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Abstract— Cytochrome b561 (Cyt-b561) proteins play important
functions in plants such as anti-toxin defense reactions, growth
and development, and prevention of damage to plants from excess
light under drought condition. Because of their high sequence
divergence, thorough mining of Cyt-b561 and related proteins
from diverse plant genomes is not easy. For example, currently
there is only one Cyt-b561 gene in the maize genome and none
has been found from the soybean genome, while twenty two
are known in the Arabidopsis thaliana genome. Alignment-free
methods for protein classification, e.g., multivariate statistical
analysis methods using various amino acid properties as se-
quence descriptors, can be more sensitive for remotely similar
protein identification compared to often-used alignment-based
methods. In order to identify Cyt-b561 proteins thoroughly from
available plant genomes, we examined alignment-free protein
classifiers based on partial least squares (PLS) and support
vector machines. These classifiers performed better than profile
hidden Markov models and PSI-BLAST in identifying Cyt-b561
related proteins. Furthermore, PLS with a reduced number of
descriptors performed the best among both of alignment-based
and alignment-free classifiers we tested. This classifier had the
highest accuracy (96.2%) and the lowest false negative rate
(3.0%), and should be useful for mining Cyt-b561 related proteins
from diverse plant genomes.

Index Terms—Cytochrome b561, partial least squares, support
vector machines, profile hidden Markov model.

I. INTRODUCTION

Cytochrome b561 (Cyt-b561) proteins are important in plants
because they transfer electrons from a soluble cytoplasmic
donor (ascorbate) across a membrane bilayer to a soluble in-
travesicular acceptor (semidehydroascorbate). In plants, ascor-
bate plays a role in antioxidative defense reactions [3], and
the regeneration of ascorbate can be made possible by the
transportation of electrons by Cyt-b561. Verelst and Asard
[26] also reported that dopamine-3-hydroxylase Cyt-b561 is
involved in catecholamine action in plants, which is important
for plant growth and development. Furthermore, Cyt-b561
proteins prevent plants from damage due to excess light under
drought condition [19].

Cyt-b561 is a protein family with four well-conserved
histidine (His) residues and six transmembrane helices. The
four conserved His residues possibly coordinate two heme
molecules. Furthermore, substrate-binding sites for ascorbate
and monodehydro-ascorbate (MDHA) have been predicted [3].
The average length of Cyt-b561 proteins is 237 amino acids

(aa). In addition to these single-domain Cyt-b561s (those with-
out any additional functional domains), some multiple-domain
proteins have sequence regions similar to Cyt-b561 (Cyt-
b561 domains) linked to other domains such as dopamine-
hydroxylase [26], cellulose dehydrogenase, carbohydrate bind-
ing protein, protein of unknown function (DUF569), and
cobalamin domains. These different domains are considered
to add functions by cooperatively working with the Cyt-b561
domain. The length of multiple-domain Cyt-b561 proteins
varies and their average length is 511 aa. The sequence
identities among these Cyt-b561 protein/domain sequences are
as low as 30% [27] reflecting their functional diversity.
Because of their low sequence similarity, these protein
sequences are not easy to be aligned, hence making them
more difficult to be identified from diverse plant genomes. In
the current release of InterPro database (Release 17.0; [18]),
193 Cyt-b561 sequences (including both single and multiple-
domain proteins) are identified from 22 plant species. The
majority of plants are represented by very small numbers
of Cyt-b561 proteins: e.g., one single-domain Cyt-b561 for
maize (Zea mays) and none for soybean (Glycine max). On the
other hand, twenty two (seven single-domain and 15 multiple-
domain) Cyt-b561 protein sequences are known from the
A. thaliana genome and twenty three (eight single-domain
and 15 multiple-domain) are identified from the grapevine
(Vitis vinifera) genome. While there is a possibility that those
plants have fewer Cyt-b561 related proteins compared to
Arabidopsis and grapevine, it is more likely that currently
often used methods are not capable of efficiently identifying
these proteins from newly sequenced plant genomes because
of low sequence similarities among these protein sequences.
The majority of currently used methods for protein classi-
cation require building alignments. Using multivariate anal-
ysis methods on various amino acid properties avoids this
alignment-building process. Such alignment-free methods can
be sensitive for remotely similar protein identification such
as for Cyt-b561 related proteins where reliable alignments
are difficult. Another advantage of using multivariate analysis
methods is that they use both positive (protein of interest)
and negative (unrelated protein) samples in their training.
Alignment-based methods like PSI-BLAST and profile hidden
Markov models (profile HMMs; used in, e.g., Pfam database;
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[4]), on the other hand, are trained using only positive samples
since unrelated proteins cannot be included in the model
alignments.

Several studies have previously compared the performance
of profile HMMs with alignment-free methods for protein
classifications. Karchin et al., [12] used support vector ma-
chines (SVMs) with the Fisher kernel for classifying G-protein
coupled receptor (GPCR) subfamilies and reported better per-
formance than profile HMMs. Liao and Noble [16] used SVMs
with descriptors based on pairwise similarity scores, which
also performed better than profile HMMs for discriminating
SCOP protein families [2]. Better performance than profile
HMMs was further shown with GPCR classifiers based on
parametric and non-parametric discriminant functions [14],
[17]. Various alignment-free descriptors and kernels have
been successfully used with superior performance especially
for identifying remotely similar protein families. Examples
include: mismatch string kernel [15]; dipeptide composition
used with SVMs [5]; n-gram frequencies used with decision
tree and nave Bayes classifiers [7]; and self-organizing maps
[22].

In Opiyo and Moriyama [20], we tested partial least squares
regression (PLS) methods using phyisco-chemical properties
of amino acids for identifying Cyt-b561 proteins from short
expressed sequence tags (ESTs) derived from the A. thaliana
genome. The PLS methods successfully identified Cyt-b561
EST sequences that profile HMMs and PSI-BLAST could
not identify. In our more recent study [21], we used PLS
classifiers for identification of single-domain and multiple-
domain cyclophilins from the Arabidopsis and rice genomes.
PLS classifiers again performed better than profile HMMs and
PSI-BLAST. In this study, our objective is to further examine
PLS multivariate classifiers for identifying Cyt-b561 related
proteins and to mine these proteins from diverse plant genomes
(A. thaliana, grapevine, soybean, and maize).

II. MATERIALS AND METHODS
A. Datasets

Three hundred and thirty Cyt-b561 sequences (170 from
plants, 130 from animals, 30 from fungi) were downloaded
from InterPro (Release 17.0; [18]). Table I shows the number
of sequences from plants, animals, and fungi included in our
Cyt-b561 datasets. Two hundred thirty sequences were single-
domain Cyt-b561 (100 from plants, 110 from animals, and 20
from fungi), and one hundred sequences were multiple-domain
Cyt-b561 (70 from plants, 20 from animals, and 10 from
fungi). Plant sequence data included all Cyt-b561 proteins
from the A. thaliana and grapevine genomes. Other plant
species included maize, rice, watermelon, banana, sugar beet,
etc.

In order to search sequences similar to Cyt-b561 both from
single and multiple domain proteins, we used all 330 Cyt-b561
protein sequences in the positive dataset including both of
single-domain Cyt-b561 proteins as well as Cyt-b561-domain
regions from multiple-domain proteins. Three hundred and
thirty Non-Cyt-b561 proteins longer than 100 amino acids
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were randomly sampled from Swiss-prot database [6] and used
as the negative samples.

Cyt-b561 related proteins were mined from four plant
genomes. Their entire protein sequences were downloaded
from the following sources:
e Arabidopsis thaliana: 32,756 proteins from
the release 8 (April, 2008) of The Arabidop-
Sis Information Resource (TAIR) database
(ftp://ftp.arabidopsis.org/home/tair/Sequences/datasets)

e Vitis vinifera (grapevine): 30434 proteins from the
release 1 (October, 2007) of the Genoscope database
(http://www.genoscope .cns.fr/externe/Download/Projets/).

e Glycine max (soybean): 62,877 proteins from the re-
lease 3 (September, 2007) of the Phytozome database
(ftp://ftp jgipsf.org/pub/JGI_data/Glycine_max/).

e Zea mays (maize): 137,000 proteins from the re-
lease October, 2007 of the MaizeSequence database
(http://ftp.maizesequence.org/20071003/).

TABLE I
NUMBERS OF CYTOCHROME B561 SEQUENCES USED IN THIS
STUDY
Organisms Single-domain Cyt-b561  Multiple-domain
Cyt-b561
Plants (22 species)
A.thaliana 7 15
Grapevine 8 15
Maize 1 0
Others 84 40
Animal (18 species) 110 20
Fungi (14 species) 20 10

B. Training classifiers

For alignment-based classifiers (profile HMMs and PSI-
BLAST), only positive (Cyt-b561) samples were included in
the training datasets. For alignment-free classifiers, both of
positive and negative samples were used for training. For
mining the plant genomes, the entire 660 sequences were used
for training classifiers. As mentioned above, only 330 positive
sequences were used for training alignment-based classifiers.

C. Sequence descriptors used for alignment-free classifiers

1) Amino acid composition: From each protein sequence,
frequencies of 20 amino acids were calculated. Strope and
Moriyama [24] applied SVMs with amino acid composition
for G-protein coupled receptor (GPCR) classification prob-
lems, and showed that such classifiers outperformed profile
HMMs and decision trees classifiers for discriminating GPCRs
from non-GPCRs. In this study, amino acid composition was
used as descriptors for an SVM classifier (SVM-AA).

2) Dipeptide composition: Dipeptide composition repre-
sents all 400 frequencies of consecutive amino acid pairs
in a protein sequence and corresponds to a 400 (20 X 20)
feature vector. It can encapsulate information on composition
of amino acids as well as their local order. We used dipeptide
composition as descriptors for an SVM classsifier (SVM-DIP).



3) Physico-chemical properties of amino acids: In Opiyo
and Moriyama [20], we developed five descriptors (PC1-PC5)
using the principal component analysis (PCA) for 12 physico-
chemical properties of amino acids (mass, volume, surface
area, hydrophilicity, hydrophobicity, isoelectric point, transfer
of energy solvent to water, refractivity, non-polar surface area,
and frequencies of alpha-helix, beta-sheet, and reverse turn).
The five principal components (PCs) selected explained 93.2%
of the total variance. The first principal component (PC1)
covered 40.4% of the total variance of the original 12 physico-
chemical properties. It represented all properties except iso-
electric point and non-polar surface. PC2 (28% of the total
variance) had negative relationships with the hydrophobicity
properties. PC3 and PC5 had 15% of the combined total
variance and represented secondary structure properties. PC4
(8.9% of the total variance) represented isoelectric point and
volume. We used the same five descriptors in Opiyo and
Moriyama [21] for classifying cyclophilin proteins. The same
descriptors were used in this study with PLS and SVM
classifiers.

4) Auto/cross  covariance (ACC) transformation:
Auto/cross  covariance (ACC) transformation method
discussed in Opiyo and Moriyama [20] was used to
transform each amino acid sequence using the five physico-
chemical property based descriptor set (PC1-PC5). ACC with
the maximum lag of 30 residues yielded 775 descriptors for
each sequence. The calculation of ACC was performed using
the R implementation (version 2.60; [23]).

5) Selection of important descriptors: In Opiyo and
Moriyama [20], we reported that the PLS classifier using
descriptors transformed by ACC had high false positive rates.
Our subsequent study showed that reducing the number of
descriptors (690 for single-domain and 647 for multiple-
domain cyclophilins) by selecting significant descriptors by
the t-test decreased the number of false positives [21]. In
this study, similarly, the t-test was used to select descrip-
tors that showed significant difference between Cyt-b561
and Non-Cyt-b561 in training datasets at the alpha level of
0.01. From the 775 ACC descriptors, 459 were selected.
These descriptors are available in Supplementary Table 1 at:
http://bioinfolab.unl.edu/emlab/Cyt-b561/

D. Classifiers

1) Partial least squares (PLS): Partial least squares (PLS;
[10]) is a projection method similar to PCA where the indepen-
dent variables, represented as the matrix X, are projected onto
a low dimensional space. PLS uses both independent variables
X (sequence descriptors such as amino acid composition)
and dependent variables Y (positive or negative label). PLS
using descriptors transformed by ACC (PLS-ACC) was used
for GPCR and cyclophilin classifications [20], [21]. As in
[21], we also included PLS with ACC descriptors selected
by the t-test (PLS-T_ACC). The cut-off point for PLS-T_ACC
classification was chosen as 0.562 based on the minimum error
point (MEP; [12]). PLS analysis was performed using an R

implementation, the PLS package developed by Wehrens and
Mevik [28].

2) Support vector machines (SVMs): Support vector ma-
chines (SVMs; [25]) learn to separate a set of labeled training
data by remapping them in a high-dimensional space and by
discovering a hyperplane that separates the two classes in
this space. The hyperplane is optimized in such a way that
the distance, called margin, between the hyperplane and the
closest training example is maximized. Support vectors are
those data points that define the margin. Once the hyperplane
is found, predicting the label of a new, unlabeled data point
involves determining on which side of the hyperplane that
point lies. SVMs use kernel functions to represent data. The
kernel function defines similarities between remapped data
points. We used the most popularly used function, the radial
basis kernel, represented by the equation (1) [8]:

K(x,y) = e—"/l\ﬂﬂ—yll2 1)

where x and y are input vectors, and 7 is a parameter. In
this study, SVMs were used with the following descriptors:
five physico-chemical property based descriptors selected by
t-test after ACC transformation (SVM-T_ACC), amino acid
composition (SVM-AA), and dipeptide composition (SVM-
DIP). One advantage of SVMs is that it can be used to
classify linearly separable data as well as nonlinearly separable
data. This is because SVMs employ kernel functions. One
disadvantage of SVMs, on the other hand, is that their perfor-
mance is closely tied to the choice of optimal kernel function
parameters. We performed the grid-search of the optimal set
of parameters for the radial basis kernel function with 10-fold
cross-validation analysis using the training dataset (including
330 Cyt-b561 and 330 Non-Cyt-b561). Table II shows the
results of the selected optimal parameters for the radial ba-
sis kernel functions used with SVM-T_ACC, SVM-AA, and
SVM-DIP. SVM-T_ACC had the lowest error rate (3.8%).
All SVM analyses were performed using R implementation
(version 2.60: http//www.R-project.org).

TABLE 11
THE OPTIMAL PARAMETERS CHOSEN FOR THE KERNEL
FUNCTIONS USED WITH SVM CLASSIFIERS

Classifiers Parameters® % Error?
SVM-T_ACC ~ =0.0032,C = 1.45 3.80

SVM-AA v = 0.0640, C = 3.44 5.20

SVM-Dip ~v = 0.0065, C = 2.12 6.20

@~ = gamma parameter; C = regularization cost parameter
Y% Error based on 10-fold cross-validation analysis

3) PSI-BLAST: In the regular use of PSI-BLAST [1],
position-specific scoring matrices (PSSMs) are built from
multiple alignments of significantly similar sequences obtained
by similarity search. In this study, multiple alignments of
positive (Cyt-b561) sequences were generated using Mafft
version 6.5 [13] with the default parameters. This multiple
alignments were used to build the PSSMs and for the search.
The cut-off E-value of 1.12 was obtained using MEP. For
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the E-value calculations, regardless of the actual dataset size,
a constant sample size of 137,000 (based on the number
of predicted proteins in the maize genome) was used for
performance comparisons.

4) Profile hidden Markov models (HMMs): Profile HMMs
are full probabilistic representation of sequence profiles [9]. As
mentioned before, profile HMMs are built using only positive
samples as is the case with PSI-BLAST. In this study, profile
HMMs were built using the w0.5 script of the Sequence
Alignment and Modeling Software System (SAM version 3.5;
[11]). The cut-off E-value of 1.8 was obtained based on the
MEP. The E-values were also calculated using the constant
sample size of 137,000.

E. Performance analysis

Ten-fold cross-validation analysis was done for examining
classifier performance. The 330 positive (Cyt-b561) sequences
were randomly partitioned into 10 subsamples. The same
procedure was applied to the 330 negative (Non-Cyt-b561)
sequences. Combining positive and negative data, each sub-
sample dataset included 66 sequences. Of the 10 subsamples,
a single subsample was retained as the validation dataset
for testing the classifiers, and the remaining 9 subsamples
were used for training. The cross-validation process was then
repeated, with each of the 10 subsamples being used exactly
once as the validation data. The ten testing results were
combined to calculate performance statistics. The advantage
of this method is that all samples were used for both training
and validation.

Prediction results are grouped as follows:
e True positives (TP): the number of actual Cyt-b561 proteins
predicted as Cyt-b561 proteins.
e False positives (FP): the number of actual Non-Cyt-b561
proteins predicted as Cyt-b561 proteins.
e True negatives (TN): the number of actual Non-Cyt-b561
proteins predicted as Non-Cyt-b561 proteins.
e False negatives (FN): the number of actual Cyt-b561 pro-
teins predicted as Non-Cyt-b561 proteins.

Performance statistics are calculated as follows:
e Accuracy = (TP + TN)/(TP +TN + FP + FN).
e False positive rate = FP/(FP + TN).
o False negative rate = FN/(FN + TP).
e Mathews correlation coefficient (MCC) = (TP x TN - FP x
FN) /{(TP + EN) (TP + FP) (TN + FP) (TN +FN)}!/2

III. RESULTS AND DISCUSSION
A. Classifier performance

Table III shows the classification test results of Cyt-b561
proteins from ten-fold cross validation analysis. PLS-T_ACC
and SVM-T_ACC outperformed other classifiers as indicated
by their higher accuracy rates and higher MCC values. The
false positive rate of PLS-T_ACC was the lowest among
the four alignment-free classifiers. While SAM and PSI-
BLAST had lower false positive rates than alignment-free
classifiers, these two classifiers showed much higher false
negative rates. Tables IV and V show the classification test
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results for single-domain and multiple-domain Cyt-b561 pro-
teins separately. The results show that the classifiers performed
consistently for both single- and multiple-domain Cyt-b561
classifications. Difference in performance is more pronounced
for multiple-domain Cyt-b561 classification with much higher
false negative rates with SAM and PSI-BLAST, likely due to
higher sequence divergence among multiple-domain Cyt-b561
sequences.

TABLE I
CLASSIFIER PERFORMANCE ON CYTOCHROME B561
IDENTIFICATION
Classifiers Y% Accuracy  %False 9oFalse 9%MCC
positive negative
PLS-T_ACC 96.2 4.5 3.0 0.92
SVM-T_ACC 95.5 6.1 3.0 0.90
SVM-AA 93.6 7.8 4.8 0.87
SVM-DIP 92.4 9.6 5.4 0.85
SAM 93.5 24 10.6 0.87
PSI-BLAST 92.7 2.4 12.1 0.86
TABLE IV

CLASSIFIER PERFORMANCE ON SINGLE-DOMAIN
CYTOCHROME B561 IDENTIFICATION

Classifiers 9% Accuracy  %False 9oFalse 9%MCC
positive negative
PLS-T_ACC 97.3 2.6 2.6 0.94
SVM-T_ACC 96.9 4.3 1.7 0.93
SVM-AA 95.2 5.6 3.9 0.90
SVM-DIP 94.3 9.6 5.4 0.89
SAM 95.8 1.7 6.5 0.91
PSI-BLAST 95.8 1.7 6.5 0.91
TABLE V

CLASSIFIER PERFORMANCE ON MULTIPLE-DOMAIN
CYTOCHROME B561 IDENTIFICATION

Classifiers Y% Accuracy  %False 9oFalse P%oMCC
positive negative

PLS-T_ACC 94.0 6.0 3.6 0.88
SVM-T_ACC 93.0 10.0 4.0 0.86
SVM-AA 89.0 13.0 9.0 0.79
SVM-DIP 87.0 16.0 10.0 0.74
SAM 90.0 4.0 15.0 0.81
PSI-BLAST 88.0 4.0 20.0 0.77

Figure 1 shows the numbers of true positives identified
by the two best alignment-free classifiers (PLS-T_ACC and
SVM-T_ACC) and the two alignment-based classifiers (PSI-
BLAST and SAM). The majority of the positive sequences
(290 of 330) were correctly identified by all four classifiers.
Most of these 290 sequences were animal Cyt-b561 proteins.
Forty six other Cyt-b561 proteins, mostly from plants, were
identified only by PLS-T_ACC and/or SVM-T_ACC. PLS-
T_ACC and SVM-T_ACC had higher false positive rates than
SAM and PSI-BLAST. As shown in Figure 2, four Non-
Cyt-b561 sequences were commonly identified by all four
classifiers as false positives. Three of these four sequences



in fact included DOH (or DOMON) domains. It would be
interesting to see if these sequences contain unannotated
regions weakly similar to Cyt-b561 sequences.

SVM-T_ACC had the highest number of false positives that
were not misidentified by any other classifiers. As shown in
Figure 3, PLS-T_ACC and SVM-T_ACC missed the same
ten Cyt-b56 sequences (six from plants, two from animals
and two from fungi). All four classifiers misidentified five of
these ten Cyt-b561 proteins. Four of these five were multiple-
domain Cyt-b561 (three from plants and one from fungi),
and one was a plant single-domain Cyt-b561. PSI-BLAST
and SAM missed commonly 24 other Cyt-b561 sequences.
Most of them were multiple-domain Cyt-b561 from plants.
Selection of significant and reduced numbers of descriptors
after ACC transformation appeared to have contributed to
higher accuracy and higher MCC values observed in PLS-
T_ACC and SVM-T_ACC classifiers. It did not affect the
sensitivity of the two classifiers as shown by low % false
negative in classifying Cyt-b561 proteins. SVMs trained using
amino acid and dipeptide compositions missed some of the
Cyt-b561 proteins as indicated by higher false negative rates
compared to PLS-T_ACC and SVM-T_ACC. These results
indicate that reduced ACC descriptors are better for classifying
Cyt-b561 proteins compared to amino acid and dipeptide
compositions.

All classifiers performed better in identifying Cyt-b561
sequences from animals. SAM and PSI-BLAST missed most
of the multiple-domain Cyt-b561 proteins from plants. This
can be explained by higher divergence among plant Cyt-
b561 proteins especially among multiple-domain Cyt-b561
proteins. Sequence identity of Cty-b561 proteins among plants
compared to that among animals is lower (22% among plant
proteins vs. 35% among animals proteins). This observation
is consistent with Cyt-b561 proteins in plants being mostly in
multiple-domain forms while animal Cyt-b561 being single-
domain proteins. For example, in the mouse genome, there are
eleven single-domain Cyt-b561 proteins and a single multiple-
domain protein, and in the human genome, there are six
multiple-domain Cyt-b561 proteins and a single multiple-
domain Cyt-b561 (based on InterPro release 17.0). On the
other hand, there are seven single-domain and fifteen multiple-
domain Cyt-b561s in Arabidopsis, and eight single-domain
and fifteen multiple-domain Cyt-b561s found in the grapevine
genome. It indicates that the alignment-based classifiers, SAM
and PSI-BLAST, would miss many Cyt-b561 proteins from
plants.

B. Cyt-b561 mining from plant genomes

We used the two best alignment-free classifiers (PLS-T_ACC
and SVM-T_ACC) as well as the two alignment-based meth-
ods (SAM and PSI-BLAST) to mine Cyt-b561 proteins from
four plant genomes. Table VI summarizes the results. From the
A. thaliana genome, PLS-T_ACC and SVM-T_ACC predicted
311 and 672 proteins as Cyt-b561 proteins, respectively, while
SAM and PSI-BLAST predicted 37 and 29 sequences, re-
spectively, as Cyt-b561 proteins. Twenty four sequences were

PLS-T_ACC SVM-T_ACC

o\
KD
&

PSI-BLAST SAM

Fig. 1. The number of true positives by PLS-T_ACC, SVM-T_ACC, SAM,
and PSI-BLAST.

PLS-T_ACC SVM-T_ACC

ey
G
854

PSI-BLAST SAM

Fig. 2. The number of false positives by PLS-T_ACC, SVM-T_ACC, SAM,
and PSI-BLAST.

PLS-T_ACC SVM-T_ACC

PSI-BLAST SAM

Fig. 3. The number of false negatives by PLS-T_ACC, SVM-T_ACC, SAM,
and PSI-BLAST.

predicted as Cyt-b561 proteins from the A. thaliana genome
by all the four classifiers. It includes all 22 Cyt-b561 proteins
identified in InterPro and the five Cyt-b561 proteins annotated
in the Arabidopsis genome.

From the grapevine, maize, and soybean genomes, the
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TABLE VI
THE NUMBER OF PREDICTED CYTOCHROME B561 FROM THE FOUR PLANT GENOMES

Genomes®  InterPro® PLS-T_ACC? SVM-T_ACC ® SAMP PSI-BLAST?
Athaliana 22 (5) 311 (22) 672 (22) 37 (22) 29 (22)
Grapevine 23 (0) 218 (22) 411 (22) 42 (22) 34 (22)
Maize 1 (0) 200 (1) 527 (1) 54 (1) 25 (1)
Soybean 0 (0) 312 (0) 432 (0) 25 (0) 27 (0)

“The numbers of Cyt-b561 proteins identified in InterPro (release 17.0, March 2008; IPR006593). The numbers of Cyt-b561 proteins annotated in each
genome project are shown in parentheses
bThe numbers of Cyt-b561 proteins predicted by each classifier; those also identified in InterPro and/or genome projects are shown in parentheses

numbers of Cyt-b561 protein candidates identified were
comparative to those from the Arabidopsis genome for all
four classifiers (Table VI). This implies that even though
very few number of Cyt-b561 proteins are currently known
from many plants, more Cyt-b561 proteins are yet to be
identified. Supplementary Tables III, IV, and V present all
proteins identified by the four classifiers from grapevine,
maize and soybean genomes, respectively (available at:
http://bioinfolab.unl.edu/emlab/Cyt-b561/).

As expected, SAM and PSI-BLAST identified fewer Cyt-
b561 proteins from all genomes. PLS-T_ACC identified fewer
Cyt-b561 proteins from all genomes compared to SVM-
T_ACC. Based on our performance test results, It is likely that
some of the Cyt-b561 proteins identified by SVM-T_ACC are
false positives. Although PLS-T_ACC prediction would also
include false positives, this classifier as well as SVM-T_ACC
should miss much fewer true positives compared to SAM and
PSI-BLAST.

IV. CONCLUSIONS

In this study, we showed that alignment-based methods, SAM
and PSI-BLAST, are too conservative when they are used to
search highly divergent proteins as Cyt-b561. We also showed
that reduced ACC descriptors are better than amino acid com-
position as well as dipeptide composition for identifying Cyt-
b561 proteins. In conclusion, PLS-T_ACC classifier will be
useful for identifying new Cyt-b561 candidates from diverse
plant genomes as they become available.
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