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Protein-fatty acid interaction is vital for many cellular processes and understanding this interaction is important
for functional annotation aswell as drug discovery. In thiswork, we present amethod for predicting the fatty acid
(FA)-binding residues by using three-dimensional probability density distributions of interacting atoms of FAs on
protein surfaces which are derived from the known protein-FA complex structures. A machine learning
algorithm was established to learn the characteristic patterns of the probability density maps specific to the
FA-binding sites. The predictor was trained with five-fold cross validation on a non-redundant training set and
then evaluated with an independent test set as well as on holo–apo pair's dataset. The results showed good
accuracy in predicting the FA-binding residues. Further, the predictor developed in this study is implemented
as an online server which is freely accessible at the following website, http://ismblab.genomics.sinica.edu.tw/.

© 2014 Elsevier B.V. All rights reserved.
1. Introduction

Fatty acids (FAs) play an important role in metabolic regulation,
modulation of gene expression, cell signaling, maintaining cell structure
and also acting as an energy source [1–4]. Further, hundreds of bioactive
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lipid mediators called eicosanoids are derived from the FAs and they all
are involved in pro and anti-inflammatory responses [3,5]. Essentially
the FAs interact with proteins called as FA-binding proteins (FABP)
to perform all these functions. These proteins are members of a super-
family of lipid-bindingproteins. Somenon-lipid-binding family proteins
such as heat shock protein, feutin, caveolin 1, glutathione S-transferase,
sterol-carrier protein-2 and fatty acid transporter also show affinity for
the FAs [6–8]. Given its importance in lipid-mediated and inflammatory
pathways, defects in either FAs and/or FABP protein functions lead to
manymetabolic diseases including obesity, diabetes and atherosclerosis
[9–11]. Few therapeutic inhibitors which could be a potential therapeu-
tic strategy to treat diabetes, insulin resistance, atherosclerosis and
other fatty liver diseases have been reported [12–14]. Therefore under-
standing the FA-protein interaction and identifying of FA-binding sites
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Table 1
Protein and fatty acid atom types.

ID # Atom type Radius (Å) Description

1 NH1 1.65 Backbone NH
2 C 1.76 Backbone C
3 CH1E 1.87 Backbone CA (exc. Gly)
4 O 1.40 Backbone O
5 CH0 1.76 Arg CZ, Asn CG, Asp CG, Gln CD, Glu CD
6 CH1S 1.87 Sidechain CH1: Ile CB, Leu CG, Thr CB, Val CB
7 CH2E 1.87 Tetrahedral CH2 (except CH2P, CH2G) all CB
8 CH3E 1.87 Tetrahedral CH3
9 CR1E 1.76 Aromatic CH (except CR1W, CRHH, CR1H)
10 OH1 1.40 Alcohol OH (Ser OG, Thr OG1, Tyr OH)
11 OC 1.40 Carboxyl O (Asp OD1, OD2, Glu OE1, OE2)
12 OS 1.40 Sidechain O: Asn OD1, Gln OE1
13 CH2G 1.87 Gly CA
14 CH2P 1.87 Pro CB, CG, CD
15 NH1S 1.65 Sidechain NH: Arg NE, His ND1, NE1, Trp NE1
16 NC2 1.65 Arg NH1, NH2
17 NH2 1.65 Asn ND2, Gln NE2
18 CR1W 1.76 Trp CZ2, CH2
19 CY2 1.76 Tyr CZ
20 SC 1.85 Cys S
21 CF 1.76 Phe CG
22 SM 1.85 Met S
23 CY 1.76 Tyr CG
24 CW 1.76 Trp CD2, CE2
25 CRHH 1.76 His CE1
26 NH3 1.50 Lys NZ
27 CR1H 1.76 His CD2
28 C5 1.76 His CG
29 N 1.65 Pro N
30 C5W 1.76 Trp CG
31 HOH 1.40 Water
32 ZC3 1.90 Sp3 carbon
33 ZO3 1.68 Sp3 oxygen
34 ZO2 1.66 Sp2 oxygen
35 ZC3 1.90 Sp2 carbon

The protein atom types 1–31 have been previously defined by Laskowski et al. [39] with
minor modifications. The atom types 32–35 were defined in this work for fatty acid
molecule.
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are important as it can aid in drug discovery process for developing
therapeutic molecules against the metabolic diseases.

A computational method for predicting the FA-binding site on the
proteins would greatly facilitate the identification of FA-binding sites
on the protein structure. Few computational methods have been devel-
oped to predict the lipid-binding residues from the protein sequences.
Tempel et al. [15] and Scott et al. [16] developed methods to predict
lipid-binding residues for cytoskeleton and cytoskeleton-associated
proteins respectively.Wang et al. [17] andXiong et al. [18] used support
vector machine approach to predict the lipid-binding residues from the
protein sequences. Lin et al. [19] developed a method to identify the
functional class of lipid-binding proteins from protein sequences.
Although these methods are reasonably successful in their respective
prediction, they all are not specific for protein-FA interaction prediction
and moreover most of them are sequence based as well as use evolu-
tionary information for their prediction. These methods may have diffi-
culty in predicting the binding sites from the orphan proteins. Therefore
a reliable structure-based method for predicting FA-binding residues
without using the evolutionary information is necessary.

In this study, we have developed a structure-based method which
uses machine learning approach to predict the FA-binding sites on
the protein surfaces. This method mainly recognizes characteristics
interacting atom distribution patterns associated with the FA-binding.
The basic principle has been already applied successfully to predict
protein–protein [20], protein–carbohydrate [21] and protein–FMN
interactions [22]. Here we have extended this method to predict the
FA-binding residues. In the prediction, protein surface atoms (it refers
to all the protein atoms including interior atoms) were first categorized
into 30 atom types and one machine learning model was trained for
each of the atom types. The input attributes for themachine learning al-
gorithmwere normalized distance-weighted sum of three-dimensional
probability density maps (PDMs) of 35 interacting atom types (30 atom
types fromprotein, 1 fromwater and 4 from FA) on the protein surfaces.
The PDMs around the query protein atoms for the protein interacting
atom types and water have been described in previous publications
[20,21]; the PDMs for the 4 FA interacting atom types were constructed
with the protein–FA interacting atom pairs from the dataset of 440 pro-
tein–FA complex structures. The machine learning algorithm learned
the patterns of the attributes to distinguish the binding atoms from
the non-binding atoms on the protein surfaces. We evaluated our pre-
dictor performance by five-fold cross validation on the training dataset
P75 and then the trainedmodel used to predict the independent test set
P25 and holo–apo pairs. The results indicate that our approach can pre-
dict the FA-binding sites with very good accuracy.

2. Materials and methods

2.1. Datasets

All the structureswere extracted from PDB [23]. The training set P75
contains 75 chains that released before the 31st of December 2010 and
that binds different FAs. The test set P25 contains structures which re-
leased after the 31st of December 2010 and retained 25 structures
which shares less than 5% sequence similarity with training set [24].
Holo and apo datasets consist of 10 proteins in each set. The given resi-
due is annotated as a FA-binding, if any of the FA atoms within 5 Å dis-
tance with any protein atoms. The negative dataset of S108 and S142
were collected from protein–carbohydrate [21] and protein–protein in-
teraction [20] predictions respectively.

2.2. Construction of three-dimensional probability density maps of non-
covalent interacting atoms on protein surfaces

Themethodology for the PDMconstruction for protein-non covalent
interacting atom pair (Table 1, atom types 1–31) has been described
previously [20,21]. The PDMs for FA atoms (Table 1, atom types
32–35) were constructed with protein–FA interacting atom pair data-
base derived from 440 protein–FA complexes. In order to keep the
PDMs high in information content and low in noise from irrelevant in-
teractions, non-interacting pairs were eliminated with the filter system
based on the work by McConkey et al. [25].

2.3. PDM-based attributes as inputs for machine learning algorithms

The input attributes were derived from PDMs on the protein sur-
faces. Atoms from the protein surface and interior were categorized
into 30 protein atom types and for each atom type onemachine learning
model was trained. For each atom i on the surface of the query protein
(solvent accessible surface area of atom i N 0), the PDM values associat-
ed with the grids within 5 Å radius centered at the atomwere summed
in Eq. (1).

Si; j ¼
Xri;k ≤5A

k
gk; j ð1Þ

where Si,j is the PDM sum for interacting atom type j at atom i; ri,k is the
distance between atom i to a grid point k; gk,j is the PDM value of
interacting atom type j at grid point k. Ai,j (j = 1,40) associated with
each atom i was calculated with Eq. (2).

Ai; j ¼ Si; j þ
Xdi;k ≤10Α

k
Sk; j � d−2

i;kXdi;n ≤10Α
n

d−2
i;n

ð2Þ
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where Si,j is defined in Eq. (1); di,k is the distance between atom i and
atom k. The attribute set (ai,j (j = 1,40)) for the machine learning
models on atom i were derived from Ai,j (j = 1,40) with the following
scaling scheme:

if Ai,j N Mmax,j then ai,j = 1; otherwise
if Ai,j N Mmin,j then ai,j = 0; otherwise

ai; j ¼
Ai; j−Mmin; j

Mmax; j−Mmin; j
ð3Þ

where Mmax,j is the median of the distribution of the maximal Ai,j from
each of the proteins in P75 and Mmin,j is the median of the distribution
of theminimal Ai,j of the proteins in P75. The ai,j (j= 1–40) are the first
40 attributes for machine learning and the 41st attribute for the atom i
was the fraction of the space not occupied by the Van derWaals volume
of the protein in the 10 Å sphere centered at the atom i. This attribute
was also scaled between 0 and 1 as in Eq. (3).

2.4. Prediction of FA-binding site with artificial neural network

For each of the 30 atom types of proteins, machine learning model
was trained and validated with the negative and positive cases found
in P75. A positive case was a true binding site atom in protein structure.
For the apo test sets thepositive caseswere determined according to the
assignment in the corresponding protein–FA complexes in holo set. For
each of the 30 atom types, artificial neural network (ANN) predictors
were trained and validated. The detailed methodology of ANN has
been described previously. The input layer consisted of 36 nodes, for
which the input attributes are described in Eqs. (1)–(3). The hidden
layer had 74 nodes, twice the sum of the input and the output. The out-
put layer had a single node with the activity value between 0 and 1,
matching the negative (0) and positive cases (1) respectively. The learn-
ing rate for both thehidden layer and the output layerwas 0.01; themo-
mentum was 0.1. The training iteration was stopped as the mean
absolute error between the ANN output values and the target values
converged. The parameter set and the architecture of ANN were deter-
mined empirically for optimal performance.

Since non-binding atoms in the training set greatly outnumbered
binding atoms, ordinary machine learning algorithms would produce
learning biases without suitable treatment. The methodology included
multiple predictors to produce an ensemble of prediction results. Each
individual classifier in the predictor ensemblewas trained with a differ-
ent sampling (bag) of the training set, and the final prediction was cal-
culated by averaging with equal weight the output values from the
predictors. In each bag, all of the positive cases were included, along
with randomly sampled negative cases that were 1.5 times as many as
positive cases. The bag number was set to four, which balanced the
need for effectiveness and training efficiency. All the four bags were
used to train ANNmodels. Each of the ANNmodel trained for 1000 iter-
ations. During training, the model was tested on validation set after
every ten training iterations. The number of training iteration which
yielded the best MCC on the validation set was used to determine the
parameters for predictors.

2.5. Five-fold cross validation

The prediction is evaluated by the five-fold cross validation. The
whole P75 dataset was randomly partitioned into five groups with ap-
proximately equal sizes. Each time three groups are used as the training
set; one group as the validation set; the remaining one group of the data
as the testing set. For each of the predictors, a threshold for the output
activity value was determined with the validation set; positive predic-
tions have the output activity values greater than or equal to the thresh-
old, while the negative predictions have the output activity values
smaller than the threshold. All the thresholds were determined with
the validation set to optimize the MCC for the predictions.

2.6. Performance measure

The predictor's performance is evaluated by different measures
such as accuracy (Acc), precision (Pre), sensitivity (Sen), specificity
(Spc), F-score (Fsc) and Matthews correlation coefficient (MCC).

Acc ¼ TP þ TN
TP þ TN þ FP þ FN

ð4Þ

Pre ¼ TP
TP þ FP

ð5Þ

Sen ¼ TP
TP þ FN

ð6Þ

Spe ¼ TN
TN þ FP

ð7Þ

F‐score ¼ 2� Pre� Sen
Preþ Sen

ð8Þ

MCC ¼ TP � TN−FP � FNffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
TP þ FPð Þ TP þ FNð Þ TN þ FPð Þ TN þ FNð Þp ð9Þ

where, TP, FN, FP and TN are the numbers of true positive, false negative,
false positive and true negative residues in the prediction respectively.
Sensitivity (also known as recall) can be viewed as a measurement of
completeness, whereas precision is a measurement of exactness or fi-
delity. MCC is a measurement of the quality of two class classifications
(positive and negative). Its value ranges between −1 and 1; random
correlation gives MCC of 0 while perfect correlation yields 1 in MCC.

2.7. Prediction based on confidence level

The output from the ANNwhich consists of values ranging from 0 to
1 was normalized to prediction confidence level. This confidence level
based prediction from machine learning models for all protein atom
types was compared and integrated which produces tentative FA-
binding patches onprotein surface. From the validation set, themachine
learningmodel outputs for 30 protein atom types were sorted into bins
of interval 0.1. The confidence level of each of the bin was calculated as
the fraction of true positive over the total number of predictions in the
bin. Finally, lookup-tables were constructed based on the output-
confidence relationships and then the outputs from the machine learn-
ing models converted to prediction confidence levels with these
lookup-tables.

2.8. Prediction of patches of atoms as protein-FA binding sites

FA-binding sitewas predicted by a cluster of surface atoms predicted
as positive cases with high prediction confidence level. Protein surface
atoms in FA-binding sites with prediction confidence level greater
than 50% were used as cluster centers to include neighboring surface
atoms within a radius of 6 Å. Within each of the surface patches, all
the surface atoms with the confidence level for positive prediction
greater than one were included in the tentative patch of atoms as a
FA-binding site. If the pairwise distance of any two seeds was within 4
Å, the two corresponding patches were merged as one patch. The



13R. Mahalingam et al. / Biophysical Chemistry 192 (2014) 10–19
parameters were optimized for residue-based prediction accuracy with
the validation set.

2.9. Residue-based predictions for the FA-binding sites

To convert the atom-based binding site prediction to residue-based
we applied a heuristic procedure: only the residues with any surface
atoms included in the atom-based binding patchwas considered as pos-
itive residues for the residue-based patch. Similarly, actual binding sites
for the protein-FA complex at the residue level were defined by patches
of positive residues, each of which any surface atoms fall within 5.0 Å
distance with any FA atoms is defined as a FA-binding site atom. This
definition enabled the comparison of prediction results with actual
binding sites at the residue level. The percentage parameter was opti-
mized for residue-based prediction accuracy with the validation set.

2.10. Mann–Whitney U-test

Mann–Whitney U-test is a non-parametric statistical method used
to test whether two groups of numerical values come from identical
continuous distributions of equal medians – increasing p-value indi-
cates decreasing difference of the two distributions and p-value of 1 in-
dicates that the two distributions are statistically indistinguishable. The
Mann–Whitney U-tests were calculated by using the statistic tool
ranksum in MATLAB.
Fig. 1. Server architecture of the ISMBlab_PFA shown in stepwise from input to output. The neura
displayed in webpage using Jmol program.
2.11. Online server implementation

Online server ISMBLab_PFA was built for the prediction of protein-
FA interaction prediction. The prediction methodology of the server is
showed in Fig. 1A. In brief, the server accepts the three-dimensional
protein structure in PDBfile format and then the amino acids in the pro-
tein structure are clustered based on the conformation. The contact
atom pairs are constructed following the PDMs that are constructed
with the help of the interacting atom pair database. While constructing
the densitymap, the unnecessary interacting atompairs are filtered and
remaining pairs are normalized followed by creation of attributes. These
attributes are used as input for the prediction. Finally the output is
displayed as confidence level with predicted residues on the protein
structures.

Predictions can be submitted to the web server http://ismblab.
genomics.sinica.edu.tw/. After opening the webpage, the user has two
options to submit the protein structure either using PDB ID or directly
uploading the structure by choosing the corresponding options. To
avoid the spam, the user should type the validation code which appears
on thewebpage. The user can keep the job either private or open to pub-
lic by choosing the relevant option. If theuserwants to test and calculate
the accuracy of the predictor then the binding residues in the PDB file
should be labeled as 1 and 0 for binding and non-binding residues re-
spectively in B-factor column. Finally, the email id and job title need to
be entered in the respective fields. After all these steps, once the submit
l networkmethod is used to predict the binding-site on theprotein structure. The output is

http://ismblab.genomics.sinica.edu.tw/
http://ismblab.genomics.sinica.edu.tw/
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button is clicked, the input information will be sent to server for the
prediction and the predicted results are displayed on the link provided
in the webpage and also via email. The output page displays the
predicted sites using Jmol. More detailed instructions are available in
tutorial the page of our website. All the benchmark results can also be
accessed in interactive graphic presentations from the same web
address above.

3. Results

3.1. Evaluation of the protein surface attributes which characterize
FA-binding sites

The protein surface attributes are useful in differentiating the
binding-site atoms from non-binding atoms [20,21]. To examine the
ability of the protein surface attributes in distinguishing the FA-
binding sites from non-binding sites, we analyzed protein surface attri-
butes in the training set. Fig. 2 shows theMann–WhitneyU-test p-value
results (see Materials and methods) for each attribute type j (x axis in
Fig. 2) on each protein atom type i (y axis in Fig. 2) calculated with
two groups of Ai,j (defined in Eq. (2)). One group of Ai,j was calculated
for the protein surface atoms of type i in the FA-binding sites in the
Fig. 2.Mann–Whitney U-tests p-values on the 36 attributes for each of the 30 protein atom typ
were input to the function and the output p-value is the probability for the two distributions
associated text.
training set P75 and the other group of Ai,j was calculated for the non-
binding atom of type i in the same dataset. The y-axis (Fig. 2) is the pro-
tein atom type i = 1–30 (atom types 1–30, Table 1), the x-axis is the
interacting atom type j = 1–35 (atom types 1–35, Table 1) and the
36th attribute reflecting the local geometry of the protein surface (see
Methods). The p-value of the U-test is color-coded as shown in Fig. 2.
The plus (+) sign in the matrix element indicates the averaged feature
value for the FA-binding atoms is larger than the averaged feature value
for non-binding atoms and the negative (−) sign indicates vice-versa.

The statistical analysis revealed that space around protein atom
types: y = 1–4 (backbone atoms) and 6–9 (aliphatic and aromatic car-
bons) were enriched with higher densities of interacting atom types of
x = 32 and 35 from FA, indicating that the FA-binding sites are com-
posed of these protein atom types. These protein atom types were
also enriched with PDMs from protein backbone interacting atom
types x = 1–2 (backbone atoms), 6 (hydrophobic carbons), 8–9
(aliphatic and aromatic carbons), 18 (Trp carbon atoms), 20–24 (Car-
bon and sulpher atoms from Phe, Tyr, Cys and Met), 26 (Lys nitrogen
atom) and 30 (Trp carbon atom) indicating that FA-binding site prefers
the aromatic and hydrophobic residues. This analysis suggested that the
attribute sets are statistically significant in differentiating the binding
site atoms from non-binding atoms on protein surfaces.
es. The p-values were calculated using ranksum function in the MATLAB. Two sets of data
of data to be statistically indistinguishable. More details of this figure are described in the

image of Fig.�2
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3.2. Performance of the atom-based prediction with machine learning
models

Machine learning models for each of 30 protein atom types were
trained and cross validated with the training set P75. The 36 attributes
were used as inputs for each of the machine learning models. Further
to estimate these attributes contribution in prediction accuracy, we cre-
ated different subsets of the attributes and evaluated their performance.
The subsets include P (attributes 1–30), W (attribute 31), F (attributes
32–35), G (attribute 36), PWF (attribute 1–35) and PWFG (attributes
1–36). Fig. 3A shows that the models which were trained with these
subsets of attributes were able to reach an overall average MCC of
0.31, 0.13, 0.22, 0.14, 0.33 and 0.34 respectively. As expected, the results
shown in Fig. 3A indicate that all 36 attributes together as input lead to
the best MCC for the predictor of each of the 30 protein atom types.

The dark gray histogram in Fig. 3B indicates that increasing predic-
tion confidence level is correlatedwith increasing value of the attributes
derived from backbone, aromatic and hydrophobic carbons (CF, C,
CH3E, CH1S, CY, CR1E, C5W, CW, CH2E, CY2, and CH1E), SM (Met sul-
fur), Pro carbon (CH2P), His carbon (C5), and FA carbons (ZC3 and
ZC2). This is consistent with the results shown in Fig. 3A where the at-
tribute subset P and F contribute to the majority of the prediction accu-
racy. On the other hand, the attributes from charged residues nitrogen,
oxygen and FA oxygen (CH0, CRHH, O, ZO2, ZO3, NH1S, OC, NH2, OS,
NC2, NH3, NH1 and OH1) are negatively correlated with a prediction
confidence level (Fig. 3B). This indicates that charged residues are not
preferred as interacting residues. The correlation for these attributes
Fig. 3.Analysis of the attributes. (A) The x-axis represents 30 atom types (Table 1) and the y-axis
(protein atom types), W (water), F (fatty acid atom types), G (geometry), PWF and PWFG. (B)
attributes derived from concentrations of PDMs. Pearson's correlation coefficients, which are the
attributes, are shown in the y-axis. The x-axis shows the feature types (Table 1), each ofwhich c
coefficients between the positive or negative assignments for protein surface atoms and the at
versus true binding site (light gray histogram in Fig. 3B) shows similar
trend as in the dark gray histogram, confirming that the attributes
(x-axis) with higher correlation coefficient (y-axis) versus true binding
site (shown in light gray histogram) contributemoreweight to the pre-
diction accuracy (shown in dark gray histogram).

3.3. Performance of the residue-based prediction with machine learning
models

Theoutputs fromatom-basedmachine learningmodelswere convert-
ed to confidence values which are used to predict FA-binding residues
(for details see Materials and methods section). The confidence level
measurement allows predictions for various protein atom types to be in-
tegrated on a normalized ground so that tentative FA-binding sites can
form a surface patch composed of various atom types with high confi-
dence level in atom-based predictions. This methodology, combining
the atom-based predictions into residue-based predictions of FA-
binding patch, increased the prediction of MCC from 0.34 (atom-based)
to MCC = 0.51, as shown in the summary of Table 2. Two examples of
the prediction with high and low MCCs are shown in Fig. 4A.

Thepredictorswere further testedwith the independent dataset P25
with proteins that are unseen by the trained machine learning models.
To demonstrate our predictor's ability to predict low sequence similar-
ity proteins, we created P25 which shares b5% sequence similarity
with the training dataset. The trained model was used to predict the
FA-binding residues in P25. The statistic summary is shown in Table 2.
The model has predicted these unseen low similarity proteins with
shows theMCC values fromfive-fold cross validation of P75. The subsets of attributes are P
The dark gray histogram shows the correlations between prediction confidence levels and
measurements for the linear correlations between the prediction confidence level and the
orresponds to one of the ai,j (Eq. (2)). The light gray histogram shows Pearson's correlation
tribute values for the protein surface atoms.

image of Fig.�3


Table 2
FA-binding site prediction benchmarks for training and independent tests.

Data Accuracy Recall Specificity Precision F-Score MCC

P75 0.92 0.62 0.95 0.48 0.54 0.51
P25 0.93 0.51 0.96 0.54 0.53 0.49
Holo 0.91 0.66 0.94 0.60 0.63 0.58
Apo 0.89 0.47 0.95 0.54 0.50 0.45
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MCC of 0.49. This indicates that our method can predict the novel pro-
teins with reasonable accuracy. The detailed analysis and interactive vi-
sualization for each of the proteins of these datasets are available at
http://ismbalab.genomics.sinica.edu.tw.
Fig. 4. Examples of FA-binding site predictions (A) fromP75 dataset and (B)Holo and apo sets. T
The colored bar at the bottom of the figure is the color code for the confidence level. The red co
predictions, the predicted atomswith greater than 0.5 confidence level are colored in red and le
interface atoms.
3.4. Independent testing on holo and apo proteins

For any structure-based binding residue prediction methods, it is
necessary to examine its performance on unbound protein structures.
The reason is that conformational change during binding may affect
the accuracy of the method. In order to evaluate our model perfor-
mance, we created an independent holo and apo pair's dataset which
comprised of 10 protein structures in each group. The root-mean square
deviation (RMSD) of the apo structures over the holo structures ranging
from 0.21 Å to 3.01 Å (Table 3) which indicates that the small to large
conformational changes occur when the protein binds to fatty acid
molecule. The trained model was used to predict the apo–holo pairs
and results are summarized in Table 2. The average MCC of the apo set
he atoms colors in the atom-based prediction are based on the prediction confidence level.
lored atoms are the seeds for the FMN-binding site patch prediction. In the residue-based
ss than that are colored in orange. In the true-binding site, red colored atoms are the actual

http://ismbalab.genomics.sinica.edu.tw
image of Fig.�4


Table 3
RMSD values of the holo–apo pairs.

Holo Apo RMSD

3stmX 3stnA 0.49
2ag9B 1g13A 1.42
1h9gA 1ex2A 1.38
1ma0A 1m6hA 0.27
1tjjB 1g13B 0.25
1tfjA 2bv7A 0.18
1sx6A 1swxA 0.59
1lidA 1libA 0.21
2ju8A 2ju3A 3.01
2lkkA 2l67A 1.46
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is 0.45, slightly lower than that of holo set. However the accuracy and
specificity are very close to that of holo set. These values suggest
that the model performs very well in predicting the unbound
structures. Fig. 4B shows one example of holo and apo predictions.
Fig. 5. (A) Residue-basedMCC (y-axis) for each of the 20 natural amino acids (x-axis) were calcu
P25 (light gray). (B) Analysis of the binding-site residues. The percentage of occurrence of the
3.5. Prediction on non-FA-binding proteins

To further validate the predictive quality of themodel, we predicted
the protein structures that do not interact with FAs. Two datasets were
used for this prediction, one is from (S108) protein–carbohydrate inter-
action [21] and the other one is (S142) fromprotein–protein interaction
prediction [20]. The error rate calculation was performed on these pre-
dictions. The error rate is defined as a ratio between total number of
false positive and total number of residues [26]. The analysis showed
that the error rates for S108 and S142 are 1.75% and 1.18%. We also
found that the model predicted 8.25% and 6.98% FA binding sites in
the P75 and P25 respectively. This indicates that the model predicts
fewer binding residues in the non-binding proteins.

3.6. Analysis of fatty-acid binding residues

The distribution of prediction accuracy for the 20 amino acids is
shown in Fig. 5A for both P75 and P25 datasets. The results showed
that the accuracy for most of the amino acids is more or less the same
lated from the results of the 5-fold cross validation on the P75 (dark gray) and test dataset
each amino acid in the binding sites was calculated for P75 and P25 datasets.

image of Fig.�5
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in both datasets. Among these amino acids, Leu, Ile, Met, Phe, Ser, Thr,
Tyr and Val showed good accuracy in both datasets. Finally, we have an-
alyzed the amino acid preference in the binding site. The percentage of
occurrence for each amino acid in P75 and P25 were calculated and
showed in Fig. 5B. The hydrophobic and aromatic residues such as Ala,
Leu, Val, Ile, Phe and Tyr are highly seen in the binding sites. Among
these residues Leu is highly preferred as interacting residue. Charged
residues including Asp, Glu, Lys, Arg and Gln, aromatic residues includ-
ing Trp and other residues including Cys and Pro are least preferred
binding residues. A good correlation is observed for residue-based
MCC with the frequency of occurrence for most of the amino acids.

4. Discussion

Annotating functional residue in the protein structures is a challeng-
ing problem, in the past many groups have developed different strate-
gies to predict the DNA [27–29], RNA [30–32], protein [33–35],
carbohydrate [36,37] binding residues and catalytic residues [38] but
not for FA-binding residues. In this study, we have developed an accu-
rate predictor for predicting the FA-binding residues on the protein
structures. This method uses probability density distribution of the
interacting atoms on protein surfaces to predict the FA-binding resi-
dues. The overall accuracy of all the datasets ranges from 89% to 92%
(Table 1), this shows the ability of the predictor in identifying the FA-
binding residues on protein structures.

The predictor does not need sequence conservation and evolution-
ary information, therefore the predictor reliability solely depends on
the construction of PDM around the protein surface. The PDM is con-
structed based on the interacting atom types (attributes) and the statis-
tical analysis (Fig. 2) revealed that these attributes are capable of
distinguishing the binding sites fromnon-binding sites. Further analysis
on attribute subsets and correlation coefficient showed that the attri-
butes are very effective in predicting the FA-binding sites.

The predictorwas trainedwith P75 dataset and then testedwith P25
dataset. The results showed (Table 2) that the method is performing
very well in prediction. To further validate this method on unbound
structures, a new dataset of holo–apo pair was created and prediction
was performed. Once again our predictor performs equally well to the
holo prediction in terms of MCC that suggests the predictor's ability to
successfully predict the unbound structures. Although the dataset of
holo–apo pair was less, the prediction results were very promising for
predicting the varying conformations of apo structures.

Since ourmethod is not using other features such as sequence align-
ment, position sequence scoring matrix, B-factor and energy parame-
ters for prediction, any novel protein structures even with very low or
no sequence identity can be predicted. To demonstrate this, a dataset
P25with b5% sequence identity on comparisonwith the P75was creat-
ed and then tested for the prediction. The prediction performance is
very close to the training set that shows applicability of this method
on any protein structures. Further, the prediction performance on
non-FA-binding proteins showed the specificity of the predictor in iden-
tifying FA-binding residues. Hence our predictor can be easily applied to
hypothetical targets of structural genomics to identify the FA-binding
residues as well as FA-binding proteins.

Although our method is successful in prediction, few failure cases
were found in the training as well as test sets. The possible reasons for
these failures are (i) somedeeply buried residues could not be predicted
because they are not accessible as surface patch [21] and (ii) new com-
bination of interacting atom pairs that were not encountered during
training. The later issue could be solved by constructing more number
of interacting atom pairs from protein-FA complex whichmay be avail-
able in future.

In summary, the method and the server developed in this study are
potentially useful for the prediction of FA-binding sites as well as for FA-
binding proteins. Given the advantage of our method, any novel protein
structurewithout evolutionary information can be predicted successfully.
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