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Advancing the Accuracy of Protein Fold Recognition
by Utilizing Profiles From Hidden Markov Models

James Lyons, Abdollah Dehzangi*, Rhys Heffernan, Yuedong Yang*, Yaoqi Zhou, Alok Sharma, and Kuldip Paliwal*

Abstract—Protein fold recognition is an important step towards
solvingprotein functionand tertiary structurepredictionproblems.
Among a wide range of approaches proposed to solve this problem,
pattern recognitionbased techniques have achieved the best results.
Themost effective pattern recognition-based techniques for solving
this problemhavebeen based on extracting evolutionary-based fea-
tures.Most studies have reliedon thePosition SpecificScoringMatrix
(PSSM) to extract these features. However it is known that pro-
file-profile sequence alignment techniques can identifymore remote
homologs than sequence-profile approaches likePSIBLAST. In this
studyweuseaprofile-profile sequencealignment technique, namely
HHblits, to extractHMMprofiles.Wewill showthatunlikeprevious
studies, using the HMMprofile to extract evolutionary information
can significantly enhance the protein fold prediction accuracy. We
develop a new pattern recognition based system called HMMFold
which extractsHMMbased evolutionary information and captures
remote homology information better than previous studies. Using
HMMFold we achieve up to 93.8% and 86.0% prediction accura-
cieswhen the sequential similarity rates are less than40%and25%,
respectively. These results are up to 10% better than previously
reported results for this task. Our results show significant enhance-
ment especially for benchmarks with sequential similarity as low
as 25% which highlights the effectiveness of HMMFold to address
this problem and its superiority over previously proposed ap-
proaches found in the literature. The HMMFold is available online
at: http://sparks-lab.org/pmwiki/download/index.php?Download
=HMMFold.tar.bz2
Index Terms—Evolutionary-based features, HMM profile,

HMMFold, protein fold recognition, PSSM profile, support vector
machine (SVM).

I. INTRODUCTION

T HE FUNCTION of a protein in biological interactions
is dependent on its three-dimensional structure. Protein

Fold Recognition (PFR) is an important step towards protein
structure and function prediction. PFR is defined as assigning a
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given protein sequence to a fold that contains proteins with sim-
ilar general three-dimensional configuration. It has been shown
that proteins belonging to the same fold have similar function
in biological interactions [1]. The number of folds is not infinite
and it is estimated to be less than two thousand. Currently, ac-
cording to the latest version of Structural Classification of Pro-
tein (SCOP) Data Bank, in total less than 1400 folds have been
identified [2]. Hence, we can relate new proteins to known pro-
teins based on the fold relationship. The general three-dimen-
sional configuration of proteins facilitates the process of protein
structure prediction for template-based techniques and also pro-
vides important information about the function of the proteins.
In the last two decades, a wide range of computational ap-

proaches have been proposed to address this problem. Among
these approaches, the pattern recognition-based techniques have
achieved promising results. PFR can be defined as solving a
multiclass classification task where its performance relies on
features as well as the classification technique being used [3].
The most important factor to enhance protein fold prediction
accuracy using pattern recognition-based system is to extract
highly discriminative features that effectively represent protein
sequences. Early studies mainly focused on the alphabetic se-
quence of proteins for feature extraction [1]. They mainly ex-
tracted features based on how amino acids are distributed along
the protein sequence (e.g., occurrence and composition of the
amino acids, etc.). However, these features are not able to pro-
vide any information about the physicochemical or evolutionary
information of the protein sequence. Later, new effective se-
quence based feature extraction techniques were proposed to
extract more discriminatory information from the interaction of
neighboring amino acids. Two of the most effective techniques
are dipeptide and tripeptide features. Dipeptides and tripeptides
represent the interaction of two and three neighboring amino
acids along the protein sequence, respectively. These feature
groups have been effectively used to extract local discrimina-
tory information [4]–[10].
Later studies shifted their focus to extract features from the

physicochemical properties of the amino acids [5], [10]–[12].
Despite providing better understanding about the interaction of
the amino acids and their properties, they have not been able to
enhance the protein fold prediction accuracy significantly better
than using sequence-based features [13].
More recent studies have shifted their focus to evolutionary

information for feature extraction and significantly enhanced
the protein fold prediction accuracy compared to previous
studies [14]–[16]. To extract these features, most authors have
relied on Position Specific Scoring Matrices (PSSM) for feature
extraction. The PSSM is a sequence profile that is extracted
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from PSIBLAST [17]. For a given protein sequence, PSI-
BLAST searches a protein data bank, finds the highly similar
protein sequences and extracts a profile that provides the sub-
stitution probabilities of each amino acid based on its position
with other amino acids which is called the PSSM. In this way,
they are able to provide important discriminatory information
based on investigating highly similar and evolutionary related
proteins. The PSSM has been shown to be an important source
of information for feature extraction in many problems in
protein science [18], [19]. In fact, to the best of our knowledge,
the most promising results for the PFR have been achieved by
using the PSSM for feature extraction [20]–[23]. For example,
in the Yang et al. [21] and Paliwal et al. [24] that reported the
best results for the PFR, PSSM was directly used to extract
evolutionary information and also used indirectly to extract
structural information (using predicted secondary structure
from SPINE-X [25] or PSIPRED [26], respectively which in
turn use PSSM for their predictions).
As explained in [17], [18], [27]–[29] studies, PSIBLASTfinds

highly similar protein sequences to build the PSSM sequence
profile. Therefore, it is sensitive in detecting highly similar se-
quences. That is why using this method for problems that rely on
finding very similar homologies is so effective [25]. However,
it is unable to detect remote homology similarities effectively,
while the PFRproblem, especiallywhen the sequential similarity
rate is very low, is considered as a remote homology detection
problem [30]–[32]. Therefore, using alternative techniques that
are able to detect remote homologous sequences should be more
effective than PSIBLAST. To investigate this hypothesis, in-
stead of PSSM,we use another remote homology detection tech-
nique to extract evolutionary information.
In this study, we use HHblits to produce a HMM profile [28].

The HMM profile has been shown to be a more effective ap-
proach for remote homology detection compared to PSSM [18],
[28], [29]. To the best of our knowledge, the evolutionary based
profile extracted using a remote homology detection technique
has not been explored for the PFR or similar studies (e.g., pro-
tein structural class or subcellular localization prediction prob-
lems). We develop the HMMFold method that extracts n-gram
feature groups from the HMM-profile to solve the PFR.We then
apply SVM to these features as the state-of-the-art classifica-
tion technique for the PFR. We investigate the effectiveness of
HMMFold on three of the most popular benchmarks used for
the PFR namely DD, EDD, and TG benchmarks and achieve to
81%, 93%, and 86% prediction accuracies, respectively, which
are up to 10% better than previously used techniques [22], [24].
We also, for the first time, achieve over 85% prediction accu-
racy for the PFR when the sequential similarity rate is below
25% (for the TG benchmark). Our promising results propose
a new direction for extracting highly discriminatory features
using evolutionary information utilizing remote homology de-
tection techniques.

II. MATERIALS AND METHODS

A. Benchmarks
We will use three popular benchmarks that have been widely

used to evaluate different techniques for protein fold recogni-
tion namely, DD, EDD, and TG [21], [33]–[35]. This enables

us to directly compare our results with a wide range of studies
as well as the state-of-the-art techniques used for the PFR in the
literature.
The DD benchmark was extracted by Ding and Dubchak in

2001 [10] from the Structural Classification of Proteins (SCOP)
version 1.63. This data set originally consisted of 311 proteins
in its training set with less than 40% sequential similarity and
383 proteins with less than 35% sequential similarity in the test
set. These proteins belong to 27 folds. To conduct a more re-
liable experiment and to produce more statistically significant
prediction results, later studies combined these two sets and
used the 10-fold cross validation evaluation method. Hence, the
new benchmark consists of 694 samples.
We also use the Extended Ding and Dubchak (EDD) dataset.

We extract this benchmark from the SCOP (version 1.75) which
contains more proteins [36]. This benchmark consists of 3418
proteins with less than 40% sequential similarity belonging to
the same 27 folds as used in DD. This benchmark is extracted
to incorporate the latest changes to SCOP and to use new pro-
teins that have been added to this protein data bank [37]. Re-
cent studies have used this benchmark as the main benchmark
to compare their prediction results for the PFRwhen the sequen-
tial similarity rate is below 40%.
The third benchmark that we used is called the TG bench-

mark and extracted by Taguchi and Gromiha from the SCOP
version 1.73 [13]. This benchmark consists of 1612 proteins
with less than 25% sequential similarity belonging to 30 folds.
This benchmark is used as the main benchmark to investigate
the performance of protein fold recognition when the sequen-
tial similarity rate is below 25%.
In addition to these three benchmarks, we use the Lindahl

benchmark to compare our proposed method with template-
based threading methods [38]. This benchmark consist of 976
proteins with the sequential similarity rate of less than 40%.

B. Feature Extraction Methods

In this study, we extract monogram, bigram, and trigram fea-
ture groups. These three feature groups have been shown to be
effective features for capturing local discriminatory information
from the evolutionary profile using the PSSM. These three fea-
ture groups have been previously extracted from the protein se-
quence as well and attained good results [4], [5], [7], [8], [15].
For protein sequence, monogram features have been widely re-
ferred as occurrence of the amino acids feature group while bi-
gram and trigram referred to as dipeptides and tripeptides. How-
ever, as it was shown in [22]–[24], [39], extracting these feature
groups directly from the PSSM significantly enhanced the pro-
tein fold prediction accuracy compared to extracting these fea-
tures from the protein sequence. The best results reported for
protein fold recognition has been achieved by extracting evo-
lutionary information using trigrams from the PSSM as well as
using a combination of bigrams using evolutionary and struc-
tural profiles extracted directly and indirectly from the PSSM
(extracting structural information using SPINE-X which also
uses the PSSM for its prediction) [22]–[24].
We extract monogram, bigram, and trigram features from the

HMM profile. The HMM profile is calculated by applying HH-
blits with its cut off value is set to 0.001 on our explored
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benchmark (using the latest version of Uniprot20 protein data
base which was updated in 2013) in four iterations [28], [40].
Given a protein sequence, the HMM profile produces an
matrix where is the length of protein sequence. The values
output by HHblits in the HMM profile are converted to linear
probabilities using the formula where N is the
probability number from the profile. The first 20 columns rep-
resent the substitution probability of the amino acids along its
sequence, based on their position, with all 20 amino acids. The
next 10 columns represent the probability of three states that are
defined in HHblits to represents the changes in the sequences
namely, insertion (I), deletion (D), and match (M). Comparing
two sequences to find the alignment based on the HMM-pro-
files, insertion refers to the case that an amino acid is appended
in a specific position in the sequence, deletion refers to the case
that an amino acid is removed from a specific position in the
sequence and match refers to the case that an exact match is de-
tected [30], [31], [41]. The first seven rows provided the proba-
bility of changes between these tree stages (M - M, M - I, M
- D, I - I, I - M, D - D, D - M). The other three columns
refers to the number of each stage occurring in the alignment
process [28], [30].
We also produce the PSSM to extract n-gram features and

compare the effectiveness of extracting these features compared
to use of the HMM profile. We extract PSSM using the PSI-
BLAST tool on NCBI's non redundant (nr) database with a
cutoff value (E) of 0.001 in three iterations [17]. The output of
PSIBLAST produced two matrices: the linear substitution prob-
abilities and the log odds. Only the linear probabilities are used
in this work. To be able to directly compare the effectiveness of
the PSSM and the HMM profile for detecting remote homolo-
gies for protein fold recognition, we will extract our features
from the first 20 columns of the HMM-profile. This consists
of substitution probabilities of the amino acids that correspond
to the 20 columns of the PSSM. We will introduce the mono-
gram, bigram, and trigram features in the following subsections
in more detail.
1) Monogram Features: The monogram feature group ex-

tracted from the HMM is a global descriptor of the proteins as it
does not provide any information about the local interactions of
the amino acids along the proteins [11], [13]. Monogram feature
group is extracted as the global summation of the substitution
probabilities of a given amino acid with all the other amino acids
along the protein sequence.We calculate this feature as the sum-
mation of the substitution probabilities for the first 20 columns
of the HMM-profile. To compute monogram features from the
HMM profile, the following formula is used:

(1)

where is the length of the protein, and represents the
column of the row of the linear probabilities from the

HMM-profile [23]. In this manner, we extract monogram
feature group consisting of 20 features in total.
2) Bigram Features: The Bigram feature group provides in-

formation about the interaction of the neighboring amino acids

[39]. To extract this feature group from the HMM profile, the
following formula is used:

(2)

where , , is a 20 20matrix of features.
The 20 20 matrix is flattened into a length 400 vector which
forms the final feature for a given protein:

The bigram features can be interpreted as the likelihood of
two consecutive amino acids appearing along the protein se-
quence. Using the evolutionary profile to extract bigram fea-
tures has been shown to be an effective technique to reduce the
number of redundant features and at the same time to extract
important local evolutionary information for protein fold recog-
nition [22], [24], [39].
3) Trigram Features: Despite increasing the number of fea-

tures dramatically compared to the number of features extracted
using the bigram technique (400 bigrams compared to 8000 tri-
gram features), the trigrams is still an effective feature group for
protein fold recognition [23]. Similar to the bigram, to extract
the trigram feature group we consider the substitution proba-
bilities of consecutive amino acids. However, instead of con-
sidering two neighboring amino acids as in the bigram, for the
trigrams we calculate the expected occurrence of three consec-
utive amino acids. To compute the trigram features from the
HMM profile, the following formula is used:

(3)

where , , , is a
block of features. The matrix is flattened into
a length 8000 vector which forms the final feature for a given
protein:

As mentioned earlier, the trigram feature group has been
used successfully to represent local information from the
protein profile (PSSM) and attained promising results for pro-
tein fold recognition [23]. In fact, despite their simplicity, all
three n-gram techniques that are introduced here (monogram,
bigram, and trigram techniques) have been successfully used
to extract global and local discriminatory information from
the protein profile (PSSM) and are considered state-of-the-art
feature extraction techniques for protein fold recognition [7],
[13], [15], [22], [24], [39], [42].
Note that moving to higher n-grams is not practical as they

produce very large number of features (e.g., quadgrams produce
160 000 features for each protein) which is not feasible for large
protein data banks or when the number of samples are limited
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[11], [43]. As a result we limit ourselves to extracting trigram
features.

C. Support Vector Machines
During the past two decades, a wide range of classification

techniques, such as artificial neural networks (ANN) [4], [42],
Meta Classifiers [44], [45], K-nearest neighbor (KNN) [8], [46],
support vector machine (SVM) [20], [21], and Ensemble Classi-
fiers [43], [47] have been implemented and used for protein fold
recognition. However, the best results for this task is achieved
by using SVM classifiers [21]–[24].
SVM is considered a state-of-the-art machine learning and

pattern classification algorithm [48]. It has been extensively ap-
plied in classification and regression tasks. SVM aims to find a
maximum margin hyperplane to minimize classification error.
A function called the kernel is used to project the data
from input space to a new feature space. By using a nonlinear
projection, it allows for nonlinear decision boundaries [49].
The optimization problem solved by SVM is to find values of
that maximize :

(4)

subject to the conditions:

To classify a new point with class , the fol-
lowing equation is used:

(5)

where is the kernel function. Common kernel functions
include linear, polynomial, and radial basis function (RBF).
In this paper, we use the RBF kernel defined as:

. where is a tunable parameter.
We apply SVM to the DD, EDD and TG datasets as described

in Section III-A. In all of our experiments we use the SVM clas-
sifier with the RBF kernel. We use the implementation of SVM
from the libsvm library [50]. To provide general results and also
to avoid any over training, we have used the same values for
and parameters as they have used in [23]. They found these pa-
rameters ( and ) using grid search which
is also implemented in the libsvm package.
As the evaluation criterion, we use 10-fold cross validation to

be able to directly compare our results with previous studies as it
has been widely used in the literature [21], [24]. In 10-fold cross
validation technique, the data set is randomly divided into 10
mutually exclusive subsets. Then in 10 different experiments, 9
subsets are combined and used as training set and the remaining
subset is used as the test set. This process repeats until all 10
subsets are used exactly once as a testing subset. Then the results
of all the samples are averaged to produce the final prediction
performance. We conduct our experiments 10 times and report

TABLE I
THE RESULTS FOR MONOGRAM, BIGRAM, AND TRIGRAM FEATURES

EXTRACTED FROM THE ORIGINAL PROTEIN SEQUENCE AS WELL AS THE PSSM
AND HMM PROFILES. WE PRODUCED THE RESULTS WHEN USING THE 20
COLUMNS OF THE HMM CORRESPONDING TO THE 20 COLUMNS IN PSSM
AND WHEN USING ALL 30 COLUMNS OF THE HMM PROFILE (THE AVERAGE
PREDICTION ACCURACY OF USING 10 TIMES 10-FOLD CROSS VALIDATION)

the average prediction accuracy (using 10 times 10-fold cross
validation and averaging the results).

III. RESULTS AND DISCUSSION

A. Results
In the first step, we extract monogram, bigram, and trigram

features from the original protein sequence, from the PSSM,
and also from the HMM profiles. We extract features from
the HMM using its first 20 columns corresponding to the 20
columns of the PSSM and all its 30 columns. The results
achieved by applying an SVM classifier to these features for
the DD, EDD, and TG benchmarks are shown in Table I. As
shown in this table, the best results are achieved by applying
SVM to the monogram, bigram, and trigram feature groups
extracted from the HMM profile using its first 20 columns for
feature extraction. Note that we have used HMM profile with
all 30 columns but our results was not as good as using just
the first 20 columns of the HMM profile corresponding to the
20 column of the PSSM. When we tuned the parameters for
the SVM for HMM (30), our results was just slightly worst
than using HMM (20). However, when we used the same
parameters extracted for HMM (20), the results using HMM
(30) was much worse. The main reason can be because the
extra 10 columns of the HMM profile do not provide any
additional discriminatory information to its first 20 columns
for the protein fold recognition problem. While adding the next
10 columns, we increase the number of features dramatically
(using 20 columns of HMM, we extract
features in Trigram feature group instead of 8000 using first
20 columns). Therefore, we proceed our experiments using the
first 20 columns of the HMM profile for feature extraction.
For the rest of this study, we extract our features from the
first 20 columns of the HMM profile. Note that to maintain the
consistency of our experiments, we just report the results using
HMM (30) with the same parameters for the SVM classifier (
and ) used for HMM (20) in Table I.
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TABLE II
THE RESULTS (%) FOR NAIVE BAYES, BAYES NETWORK, KNN, SVM (WITH LINEAR KERNEL), AND RF (USING 10, 50, AND 100 BASE LEARNERS) FOR TRIGRAM

FEATURE VECTOR EXTRACTED FROM THE PSSM, AND HMM PROFILES FOR DD, EDD, AND TG BENCHMARKS

TABLE III
THE RESULTS ACHIEVED FOR EACH FOLD FOR THE DD BENCHMARK USING SVM ON THE TRIGRAM FEATURE GROUP EXTRACTED FROM THE PSSM AND HMM

PROFILE, RESPECTIVELY

We achieve 92.6%, and 93.8% prediction accuracies using bi-
gram and trigram feature groups extracted from the HMM pro-
file for the EDD benchmark which are 8.1% and 5.1% better

than extracting these feature groups from the PSSM profiles, re-
spectively [23], [39]. By achieving 93.8% prediction accuracy
for this benchmark, we enhance the protein fold prediction ac-
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TABLE IV
THE RESULTS ACHIEVED FOR EACH FOLD FOR THE EDD BENCHMARK USING SVM ON THE TRIGRAM FEATURE GROUP EXTRACTED FROM THE PSSM

AND HMM PROFILE, RESPECTIVELY

curacy by 3.2% when compared to the best results reported for
this benchmark [20]–[22], [24].
Our results for the DD and TG benchmarks are even more

promising. Using bigram and trigram feature groups extracted
from the HMM profile, we achieve 83.1% and 86.0% prediction
accuracies for the DD and TG benchmarks, respectively [21],
[23], [24]. To the best of our knowledge, it is the first time that
the protein fold prediction accuracy has reached over 80% pre-
diction accuracy for a benchmark with less than 25% sequential
similarity. Achieving 86.0% prediction accuracy for the PFR
when the sequential similarity is less than 25% is a great break-
through in solving this problem. This highlights the effective-
ness of using the HMM profile for feature extraction.
We also achieve 81.8% prediction accuracy for the DD

benchmark using the trigram feature group which is 7.2%
better than using trigram feature group extracted from the

PSSM. It is also the first time that we can achieve to over 80%
prediction accuracy (using 10-fold cross validation) for the DD
benchmark since the introduction of this benchmark in 2001 by
Ding and Dubchak [10].
To investigate the generality of the achieved enhancement

with respect to the classifier being used, we have used several of
the most popular classification techniques that have been widely
used in the literature.We use these classifiers for HMM-Trigram
and PSSM-Trigram feature groups and compared the results
[43], [51]–[54]. We used naive Bayes, Bayes network,K-nearest
neighbor (KNN), SVM (using linear kernel), andRandomForest
(RF) using three different numbers of base learners (10, 50, and
100). We used the implementation of these classifiers in WEKA
machine learning toolbox [55]. Except for RF that is used with
three different number of base learners, the default parameters of
the WEKA are used for other classifiers. We used RF with three
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TABLE V
THE RESULTS ACHIEVED FOR EACH FOLD FOR THE TG BENCHMARK USING SVM ON THE TRIGRAM FEATURE GROUP EXTRACTED FROM THE PSSM AND HMM

PROFILE, RESPECTIVELY

different base learners to investigate the impact of the number
of base learners on its prediction performance. Note that we
used SVM using linear kernel to investigate the impact of using
different kernel and compare its results using SVM with RBF
kernel. Our achieved results are shown in Table II.
As it is shown in Table II, for all our employed classifiers and

all three benchmarks (DD, EDD, and TG benchmark), using
Trigram feature vector extracted from HMM profile achieved
better results than extracting this feature vector from PSSM pro-

file. It highlights the effectiveness of using HMMprofile for fea-
ture extraction for PFR compared to PSSM profile regardless of
the classification technique being used. As it is shown in this
table, for the Random Forest classifier, increasing the number of
base learners from 10 to 50 significantly increases the prediction
performance. While the increase in prediction performance is
not as significant when we increase the number of base learners
from 50 to 100. It shows that increasing the number of base
learners for the Random Forest further than 100, we can not ex-
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pect significant prediction enhancement as it was discussed and
supported in Dehzangi et al. [44]. The best results among the
employed classifier is achieved by using SVM classifier using
linear kernel. It shows the superiority of SVM classifier with re-
spect to the features being used compared to the other employed
classifiers. Despite promising results achieved using SVM with
linear kernel, they are still lower than the results achieved by
using SVM with RBF kernel which shows the preference of
RBF kernel for this task.
We then produce results for each individual fold for the DD,

EDD, and TG benchmarks using SVM to the trigram feature
group extracted from these two profiles. It is done to provide
more information about the impact of using the HMM profile
compared to the use of PSSM to extract features. The results
are shown in Tables III–V. In these tables, the name of the folds
represented in each benchmark is shown in column two, the
number of samples in each fold is represented in column three,
and the results achieved for the trigram feature group extracted
from the PSSM and HMM profiles are shown in columns four
and five, respectively.
As it is shown in Table III, our results achieved using the

HMMprofile to extract trigram formost of the folds (except fold
number 26 “Ferredoxin-like”) is equal to or better than using
the PSSM for feature extraction. The same pattern is repeated
in Table IV with similar folds which highlight the consistency
of our achieved results with respect to the targeted folds. As it
is shown in Table V, our achieved enhancement with respect
to the folds is repeated here again and even more significant for
the TG benchmark. The results achieved using the HMM profile
compared to the PSSM profile to extract trigram feature group
shows the preference of HMM over PSSM for feature extrac-
tion for most of the folds (except fold number 29 “Knottins”).
It is also shown that using the HMM profile we achieve over
50% prediction accuracy for all the folds investigated in the TG
benchmark.

B. Comparison With Existing Methods
To be able to directly compare our results with the best results

reported in the literature, we have reproduced those results for
all the three benchmarks that we have used. This comparison is
provided in Table VI. Note that to be able to directly compare
our results with the results found in the literature, for DD bench-
mark, we divide this benchmark to train (311 samples) and test
(383) samples, and conducted our experiments. For the EDD,
and TG benchmark, we proceed with reporting our results using
the average result of 10 times 10-fold cross validation exper-
iments and reproduced previous results found in the literature
for those experiments. The features tested include the following:
PF1, PF2 (sequence based bigram features [42]), PF [8], O (Oc-
currence [13]), AAC (amino acid composition [10]),

(composition plus physicochemical features from 5 at-
tributes [10]). The previous 6 features are computed from the
original protein sequence, the same features are also computed
from the PSSM-based consensus sequence, these are prepended
with CONS- before the feature abbreviation. Finally, ACCfold
(Auto and cross covariance [20]), Bigram [39], PSSM-SPINE-S
[3], Trigrams [23], DTW [22] and k-AAP [24] are used.
As it is shown in this table and was highlighted in the

previous subsection, we significantly outperform previously

TABLE VI
PFR ACCURACY FOR FEATURES ON THE DD, TG AND EDD DATASETS.

ACCURACIES ARE COMPUTED FOR THE INDEPENDENT TEST SET FOR THE DD
BENCHMARK AND 10 10-FOLD CROSS-VALIDATION FOR THE EDD, AND

TG BENCHMARKS

reported results for the PFR. Using trigram features, we achieve
86.0%, 75.8%, and 93.8% prediction accuracies which are
11.0%, 4.3%, and 3.2% better than previously reported results
for the TG, DD, and EDD benchmarks, respectively [3], [15],
[21], [22], [24], [35].
We also compare HMMFold with the conventional template-

based methods [56]–[62]. To do this, we use Lindahl benchmark
and adapt 2-fold cross validation evaluation criterion as used in
[21] and [62]. Similar to [21], we preprocessed in a way that
each fold contains at least number of samples.We conduct
our experiments when and and compare
our results with previous results found in the literature. We also
make sure that samples from the same superfamily were placed
in the same group for cross validation. Therefore, similar to [21],
the training and testing samples came from different superfam-
ilies. Note that we did not tune the SVM parameters for this
benchmark. We used the same SVM parameters that we used
for the other benchmarks. In addition to the template-based tech-
niques, we compare our results with TAXFOLD [21] and ACC-
fold [20] (two taxonomy based techniques) that have been pre-
viously used for this benchmark and outperformed other tem-
plate-based methods. The results achieved for this experiment
are shown in Table VII. As it is shown in the table, we achieve
14.9% and 5.3% when and 2.9% and 0.3% when

improvements over BoostThreader and SPARKS-X
as the best results reported in the literature for this benchmark
using a template-based technique. We also achieve 4.9% and
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TABLE VII
THE RESULTS (%) ACHIEVED BY USING HMMFOLD COMPARED TO OTHER TEMPLATE-BASED METHODS ON LINDAHL BENCHMARK (USING 2-FOLD CROSS

VALIDATION AND A SETUP AS IT WAS USED IN [21]. NOTE THAT THE RESULTS FOR THE PREVIOUS STUDIES ARE TAKEN FROM [21] AND [62]

4.6% better results than TAXFOLD as the best taxonomy tech-
nique used for this benchmark when and ,
respectively. These results show the preference of HMMFold
compared to other template and taxonomy based techniques for
PFR.
We also conduct the paired T-test to study the statistical sig-

nificance of our achieved enhancement compared to previous
results (on DD, EDD, and TG benchmarks). The achieved
P-value for the paired T-test supports the sta-
tistical significance of our reported improvements over the
previously reported results found in the literature for protein
fold recognition.
Similar to [20] and [21], we have conducted our experiments

to predict proteins in family and superfamily level as well. As
it is shown in Table VII, our results are lower than other temple
based methods. The main reason is that for these two problems,
there are just a few samples which prevent our method to train
properly for these tasks. Since we extract 8000 features using
Trigram feature group, there is a need to have more sample to
be able to properly train our method. Furthermore, we optimized
our parameters for the fold recognition task and used the same
parameters for family and superfamily prediction as fold recog-
nition is the main focus of this problem.

C. Discussion

Our results show that features based on the HMM profiles
significantly outperform the same features computed from the
PSSM. We claim that even from the beginning, the HMM
profiles should have been used to extract evolutionary informa-
tion for the protein fold recognition problem instead of using
the PSSM profiles. As it was explained in the introduction,
the HMM profiles are designed to extract remote homology
information while the PSSM profile is more sensitive in finding
highly significant alignments [18], [28], [32]. In Yan et al. [18],

it was shown that PSIBLAST has lower false positive rate
(FPR) and false negative rate (FNR) for finding highly similar
samples than HHsearch which shows the sensitivity of its
sequence alignment compared to the HMM profile. HHsearch
shows better performance in finding similar alignments as it
identifies the remote homology relations well. Because protein
fold is defined based on the relationship between proteins with
similar general configurations and secondary structure shapes,
finding remote homology can provide more discriminatory
information [18], [30], [32].
Since the introduction of dynamic evolutionary information,

using the PSSM profile to extract this information have been
successfully used for the PFR and its similar problems such
as protein structural class prediction, protein function predic-
tion, etc. [19], [63]–[67]. Our results show the superiority of the
HMM profile for protein fold recognition and support the find-
ings of [27]–[29], [31], [32] studies. We believe that using the
HMM profile is potentially able to enhance the prediction per-
formance for similar problems as well. In fact, our observations
in this study as well as findings in Solding et al. [19] support the
idea that extracting evolutionary information from a profile that
is better at detecting remote homology information can enhance
our ability to solve many problems in protein science. There-
fore, HMMFold as a HMM profile based technique inherits this
advantage which is its ability to use the remote homology in-
formation for PFR. Note that HMMFold can be improved by
proposing new techniques to reduce the number of features to
speed up the classification task and be more suitable for large
protein data banks.
We hypothesize that not just for protein fold recognition, but

also for similar problems (e.g., protein structural class and pro-
tein subcellular localization prediction problems) using HMM
profiles could significantly enhance the prediction performance
and is capable of revealing more discriminatory information
[28]. Extracting this information and finding remote homology
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relationships more accurately is also made possible the in-
creases in the number of sequences deposited in the protein
data banks such as NCBI and UniProt.

IV. CONCLUSION

In this study we have proposed the HMMFold technique.
This technique is based on extracting evolutionary information
from HMM profiles. We used monogram, bigram, and trigram
features which are extracted from the HMM profile. We then
applied SVM to classify these features. We have shown that by
using SVM to the trigram feature group we are able to signif-
icantly enhance protein fold prediction accuracy compared to
previous results found in the literature. We achieved 86.0%,
75.8%, and 93.8% prediction accuracies which are 11.0%,
4.3%, and 3.2% better than the previously reported results for
the TG, DD, and EDD benchmarks, respectively.
We have, for the first time, achieved over 80% prediction ac-

curacy (86%) for protein fold recognition when the sequential
similarity rate is less than 25% which is 11% better than previ-
ously reported results. This breakthrough can be considered as a
promising achievement in addressing protein fold recognition.
Our results also highlight the effectiveness of the HMM profiles
compared to the PSSM profiles for protein fold recognition.
Considering our results as well as the findings in [28], [29],

and [18], we showed that using the HMM profile is more ef-
fective than the PSSM profile for the protein fold recognition
problem and should be considered the main resource to extract
sequence profiles and evolutionary information for this task.
For our future works, we aim to investigate the impact of

using the HMM profiles for other similar studies that depend
on detecting remote relationships between protein structures
such as protein structural classes, protein subcellular localiza-
tion, protein function prediction, protein domain prediction,
and investigate the performance of the HMMFold for these
problems. For public use, HMMFold is freely available at:
http://sparks-lab.org/pmwiki/download/index.php?Down-
load=HMMFold.tar.bz2 We have also provided options for
users to extract n-gram features and download the source code
for the HMMFold from this web page.
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