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Abstract. There is an urgent need to identify novel antimicrobial drugs in light of the development of resistance
by the bacteria for a broad spectrum of antibiotics. Antimicrobial peptides are proving to be an effective remedy
to which bacteria have not been able to develop resistance easily. With the goal of progressing towards a
rational design of AMPs, we developed a neural network based quantitative model relating their physicochemical
properties to their activity. A set of synthetic cationic polypeptides (CAMEL-s) (Mee et al. in J. Peptide Res.
49:89, 1997) which were studied systematically in experiments was used in the development of our model.
Intuitive variables derived from short molecular dynamics simulations in octanol were used as descriptors,
resulting in a good prediction of activity and underscoring the possibility of a rational design.
Keywords. QSAR; CAMEL-s; molecular dynamics; artificial neural networks; activity prediction; drug
design.

1. Introduction
Antimicrobial peptides (AMPs) that are part of innate
immune system in all multicellular organisms are typically of about 12 to 50 amino acids. 1 These AMPs
are typically effective against various pathogens like
bacteria, fungi, yeast, viruses and even cancer cells. 2
Conventional antibiotics which target specific bacterial
sites sometimes become ineffective by a single mutation at the target site. 3,4 Unlike these antibiotics, AMPs
have an entirely different mode of action by attacking
the cell membrane of the bacteria. 5 Various mechanistic
models have been proposed for the action of AMPs: 6
barrel stave model, toroidal model and carpet model,
which result in the formation of pores or breaking up
of the membrane into micelles. Bacteria do not develop
resistance to these AMPs easily. Therefore there is an
urgent need to identify novel AMPs. There is a growing interest in the development of synthetic AMPs that
are able to mimic the natural antimicrobial peptides
in their functionality. 7,8 But owing to the high cost of
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production, poor pharmacokinetics and susceptibility
to proteolysis, large scale pharmaceutical application
has not been possible yet. 9 Resolving some of these
problems as well as developing AMPs against new
pathogens requires a rational design approach. Understanding the properties of AMPs would serve as an
important tool to design novel drug molecules with the
essential features that make them antimicrobial, with
possibly a low rate of haemolysis. In this work, we focus
on one such quantitative structure-activity relationship
(QSAR) models, relating the physicochemical properties of AMPs to their activity.
We performed our analysis on a series of cationic
AMPs, also known as CAMEL-s. 10 CAMEL-s were
designed by making substitutions in the 15 amino acid
long synthetic design. Their activity was experimentally
quantified 10 in terms of the minimum inhibitory concentration (MIC) against 24 Gram-positive and Gramnegative bacteria. QSAR methods have been used for
modelling activity in various contexts. 11–18 The activity data of CAMEL-s peptide was previously used by
other QSAR models. 10,19,20 These earlier models predominantly used either sequence based parameters 21
or in turn depended on other predictive tools such as
in vitro and in vivo aggregation propensities. 22 In our
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work we explore the possibility of predicting activity of
CAMEL-s peptides using their structure and dynamics.

0.7

2.1 Structure and dynamics simulation
The peptides were modelled as α helical structures using the
Modeller tool. 23 Two different sets of molecular dynamics
(MD) simulations were performed using GROMACS 5.1.1, 24
one with the peptides solvated in water and another in octanol.
For the simulation in octanol, OPLS-AA/L 27 all-atom force
field was used for both peptides and octanol. Instead, for
the simulation of peptides in water we used AMBER99SB
forcefield 25 for protein and TIP3P 26 for water. Most of the
average properties converged within 5 ns of MD simulation. RMSD relative to the starting structure and ellipticity
at 222 nm calculated using gmx rms and gmx helix program respectively were used to monitor the convergence. The
results shown in Figure 1 show that the systems stabilize
after 5 ns. The following parameters were obtained by postprocessing the last 5 ns of MD trajectories using the tools
available with GROMACS 5.1.1: 24 average dipole moment
(gmx dipoles), average number of hydrogen bonds within
the peptide (gmx hbond), solvent accessible surface area
(SASA) (gmx sasa), ellipticity which is proportional to
the number of residues in the helix (gmx helix), root
mean square deviation, volume (gmx sasa), density (gmx
sasa), moment of inertia along major, middle and minor
axes (gmx principal). In addition to these, averaged root
mean square deviation relative to the starting structure was
calculated using VMD. 28

2.2 Neural network model
Artificial neural network based model was set up using scikit learn module 29 in Python 2.7.6. A two layer feed-forward
network with logistic sigmoid hidden layer and a linear
output layer was used. The network was trained using the
low-memory BFGS optimization algorithm. The number of
neurons for the hidden layer were varied and the architecture
corresponding to the best R2 value of the validation set was
chosen for further analysis. The calculations were repeated
using independent calculations with 3 to 5 neurons in the hidden layer. The results we report correspond to the optimal
predictions we obtained with 4 hidden neurons. The data was
divided into training sets with 81 peptides, validation sets
with 10 and test sets with 10 peptides. 50 different training
sets were prepared by randomly choosing them from the data.
For every pair of training and validation sets, 50 sets of random inputs for initialization of weights and biases of neural
network were used, making them a total of 2500 calibration
sets. Of these 12 sets were chosen where the R2 for the training and validation data was greater than 0.6. Based on these,
R2 for the test set was calculated.
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Figure 1. (a) RMSD of the peptide was calculated with reference to the starting structure and (b) Ellipticity at 222 nm
value calculated for some of the peptides solvated in octanol,
shows that the physical parameters stabilize after 5 ns. We
used data from 5 ns to 10 ns in our analysis.

3. Results and Discussion
3.1 Dynamical properties
The sequence and biological activity data of 101
CAMEL-s peptides was obtained from Mee et al. 10
Starting from the sequence, a putative helical structure
was ascribed to each of the peptides, as AMPs mostly
assume an α helical structure, especially in the membrane. The structures were generated using Modeller
(Section 2). The dynamics of the peptides in octanol
medium, which is believed to mimic the properties
in lipid membranes, was investigated using molecular
dynamics (MD) simulations and 10 different dynamical
properties were calculated as noted in the Section 2. The
properties converged with 2 ns as shown in Figure 1 and
Figure S1, Supplementary Information. Since biological
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activity of proteins or peptides is usually associated with
their dynamics, we modelled it using these properties
derived from MD simulations. We also repeated the
MD with the peptides solvated in water, although as we
comment later the predictions were better with octanol
simulations.

3.2 Model for CAMEL-s activity prediction
Ten different variables obtained by processing the MD
trajectories (Section 2) were used as descriptors of the
activity. These variables included the descriptors of flexibility of the peptide such as RMSD or properties which
could describe how easy or difficult an insertion into the
membrane might be – such as the average volume or density of the peptide along the trajectory. The activity data
was modelled using artificial neural networks (ANN)
on these descriptors. The data was randomly split into
several sets – 80% training, 10% validation and tested
with remaining 10% test set (Section 2). While considering the parameters obtained from simulation in water
the neural network model prediction was poor (Figure
S2, Supplementary Information). But with simulation
in octanol, the model was able to predict the biological activity with fairly good accuracy, the coefficient of
determination, R2 for the training set being 0.86, and
that for the validation and test set was 0.62 and 0.65,
respectively (Figure 2).
Of the 2500 calibration sets we tried with random
initialization (Section 2), 12 resulted in R2 of training
and validation sets to be greater than 0.6. We reported
the data set with the best R2 for the test set. When we
repeated the calculations with 70% training, 10% validation and tested with remaining 20%, the results were
not as good (data not shown), possibly because of the
size of the data set used in the analysis.

Figure 2. The experimental vs. the calculated values of biological activity for the training (purple dots), validation (green
dots) and the test set (orange dots).

Figure 3. The relative importance of the different variables
used in our model was calculated. The difference in R 2 of
predictions when each individual variable is replaced by its
average value is considered as a measure of importance. Av.
denotes average in the figure above.

3.3 Importance of the variables used
3.4 Discussion
In order to understand the relative importance of the
ten variables, we compared the R 2 value of the model
by replacing variables with their average values. The
replaced variables were used as a test data and the R 2
was calculated. The difference between total R 2 of the
original and the modified data was calculated and plotted
in Figure 3. It is observed that the density of AMPs
affects their activity the most, followed by volume and
SASA. From Figure 3 it is observed that the density is
the most relevant variable and average hydrogen bond
is the least. But overall collective effect of the variables
helps to determine the activity of the peptides.

Sequence-structure-dynamics-function is the present
paradigm to understand how a sequence translates into
a functional peptide or a protein by virtue of its flexible motions in the medium surrounding it. Continuing
on this theme, we have used the dynamical properties
of AMPs along with artificial neural network models to predict their antibacterial activity. A couple of
earlier studies 21,22 attempted the prediction of the activity. We performed the present research with the goal
of addressing the following concerns: (i) Since protein/peptide dynamics is believed to be the underlying
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Figure 4. Comparison between the calculations from our work with those from earlier reported works. 21,22
(a) Calculations from Cherkasov et al., training and validation sets (R 2 = 0.86) and (b) test set (R 2 = 0.46)
(c) Calculations from Torrent et al., training and validation sets (R 2 = 0.75) and (d) Test set (R 2 = 0.45).
Our calculations had R2 0.86, 0.62 and 0.65 for training, validation and test sets respectively.

factor determining their activity, can the activity be
captured using molecular dynamics alone? (ii) Can simple and intuitive variables e.g., volume, density, SASA
and RMSD of the peptide be sufficient, as compared to
the earlier reported works 21,22 which required derived
variables such as aggregation propensities which were
in turn predictions from other computational models?
(iii) Can a secondary dependence of the descriptive
parameters on other predictive tools/softwares which
have not been thoroughly validated be avoided? Our
results answer these questions in affirmative, demonstrating the utility of MD for the prediction of AMP
activity. The comparison between earlier work and
our work is plotted in Figure 4 and it shows that
the results of our predictions are at least as good or

slightly better than the predictions from the previous
models.
Further, we could see from our calculations that
the parameters calculated using MD of peptides in
octanol performed better than those from water. The
simulations in water resulted in structures which were
more flexible than in octanol. The variables density,
volume and SASA from the simulations in octanol
playing an crucial role in the activity of CAMEL-s
peptides and the relatively flexible water models not
being representative of the activity suggest the importance of the dynamical state of peptides in octanol,
which is usually believed to mimic the membrane environment, are more representative of their functional
state.
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4. Conclusions
In summary, we could use parameters based on molecular dynamics in octanol to model the activity of
antimicrobial peptides on bacteria. The good quantitative results also suggest the utility of peptide dynamics in
understanding their biological activity as well as potential for designing novel AMPs.
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Supplementary Information (SI)
SASA and volume over 10 ns simulation to show the stability of the protein, and prediction using artificial neural
network with water are included in the supplementary information. Supplementary Information is available at www.ias.
ac.in/chemsci.
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