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ABSTRACT
There is now great urgency in developing new antibiotics
to combat bacterial resistance. Recent attention has turned
to naturally-occurring antimicrobial peptides (AMPs) that
can serve as templates for antibacterial drug research. As
natural AMPs have a wide range of activity against various
bacteria, current research is focusing on modifying existing
peptides or designing new ones to increase potency. This
paper presents a computational approach to further our un-
derstanding of what physicochemical properties or features
confer to a peptide antimicrobial activity. One of the contri-
butions of this paper is the ability to rigorously test the rel-
evance of features obtained by biological or computational
researchers in the context of AMP recognition. A second
contribution is the construction of a predictive model that
employs relevant features and their combinations to asso-
ciate with a novel peptide sequence a probability to have
antimicrobial activity. Taken together, the work in this pa-
per seeks to help researchers elucidate features of importance
for antimicrobial activity. This is an important first step to-
wards modification or design of novel AMPs for treatment.
With this goal in mind, we provide access to the proposed
methodology through a web server, which allows users to
replicate the findings here or evaluate their own feature set.

Categories and Subject Descriptors
G.3 [Probability and Statistics]: Probabilistic algorithms;
J.3 [Life and Medical Sciences]: Biology and genetics

General Terms
Algorithms
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1. INTRODUCTION
Increasing bacterial resistance to modern antibiotics is

giving new urgency to the quest for novel antimicrobial treat-
ments [3, 11, 12]. In the last decade, a class of biological
molecules that are naturally-occurring antimicrobials is at-
tracting attention as potentially viable templates for an-
tibacterial drug research [47]. These natural antimicrobials,
known as host defense peptides or antimicrobial peptides
(AMPs), are part of the innate immune responses against
microbes in many organisms. Significant efforts in the last
two decades have been devoted to characterize these pep-
tides and understand how they can be effectively employed
to combat multi-drug resistant bacteria [17].

While modern antibiotics target a limited set of essential
bacterial proteins and are thus subject to increasing resis-
tance [36], AMPs have been exposed to bacteria for mil-
lions of years without being rendered ineffective in the course
of bacterial evolution. The complex mechanisms by which
AMPs target bacteria makes it very difficult for bacteria to
elude AMPs [20], though a few cases have been reported [31].
While on the one hand this is welcome news and promising
for the pursuit of AMPs as templates for antibacterial drug
research, it also makes it difficult to obtain a detailed un-
derstanding of how AMPs act on bacteria to begin designing
new potent AMP-based compounds.

Characterization of AMPs in the wet laboratory has re-
vealed that AMPs often demonstrate direct antimicrobial
activity, with attack mechanisms such as bacterial mem-
brane disruption and interference with membrane-associated
biosynthesis, macromolecular synthesis and metabolic func-
tions [29]. Some AMPs are also employed as effectors and
regulators to modulate additional immune responses in higher-
order species [5,21,46]. For many naturally-occurring AMPs
with weak antimicrobial activity, simply increasing concen-
tration can raise issues of toxicity [10]. If modified for higher
activity and lower toxicity, AMPs present interesting tem-
plates for novel antibacterial drugs [43].

Significant research is devoted to understanding how to
modify or design de novo peptides with high antibacterial ac-
tivity. The diversity of sequence and structure of naturally-
occurring AMPs and our incomplete understanding of the
molecular mechanism for direct antibacterial activity pose
fundamental challenges. Analysis shows that AMPs employ
different tertiary structures of α, β, and α − β topologies.
While grouping in families highlights some intra-family se-
quence similarity, there is no consensus sequence for AMPs.



What then determines antimicrobial activity in AMPs?
The current consensus is that underlying physicochemical
features must combine to confer AMPs their direct antimi-
crobial activity [5]. Studies of interactions with bacterial
membranes rule out the employment of some particular se-
quence motif and instead leads to fundamental peptide fea-
tures, such as: size, residue composition, charge, secondary
structure, hydrophobicity, and amphipathic character [5,17,
19]. Direct efforts in the wet laboratory on modifying par-
ticular AMPs, also known as template-based studies [35] or
systematic virtual screenings of peptide libraries [18], are
revealing more features that potentially contribute to an-
timicrobial activity.

In tandem with experimental efforts, computational re-
search focuses on AMP recognition as a means of under-
standing what features relate to AMP activity. Techniques
from machine learning are applied, seeking new features and
testing them in the context of classification [27, 28, 42] or
measuring the classification power of features elucidated by
experimental studies [13, 39]. Good recognition accuracy is
obtained with these methods, falling anywhere from the up-
per 70% to lower 90% range. Methods of choice are support
vector machines (SVM), hidden Markov models (HMMs),
and artificial neural networks (ANN) [13, 15, 16, 27, 28, 32,
39, 42]. Features vary from global or whole-peptide fea-
tures, such as those listed above, elucidated by decades of
AMP wet lab research [13, 27, 39], or local features, such as
independent position-based physicochemical attributes over
amino acids [42] or correlation-based ones [44].

While great progress is being made by machine learning
methods for AMP recognition, it currently remains hard to
draw direct comparisons between these methods, mainly due
to the great diversity amongst algorithms employed, fea-
tures constructed, and positive and negative datasets used
to demonstrate AMP recognition. Moreover, the desired set-
ting for these methods is to elucidate the features that sepa-
rate AMPs from non-AMPs, so that the features can then be
used to guide the process of modifying or designing peptides
with high AMP activity. Currently, it is unclear how one
can specifically modify the sequence of a peptide for antimi-
crobial activity [43], though some progress in this direction
is being made. Quantitative structure-activity-relationship
(QSAR) models have recently been applied to conduct vir-
tual screenings of peptides [15,18].

In this paper, we present an alternative computational
approach based on a regression treatment of AMP recogni-
tion. The approach is devised to allow AMP recognition to
be employed in the context of computer-assisted AMP drug
design. With this in mind, we focus on the following typ-
ical setting. A researcher, biological or computational, has
compiled through various means of study a list of features
speculated to be relevant to direct antimicrobial activity.
The ultimate objective is for these features to be evaluated
through some computational model in the context of AMP
recognition. We address this objective in two steps, first
answering the question of whether each of the proposed fea-
tures is relevant, and then reporting a best predictive model
that uses the narrowed subset of relevant features to predict
whether a peptide is an AMP or not.

The treatment we propose to address both questions can
be applied to any features available to a researcher, but
we focus here on showcasing and evaluating the proposed
methodology on eight global (whole-peptide) features shown

recently to allow supervised learning methods to achieve
high classification accuracy [13,39]. The proposed methodol-
ogy implements a two-stage approach. First, randomization
tests are employed to estimate the statistical significance
of each of the provided features over provided positive and
negative datasets. After answering the first question on rel-
evance through means of statistical significance, the subset
of significant features are then employed in stage two of the
proposed methodology to build predictive models.

The approach proposed here to build predictive models
is based on logistic regression for its ease of implementa-
tion, ability to additionally test interactions among features,
transparency in constructed features and interactions, and
ability to associate a probability with whether a peptide is
an AMP or not. The latter is particularly appealing in the
larger setting in which we envision the proposed methodol-
ogy to be used; namely, stochastic optimization that iterates
through peptides in sequence space as guided by the prob-
ability associated with each peptide to discover new regions
of sequence space of interest for direct antimicrobial activity.

The additional motivation for investigating logistic regres-
sion for AMP recognition is due to the ability to additionally
and explicitly test interactions among features. Invariably,
when considering interactions, the size of the variable (vari-
ables in a model) space presents an issue. If one were, for
instance, to investigate all possible interactions among n fea-
tures, the number of variables for a maximal logistic regres-
sion model (or dimensionality of vector space for SVMs, for
instance) would be exponential, 2n − 1 (a variable would
be associated with any non-empty subset of the feature set).
This is generally not practical, particularly when the number
of features, n, is large. Moreover, doing so may result in a
model having the same number or even more variables than
the actual number of observations in the training dataset.

Models where there are as many parameters as observa-
tions, commonly referred to as saturated models in statis-
tics [40], suffer from overfitting. Great care has to be taken
so that maximal models do not become saturated. For in-
stance, if one considers the 8 whole-peptide features de-
scribed in further detail in section 2, a maximal model would
have 28 − 1 variables or predictors, which is comparable to
the actual size of a typical training dataset for AMPs (not
many AMPs are currently known). One way to address this
issue is to start with a simple model that contains no in-
teractions [9]. Indeed, in our preliminary work in [34], we
investigate such a model and show that three whole-peptide
features, namely, peptide length, in vitro aggregation, and
β-sheet propensity are the most significant (based on model
coefficients measuring the contribution of a predictor) and
result in a predictive model capable of separating AMPs
from non-AMPs. However, the preliminary investigation
in [34] showed that better separation was obtained when
a fourth predictor was encoded to capture the 2-way inter-
action between length and in vitro aggregation in addition
to the single predictors length and in vitro aggregation.

Based on our preliminary work [34] and other machine
learning studies [13], we consider length and in vitro aggre-
gation to be two key features. In light of the considerations
of overfitting and model complexity, we limit our focus to 4
features selected from the set of 8 put forth in [39]. While
2 of these 4 are fixed to be length and in vitro aggregation,
the other two are selected from the remaining set of 8. This
results in

(
6
2

)
possible models. In this paper we extend the



AMP characterization and model building to consider all
possible interactions, not just pairwise, over a larger set of
features. That is, all these models are maximal, each one
encoding single predictors, 2-way, 3-way, and 4-way interac-
tions, resulting in 24 − 1 variables or predictors per model.
We employ a step-iterative process to simplify each of these
maximal models. While our randomization testing in stage
one shows that 7 features are statistically significant, we take
a comprehensive approach and investigate

(
6
2

)
rather than(
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2

)
models. In agreement with the randomization testing,

the insignificant feature is quickly discarded during the sim-
plification process. Three of the most predictive simplified
models are investigated in further detail. As our treatment
in section 2 details, we employ various statistics and machine
learning measurements to test performance.

We additionally showcase the ability of the top/best model
to be competitive even in the context of binary classifica-
tion. A non-parametric technique is employed to determine
a probability threshold above which a peptide is classified
to be an AMP. We additionally apply the best model on
a benchmark testing dataset and show that its classifica-
tion performance in terms of standard performance mea-
surements in machine learning is very high and competitive
with supervised learning methods for AMP recognition.

The methodology presented in this paper is provided in
the form of a web server at: http://binf.gmu.edu/dveltri/
cgi-bin/AMP-PASS.cgi. The server not only allows for re-
producing the findings in this paper (making the datasets
employed additionally available) but also allows for researchers
to test their own features.

We note that the contribution of the work presented here
is not on feature construction, though this is an important
problem that we believe the availability of the methodology
and server presented here can aid in solving. Instead, the fo-
cus of this paper is to better understand the discriminatory
power of features provided by researchers and obtained by
various complementary means, which allows for explicit and
transparent encoding of feature interactions. This is one of
the reasons why we employ logistic regression rather than
other machine learning methods, in addition to the fact it
provides the direct possibility of using the probability as-
sociated with a given peptide as a score in the context of
virtual screening. We also believe one of the consequences
of the proposed work and web server is the community mov-
ing towards benchmark datasets, testing features, and con-
tributing to knowledge on what governs antimicrobial ac-
tivity. Answering this question rigorously is an important
step towards aid wet laboratory research on modification or
directed design of novel AMPs. We now proceed to relate
details on methodology.

2. METHODS
We begin by describing the training and testing datasets,

as well as, the whole-peptide features considered here. This
is followed by a detailed description of the randomization
tests, model construction, selection, and evaluation proce-
dures employed. Performance measurements used in the
context of binary classification are summarized last.

2.1 Description of Datasets

2.1.1 Training Dataset
Feature selection and model training are conducted on a

training dataset of 115 AMP and 116 non-AMP peptides
originally introduced in [13]. All training sequences range
from 10 to 100 amino acids. Members of the set of posi-
tive AMPs share ≤ 50% sequence identity, cover a variety
of known AMP classes, and are all selected from the APD2
database [43]. The set of non-AMPs also has the same se-
quence identity and length cutoffs applied, but members are
sampled from the Protein Data Bank (PDB) [4]. Screening
with the Phobius server [22] is used to restrict samples to
intracellular proteins. Further details on the positive and
negative dataset can be found in [13].

2.1.2 Testing Dataset
A testing dataset is constructed and employed in this work

to independently evaluate the performance of the best pre-
dicted model on the training dataset. The positive dataset
consists of 216 AMP sequences extracted from the CAMP [38]
database. Selected AMPs share activity against both Gram+
and Gram- bacteria, span lengths between 10 and 100 amino
acids, and share ≤ 50% sequence identity. The negative
dataset is selected from non-AMPs provided in [45]. The
selection ensures that sequence identity among selected non-
AMPs is limited to≤ 50%, and that peptide lengths span the
same range of 10− 100 amino acids as the positive dataset.
Additionally, UniProt is used to limit the cellular location
of selected non-AMPs to the cytoplasm, effectively removing
extracellular peptides. The result of this selection process
is a negative testing dataset of 145 non-AMPs. Additional
details on the source of AMP and non-AMPs peptides used
are available in [38] and [45], respectively. We choose not to
extract our positive dataset from AMPs provided in [45], as
these AMPs are taken from the APD2 database and doing
so would cause an overlap with our training dataset.

2.2 Peptide Features Employed
The whole-peptide features we employ in this work are 8

physicochemical features first introduced by Torrent and col-
leagues in [39] and additionally investigated in AMP recog-
nition studies by us and others [13, 34]. These features
consist of α-helix, β-sheet, β-turn and in vitro aggrega-
tion propensities calculated from the Tango server [14], in
vivo aggregation propensity calculated from the AGGRES-
CAN server [8], isoelectric point provided by the ExPASy
server [2], hydrophobic mean based on the GRAVY scale [26],
and peptide length. The features are a result of wet labo-
ratory insight obtained from years of experimental research.
Many of these features capture known structural propensi-
ties among AMPs. Aggregation propensity relies on obser-
vations that AMPs may aggregate over bacterial membranes
as part of their mechanism of action. Other ones, such as hy-
drophobic mean, rely on the fundamental insight that these
peptides have to interact with bacterial membranes. Further
details about these features are available in [39].

2.3 Randomization Tests
The significance of the 8 features described above has been

previously discussed and measured in [13] through indepen-
dent sample t-tests. The idea behind employing t-tests is
that, if a feature allows for separating AMPs from non-
AMPs, its mean values over AMPs and non-AMPs should
be significantly different from each other. However, there
are many assumptions made when employing t-tests. Two
key assumptions that should be satisfied in order to cor-



rectly employ a t-test are that the data should be randomly
sampled from a normal population and that the positive
and negative data should have equal population variances.
These assumptions are, in this case, translated to assuming
equal variances for the populations of AMPs and non-AMPs,
as well as, selecting independent random samples for both
groups. However, the fact that AMPs represent a small frac-
tion of the larger population of peptides in natures makes
the above assumptions questionable.

Randomization tests provide a rigorous, non-parametric
technique to determine significance. They are based on the
idea that, if the populations of AMPs and non-AMPs do not
differ, then all possible permutations of the observations are
equally likely. A standard randomization test is typically
conducted as follows. For each feature, one generates N
shufflings or permutations. Let the original sample be of
size n, where the first q values are AMPs and the next n− q
values are for non-AMPs. In this work, N is set to be 10000,
q is the size of the positive dataset (115 AMPs) and n− q is
the size of the negative dataset (116 non-AMPs). The mean
difference between AMPs and non-AMPs is then calculated
over each of the N permutations separately. The result of
this process is effectively the construction of the sampling
distribution of the mean difference.

The following question is then posed: If the two popu-
lations do not differ, what is the probability that the ob-
served (real) mean difference is a typical value from this
distribution? This probability represents the p-value of the
test. Let µ+ and µ−, denote the means of the positive and
negative distributions (from the given training dataset of
AMPs and non-AMPs), respectively. Then, the difference
D = µ+ − µ− is the difference of the two means from the
observed (original/training) dataset. For the ith permuta-
tion, where 1 ≤ i ≤ N , one derives a mean difference Di.
Additionally, m, the number of times that |Di| > |D| is
recorded. Accordingly, m/N is the p-value of the random-
ization distribution of the mean differences.

We employ this procedure to obtain a p-value with each of
the 8 features. If the p-value for a feature is small (as stan-
dard, anything < 0.05 is considered a small p-value), then
the observed difference in the given training dataset is not a
usual or typical result from this distribution. This is inter-
preted as strong evidence against the hypothesis of identical
populations between the negative and positive groups. In
other words, the feature is significant and has discrimina-
tory power in separating AMPs from non-AMPs. Such a
feature is retained in our methodology for the purpose of
model construction, which is now detailed below.

2.4 Model Construction
Once the significance of the features has been determined

as detailed above, this knowledge is now used to build mod-
els that predict the probability that a chosen peptide is an
AMP. Borrowing from standard terminology in statistics,
the term predictor is used interchangeably here to denote
feature. Additionally, response variable is used from now on
to track whether a peptide is AMP or not AMP (i.e. peptide
class). Let this response variable be y. In a binary setting,
where a peptide is either an AMP or not, y ∈ {0, 1}, where
0 refers to a non-AMP, and 1 refers to an AMP.

The binary setting restricts our attention to binary re-
sponse models. Logistic regression models are proposed here
for this purpose, due their ease of implementation, interoper-

ability, and ability to encode single (when only one feature
is considered) or multiple (when more than one feature is
considered) predictors with feature interactions.

For the single predictor case, where no interactions are
modeled among the features, if xj is the jth feature for
j = 1, 2, . . . , 8, then one can define:

P (y = 1|xj) =
eb0+b1xj

1 + eb0+b1xj
.

Here, P (xj) is the probability that the peptide is an AMP as
a function of the jth feature. If this probability is, for sim-
plicity reasons, denoted as p, then we can define the logit or
inverse logistic function as ln p

1−p
= b0 + b1x and thus de-

fine the b coefficients as the linear regression coefficients of
the logit function. Such models can be extended to the case
of having multiple predictors or predictor (feature) interac-
tions. In the case of K-predictors, where K = 1, 2, ..., 8, the
above probabilities are calculated as:

P (y = 1|x) =
eb0+xTb

1 + eb0+xTb
.

Here, x and b represent the K-dimensional vectors of the
predictors and the regression coefficients, respectively. The
question of interest is then generalized to which, if any, of the
predictors (explanatory variables), increase the probability
of an individual peptide being an AMP. The predictors can
be thought as of acting individually or interacting together
as pairs, triplets, or even quadruplets to influence the value
of these probabilities. That is, a predictor can encode a sin-
gle independent feature or an interaction among a subset
of features. As described in section 1, we restrict our at-
tention to a total of 4 features (and hence with maximum
4-wise interactions) in order to control the dimensionality
of the parameter space. The ability to encode multiple in-
teractions explicitly is appealing to investigate how features
contribute to AMP activity, and it is due to this that we
employ logistic regression rather than SVM- or ANN-based
models in this work.

As the results in section 3 show in detail, not all eight fea-
tures result in small p-values. This is valuable information
when deciding which subset of features to further investigate
in greater detail for AMP recognition. It is important to
note that, while it may be appealing to investigate all possi-
ble interactions, essentially encoding them in the predictors
or variables of the model, one has to control the number
of resulting predictors. As section 1 summarizes, encoding
all interactions among n selected features results in a model
with 2n − 1 variables. Great care needs to be exercised so
that this number does not exceed or compare to the size of
the training dataset. The web server that accompanies the
methodology proposed in this paper suggests a lower num-
ber of features in this case so that the number of variables
does not exceed the size of the training dataset.

In the study investigated in this paper, the number of
features is limited to 4, effectively setting the number of
variables in a model to 15 predictors (24−1). In the general
setting, these 4 features can be selected from the largest set
available. In our study on the 8 global whole-peptide fea-
tures, rather than construct all possible

(
8
4

)
pilot models,

each one encoding all interactions among the selected 4 fea-
tures (thus having 24 − 1 variables/predictors), we employ
prior knowledge that two features, length and in vitro aggre-
gation are of foremost importance. This is based on our own
prior work on a limited investigation on 2-way interactions



among whole-peptide features [34] and other machine learn-
ing studies [13]. With these two fixed, the other 2 features
are selected form the remaining set of features, allowing us
to construct

(
6
2

)
maximal pilot models. A standard step-

iterative process, implemented through the step function in
R, is used to simplify each of these maximal models. Our
analysis in this work is on the 3 resulting models with low-
est AICs, which we further evaluate through many different
performance measurements that are the norm in statistics
and machine learning.

2.5 Model Selection
A question that arises at this point is how one can select

the model of highest predictive power, or the model that
best fits the data. There are several choices that essentially
rely on comparison of performance measurements. While
in the machine learning community, the predominant mea-
sures build on the notions of true positive (TP), false pos-
itives (FP), true negatives (TN), and false negatives (FN),
we elect to employ here three measures that are commonly
employed in statistics for regression models: Akaike Infor-
mation Criterion (AIC), Brier score, and residual deviance.
Briefly, AIC measures the loss of information from a model
and it simultaneously penalizes for adding superfluous pre-
dictors [1]. The best model for a given dataset, according
to this criterion, is the one that corresponds to the smallest
AIC value. Work has shown that lower-scoring models in
terms of AIC can generate a better estimate of the original
dataset of interest [6]. In this work, we employ R’s step
procedure [9, 41] to select the model with minimal AIC.

In addition to AIC, models are analyzed using two ad-
ditional criteria: Brier score and residual deviance. These
measures are related to each other. Brier score is defined
to be the average of the squared deviations between the ob-
served and the predicted values (probabilities) of the binary

response variable [37]. In particular, B =
1

n

n∑
i=1

(yi − pi)2 .

Brier scores range from 0 (an ideal model) to 0.25 (a poor
model) and are very close in concept to residual deviance [37].
The squared deviations in the Brier score can also be thought
of as the squared residuals.

2.6 Classification with a Binary Response Model
Once the best model is selected, it is not straightforward

as to how to employ it for the purpose of classification. Re-
call that models here associate a probability with an unseen
sequence. A high probability means the peptide is closer to
being an AMP than a non-AMP, but where does one draw
the cutoff? We prefer to address this question in a non-
parametric way that does not depend on the distribution
of probability values observed over the positive and nega-
tive dataset (in section 3 we do show, however, that these
distributions are well separated for the training dataset).

The non-parametric technique we employ proceeds as fol-
lows. Let p1, p2, . . . , pn be the ordered values of the probabil-
ities estimated by the best model for each of the n sequences
in the training dataset. The question is to find a change
point pk, where 1 ≤ k ≤ n, that separates the probabilities
into two groups: p1, p2, . . . , pk and pk+1, . . . , pn. In our case,
the group with lower probability values corresponds to non-
AMPs, and higher values to AMPs. If we consider µ to be
the mean of the predicted probabilities, we can then define

the deviance as: DV =
n∑

i=1

(pi − µ)2 , where n is the sample

size and i ∈ 1, . . . , n. When the set of probabilities is di-
vided into two groups, the sum of the deviance for these two
groups is always less than, or equal to, the deviance of the
entire set [33]. Each possible threshold produces a deviance
reduction: RDk = DV − (DV≤k +DV>k) , where DV is the
deviance for the entire set, DV≤k is the deviance for the se-
quence p1, . . . , pk and DV>k is the deviance for the sequence
pk+1, . . . , pn for i = 1, 2, . . . , n. The threshold probability is
then the value pk that maximizes the deviance reduction
RD. This non-parametric procedure was first introduced by
Qian and colleagues in [33] in a different context, but we
generalize it here to evaluate a binary response model based
on logistic regression in the context of of AMP classification
(recognition). We do so in order to compare the best model
with other machine learning techniques for AMP recogni-
tion, as detailed in our comparative analysis in section 3.

2.7 Measuring Classification Performance
In this work, we show the classification performance of

a few selected top models (including the best one) con-
structed and evaluated as described above. The determi-
nation of a probability threshold explained above allows for
doing so. We employ standard classification performance
measurements employed by other machine learning meth-
ods for AMP recognition. These are, accuracy:

ACC = (TP + TN)/(FP + FN),

and Matthews correlation coefficient:

MCC =
TP ∗ TN − TP ∗ TN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
.

Visual evaluation of model performance is additionally
provided through receiver operator characteristic (ROC) curves.
We note that the ROC curve of a model produced by the
work presented here is obtained by varying the probability
threshold, or change point, from 0.0 to 1.0 in increments of
0.01. Comparison of models constructed in this work and
evaluated with statistics-based performance measurements
is conducted on the training dataset described above. The
best model resulting from the analysis is tested on the test-
ing dataset and performance is also shown in section 3.

3. RESULTS
We first relate results on the statistical significance mea-

surement of features and then proceed to detail and analyze
the top models found by training on the Fernandes et al.
dataset described in section 2. A limited preliminary study
in [34] showed the promise of first narrowing the focus to
a few features of interest and then modeling selected pair-
wise interactions. That work showed that a better model
was obtained than a simple one considering no interactions.
For completion, we compare to that preliminary study in
section 3. In the following we take a more exhaustive view
and systematically search the feature space. We focus on
modeling all interactions among 4 features at a time, select-
ing these features from the set of 8 whole-peptide features
put forth in [13, 39]. Analysis of the top models, detailed
below, shows that peptide length and in vitro aggregation
are consistently found to be features that play a central role
in predicting AMPs. Discarding these features results in a
reduction of the model’s predictive power.



3.1 Implementation Details
As section 1 and 2 detail, all

(
6
2

)
pilot models are con-

structed, each encoding all possible single predictors among
the selected four features and their 2-way, 3-way, and 4-
way interactions. R’s step function is used to simplify each
of these models. Taken together, the construction, simpli-
fication, and evaluation of models takes a few minutes on
a standard-architecture laptop. Our implementation of the
methodology and analysis detailed in this paper and on the
web server back-end employs R.

3.2 Statistical Significance Analysis of Features
The procedure described in section 2.3 generates p-values

for all features as seen in Table 1. We recall that these fea-
tures are: peptide length, isoelectric point, GRAVY score
(hydrophobic mean), β-sheet propensity, β-turn propensity,
α-helix propensity, β-turn propensity, in vitro aggregation,
and in vivo aggregation. For each of these features, the ran-
domization results verify the results of the t-tests previously
performed on this dataset in [13].

Table 1: p-values for features from [39].
Physicochemical Feature P-Value
1. Isoelectric Point 0.0001
2. Peptide Length 0.0000
3. β-Turn Propensity 0.2396
4. β-Sheet Propensity 0.0000
5. Helix Propensity 0.0000
6. In vitro Aggregation 0.0000
7. In vivo Aggregation 0.0000
8. Hydrophobic Mean (GRAVY Score) 0.0000

The results shown in Table 1 suggest that, with the excep-
tion of β-turn propensity, the other p-values make it highly
unlikely for the observed accuracy to be obtained by chance;
that is, if there was no significant difference between the
means of AMPs and non-AMPs.

3.3 Model Construction Process
As detailed in section 2, we investigate all possible inter-

actions among 4 selected features, resulting in pilot models
of 24−1 predictors or variables. Based on our prior work [34]
and other studies [13] showing length and in vitro aggrega-
tion to be foremost important in AMP recognition, 2 of the
4 considered features are fixed to be these two. The other
two features are selected from the remaining 6. This leaves
us with

(
6
2

)
pilot models, each one with 24 − 1 predictors.

Table 2: Details on the four models considered here.
Model Features
Model 1 [34] length + in vitro aggregation + β-sheet

propensity + (length * in vitro aggregation)
Model 2 length + in vitro aggregation + hydrophobic

mean + (length * in vitro aggregation) + (in
vitro aggregation * hydrophobic mean)

Model 3 length + in vitro aggregation + hydrophobic
mean + in vivo aggregation + (length * in
vitro aggregation) + (hydrophobic mean * in
vivo aggregation)

Model 4 length + in vitro aggregation + β-sheet
propensity + hydrophobic mean + (length *
in vitro aggregation) + (hydrophobic mean *
in vitro aggregation)

The step-iterative process in R is used for model simpli-
fication on each of the

(
6
2

)
maximal models. This process

examines all single predictors and interaction terms and re-
moves them from the model according to which one(s) cause
a remarkable reduction in AIC [9]. From now on, we refer to
the top 3 resulting models (in terms of lowest AIC), which
we analyze in great detail, as Model 2, Model 3, and Model
4. For completeness, we show how these models compare
to the one resulting from our limited investigation in prior
work [34] and refer to it here as Model 1. Details on these
models are provided in Table 2.

3.4 Model Comparison
Table 3 compares models on diagnostic measures, such

as AIC, residual deviance, and Brier score (defined in sec-
tion 2.5). For all these measures, the smaller the value, the
more reliable the model is. The model that is selected as
best has the lowest AIC, residual deviance, and Brier score.

Table 3: Comparison of all four models on AIC,
Residual Deviance, and Brier Score.

Model AIC Residual Brier
Deviance Score

Model 1 (From [34]) 149.99 137.99 0.0845
Model 2 147.98 135.98 0.0834
Model 3 149.33 135.33 0.0832
Model 4 147.34 133.34 0.0813

The models evaluated on the training data are addition-
ally compared in terms of ROC curves, shown in Fig. 1.
True positive and false negative rates are computed as the
probability threshold for determining whether a peptide is
AMP or not changes from 0.0 to 1.0 in increments of 0.01.
Comparison of ROCs shows that all models have high dis-
criminatory power on the training dataset.

Figure 1: Comparison of ROCs on training dataset
from [13]. Areas under the curve are also reported.

Further details are provided on the models in terms of
how they separate AMPs from non-AMPs in the training
dataset. A visual examination is performed via plotting the
predicted probabilities for peptides in the dataset. Fig. 2
plots AMPs in blue and non-AMPs in black.



Figure 2: Predicted probabilities on training
dataset; AMPs are in blue and non-AMPs in black.

Table 4: Mean and median of predicted probabili-
ties.
Model AMP AMP Non-AMP Non-AMP

Mean Median Mean Median
Model 1 0.8259 0.9210 0.1726 0.0563
Model 2 0.8294 0.9198 0.1692 0.0586
Model 3 0.8290 0.9157 0.1695 0.0681
Model 4 0.8331 0.9270 0.1654 0.0507

Additionally, table 4 shows the mean and median values
over predicted probabilities, separately for the positive and
negative training. All models associate high mean and me-
dian probabilities with AMPs and low mean and median
probabilities with non-AMPs.

To compare the models in the context of classification per-
formance, one needs to first determine a probability thresh-
old to predict a peptide as AMP vs. non-AMP. We do
so through the non-parametric technique detailed in sec-
tion 2.6. The non-parametric technique reports thresholds
slightly above 0.5 for each model.

Figure 3: Density functions are shown on training
dataset (AMPs in blue on right and non-AMPs in
red on left). Vertical red bar shows optimal thresh-
old for a prediction to be an AMP vs. a non-AMP.

Fig. 3 shows that the probability density functions have
long tails. While there is significant difference between the
means or medians, the long tails cause the non-parametric
technique to report a probability threshold of 0.5. This
threshold is not to be interpreted as a fair coin model, as
the interpretation is limited to actual distributions. For in-
stance, for all models, more than 89.66% of the non-AMPs
lie below 0.5, and more than 89.57% of the AMPs lie above.
The effect on classification performance can be seen in Ta-
ble 5, which shows that all models have high sensitivity,
specificity, accuracy and MCC.

3.5 Comparative Analysis on Classification
We now further showcase the classification performance



Table 5: Classification performance on training
dataset in terms of sensitivity (sens.), specificity
(spec.), ACC and MCC.

Model Sens. Spec. ACC(%) MCC
Model 1 [34] 0.89 0.90 89 0.7836
Model 2 0.89 0.90 89 0.7836
Model 3 0.88 0.89 88 0.7662
Model 4 0.90 0.90 90 0.7922

Figure 4: Probabilities predicted by model 4 on test-
ing dataset (AMPs in blue and non-AMPs in black).

Figure 5: ROC curves are shown, denoting the per-
formance of model 4 on the training (blue dashed
line) and testing (red solid line) datasets.

of the best model (Model 4). Details on how the model sep-
arates AMPs from non-AMPs and the ROC curve obtained
on the testing dataset are shown in Fig. 4 and 5. MCC
values are also reported and compared to other recent ma-
chine learning on AMPs. Comparison is limited to MCC
values reported in the literature. The model proposed here
obtains comparable or higher MCC values on the training
or testing dataset. We note that a higher MCC is obtained
on the testing dataset than on the training dataset, simi-
larly to values reported by FKNN [45]. This is due to the
fact that the testing dataset, a combination of peptides from
CAMP [38] and [45], appears to be easier for classification
than the Fernandez dataset employed for training. Closer
inspection reveals that there is more separation between the
length distributions of AMPs and non-AMPs in the testing

dataset, which makes AMP classification easier.

MCC
Algorithm Training

Dataset
Validation
Dataset

Testing
Dataset

AMP
Database

HMM [16] 0.98 AMPer
HMM [18] 0.88 RANDOM
ANN [7] 0.60 CAMEL
DA [38] 0.75 0.74 CAMP
RF [38] 0.86 0.86 CAMP
SVM [38] 0.88 0.82 CAMP
SVM [28] 0.84 AntiBP2
ANFIS [13] 0.94 APD2
ANN [13] 0.85 APD2
SVM [42] 0.80 APD2
FKNN [45] 0.73 0.84 APD2
Model 4 0.79 0.82 CAMP

Table 6: Summary of algorithms and their perfor-
mance on datasets drawn from different databases.

3.6 Predictive Antimicrobial Statistical Server
We provide the methodology presented in this paper in the

form of a web server at: http://binf.gmu.edu/dveltri/

cgi-bin/AMP-PASS.cgi. The server provides three stages of
analysis after a user uploads an AMP and non-AMP file of
numerically-encoded features. The first stage performs the
randomization tests described in section 2.3 to assess the sta-
tistical significance of features for the uploaded dataset. A
user can provide x features, but if 2x−1≥ nr.observations/2,
the user is prompted, and two suggestions are made. Instead
of x features, the user is asked to select lg(nr.observations)
features. If indeed, the user wants all x features but can
consider less than all possible interactions, then l is sug-
gested, such that x +

(
x
2

)
+ . . . +

(
x
l

)
does not surpass

nr.observations/2. Upon the user selection of these two op-
tions, the lowest AIC model is reported. The final stage
allows a user to test the classification performance of this
model by uploading a testing dataset of AMP and non-AMP
features. In addition to trying their own features, users are
given access to the datasets employed in this paper for down-
load or reproducibility of our results.

4. CONCLUSION
This paper has presented a general methodology to assess

features in terms of relevance for antimicrobial activity and
build a regression-based predictive model on statistically-
significant features. The usefulness of the methodology has
been showcased and validated on global or whole-peptide
features suggested by experimental studies on AMPs. A pre-
dictive model that considers interactions between features is
shown to separate AMPs from non-AMPs with similar ac-
curacy to other machine learning methods for AMP recogni-
tion. While all features can separate AMPs from non-AMPs,
length and in vitro aggregation are shown to be most im-
portant. This finding is in agreement with those reported
in [13]. Work in this paper shows that the best predictive
model is actually obtained when considering interaction be-
tween these two features.

Elucidating which features confer to AMPs their direct
antimicrobial activity has general relevance for the compu-
tational community. The issue of whether local or global



features are better determinants is currently an open one.
In recent work we consider an exhaustive set of local features
per amino-acid position, but forego modeling their interac-
tions in order to control the size of the feature space [42].
Work in [42] shows that a limited number is actually impor-
tant in the context of SVM classification.

In the study presented in this paper, interactions between
features can be modeled due to the limited number of the
global features considered. Further work can consider com-
binations of local and global features building on related
work in our lab on feature construction for biological se-
quences [23–25]. For instance, local features ranked as most
important by work in [42] can be considered as building
blocks for construction of more complex features through
Boolean logic. Evolutionary search algorithms can be em-
ployed to steer the search for resulting complex features to
those of high discriminatory power, allowing to address con-
struction of novel features in an effective manner.

One reason for choosing logistic regression for the method-
ology presented in this paper is that it allows for associating
a real-valued score in the form of a probability with a given
peptide sequence. This probability can be interpreted as a
fitness score, where higher score means the given peptide is
more likely to be an AMP than a non-AMP. Further work
can consider employing the methodology proposed here in
the context of a stochastic optimization framework that it-
erates through peptides in sequence space as guided by the
probability associated by the presented methodology with
each peptide. This direction of future work can build on
evolutionary search frameworks proposed in our lab in other
settings [23,25,30]. The goal would be for the best predictive
model proposed in this paper to essentially serve as a fitness
function evaluating the fitness of a newly generated peptide.
The model would thus steer the search towards regions of
the peptide sequence space populated by AMPs, effectively
allowing virtual screening in silico.

It is expected that progress in better characterizing AMPs
will come from a combination of computational and experi-
mental techniques, particularly as it concerns elucidation of
effective features governing antimicrobial activity. One of
the contributions of the work presented in this paper and
made available to biological and computational researchers
in the form of a web server is the ability to test features in
a statistical setting and to build predictive models that di-
rectly and transparently (as opposed to other machine learn-
ing methods) encode feature interactions.

The web server that we offer to the community is a step
in this direction to allow researchers to test novel features.
We believe one of the consequences of this is the commu-
nity moving towards benchmark datasets, testing features,
and contributing to knowledge on what makes a peptide an-
timicrobial. Answering this question definitively and in a
rigorous way will be critical for directing the design of novel
AMP-based drugs in the future.
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