Gram-negatives, starting from natural Rana-box
peptides, if only one or two amino acid substitutions are
effected at each step and identifying those features determining
robustness as one goes.

■ CONCLUSION
Success in predicting bacteriostatic activity of AMPs usually
comes at a heavy price, as an excessive number of descriptors is
required, while artificial intelligence methods tend not to be
transparent about physicochemical factors underlying good
activity. In this work we have introduced the sideways
asymmetry moment (SAM) concept as a more versatile tool

Figure 4. Correlation of mean Rana-box SAMRana‑box(SNEP2) and
log(MIC) for peptides showing high or low activity. The SNEP660102
amino acid attributes of Sneath85 were used to calculate
SAMRana‑box(SNEP2) for all Rana-box segments within the full set of
57 peptides. Peptides were then selected with MIC ≤ 10 μM or ≥20
μM, and the mean MIC values for each set, on a logarithmic x-axis set
against the corresponding mean SAMRana‑box(SNEP2). A mean SAM of
0.47 corresponded to a mean MIC of 4.3 μM, and a mean SAM of
0.11 to a mean MIC = 40.1 μM. Error bars are set up for three
standard deviations above and below the mean SAM values. SAM
calculations were performed with twist angle on the 170−180° range.
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than the well-known and much used hydrophobic moment
(HM). We have shown that for AMPs with a common
evolutionary origin, widely different sequence lengths and low
identities are not obstacles in developing multilinear QSAR
models with only two SAM descriptors, one extracted from pre-
Rana-box amphipathic segments and another extracted from
Rana-box amphipathic segment. Our results justify the initial
assumption about relevance of amphipathic secondary structure
segments for peptide bacteriostatic activity, and also confirm
the observation that amphiphilicity is more important than
simple hydrophobicity.90

A quite surprising and unexpected result was the importance
of the primary structure within the Rana-box motif in
determining bacteriostatic activity. A binary pattern within
Rana-box structures of highly active peptides (Tables 1 and 2)
may allow its looplike structure to form hydrogen bonds on one
side and hydrophobic interactions on the other, even though it
likely does not have a β-strand conformation. To the best of
our knowledge, the connection of amphipathic character of this
motif (which we modeled as the HM for an imagined short β-
strand-like structure) with a peptide’s antibacterial activity has
not been noticed before. This opens the possibility of
computational construction of artificial Rana-box peptides
with desired selectivity/activity properties. In a publication 20
years ago,23 the authors had already noticed some structural
analogy of Rana-box peptide with polymyxin (colistin), today a
drug of last resort91 for treating infections with the multidrug-
resistant Gram-negatives Pseudomonas spp. and Acinetobacter
spp. However, it too is compromised by the emergence of
resistance92 and agricultural use.93 Peptides with good activity
against Gram-negative multiresistant pathogens are likely to be
more difficult to find or construct “in silico” than AMPs against
Gram-positive pathogens,10,94 so that our approach of a
computational search for QSAR descriptors for peptides
directed against Gram-negatives may prove to be useful.
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