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Abstract
Due to Ca21-dependent binding and the sequence diversity of Calmodulin (CaM) binding proteins,

identifying CaM interactions and binding sites in the wet-lab is tedious and costly. Therefore, com-

putational methods for this purpose are crucial to the design of such wet-lab experiments. We

present an algorithm suite called CaMELS (CalModulin intEraction Learning System) for predicting

proteins that interact with CaM as well as their binding sites using sequence information alone.

CaMELS offers state of the art accuracy for both CaM interaction and binding site prediction and

can aid biologists in studying CaM binding proteins. For CaM interaction prediction, CaMELS uses

protein sequence features coupled with a large-margin classifier. CaMELS models the binding site

prediction problem using multiple instance machine learning with a custom optimization algorithm

which allows more effective learning over imprecisely annotated CaM-binding sites during training.

CaMELS has been extensively benchmarked using a variety of data sets, mutagenic studies,

proteome-wide Gene Ontology enrichment analyses and protein structures. Our experiments indi-

cate that CaMELS outperforms simple motif-based search and other existing methods for

interaction and binding site prediction. We have also found that the whole sequence of a protein,

rather than just its binding site, is important for predicting its interaction with CaM. Using the

machine learning model in CaMELS, we have identified important features of protein sequences

for CaM interaction prediction as well as characteristic amino acid sub-sequences and their relative

position for identifying CaM binding sites. Python code for training and evaluating CaMELS

together with a webserver implementation is available at the URL: http://faculty.pieas.edu.pk/

fayyaz/software.html#camels.
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1 | INTRODUCTION

Calmodulin (CaM) is a 149 amino acid long multifunctional calcium

(Ca21) binding protein that is highly conserved across all eukaryotes.1

CaM mediates many vital processes like immune response, muscle con-

traction, metabolism, nerve growth, and intracellular movement.2 CaM is

able to do all this by binding various targets in the cell including a large

number of enzymes, ion channels and other proteins.3,4 Many CaM bind-

ing proteins are mostly unable to bind Ca21 directly and therefore use

CaM as a signal transducer and calcium sensor.5,6 Due to the involve-

ment of CaM in different important biological processes, identification of

proteins that bind CaM and the location of CaM binding sites within a

protein can help biologists in elucidating underlying biological processes

at the molecular level. Due to Ca21dependent binding and the large

sequence diversity of its targets, identifying CaM interactions and bind-

ing sites in the wet lab is very costly and time-consuming.7 Therefore,

there is an utmost need for computational techniques to support wet-lab

experiments by predicting CaM binding proteins and their binding sites.

This work presents a highly accurate in-silico CaM binding site and inter-

action prediction method that relies only on protein sequences.

A number of algorithms have been proposed for CaM interaction

and binding site prediction in the literature.8–13 DeGrado et al.
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suggested an algorithm that finds amphiphilic alpha helices in a peptide

sequence for CaM binding site prediction.13 Mruk et al. proposed a

method called calmodulation meta-analysis for CaM binding site pre-

diction by scoring the existence of canonical motifs in a given protein

sequence.12 Both the methods proposed by DeGrado et al. and Mruk

et al. were designed using a limited dataset and cannot predict whether

a protein will interact with CaM or not.12,13 Furthermore, motif based

analysis gives very low precision in predicting CaM binding proteins

and their binding sites. Radivojac et al. and Hamilton et al. used a

supervised machine learning approach for CaM binding site prediction

based on classification of length-21 sequence windows in the pro-

tein.8,9 These methods use a conventional Support Vector Machine

(SVM) classifier and do not explicitly handle imprecisions in binding site

annotations in the training data. Annotations of CaM binding sites in

proteins available in the literature typically span more residues than the

minimal set of contiguous residues responsible for the interaction.10

Such imprecisions result from limitations of experimental procedures

and time or cost considerations in identifying individual binding resi-

dues. Furthermore, all annotated binding site residues may not contrib-

ute equally to the binding energy. To address such uncertainties,

Minhas and Ben-Hur formulated this problem as a Multiple Instance

learning (MIL) problem.10 Their approach, called MI-1, was designed

primarily for CaM binding site prediction and offers very good accuracy

for this task. However, the accuracy of MI-1 for CaM interaction pre-

diction is very low. This is because MI-1 simply uses the predicted

score of the most likely binding window in a protein as its CaM interac-

tion propensity. However, a putative CaM-binding sequence in a pro-

tein will result in an interaction only if such an interaction is feasible in

terms of the three-dimensional structure and energetics of the pro-

tein.13 Furthermore, MI-1 uses a heuristics approach to solve the MIL

problem which is computationally demanding and may not converge to

the optimal solution of the problem.

In this article, we present a novel machine learning based CaM

interaction and binding site prediction method called CaMELS: Cal-

Modulin intEraction Learning System. Unlike previous techniques that

use binding site prediction for predicting CaM interactions, CaMELS

models interaction and binding site prediction as two separate classifi-

cation problems. For CaM interaction prediction, it uses global protein-

level features instead of localized window-level features used in previ-

ous studies.9,10 This has led to a significant improvement in the accu-

racy of interaction prediction in comparison to previous CaM

interaction prediction methods. The accuracy and biological signifi-

cance of CaM interaction predictions from CaMELS have been verified

through cross-validation, Gene Ontology (GO) enrichment analysis,14

evaluation on external validation data set and mutagenic studies.

CaMELS gives near perfect accuracy for predicting CaM binding

sites. For this purpose, CaMELS uses a custom-built stochastic sub-

gradient optimization based multiple instance machine learning model

which is faster and more accurate than the heuristic algorithm used in

MI-1. We have verified the biological relevance of our binding site pre-

dictions through cross-validation, evaluation on an external validation

data set and mutagenic studies. We have also identified amino acid

residues, their positions and motifs that are characteristic of CaM bind-

ing sites.15 We have developed and deployed an easy to use web-

server for CaMELS that can generate predictions for CaM interaction

and binding sites based on protein sequences. We believe that CaM-

ELS, with its state of the art accuracy, can be very useful to biologists

in designing wet-lab experiments for identifying CaM binding proteins

and their binding sites.

The rest of the article is organized as follows: We start off with a

detailed description of the methods used for developing CaMELS and

its performance validation in Section 2. Section 3 gives detailed results

of the article and is largely independent of Section 2 so that the reader

can easily focus on the major contributions of our work. Section 4 fol-

low the results and discussion.

2 | METHODS

In this section, we give the detail of methodology adopted to develop

and evaluate the performance of CaMELS.

2.1 | Dataset and preprocessing

CaMELS learns two separate machine learning models for predicting

CaM binding proteins and their binding sites. For this purpose, CaMELS

uses data of known CaM-binding and non-binding proteins as well as

known CaM binding sites. Here, we give details of the data that has

been used for training the CaMELS and evaluating its accuracy.

2.1.1 | Binding site dataset

For CaM binding site prediction, our dataset consists of a set of 157

CaM binding proteins taken from the CaM target database.10,15 Each

of these proteins has one or more annotated binding sites and a total

of 191 binding sites were identified in these proteins. These proteins

were selected in such a way that no two proteins have >40%

sequence identity in overall or in regions annotated as binding sites.

This non-redundancy in the data set ensures that our predictive model

is not biased toward any specific class of protein sequences and is able

to generate highly accurate predictions for unseen or novel proteins.

2.1.2 | Interaction dataset

For CaM interaction prediction, we used a set of 241 known CaM

binding proteins from Arabidopsis thaliana as the positive set.16 We

used CD-HIT to obtain a non-redundant set of 12,217 proteins from

the Arabidopsis thaliana proteome which is used as the negative set.17

Keeping the sequence diversity of known CaM binding proteins into

account, the proteins in the negative set share <30% sequence similar-

ity with proteins in the positive set and <40% among themselves. Fur-

thermore, these proteins share less than 40% sequence identity with

proteins in the binding site data set.
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2.2 | Machine learning models

2.2.1 | Multiple instance learning based CaM-binding site

prediction

In CaM binding site prediction, the objective is to find the region of a

protein that is involved in its interaction with CaM. For this purpose,

we present a novel solution based on multiple instance machine learn-

ing. It uses a sliding-window approach in which each protein sequence

is divided into overlapping windows of 21 amino acids as shown in Fig-

ure 1. We represent the sequence of a window in a protein by xi and

denote its associated label by yi 2 11;21f g indicating whether xi

belongs to an annotated binding site (11) or not (-1). This problem can

be posed as a classification problem through a discriminant function

f xð Þ5wT/ xð Þ, where / xð Þ is a feature vector representation of win-

dow x and w is the weight vector. The weight vector needs to be

learned based on available labeled data such that it produces higher

scores for CaM binding site windows in comparison to non-binding site

regions so that we can identify CaM binding sites for proteins not in

the training set. Residues involved in the binding of a protein with

CaM can be identified based on the values of the discriminant function

f xð Þ for the window centered at these residues (see Figure 1).

We have solved this classification problem using a conventional

support vector machine (SVM)18 as well as the multiple instance learn-

ing (MIL) framework.19 We use the conventional SVM as a baseline for

our results by taking the annotated binding site windows in a protein

as positive class examples and the remaining as negatives.9,10 As dis-

cussed in the introduction section, the annotated CaM binding sites in

the binding dataset are imprecise due to limitations in experimental

procedures and include residues that may not be involved in binding. A

classical supervised classification approach such as an SVM cannot be

used effectively with such ambiguously labeled training examples.19 To

cope with these challenges we formulated the binding site prediction

problem as a MIL problem.10

MIL is a form of supervised learning where labels are available for

bags or sets of examples and not for individual examples.19,20 A num-

ber of methods for solving the MIL problem exist in the litera-

ture.10,20,21 Heuristic approaches were adopted to solve the MIL

problem in mi-SVM and MI-1 techniques proposed by Andrews et al.

and Minhas and Ben-Hur, respectively.10,20 In this work, we have

improved the MI-1 formulation further using a stochastic sub-gradient

algorithm for MIL inspired from the Pegasos solver for conventional

binary SVMs by Shalev-Shwartz et al.22 Table 1 shows the pseudo-

code of the proposed algorithm. The details of formulating CaM bind-

ing site prediction as a MIL problem and its solution using stochastic

FIGURE 1 Multiple Instance Learning (MIL) Framework for CaM binding site prediction. The sequence of protein p is shown as a line
whereas the annotated binding site is shown as a box. All those windows overlapping with the binding site (Bp) are positive examples
(shown as lines above the protein) and the rest of the windows that do not overlap the binding site are negative examples (Np) (shown as
lines below the protein). The bottom panel illustrates characteristics of the desired discriminant function f xð Þ. The score from the trained f
xð Þ for at least one window in the binding site should be higher than the scores generated for all non-binding site windows within that pro-
tein [Color figure can be viewed at wileyonlinelibrary.com]

TABLE 1 MIL algorithm with SSGO training for CaM binding site
prediction

Inputs: k (Regularization parameter), T (Maximum number of iterations)

Initialize: set w050

For t51; 2; . . . ; T

Select a protein p uniformly at random from the binding site dataset

i�5argmaxi2Bp wt
T/ xið Þ //Maximum scoring binding site window

j�5argmaxj2Npwt
T/ xj

� �
//Maximum scoring non-binding site window

If wt
T/ xi�ð Þ2wt

T/ xj�
� �

<1: //in case of margin violation

Set wt11  12 1
t

� �
wt1 1

kt / xi�ð Þ2/ xj�
� �� �

else:

Set wt11  12 1
t

� �
wt

Output: w5 wT11
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sub-gradient optimization (SSGO) is given in the supplementary mate-

rial. The proposed algorithm is significantly simpler and faster in com-

parison to existing methods.

2.2.2 | Interaction prediction

In CaM interaction prediction, the objective is to predict whether a

given protein interacts with CaM or not. For a protein p in the interac-

tion dataset, we indicate its associated feature representation by w pð Þ.
All proteins in the interaction dataset have binary labels indicating

whether they interact with CaM (11) or not (–1). This problem can be

posed as a classification problem through a discriminant function z pð Þ
which must produce a high score for CaM binding proteins in compari-

son to non-interacting ones. We experimented with two different func-

tional forms of this discriminant function:

Discriminant function scoring (DFS)

The trained classifier for CaM binding site prediction can be used for

CaM interaction prediction. This can be done by using the score of the

most likely binding site in the protein as the interaction propensity of

that protein. The fundamental assumption behind this formulation is

that the presence of a binding site within a protein is predictive of its

interaction with CaM. Mathematically, the CaM interaction score for a

protein p is given by z pð Þ5maxx2pf xð Þ where f xð Þ is the discriminant

function used in binding site prediction. This approach was used in pre-

vious studies to predict CaM interactions of proteins in the A. thaliana

proteome and is used here as a baseline.9,10

SVM with protein level features

The discriminant function scoring scheme assumes that if a protein

contains a CaM binding sub-sequence then that protein interacts with

CaM. We hypothesize that this may not always be the case. This is

plausible especially when a protein contains a putative CaM-binding

region but that region is either structurally or energetically inaccessible

for interaction with CaM.23 This led us to use features w pð Þ extracted
from the complete sequence of a protein p with a standard binary

SVM for predicting its interaction with CaM.18 The detail of selecting

hyper-parameters for different classifiers is given in the supplementary

material.

2.3 | Feature extraction

We have used two different categories of features for CaM binding

site and interaction prediction.

i Window level features / �ð Þ: These features are extracted from

overlapping sequence windows of length 21 in a protein. These

features are used primarily for CaM binding site prediction and

also for discriminant function scoring based CaM interaction

prediction.

ii Whole protein features w �ð Þ: In contrast to window level features,

these features are extracted from the whole of the protein sequence.

These features are used for CaM interaction prediction only.

The details of each of these feature representations are given below.

2.4 | Window level features

For window level features of protein sequences, we sweep a window

of length 21 across the entire length of the protein and extract features

from individual windows. The following different types of window level

feature representations are used.

2.4.1 | Amino acid composition features (AAC)

This feature representation captures the composition of a sequence

window x by counting occurrences of different amino acids in it. The

fundamental assumption underlying the use of these features is that

amino acid composition of a window is predictive of its ability to inter-

act with CaM. The amino acid composition of a given sequence widow

x is a 20-dimensional vector /AAC xð Þ containing the counts of occur-

rences of the 20 amino acids in x.

2.4.2 | Position dependent composition features (PDC)

AAC captures composition of amino acids irrespective of their position

in a sequence. However, the relative position of an amino acid within a

sequence window can play an important role in binding site prediction.

For this purpose, we use Position Dependent Composition (PDC) fea-

ture representation. PDC represents a sequence window x as a 420-

dimensional vector /PDC xð Þ such that its component /a;k
PDC xð Þ is set to

1.0 if amino acid a 2 A; C; . . . ;Yf g occurs at position k 2
1; 2; . . . ; 21f g in the window.

2.4.3 | Position dependent BLOSUM-62 features (PD-

blosum)

To model the substitutions of physio-chemically similar amino acids in

sequence windows, we expressed each window using the BLOSUM-62

substitution matrix.24 In contrast to AAC and PDC, this representation

not only captures composition and position information amino acids

but also models their physio-chemical similarity. The 420-dimensional

PD-Blosum feature vector /PD2Blosum xð Þ for a sequence window x is

obtained by stacking the columns of the BLOSUM-62 matrix corre-

sponding to each residue in the sequence window x.

2.4.4 | Averaged blosum-62 features (blosum)

This 20-dimensional feature representation /Blosum xð Þ is built by aver-

aging the columns of the BLOSUM-62 matrix corresponding to all

amino acids occurring in the sequence window x.24 The averaging

across all amino acids marginalizes the effect of position in the

sequence window.

2.4.5 | Propy features (propy)

To get sequence-derived structural features such as pseudo-amino acid

compositions (PseAAC), autocorrelation descriptors, sequence-order-

coupling number, quasi-sequence-order descriptors, amino acid compo-

sition, transition and to capture the distribution of various biophysical

properties of amino acids, we used a feature extraction package called

propy.25–27 In contrast to AAC, PDC, and PD-Blosum, this feature

representation not only captures composition, position and similarity

but also the order of amino acids in a sequence and the correlation

in their physiochemical properties. This representation gives a
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1;537-dimensional feature vector /propy xð Þ for a sequence window x.

Each of these features is standardized to have zero mean and unit

standard deviation across all examples.

2.4.6 | Position dependent gappy triplet (PDGT)

To identify sequence motifs that are important for CaM binding site

prediction, we use Position Dependent Gappy Triplet (PDGT) feature

representation. This feature representation quantifies the presence of

gapped-triplet motifs of the form a �½ �mb �½ �nc at a given location k in the

sequence window. Here, a, b and c are amino acids and m and n specify

the number of don’t-care positions or gaps in the motif. It gives a

3,800,000-dimensional vector /PDGT xð Þ for each window x such that its

component /PDGT
m;n
a;b;c;k xð Þ is set to one if the sub-sequence a �½ �mb �½ �nc

occurs at position k in x and zero otherwise. Values of m and n vary

from 0 to 4.

2.5 | Protein level features

Here, we describe the features extracted from the whole protein

sequences.

2.5.1 | Protein level amino acid composition (AAC)

We have used AAC at the protein level to predict CaM interactions.

Protein Level Amino Acid Composition (AAC) of a given protein

sequence p is a 20-dimensional vector wAAC pð Þ containing the counts

of occurrences of the 20 amino acids in p.

2.5.2 | Protein level averaged blosum-62 features (blosum)

Similar to the BLOSUM-62 features at the window level, we use these

features at the protein level to model the substitutions of physiochemi-

cally similar amino acids in a protein sequence. This 20-dimensional

feature representation wBlosum pð Þ is built by averaging the columns of

the BLOSUM-62 matrix corresponding to all amino acids occurring in

the given protein sequence p.24 The averaging across all amino acids

marginalizes the effect of position in the protein sequence.

2.5.3 | Protein level propy features (propy)

We have also used propy feature representation at the protein level to

predict CaM interactions. This representation gives a 1,537-dimen-

sional feature vector wpropy pð Þ for a protein sequence p.

2.5.4 | Smith-Waterman alignment features (SW)

Proteins with similar sequences are expected to have similar func-

tions.28 Using this idea, we have developed a local alignment based

feature representation that measures the sequence similarity of a pro-

tein with those in the CaM binding site dataset. This feature represen-

tation assumes that the alignment of a protein sequence to known

CaM binders is predictive of its interaction with CaM. To capture

sequence similarities of a given protein to known CaM binders, we per-

formed local sequence alignment of a protein with the 157 proteins in

our binding site dataset. For this purpose, we used SWIPE with the

BLOSUM-62 substitution matrix and gap insertion and extension pen-

alties of 10 and 0.5, respectively.29,30 This results in a 157-dimensional

feature vector wSW pð Þ of alignment scores for a protein sequence p.

2.6 | Performance evaluation

Here, we discuss the evaluation procedure used to assess the perform-

ance of various machine learning models. A machine learning model

should generalize well on unseen data to reliably assist a biologist for

the design of wet-lab experiments.31 Therefore, we used different

strategies to evaluate the generalization performance of CaMELS. The

criteria used to measure the generalization power of CaMELS both for

interaction and binding site prediction are given below.

2.7 | Accuracy of interaction prediction

To evaluate the performance of CaMELS for CaM interaction predic-

tion, we used a number of different analyses. Specifically, we test the

biological relevance of our results via motif-based analysis, Gene

Ontology enrichment analysis, evaluation on external validation dataset

and in silico mutation analysis.15,32,33 We also describe a number of

machine learning centric metrics for cross-validation based perform-

ance evaluation.

2.7.1 | Motif-based analysis

One commonly used approach for detecting CaM interacting proteins

is to search for known CaM binding motifs from the CaM target data-

base12,15 in a query protein. Occurrence of such a motif in a protein is

then used as evidence of its interaction with CaM. We have used this

motif search based CaM interaction prediction technique as a baseline

in our study.

2.7.2 | Gene ontology enrichment analysis

To check if our top predicted CaM binding proteins are functionally

similar to known CaM binding protein, we performed Gene Ontology

(GO) term enrichment analysis.14 We used the GOrilla tool for Gene

Ontology (GO) term enrichment analysis of known CaM binders and

top scoring A. Thaliana proteins from different interaction prediction

methods.33 To quantify the degree of correspondence of GO terms

between predicted and known CaM binding proteins, we used the Jac-

card Index.34 It measures the percentage of Gene Ontology terms com-

mon between the 240 known CaM binders and the top 240 predicted

CaM binding proteins from the A. Thaliana proteome. The value of the

Jaccard index for an ideal predictor should be equal to 100%.

2.7.3 | Evaluation on independent validation dataset

We have also evaluated the performance of CaMELS for CaM interac-

tions prediction on novel proteins by using an independent validation

dataset. This dataset contains five protein from CaM complexes in the

Protein Data Bank as the positive set (PDB IDs are: 1NWD, 1SY9,

2MOK, 5DOW, and 1YRT).35–39 As negative (non-interacting) set, we

used CD-HIT to randomly select 250 non-redundant from the non-

redundant PDB database.17,40 Proteins in the positive and negative

sets share <30% sequence identity with proteins in interaction and

binding site datasets used in training our machine learning models. We

predicted the CaM-interaction propensity for these proteins using

CaMELS. We have used the complete Uniprot41 sequence of CaM

ABBASI ET AL. | 5



binding proteins in the positive set to validate the performance of

CaMELS for CaM binding site prediction.

2.7.4 | In silico mutation analysis

To evaluate the performance of CaMELS for targeted mutations in

CaM interacting proteins, we considered two mutagenic studies from

the literature by Pley et al. and Li et al.42,43 Pley et al. conducted a

mutagenic study to identify CaM binding sites in clathrin light chains

(LCa) which are responsible for transport of macromolecules between

membrane-bound compartments.43 Similarly, Li et al. performed tar-

geted mutagenic study on Suppressor of Gene Silencing 3 (NbSGS3) of

N. benthamiana to locate domains involved in CaM interaction.42

2.7.5 | Cross-validation

Cross-validation is a statistical technique to quantify the generalization

performance of machine learning models by dividing the available data-

set into training and testing.32 For CaM interaction prediction, we have

used 10-fold stratified cross-validation.44 In 10-fold stratified cross-

validation, the negative and positive examples from interaction dataset

are randomly partitioned into 10 equal-sized subsets. From these 10

subsets, 9 subsets are used as training data for the machine learning

model and the remaining subset is used as validation data to test the

trained model. This process is then repeated 10 times (folds), with each

of the 10 subsets used exactly once as the validation data. The fold-

wise average of the following performance metrics has been used to

quantify the performance of different models.

Area under ROC curve (AUC-ROC)

The Receiver Operating Characteristic (ROC) curve is obtained by plot-

ting true positive rate versus false positive rate for different thresholds

on scores generated from the machine learning model. The area under

the ROC curve (AUC-ROC) is a metric used to determine the perform-

ance of the predictor. An ideal predictor will give AUC-ROC of 100%

whereas random guessing will have a score of 50%.45

Area under 10% ROC curve (AUC-ROC0.1)

AUC-ROC0.1 is obtained by plotting true positive rate (TPR) in ROC

curves up to the first 10% false positives. This measure gives us a

sense of how many true positives are produced at low false positive

rates.10,31

Area under precision-recall curve (AUC-PR)

The precision-recall (PR) curve is obtained by plotting precision against

recall at different thresholds for the discriminant function values of a

machine learning model. The area under the PR curve (AUC-PR) is a

useful metric to check the performance of a predictor in cases in which

the number of positive examples is much smaller than negative ones.45

An ideal predictor will give AUC-PR of 100%.

2.8 | Accuracy of binding site prediction

To assess the performance of CaMELS for CaM binding site prediction

we used motif-based analysis, cross-validation, evaluation on independ-

ent validation dataset and In silico mutation analysis.15,32 For evaluation

on independent validation dataset and In silico mutation analysis, we

used the same validation dataset and mutagenic studies as the one

used for analyzing interaction prediction accuracy. Therefore, we only

discuss motif-based analysis and cross-validation with respect to bind-

ing site prediction.

2.8.1 | Motif-based analysis

As a baseline for comparison, we used a motif based approach in which

the location of a known CaM binding site motif in a CaM binding pro-

tein is used as a prediction for its CaM binding site. For this purpose,

we used motifs from CaM target database.12,15

2.8.2 | Cross-validation

For CaM binding site prediction, we have used Leave One Protein Out

(LOPO) cross-validation. In this protocol, the classifier is tested on all

residue-level windows of a protein after training it on the sequence

windows from all other proteins. This process is repeated for all the

proteins in the binding site dataset. In addition to AUC-ROC, AUC-

ROC0.1, and AUC-PR, we report the following biologist-centered per-

formance metrics as well.31

True hit rate (THR)

THR is the percentage of proteins in the binding site dataset in which

the top scoring residue predicted by a classifier lies in an annotated

binding site. A high value of THR implies that the chances of the top

scoring window predicted by a machine learning model is indeed part

of a CaM-binding site. An ideal classifier would have THR5100%.

False hit rate (FHR)

FHR is the percentage of non-binding site windows that score higher

than the highest scoring window in the annotated binding site of a pro-

tein. The lower the value of FHR, the lesser is the number of non-

binding windows which have a score higher than a window in the true

binding site. An ideal classifier would have FHR50%.

Rank of the first positive prediction (RFPP)

This metric gives the distribution of the rank of the top true positive

prediction across all proteins. In comparison to AUC-PR, this perform-

ance metric is more useful to biologists as it reveals the expected num-

ber of mutagenic experiments required for identifying the CaM-binding

site in a protein based on the ranked list its window-level prediction

scores. It is formally defined as follows: RFPP pð Þ5q, if p% of proteins

tested with a predictive model have at least one true binding site

among the top q predictions from the model. An ideal predictor should

have RFPP 100ð Þ 51, that is, for all proteins, the top scoring window

is always a part of the true CaM binding site.31,46

2.9 | Webserver for CaMELS

We have developed and deployed a webserver of CaMELS which uses

the optimal machine learning model for CaM binding and binding site

prediction. This webserver takes a query protein sequence in plain or

fasta format and performs CaM interaction and binding site prediction

for it. The user interface of the CaMELS webserver is shown in
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Figure 2. After the successful submission of a protein sequence, the

users are redirected to a page showing CaMELS predicted scores for

CaM interaction and binding site predictions. For CaM interaction pre-

diction, the predicted score shows the interaction propensity of the

submitted protein with CaM. The higher the score, more chances for a

protein to be CaM interacting. Similarly, for CaM binding site predic-

tion, residue level scores of all windows along with the predicted bind-

ing site location and its score are shown. A plot of residue level scores

of all windows for binding site prediction with the location of the pre-

dicted binding site is also shown on this page. The webserver is avail-

able at the following URL: http://faculty.pieas.edu.pk/fayyaz/software.

html#camels.

3 | RESULTS AND DISCUSSION

In this section, we present and discuss the results and major outcomes

of our study for CaM interaction and binding site prediction.

3.1 | Interaction prediction

The results of various analyses for interaction prediction are given in

Tables 2 and 3 and Figures 3 and 4. We begin by listing the major con-

tributions of our work for CaM interaction prediction before presenting

detailed results.

� Our proposed CaM binding prediction method, CaMELS, gives sig-

nificant improvement in terms of accuracy of CaM interaction pre-

diction in comparison to the previous state of the art CaM

interaction predictors (AUC-PR of 58.3% vs. 14.8% for MI-110).

� For predicting CaM interactions, CaMELS uses information extracted

from the whole protein rather than from the most likely CaM bind-

ing site in a protein as done in previous approaches (DFS and

MI-1).9,10 We have identified that features from the whole sequence

of a protein are more predictive of CaM interactions in comparison

to localized widow-level features (AUC-PR of 55.0% vs. 26.0% for

DFS). This seems to suggest that the whole sequence of a protein is

TABLE 2 Interaction prediction results for all models

Method Features AUC-PR AUC-ROC AUC-ROC0.1

CaMELS Protein level Propy (propy) 55.0 86.7 65.1

Smith-Waterman Alignment (SW) 40.2 78.4 51.9

Protein level Amino Acid Composition (AAC) 26.8 74.7 40.4

Protein level averaged Blosum-62 (Blosum) 11.4 78.4 32.6

DFS Position Dependent Blosum-62 (PD-Blosum) 6.0 68.0 18.0

Averaged Blosum-62 (Blosum) 4.0 74.0 26.0

Amino Acid Composition (AAC) 4.0 72.0 24.0

Position Dependent Composition (PDC) 3.0 69.0 16.6

Combination of AAC and PDC 2.6 71.0 17.0

FIGURE 2 The user interface of the CaMELS webserver. A user can submit fasta file or plain sequence of a protein of interest for CaM
interaction and binding site prediction [Color figure can be viewed at wileyonlinelibrary.com]
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required for the prediction of protein interaction and the mere pres-

ence of a putative CaM-binding region in a protein is not a good pre-

dictor of its interaction with CaM.

� CaMELS performs significantly better than motif-based search for CaM

interacting proteins. This corroborates with our earlier finding that the

whole sequence of a protein is required for predicting CaM binding.

Motif-based search is very ineffective for CaM interaction prediction

due to the high sequence diversity of CaM binding proteins.

� Gene Ontology (GO) term enrichment analysis of predicted CaM bind-

ing proteins from CaMELS shows significant overlap of biological proc-

esses, cellular functions and localization with known CaM binders.

� Our evaluation on an external validation dataset shows that CaMELS

can accurately predict CaM binding proteins even if they share no

significant sequence similarity to proteins in the training data set.

� We also demonstrate that CaMELS can be used to predict CaM

interacting proteins in species other than A. Thaliana on which it has

been trained.

� Our experiments also show that changes in prediction scores from

CaMELS due to in silico mutations in proteins correlate very well

with experimentally observed behavior of CaM binding proteins in

two different experimental mutagenic studies.

� We have evaluated the performance of different types of features

for CaM interaction prediction and report the importance of individ-

ual features for this task. Specifically, we have found that features

that quantify the correlation between physiochemical properties of

different regions of a protein are highely predictive of its interaction

with CaM.

� We have also developed and deployed a cloud based web srever for

CaM Interaction prediction through CaMELS.

In what follows, we report the results in support of our major out-

comes for CaM interaction prediction.

3.1.1 | Improvement in CaM interaction prediction results

The cross-validation results of CaMELS over different feature repre-

sentations are given in Table 2, Figures 3 and 4. The results are

FIGURE 3 (A) Precision-recall (PR) curves for interaction prediction across all models; (B) Precision-recall curves for the comparison of
CaMELS with MI-1 and iLoops. The mean area under the curve is shown in parenthesis across different folds [Color figure can be viewed
at wileyonlinelibrary.com]

TABLE 3 Gene Ontology term enrichment analysis results

Jaccard Index

Method Process Function Component

CaMELS 34.0 68.0 40.0

MI-1 1.0 0.0 0.0

FIGURE 4 Violin plot showing the predictive performance of
CaMELS and DFS. Density distributions of CaM interacting (11) and
non-interacting (–1) proteins for DFS and CaMELS scores are shown.
Dotted lines show the first, second and third quartiles of these den-
sities [Color figure can be viewed at wileyonlinelibrary.com]
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shown in comparison to other CaM interaction prediction techniques

such as Discriminant Function Scoring (DFS), MI-1,10 iLoops47 and

Motif based search.15 These results show a large improvement in

predictive performance of CaMELS in comparison to cascade classifi-

cation in MI-1 and DFS over the same dataset and evaluation pro-

tocol.10 By using propy features with SVM in CaMELS, we obtained

a maximum AUC-PR of 55% (see Table 2 and Figure 3A). This is

significantly better in comparison to the DFS approach which gives

an AUC-PR of only 6:0%. These quantitative results indicate that

our proposed scheme can identify CaM binding proteins with signifi-

cantly less false positives in comparison to existing methods. This

can help a biologist in rapidly identifying putative CaM-binding pro-

teins at the proteome level for further analysis in the wet lab. We have

also observed a similar trend of improvement in accuracy in terms of

AUC-ROC where CaMELS scores an AUC-ROC of 86.7% whereas DFS

gives an AUC-ROC of 74:0% (Table 2). A marked increase is also noted

in AUC0.1 from 26.0% to 65.1%. This is also evident in Figure 4 which

shows the densities of the prediction scores obtained from the DFS and

SVM-based methods for the interacting and non-interacting proteins in

our evaluation dataset. It can be easily noticed that the degree of over-

lap between distributions of scores of interacting and non-interacting

proteins is significantly larger for DFS in comparison to CaMELS (see

Figure 4). This plot shows that, with CaMELS, >50% of CaM binding

proteins in our target database score higher than the highest scoring

non-interacting protein. On the other hand, with DFS, >3000 out of

�12000 non-interacting proteins score higher than 50% of known CaM

binding proteins.

We have also compared the CaM interaction prediction perform-

ance of CaMELS with the previous state of the art method (MI-1) and

a general purpose protein interaction predictor called iLoops.10,47 The

PR curves for this comparison using the same dataset and evaluation

protocol are shown in Figure 3B. CaMELS performs significantly better

than both MI-1 and iLoops on a reduced data set of 5000 randomly

sampled non-interacting proteins. This reduction was done due to the

limitation of the iLoops server. CaMELS gives an AUC-PR of 58.3%

whereas, the AUC-PR obtained for MI-1 and iLoops are 14.8% and

8.3%, respectively (see Figure 3B). These results clearly show that

CaMELS outperforms all existing methods that can be used for predict-

ing CaM interactions.

3.1.2 | Motifs from CaM target database fail to predict

CaM interactions

We can use the set of known CaM-binding motifs in the CaM target

database to identify CaM binding proteins through a simple motif

search. We have found that motif-based analysis gives poor perform-

ance in comparison to discriminative machine learning based models

and is unable to predict CaM interacting proteins accurately. Motif-

search for CaM interaction gives near-perfect recall but has the very

low precision (�1.0%) as shown in Figure 3A. This shows that predict-

ing CaM interacting proteins based on the mere presence of CaM-

binding motif produces a large number of false positives. This can be

explained by the presence of CaM-binding motifs in protein sequences

that do not bind CaM because the motif may not be structurally or

energetically accessible for interaction.23 These findings are in agree-

ment with the literature.48,49 The low performance of motif-based

search for CaM interaction prediction can be further explained by the

high sequence variation among CaM binding proteins.12

3.1.3 | Whole protein sequence plays a role in CaM

interaction prediction

We have experimented with different classification schemes (CaMELS

and DFS) and feature representations of proteins for prediction of

CaM interactions. For predicting CaM interacting proteins, CaMELS

uses features extracted from the whole protein sequence. On the other

hand, DFS and MI-1 first employ a machine learning to identify the

most likely CaM binding window in a protein and then uses it to pre-

dict whether the protein binds CaM or not. The quantitative cross-

validation results for these techniques are shown in Table 2. These

results show an interesting trend: CaMELS, which uses features

extracted from the whole of a protein sequence, performs much better

than DFS which is based on information contained in the most likely

CaM binding window in a protein. The maximum AUC-PR for the DFS

approach is 6.0% whereas CaMELS gives a maximum AUC-PR of

55.0%. This holds true even when comparing the performance of the

same type of features at the whole-protein and window levels. For

example, amino acid composition (AAC) of the whole protein gives an

AUC-PR of 26.8% with CaMELS whereas DFS gives an AUC-PR of

only 4.0% with the same features. These empirical results suggest that

information contained in the whole of the protein is significantly more

predictive of CaM interaction than the most likely CaM binding win-

dow in a protein. This can potentially be explained by the fact that the

mere presence of a CaM binding site in a protein is not predictive of its

interaction with CaM as the binding site may not be structurally or

energetically accessible for interaction.13,50,51 All these findings corrob-

orate with our hypothesis that the whole of a protein sequence plays

an important role in CaM interaction prediction.

3.1.4 | Gene ontology enrichment analysis

Gene Ontology (GO) analysis gives information about the function and

localization of gene products.14 A high correspondence between gene

ontology terms of predicted and known CaM binding proteins indicates

the accuracy of our predictor. We verified the biological significance of

our results and the ability of CaMELS to predict CaM-binding proteins

at the proteome level by gene ontology (GO) term enrichment analysis

of the top 241 predictions from CaMELS from the proteome of A.

Thaliana. The ranked list of these proteins together with their binding

sites is given in supplementary material (see Supporting Information

Table S1). Table 3 shows the results of this analysis in terms of the Jac-

card index which quantifies the degree of overlap between the gene

ontology terms of known and predicted CaM binding proteins. We

observed a significant overlap between the GO terms of known and

top scoring CaM binding proteins for molecular function and biological

process ontologies with Jaccard Index scores of 68% and 34%, respec-

tively (see Table 3). This is a significant improvement in comparison to MI-

1.10 GO term enrichment analysis of the top predictions from DFS do not

overlap with the enriched GO terms of known CaM binders (Table 3). The
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enriched terms include phosphorylation, signal transduction, signaling,

kinase activity, and so forth which correlate with known functions of CaM

binders.52 Furthermore, proteins at ranks 3 and 6 the list have been pre-

dicted by the Gene Ontology Consortium to likely bind CaM as well.

These proteins are Calcium-dependent protein kinase 10 (UniProt id:

Q9M9V8) and CDPK-related kinase 8 (UniProt id: Q9FX86).41

3.1.5 | Performance validation on novel proteins

To assess the generalization accuracy of CaMELS for CaM interac-

tion prediction on novel proteins, we performed a validation on an

independent dataset. This dataset contains 5 known CaM binding

proteins as the positive set and 250 proteins selected at random

from non-redundant PDB database as the negative set. Proteins in

this data set share no significant sequence similarity to proteins in

our training data. The CaM-binding proteins in this set are: adenyl-

ate cyclase (UniProtKB AC: P0DKX7; PDB id: IYRT) from Bordetella

pertussis,35 Glutamate decarboxylase (UniProtKB AC: Q07346; PDB

id: 1NWD) from Petunia hybrid,36 Cyclic nucleotide-gated olfactory

channel (UniProtKB AC: Q03041; PDB id: 1SY9) from Bos Taurus,37

Chloride anion exchanger (UniProtKB AC: Q9WVC8; PDB id:

5DOW) from Mus musculus38 and Cyclic nucleotide-gated olfactory

channel (UniProtKB AC: Q00195; PDB id: 2M0K) from Rattus nor-

vegicus.39 The proteins in the negative validation set are also taken

from a variety of different species. The complete list of all proteins

in this data set is given in the supplementary material. We

obtained the interaction prediction score for all proteins in this val-

idation set through the CaMELS web-server. Out of the 5 CaM

binding proteins, CaMELS predicts 4 proteins correctly as CaM

interacting with their prediction scores higher than the highest

scoring protein in the negative set. The higher scoring CaM binding

proteins are: Cyclic nucleotide-gated olfactory channel, Glutamate

decarboxylase, Cyclic nucleotide-gated olfactory channel and Chlo-

ride anion exchanger. As proteins in the independent validation set

have very low sequence identity with any of the protein in our

training set, therefore, these results clearly show the high general-

ization performance of CaMELS on novel proteins. Furthermore,

none of the proteins in our independent validation set belongs to

A. thaliana on which CaMELS training is based. Therefore, these

results on the validation set also support the ability of CaMELS to

predict CaM interactions correctly across different organisms at the

proteome level.

3.1.6 | In silico mutation analysis

To assess whether CaMELS can be used for predicting the effect of

mutations in CaM binding proteins, we used two mutagenic studies by

Pley et al. and Li et al.42,43 In these studies deletions were performed

on CaM binding proteins clathrin light chains (LCa) and Suppressor of

Gene Silencing 3 (NbSGS3) which led to inhibition of their ability to

bind CaM. For in silicomutation analysis, we get CaM interacting scores

through CaMELS before and after these mutations for both proteins.

We observed that the prediction scores of mutated proteins are lower

than their wild-type versions in both cases (0.77 to 0.66 for LCa and

0.5 to 0.3 for NbSGS3). These results clearly demonstrate the use of

CaMELS for in silico mutation analysis of CaM binding proteins.

3.1.7 | Feature analysis

We have used different protein level feature representations for

CaM interaction prediction such as propy, Smith-Waterman align-

ment scores, Amino Acid Composition, and Blosum features. We

obtained the best performance using propy features in comparison

to other feature representations (Table 2; Figure 3A). We expect

this to be a consequence of incorporating k-mer features and corre-

lation factors in the protein chain.27 We tested this hypothesis by

taking different combinations of propy features. With the 20-

dimensional amino acid composition and 400-dimensional dipeptide

frequency features, we obtained an AUC-PR of 47.0% whereas the

720-dimensional sequence correlation features (normalized Moreau-

Broto autocorrelation, Moran autocorrelation, Geary autocorrelation,

sequence-order-coupling number)27 alone produced an AUC-PR of

52.3%. Please note that using all the 1,537 propy features results in

an AUC-PR of 55.0%. This shows that the auto-correlation features

of physiochemical properties of amino acid present in the protein

sequence are responsible for the improvement in prediction accu-

racy. These relatively high performance of these sequence correla-

tion features seems to suggest that CaM interaction is possible only

when there are certain regions in a protein whose physiochemical

properties are correlated with each other.

3.2 | Binding site prediction

We first list the major outcomes of our work for predicting CaM bind-

ing sites in proteins before presenting detailed results.

� CaMELS predicts binding sites in CaM binding proteins with near

perfect accuracy.

� CaMELS offers significant performance improvement in comparison

to the previous state of the art CaM binding site prediction

approaches (AUC-ROC0.1: 80:2% vs 59:0% for MI-110). Conse-

quently, the amount of time and effort required for wet-lab experi-

ments to identify CaM binding sites can be significantly reduced.

� Our experiments show that CaMELS can identify CaM binding sites

in proteins which are significantly different from the set of proteins

used for its training.

� We have found that position-specific information related to substi-

tution of physiochemically similar amino acids plays an important

role in predicting CaM binding sites.

� Based on our machine learning model, we report the contribution of

different amino acids and their relative positions in a protein for

locating CaM binding sites.

� Using specialized gappy-triplet sequence descriptors in our machine

learning model, we have identified sub-sequences or motifs which

are characteristic of CaM binding sites. These motifs exhibit signifi-

cant agreement with previously known CaM-binding motifs.
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� Through cross-validation experiments, we demonstrate that the

improved performance of CaMELS for CaM binding prediction is a

consequence of the use of multiple instance learning and our novel

algorithm for solving the multiple instance machine learning

problem.

� We have developed and deployed a webserver that can be used to

identify CaM binding regions in proteins.

3.2.1 | Improvement in accuracy of CaM binding site

prediction

Table 4 and Figure 5 show the results of CaMELS for binding site pre-

diction across different features using leave-one-protein-out (LOPO)

cross-validation. Table 4 also shows the results previous state of the

art classification schemes (SVM, mi-SVM, MI-1) using the same dataset

and evaluation protocol.10 To analyze the prediction performance of

TABLE 4 Binding site prediction results for all models. AUC-PR was not available for MI-1, mi-SVM and SVM

Method Features AUC-PR AUC-ROC AUC-ROC0.1 THR FHR

CaMELS Position Dependent Blosum-62 (PD-Blosum) 87.0 99.1 80.2 77 1.0

Combination of AAC and PDC 85.6 98.9 77.6 75 1.0

Position Dependent Gappy triplet (PDGT) 85.4 99.04 78.0 74 1.0

Position Dependent Composition (PDC) 84.1 98.4 76.2 72 2.0

Propy Features (propy) 81.2 98.0 74.7 68 2.0

Amino Acid Composition (AAC) 80.7 97.8 72.3 68 2.0

MI-1 Combination of AAC and PDC – 96.9 59.0 75 1.2

mi-SVM Combination of AAC and PDC – 96.2 55.6 68 1.9

SVM Combination of AAC and PDC – 95.9 55.1 65 2.1

FIGURE 5 (A) Precision-recall (PR) curves for binding site prediction across all models; (B) ROC0.1 curves for binding site prediction across
all models. (C) Plot of the Rank of First Positive Prediction (RFPP) for binding site prediction across different models. The mean area under
the curve across different folds is shown in parenthesis [Color figure can be viewed at wileyonlinelibrary.com]
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these methods in detail, we have used different performance metrics

such as area under the precision-recall (AUC-ROC) and receiver operat-

ing characteristics curves (AUC-ROC) in addition to False and True Hit

rates (FHR and THR). As shown in Figure 5A and Table 4, CaMELS

gives an AUC-PR of 87:0% with AUC-ROC of 99:1%. These results

show a significant improvement in comparison to previous state of the

art CaM binding site prediction method MI-1 with an AUC-ROC

of 96:9%. A notable increase is also seen in AUC0.1 from 59:0% to

80:2% (Table 4; Figure 5B). This increase in AUC0.1 shows that CaM-

ELS is more accurate in predicting true binding sites with a very low

false positive error rate. CaMELS gives a true hit-rate (THR) of 77%

which indicates that in 77% of the proteins in our validation set, the

top scoring window identified by CaMELS is the true binding site. The

False Hit Rate (FHR) of 1.0% shows that, on average, only one out of

every 100 non-binding site windows in a protein is expected to score

higher than the true binding site in that protein. These results clearly

show the effectiveness of CaMELS in designing wet-lab experiments

for CaM binding site identification.

We have also analyzed the performance of CaMELS using the dis-

tribution of the rank of first positive prediction which quantifies how

often the top predictions from CaMELS can be expected to be correct.

These results are shown in Figure 5C for different features. We can

see that CaMELS, using the position dependent BLOSUM features,

gives the maximum RFPP of 8. This implies that for all the proteins in

our dataset, the true binding site of a CaM binding protein always lies

within top 8 CaMELS predictions. Thus, it can be expected that a

FIGURE 6 3D Structures of CaM complexes used in the independent validation dataset along with predicted binding sites from CaMELS.
Calmodulin (CaM) is shown in light grey while CaM binding protein is in dark grey color. The predicted central residue of the binding site
from the whole sequence of the binding protein is shown as a sphere. Residues of the CaM binding protein within 5Å of CaM are shown in
stick form. (A) CaM bound to the C-terminal Domain of Petunia Glutamate Decarboxylase (PDB ID: 1NWD); (B) CaM complexed with a
fragment of the olfactory CNG channel (PDB ID: 1SY9); (C) CaM complexed with Olfactory Cyclic Nucleotide-Gated Ion Channel (PDB ID:
2M0K); (D) CaM and Chloride anion exchanger (PDB ID: 5DOW) (E) CaM bound to the catalytic domain of adenylyl cyclase (PDB ID: 1YRT)
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biologist using CaMELS to design mutagenic experiments for identify-

ing CaM binding sites of a protein, will have to run no >8 wet-lab

experiments to locate the true binding site. Furthermore, for 90% of

the proteins in our data set, the true binding site is always within the

top 3 predictions by CaMELS. This is a major improvement over the

previous state of the art methods.

3.2.2 | Comparison to motif-based CaM binding site search

A commonly used method of locating CaM binding sites in proteins is

to search for known CaM-binding motifs in a protein. We have com-

pared the performance of CaMELS to motif-based search for locating

CaM binding sites in proteins. Motif-based search gives an AUC-PR of

only 36:6% which is significantly lower in comparison to CaMELS (see

Figure 5A). These results of motif-based analysis are in strong agree-

ment with findings presented in the study by Mruk et al.12

3.2.3 | Testing on novel protein sequences

To further evaluate the generalization accuracy of CaMELS for CaM

binding site prediction, we have used an independent dataset of 5

CaM binding proteins from the Protein Data Bank which have <40%

sequence identity to proteins in the CaMELS training data set. Since

the structures of these proteins in complex with CaM are known, it is

easy to compare the binding site predicted by CaMELS with the true

binding site. For all CaM binding proteins in this external validation

dataset, a significant number of residues in the top scoring sequence

window across all possible length-21 sequence windows in these pro-

teins occur within 5 Å of CaM in the complex structure. Figure 6 shows

the 3 D structures of these 5 CaM complexes along with predicted

binding sites. CaM is shown in light gray color whereas the CaM bind-

ing protein is shown in a darker shade of gray. The residues predicted

by CaMELS using the complete protein sequence are shown as spheres

and the residues that occur within 5 Å of CaM are shown in stick

representation. It is easy to see that, for all these proteins, CaMELS is

able to identify the correct binding site even though these proteins are

significantly different in sequence to the proteins used for training

CaMELS.

We have tested CaMELS further using two additional proteins:

LCa and SGS3 of Nicotiana Benthamiana whose binding sites were

identified through mutagenic studies by Pley et al.43 and Li et al.42

respectively. It is important to note that these proteins also have very

low sequence similarity with the proteins used in training the machine

learning model in CaMELS. For the LCa protein, the top scoring win-

dows from CaMELS occurs at the residues 224–243. This region of the

protein was found to be involved in its interaction with CaM through

deletion mutations by Pley et al. Similarly, in the case of NbSGS3 pro-

tein, the predicted binding site overlaps with the XS domain which has

been shown to interact with CaM interacting by Li et al. These results

clearly demonstrate the effectiveness of CaMELS in identifying CaM

binding sites (see Figure 7).

3.2.4 | Contribution of individual amino acids and

identification of motifs

It is interesting to notice in Table 4 that the position dependent

composition features have higher accuracy than position independ-

ent amino acid composition. This shows that the binding of a pro-

tein to CaM is not a consequence of just the composition of amino

acids in the protein and that the position of different amino acids in

the binding window is also important for this purpose. One of the

most useful features of CaMELS is that its machine learning model

can be used to provide insight into the nature of the interaction of

proteins with CaM. Specifically, the weight vector of the machine

learning model can be used to assess the contribution of individual

features for CaM binding site prediction. Figure 8 shows the weight

vectors obtained from training CaMELS with amino acid composition

FIGURE 7 Window level scores of proteins used in mutagenic studies generated through CaMELS webserver for binding site prediction.
Location of the highest scoring window (predicted binding site) is represented as a red dot. (A) LCa; (B) SGS3 of Nicotiana Benthamiana
[Color figure can be viewed at wileyonlinelibrary.com]
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(AAC) and position-dependent composition (PDC) features. These

weight vectors show the importance of individual amino acids in

determining CaM binding sites within a protein sequence. The

weight vector of AAC feature representation shown in Figure 8A

depicts large positive weights for positively charged amino acids

Arginine (R), Lysine (K) and the hydrophobic amino acid Tryptophan

(W). Amino acids such as Aspartic acid (D), Glutamic acid (E), Proline

(P) and Tyrosine (Y) have large negative weights. These amino acid

propensities in CaM binding sites are in close agreement with previ-

ous studies and also with known CaM-binding motifs.9,10,15,53 The

weight vector of position dependent feature representation, shown

in Figure 8B illustrates the role of different amino acids in binding

site prediction with respect to their positions in a given window.

For example, Lysine (K) shows large positive weights at the end of

the window but small in the middle; Arginine (R) shows large posi-

tive weights at positions 8 and 18; Tryptophan (W) has large posi-

tive weights at middle and negative weights at the corner of the

window; Aspartic acid (D), Glutamic acid (E), Proline (P) show their

negative role in CaM binding with large negative weights in the

middle. This position dependent learning behavior of the classifier is

in close agreement with known CaM-binding motifs and can be

used to extract more biologically relevant motifs.15

FIGURE 8 Weight vectors for position-independent (AAC) and position-dependent (PDC) amino acids composition along with learned
motifs. (A) Weights of different amino acids in the position-independent AAC feature representation; (B) Heat map of the weights of differ-
ent amino acids against their position from position-dependent composition (PDC) feature representation; (C) Top 50 motifs from the
position-dependent gappy triplet feature representation. The numeric column shows actual weight values for different gappy triplet
subsequences
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We have also used position dependent gappy triplet (PDGT) fea-

ture representation to find motifs relevant to CaM binding. This fea-

ture representation can predict CaM binding sites very accurately

(see Table 4). However, the primary purpose of this feature represen-

tation is to identify the subsequences or motifs which are responsible

for prediction of binding sites. These motifs are ranked in terms of

their weight values. Figure 8C shows the top 50 motifs and their

position within a window of size 21. The top scoring motifs such as

IQ . . .R, A . . .Q . . .R, A . . . I . . . :R and A:IQ are components of IQ-

subclass of motifs in the CaM Target Database.15 It is also clear from

Figure 8C that most of the top-ranking features correspond to a

motif with 3 or 4 do not care positions. This is in agreement with

the known fact that CaM binding involve alpha helices and this gap

corresponds to the periodicity of the alpha helix.10 These results indi-

cate the ability of CaMELS to learn CaM binding motifs from protein

sequences.

3.2.5 | Stochastic sub-gradient optimization method for

MIL

Table 4 shows the accuracy of different machine learning models for

predicting binding sites in CaM binding proteins. The difference in the

prediction accuracy between a conventional SVM and multiple instance

learning based methods (mi-SVM, MI-1 and CaMELS) shows the effec-

tiveness of modeling CaM binding site prediction problem through mul-

tiple instance learning. Furthermore, the improvement in the accuracy

of CaMELS with respect to other MIL based techniques (MI-1 and mi-

SVM) is a consequence of solving the MIL optimization problem

through the proposed stochastic sub-gradient optimization (SSGO).

3.2.6 | Analysis of features

CaMELS uses different window-level feature representations for CaM

binding site perdition such as PD-Blosum, PDC, AAC, a combination of

AC and PDC and propy. The PD-Blosum feature representation gives

the best results in comparison to other features (Table 4, Figure 5).

These features represent an amino acid in protein sequence window in

terms of its corresponding column in the BLOSUM-62 substitution

matrix and its relative position in the protein sequence. This clearly

shows that it is important to model the position-specific nature of the

binding site problem as well as the physiochemical and substitution fre-

quency of different amino acids for accurate CaM binding site

prediction.

4 | CONCLUSIONS

We have presented a set of models for CaM interaction and binding

site prediction called CaMELS. CaMELS uses protein sequence infor-

mation only and offers state of the art accuracy both for interaction

and binding site prediction. For interaction prediction, CaMELS

achieved significant improvement in performance using protein level

features in comparison to earlier methods that used information

derived only from the most likely CaM binding site in a protein.

This shows that sequence information of the whole protein is pre-

dictive of its interaction with CaM. We have also presented a

multiple instance learning model for solving the binding site predic-

tion problem. Our results show near perfect classification accuracy

for this problem with the use of a stochastic gradient solver. The

proposed suite of algorithms is expected to be very helpful to biolo-

gists working on analyzing the functions and interaction behavior of

CaM and its target proteins.
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