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Abstract—With growing bacterial resistance to antibiotics,
it is becoming paramount to seek out new antibacterials.
Antimicrobial peptides (AMPs) provide interesting templates
for antibacterial drug research. Our understanding of what it
is that confers to these peptides their antimicrobial activity is
currently poor. Yet, such understanding is the first step towards
modification or design of novel AMPs for treatment. Research
in machine learning is beginning to focus on recognition of
AMPs from non-AMPs as a means of understanding what
features confer to an AMP its activity. Methods either seek
new features and test them in the context of classification
or measure the classification power of features provided by
biologists. In this paper, we provide a rigorous evaluation of
features provided by a biologist or resulting from a combination
of experimental and computational research. We present a
statistics-based approach to carefully measure the significance
of each feature and use this knowledge to construct predictive
models. We present here logistic regression models, which are
capable of associating probabilities on whether a peptide is
antimicrobial or not with the feature values of the peptide. We
provide access to the proposed methodology through a web
server. The server allows users to replicate the findings in this
paper or evaluate their own features. We believe research in this
direction will allow the community to make further progress
and elucidate features that capture antimicrobial activity. This
is an important first step towards assisting modification and/or
de novo design of AMPs in the wet laboratory.

Keywords-Recognition of antimicrobial peptides; AMPs; sta-
tistical significance testing; logistic regression models

I. INTRODUCTION

With bacterial resistance on the rise, new antibiotic
treatments are being sought [1]. One class of biological
molecules that is becoming increasingly of interest in fight-
ing bacteria are antimicrobial peptides (AMPs). AMPs are
innate to the immune system of a variety of organisms. If
modified for higher activity and lower toxicity, they present
interesting templates for novel antibacterial drugs [2]. How-
ever, our current understanding of what underlying features
about sequence, structure, and/or dynamics of AMPs deter-
mine antibacterial activity is poor. Yet, is is paramount to
understand these features in detail as the first step towards
modification and/or design of novel AMPs in the wet labo-
ratory for AMP-based antibacterial treatments.

Computational research in machine learning is beginning
to focus on recognition of AMPs from non-AMPs as a
means of understanding what features relate to AMP activity.
Methods either seek new features and test them in the
context of classification [3]–[5] or measure the classification
power of features provided by biologists [6], [7]. Good
recognition accuracy is obtained with these methods, ranging
anywhere from the upper 70% to the lower 90%. Methods
of choice are support vector machines (SVM), artificial
neural networks (ANN), or more powerful adaptations of
ANNs [3]–[8]. Features vary from compositional-based ones
over amino acids [4], to whole-peptide features elucidated by
decades of AMP wet-lab research [6], [7], or comprehensive
physicochemical attributes over amino acids [5].

Direct comparisons between AMP recognition methods
are hard to draw due to the great diversity amongst al-
gorithms employed, features constructed, and positive and
negative datasets used to demonstrate AMP recognition. The
desired setting is for these methods to elucidate the features
that separate AMPs from non-AMPs, so that the features can
then be used in computational or experimental research to
modify or design novel peptides with AMP activity. Despite
progress, it remains unclear how one can specifically modify
the sequence of a peptide for antimicrobial activity [2].

In this paper, we present an alternative computational
approach based on a rigorous treatment of AMP recognition.
We focus on the following setting: A biologist or compu-
tational researcher has obtained through various means of
study a list of features thought to be relevant to antimicrobial
activity. The first question that needs to be answered is: Is
each of the features relevant? The second question that needs
to be answered is: Once the subset of relevant features has
been narrowed down, what is the best predictive model that
uses these features in isolation or combination to predict
whether a peptide is AMP or not?

We present a statistics-based treatment to address both
questions in this paper. While the presented methodology
is general, we focus here on eight global (whole-peptide)
features shown recently to allow SVM- and ANN-based
methods to achieve high classification accuracy [6], [7].
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We employ randomization tests to test the statistical sig-
nificance of each of these features over provided positive
and negative datasets. We focus here on a dataset employed
by recent studies [5], [7]. Once the statistical significance
has been established, and thus the first question has been
answered, a subset of significant features are considered to
build predictive models. We propose here logistic regression
models for their ease of implementation and their ability to
associate probabilities with whether a peptide is an AMP
or not. We detail a procedure that begins by exploring
models of independent features, and later use significance
coefficients to generate a more complex predictive model
which considers three features and an interaction to achieve
the highest fit.

The methodology presented in this paper is provided in the
form of a web server at http://binf.gmu.edu/dveltri/cgi-bin/
iccabs2013.cgi. The methodology is described in section II.
While general and applicable to any set of features and any
peptide dataset, results in section III focus on a specific set
of features and peptides that have been further investigated
with recent computational methods. These results show that
the presented methodology is not only just as powerful
in separating AMPs from non-AMPs, but it also allows
rigorous evaluation of each feature for model building.

II. METHODS

The techniques proposed in this paper are implemented
in R [9] and are made available through a web server at
http://binf.gmu.edu/dveltri/cgi-bin/iccabs2013.cgi. We first
describe the datasets and the investigated features in this
work. We then proceed to provide details on the randomiza-
tion tests carried out to measure the statistical significance
of each feature and the methodology carried out to obtain a
best predictive model on statistically-significant features.

A. Description of Positive and Negative Datasets

A dataset provided by Fernandes et al. (2012), consisting
of 115 AMP and 116 non-AMP peptides, is used for
this study. All sequences range from 10 to 100 amino
acids in length. Members within each set share ≤ 50%
sequence identity. AMP sequences originate from the APD2
database [2], while non-AMPs come from the PDB [10]
and are restricted to intracellular proteins through screening
with the Phobius server [11]. Further details on can be found
in [7].

B. Description of Peptide Features

We focus here on eight features employed in previous
work for AMP recognition [6], [7]. The features are cal-
culated as follows for each peptide in our dataset. The
ExPASy server [12] is used to calculate isoelectric point,
the Tango server [13] is employed to find α-helix, β-sheet,
β-turn, and in vitro aggregation propensities. AGGRESCAN
(http://bioinf.uab.es/aggrescan) is used to estimate in vivo

aggregation propensity. The final two features consist of
peptide length and hydrophobic mean based on the GRAVY
scale [14]. Further details about these features are available
in [6].

C. Randomization Tests

The first part of this work uses randomization tests to
rigorously measure the statistical significance of a feature.
To some extent, significance measuring has been attempted
in [7] through an independent samples t-test, which is a
conventional way to test for significance. However, such
tests are based on various assumptions, such as having inde-
pendent random samples coming from normal populations
and having equal population variances for the two groups.
In our case, this last assumption is equivalent to having
equal population variances between AMPs and non-AMPs.
All these assumptions are questionable, mainly because of
the special nature of sampling in the case of AMPs. For
instance, we are aware that our dataset of AMPs represents
a small fraction of the potential universe of peptides with
antimicrobial activity. Moreover, typically, one can construct
a large negative dataset but is limited in the size of the
positive dataset to the set of experiments or studies that have
so far detected AMPs in nature.

To rigorously measure the statistical significance of each
feature, we carry out two-sample randomization tests [15],
[16]. A two-sample randomization test is based on the idea
of comparing the means of two groups that are indepen-
dent random samples from two populations. If these two
populations are the same, then all the possible allocations
of observations to samples are equally likely. We test each
feature individually. The test consists of comparing the
observed mean difference between the given positive and
negative dataset with the distribution of mean differences
generated by random allocations.

For each of the 8 features, the 231 observations (positive
and negative, per the datasets described above) are randomly
permuted. The first 115 peptides are considered to form the
positive group. We then calculate the difference between
the means of the two groups. This process is repeated
10000 times to obtain a distribution of the mean difference
for each feature. The p-value of this test represents the
probability that we observe a mean difference as extreme (or
more extreme) than that observed assuming that the positive
and negative groups are indifferent. Let the mean of the
positive group be denoted by µ+, and that of the negative
group be µ−. Then, D = µ+ − µ− is the mean difference
observed from the original sample, and Di is the mean
difference observed in the ith randomized sample, where
i = 1, . . . , 10000. Let k represent the number of times that
|Di| > |D|. Then, we can associate a p-value as k/10000.

If the p-value of a feature is small, then we have evidence
that the observed mean difference D is not a typical value
from the distribution of the differences Di, and that there
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is a significant difference between the positive and negative
datasets according to the feature under investigation. The
results of this analysis are related in section III-A.

It is important to note that this test is not restricted to
the eight features we investigate in this study. Indeed, it
can be applied to measure the significance of new features
proposed to separate AMPs from non-AMPs. The web server
we provide allows biologists or computational researchers to
input features of their own choosing.

D. Model Selection: Measuring Predictive Power of
Statistically-significant Features

In an attempt to use the knowledge of the above important
features to predict the probability that a particular peptide
is an AMP, one can use the features one by one or jointly
in a simple or a multiple logistic regression model [17].
Since logistic regression models apply to cases of binary
response variables, consider the case of a simple (having one
independent variable) model. Let yi be a response variable,
s.t. yi = 1 for an AMP and 0 for a non-AMP: Let xj be
one of the 8 features considered here. Then, one can define:

p(xj) =
eb0+b1·xj

1 + eb0+b1·xj

where p(xj) is the probability that the peptide is AMP as
a function of the jth variable (feature, in our case). By
using this model, we can derive the predicted values of such
probabilities for a given level of the independent variable.
We can also construct (1 − α) · 100% confidence intervals
for these probabilities. This rationale can be extended to
having more than one explanatory variable and examining
the contribution of each feature. It can be even further
extended to account for possible interactions among features.

There are several techniques to determine the model with
the best fit (best predictive power). One idea is to start
with one explanatory variable and keep adding variables
until the improvement of fit by adding another variable
is insignificant. The best model can then be extracted. In
order to avoid an unreasonably high-dimensional model, we
begin instead with a model whose explanatory variables
are only the features shown to be statistically significant.
As section III details, only 7 of the 8 features pass our
randomization tests. These are the only variables included
in the multiple logistic regression model we construct.

Further analysis of the model can be carried out to eluci-
date which additional features or variables can be discarded.
In this work, variables are retained in the model if their
estimated coefficient b1 is significantly different from 0 at
α = 0.05. As detailed in section III, only 3 of the 7 features
meet this criterion. These features are then used to seek
a best model which uses these variables one at a time or
combines variables for possible cross-interactions.

We note that there are several techniques to determine
which model best fits the data, or which model has the

best predictive power out of a set of models constructed.
One approach is to start with an explanatory variable and
keep adding variables until improvement of fit by adding
another such variable is not significant. We employ the
the AIC (Akaike Information Criterion) measure [18]. AIC
essentially measures the information loss by a particular
model, penalizing the addition of superfluous predictors. It
has been shown that the model with the smallest value of
AIC is the one estimated to be the closest to the unknown
reality that generated the dataset of interest [19]. Using R’s
step procedure [9], [20], we select the model with minimal
AIC as the best model in this work.

In order to quantify the overall accuracy of predictions
made by a model, we use the Brier score [21]. This is defined
as B = 1

n

∑n
i=1(yi − pi)2, where yi is the response value

defined as above, and pi is the predicted probability returned
by the particular model (i = 1, . . . , n over the size of the
dataset). Brier score essentially represents the average of
the squared deviations between the true values of the binary
response variable (1 for AMP and 0 for non-AMP) and the
estimated probabilities derived from the logistic regression
model. These squared deviations can be also thought as the
squared residuals of such a model. Brier score ranges from
0 (a perfect model) to 0.25 (a worthless model) [21].

III. RESULTS

A. Global Features are Statistically Significant

Before proceeding to relate results on the statistical signif-
icance of each of the 8 features, we show first the separation
power of a simpler linear logistic regression model that uses
all 8 features. As expected from the already demonstrated
classification power of an ANN-based method that uses all
8 features in [7], the 8 features described in section II
allow our linear model to separate AMPs from non-AMPs.
Figure 1 illustrates this by showing the predicted value of
the response variable yi for each of the peptides in our
dataset, where i = 1, . . . , 231 (as described in section II, we
use the same dataset in this paper as work in [7]). Values
for the known AMPs in the dataset (peptides corresponding
to i = 1, . . . , 115) are drawn in blue, whereas those for
known non-AMPs in the dataset (peptides corresponding to
i = 116, . . . , 231) are drawn in black. Figure 1 shows that
the majority of AMPs have predicted response values above
0.75, whereas the majority of non-AMPs have predicted
response values around 0.0.

Not all 8 features are equally useful. We first measure the
usefulness of each feature through the randomization tests
described in section II-C. Then we demonstrate that more
powerful models can be built when considering not all 8
features but only those that are statistically significant. We
further demonstrate that the best predictive model is the one
that incorporates both statistically-significant features and a
cross-interaction of features.
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Figure 1: Model fitness using all 8 features is shown for
peptides in the dataset. The first 115 sequences are AMPs,
and values for the predicted response variables are drawn in
blue. The last 116 sequences are non-AMPs, and predicted
response variables are drawn in black. Separation of AMPs
from non-AMPs demonstrates that a collective model with
all 8 features is viable. However, improved performance can
be achieved through the procedure we describe in section II
and evaluate below.

B. Feature Significance

The procedure described in section II-C generates p-
values for all 8 features. We recall that these features,
first presented in [6], are peptide length, isoelectric point,
hydrophobic mean, β-sheet propensity, α-helix propensity,
β-turn propensity, in vitro aggregation, and in vivo aggre-
gation. For each of these features, the randomization results
verify the results of the t-tests previously performed on this
dataset in [7]. However, not all 8 features are shown to be
statistically significant by our analysis.

Table I: Randomization p-values for the 8 features from [6].
All features except β-turn propensity are highly significant.

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 0.0000

The p-values obtained from the randomization tests for
each of the 8 features are shown in Table I. The results
shown in Table I suggest that, with the exception 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. The remainder of the results use the
7 features with low p-values as model features to predict

the probability of a peptide having AMP activity given the
significance level of each feature.

C. Model Evaluations and Optimal Feature Subset

We first examine the multiple logistic regression model
that includes all 7 features but without cross-interactions.
Parameters of this model are listed in Table II. In this
model, peptide length and in vitro aggregation have highly
significant coefficients (at the 1% significance level). The
β-sheet propensity is shown to be significant at the 10%
level. In the case of a logistic regression model, the value
of the estimated coefficient gives the change in the value
of the predicted probability, when the independent variable
increases by one unit of measurement. For instance, the co-
efficient of −0.0775 obtained for the peptide length feature
in this model means that, when the length increases by one
amino acid, and all the other features are kept constant, the
probability of AMP activity decreases by 0.0775.

Table II: Estimated coefficients and p-values for each of the 7
independent variables/features used in the all-features model.

Model 1. Features Estimated Coefficient P-Value
1. Isoelectric Point 0.0410 0.7023
2. Peptide Length -0.0775 1.65e-05
3. β-Sheet Propensity 0.0009 0.6382
4. Helix Propensity 0.0082 0.0688
5. In vitro Aggregation -0.0029 1.20e-06
6. In vivo Aggregation 0.0030 0.9171
7. Hydrophobic Mean -0.8816 0.3365

Three other simple logistic models, each consisting of
a single feature, are found to have good performance:
peptide length, in vitro aggregation, and β-sheet propensity,
respectively. Parameters of each of these models are listed in
Table III. In addition, predicted probabilities from a model
can be plotted against the independent variable along with
(1−α) ·100% confidence intervals. Two of the models show
the probability of AMP activity to decrease as the value
of the predicting feature increases (data not shown). This
is in agreement with the negative values obtained for the
estimated coefficients in these models (namely, length and
in vitro aggregation). Figure 2 illustrates this point on the
model using peptide length as its only independent variable,
showing AMP-activity becoming less probable as length
increases. This is an important observation that supports
biological knowledge. AMPs tend to be short peptides
compared to non-AMPs [6].

Table III: Estimated coefficients and p-values for each of the
three single-feature models.

Model Features Estimated Coeffs. P-Value
Model 2. - Peptide Length -8.7e-02 2.1e-7
Model 3. - In vitro Aggregation -6.1e-03 1.8e-7
Model 4. - β-Sheet Propensity 8.6e-03 0.0351
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Figure 2: Probability of activity decreases with length.

The three above features are tested for possible cross-
interactions through automated model selection in R. A “best
model” is found when the three features are combined with a
two-way interaction term between peptide length and in vitro
aggregation. Parameters of this model are listed in Table IV.

Table IV: Estimated coefficients and p-values for best model

(Best) Model 5. Features Estimated Coeffs. P-Value
Peptide Length -8.65e-02 2.13e-07
In vitro Aggregation -6.145e-03 1.80e-07
β-Sheet Propensity 8.63e-03 0.0351
Length ∗ in vitro Aggregation 5.437e-03 0.0036

We now compare the performance of all five presented
models. Table V summarizes model diagnostic measures,
such as AIC criterion, residual deviance, and Brier score
(defined in section II-D). For all three diagnostic measures,
the smaller the value of the measure, the better (more
reliable) the model is. The model selected as best has the
lowest AIC but similar Brier score and residual deviance as
the model that uses all 7 statistically-significant features.

Table V: Comparison of all five models in terms of AIC,
Residual Deviance, and Brier Score.

Models AIC Residual
Deviance

Brier
Score

Model 1. – All 7 Features 156.25 140.25 0.0840
Model 2. – Peptide Length 272 268 0.1972
Model 3. – In vitro Aggregation 188.07 184.07 0.1240
Model 4. – β-Sheet Propensity 292 288 0.2174
Model 5. – Best Model 152.68 142.68 0.0885

We provide further details into the performance of each
of the 5 models. Visual examination is achieved through
plotting the predicted probabilities for each feature in the
model to assess if AMPs can be discriminated from non-
AMPs. Figure 3 plots AMPs in blue and non-AMPs in black.

The juxtaposition in Figure 3 elucidates that length alone
is not a strong separator of AMPs from non-AMPs. Better

Figure 3: Predicted probabilities are shown for each of the 5
models. AMPs are drawn in blue, and non-AMPs in black.

separation is obtained by in vitro aggregation. The best
model does as good a job at separating features as the model
with all 7 features while having a lower AIC.

Another way to compare the performance of the models
is by taking a closer look at the predicted probabilities
separately for the true positives and the true negatives. In
Table VI, average and median values of predicted prob-
abilities based on each model are summarized for AMPs
and non-AMPs, separately. The performance of the two
multiple predictor models is clearly better than that of the
peptide length or β-sheet propensity models alone. In vitro
aggregation performs better than the other single models but
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not as well as the two multiple models. From the differences
between the values of the mean and the median for every
category, one suspects the presence of outliers in the dataset
from [7], especially in the case of non-AMPs.

Table VI: Mean and median (in parenthesis) of predicted
probabilities for AMPs and non-AMPs for all 5 models.

Models AMP Non-AMP
Model 1. – All 7 Features 0.82 (0.91) 0.18 (0.06)
Model 2. – Peptide Length 0.60 (0.61) 0.40 (0.41)
Model 3. – In vitro Aggregation 0.75 (0.81) 0.24 (0.66)
Model 5. – β-Sheet Propensity 0.56 (0.59) 0.43 (0.45)
Model 4. – Best Model 0.82 (0.91) 0.18 (0.06)

IV. CONCLUSION

This paper has presented a general methodology to assess
statistical significance of features and employs significant
features to build a best predictive model for separating
AMPs from non-AMPs. The work in this paper has validated
an important aspect of the findings presented in [7]; namely
that all of the eight features described above can separate
AMPs from non-AMPs. Moreover, our analysis shows that
one feature is not significant, and a simple model with
all remaining 7 features is viable for AMP recognition.
However, an improved model is the one that considers
peptide length, in vitro aggregation, β-sheet propensity and
an interaction term between peptide length and in vitro
aggregation. It is interesting to note that the two features
in the interaction were also reported as the most important
in [7].

The presented results suggest that the methodology shown
in this paper is promising, particularly in a general setting,
where the goal is to assess other features and build predictive
models from them. Future work will consider incorporating
novel features constructed with methods published by our
lab for sequence classification [22]. We provide a web server
to aid researchers in the understanding of AMP activity.
What we believe is an important first step for improving
modification and novel AMP design efforts.
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