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Accurate prediction of short protein coding DNA from genome sequence information remains an
unsolved problem in DNA sequence analysis. Popular gene finding tools show drastic reduction in accu-
racy while attempting to predict genes of length less than 400 nt, a length we define as short. This study
performs a quantitative evaluation of a set of selected coding measures in terms of their discriminative
power in recognizing short genes in prokaryotic genomes. By performing Fast Correlation Based Feature
Selection (FCBF) technique, we identified a subset of coding measures with high discriminative power.
Using the measures identified thus, we present a novel approach for short genes recognition. A short-
gene predictor employing AdaBoost.M1 in conjunction with random forests as the base classifier gives
92.74% accuracy, 94.77% sensitivity and 90.06% specificity on short genes.

© 2012 Elsevier Inc. All rights reserved.

1. Introduction

Small proteins have been discovered to be vital functional ele-
ments in cellular biology. They have shown to play important roles
in several functions including the regulation of amino acid metab-
olism [1], antimicrobial activity [2], stabilizing factors for larger
protein complexes [3], iron-homeostasis [4], acting as chaperones
of metals and nucleic acids [5,6] and so on. The most widely used
gene prediction algorithms in prokaryotic genomes often fail to
identify short protein coding DNA due to limitation in coding mea-
sures in short nucleotide sequences, resulting in incomplete or
wrong annotations [7]. Hence, study of coding measures in short
DNA sequences is of major importance in gene prediction and gen-
ome annotation.

Performance of gene finding algorithms is highly dependent on
the coding measures that are used to annotate the sequence.
Coding measures describe the likelihood that a DNA sequence is
coding for a protein or at least part of it. The ability of many coding
measures for classification of longer sequences have been
exploited in the past two decades while little is reported about
their significance on shorter sequences. Notable discriminant
features for longer sequences are given in Table 1. These are
reported as effective in gene finding at various accuracies. How-
ever, no literature refers to the suitability of these or other features
in the case of short genes.

We define short genes as fragments less than 400 nt in length,
since many of the popular gene prediction tools drastically drop
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in accuracy for these fragment sizes. We analyzed the length
distribution of entire protein coding sequences of four prokaryotic
species- Escherichia coli K-12 MG1655, Klebsiella pneumoniae 342,
Yersinia pestis KIM 10, Enterobacter 638 and found short genes
comprise a large percentage of the coding sequences. The results
of this analysis are shown in Fig. 1.

To test the power of available gene finding tools to detect short
genes, protein coding sequences of E. coli K-12 MG1655 with two
widely used prokaryotic gene finding tool-FrameD and GeneMark
were analyzed. The results shown in Fig. 2 clearly illustrate that
prediction of significant fraction of short genes are beyond the
detection ability of these tools.

To overcome the limitations of available gene finding tools in
prediction of short genes, we scrutinized the discriminative power
of 177 coding features extracted from six prokaryotic organisms.
We combined various types of features hypothesizing that the
combined strength of these sequence parameters would result in
a better recognition of short coding sequences.

2. Materials and methods
2.1. Dataset construction

Coding and non-coding sequences of the following organisms
were chosen for this study (i) two unique E. coli strains: E. coli
K-12 MG1655 and E. coli UTI89 (UPEC) (ii) four Enterobacteriaceae
strains: Buchnera aphidicola 5A, Enterobacter 638, K. pneumoniae
342 and Y. pestis KIM 10. These were obtained from Integrated
Microbial Genome (IMG) database [25]. To build a general dataset,
both closely and distantly related spices were included. These
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Table 1
Discriminant features for longer sequences.
Coding measure Reference
Base compositional bias [8]
Codon usage bias 9]
Base compositional bias between codon positions [10]
Hydrophobicity [11]
Mono and diamino acid usage [12]
Asymmetry in the codon positions with respect to purine/ [13,14]
pyrimidine, amino/keto and strong/weak hydrogen bonding
nature of nucleotides represented by Z curve
Global features obtained from multi-fractal analysis of DNA [15]
sequence
Local singularity density distribution in the coding and non- [16]
coding sequences estimated by wavelet transform modulus
maxima methodology
G + C content [17]
Oligonucleotide compositions and codon usage [18]
Codon frequency [19,20]
Hexamer usage [21]
Oligomer frequencies [22]
Entropy distance profile [23]
GC bias in the 1st, 2nd, and 3rd positions of each codon [24]

organisms were opted based on their relation to E. coli K12
MG1655. Short coding and non-coding sequences were extracted.
The training set was formed by taking two-thirds of coding and
non-coding sequences from each organisms and the remaining
one-third was allotted to the test set. Training dataset comprised
of 3270 coding and 2489 non-coding sequences. Testing dataset
comprised of 1637 coding and 1247 non-coding sequences.

2.2. Feature vector formation

We now describe 6 sets of features we extracted, namely phys-
icochemical and conformational properties (65 features), k-mer
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frequencies (84 features), GC content and its fraction at different
codon positions (4 features), Codon usage bias (6 features), Amino
acid properties (2 features) and Rho statistic (16 features).

2.3. Physicochemical and conformational properties

A set of 16 diverse physicochemical and 49 conformational DNA
dinucleotide properties were obtained from the DiProDB database
[26]. The considered dinucleotide properties are given in Tables 2
and 3. Our approach was to consider the property values across
the length of the sequence on a sliding window mode, with a win-
dow size of 40 and step size of one. These window dimensions
were chosen empirically during testing of the developed tool,
based on the best accuracy achieved. We computed 65 features
as follows. Let p;, po...pss be the 65 chosen physicochemical and
conformational properties and d;, d>...d;s be the dinucleotide fre-
quencies in a particular sequence under study. Feature value f; cor-
responding to property p; was calculated for window w as:
fi, = 318 d, - p;/n, where n is number of dinucleotides in the con-
sidered window. The feature element of the whole sequence was
taken as the average over all windows: f; = >0 _,fiw/N, where N
is number of windows of size 40 in the considered sequence. The
fi values were computed for all the 65 parameters to form a feature

vector Fy =[f, fo.. fes].

2.4. k-mer frequencies

The k-mer frequencies of nucleotides have been widely used for
gene prediction [41] and biosequence characterization [42]. We
computed k-mer frequencies for k=1, 2 and 3 for each sequence,
resulting in total of 84 features (4 frequencies for k=1, 16 for
k = 2 and 64 for k = 3). The feature vector formed by k-mer frequen-

cies is F = [fes, fo7. - - fraol.
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Fig. 1. Length distribution of entire protein coding sequences of E. coli K-12 MG1655, Klebsiella pneumoniae 342, Yersinia pestis KIM 10 and Enterobacter 638.
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Fig. 2. Accuracy of FrameD and GeneMark to detect short genes.
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Table 2 Table 3
Physicochemical properties of DNA. Conformational properties of DNA.
Physicochemical properties Reference Conformational properties Reference
Stacking energy [27] Bend [35]
Melting temperature [28] Tip [35]
Probability contacting nucleosome core [29] Inclination [35]
Mobility to bend towards major groove [30] Major groove width [35]
Mobility to bend towards minor groove [30] Major groove depth [35]
Enthalpy [31] Major groove size [36]
Entropy [31] Major groove distance [36]
Free energy [32] Minor groove width [35]
Slide stiffness [33] Minor groove depth [35]
Shift stiffness [33] Minor groove size [36]
Roll stiffness [33] Minor groove distance [36]
Tilt stiffness [33] Persistance length [29]
Twist stiffness [33] Propeller twist [36]
Rise stiffness [33] Clash strength [36]
Flexibility_slide [34] Twist(DNA-protein complex) [37]
Flexibility_shift [34] Twist_twist [38]
Tilt_tilt (38]
Roll_roll [38]
Twist_tilt [38]
2.5. GC content and its fraction at different codon positions Twist_roll [38]
Tilt_roll [38]
Genome composition in terms of GC content and its fraction at :l}:g::jstllllgfs BZ}
different codon positions have been widely used in many bio-se- Rise_rise [38]
quence classifications and analyses [43,44]. We have chosen the Shift_slide [38]
following GC measures as feature vector elements: Shift_rise [38]
Slide_rise [38]
_ Twist_shift [38]
fi50 = GC content (computed as number of GC bases/sequence Twist_slide (38]
length). Twist_rise (38]
fi51 = GC; (computed as number of GC bases at 1st codon posi- Tilt_shift [38]
tion/number of codons). Tilt_slide (38]
f152 = GC, (computed as number of GC bases at 2nd codon posi- EOIEJS‘;?& Eg}
tion/number of codons). ' Roll_slide 38]
f1s3 = GC3 (computed as number of GC bases at 3rd codon posi- Roll_rise [38]
tion/number of codons). Tilt(DNA-protein complex) [39]
Roll(DNA-protein complex) [39]
The feature vector incorporating the above elements is given by Shift(DNA-protein complex) 391
Slide(DNA-protein complex) [39]
F3 =[fis0, fi51, fi52, f153]. Rise(DNA-protein complex) [39]
Twist [36]
. Tilt [36]
2.6. Codon usage bias Roll (36]
slide [36]
Codon usage bias (CUB) is defined as a deviation from regular Shift [37]
codon usage in the genic regions. Codon usage bias has numerous Rise (37]
applications, such as gene prediction and recognition of laterally Wedge [40]
Direction [40]

transferred genes [45,46]. Measures such as the ‘frequency of
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optimal codons’ (F,p) [47] and CAI (Codon Adaptation Index) [48]
have been exploited for estimating and analyzing codon usage bias
[49]. We chose these two features and also four base compositions
at synonymous third codon positions to form a feature vector. Fop, is
the ratio of optimal codons to synonymous codons. F,, is defined
as: Xop/Xop + Xnon Where X,, represents the number of ‘optimal’
codons and X, represents the number of ‘nonoptimal’ codons.
CAI estimates the deviation of a given protein coding gene
sequence concerning a reference set of known genes and is based
on ‘relative adaptedness’ value which is noted by W; and defined
for codon i as: RSCU;/RSCUmax = Xi/Xmax Where RSCUpqy is relative
synonymous codon usage value for the most frequently used codon
for an amino acid. The codon adaptation index is defined as:
CAl = (exp(%zf:] In(W;))), where L is the number of codons in
the sequence. F,p, CAI and four base compositions at synonymous
third codon positions were taken as feature elements and a feature
vector is formed as F4 = [fi54, fi55. - - f159]-

2.7. Amino acid properties

Physiochemical and thermodynamic properties of the amino
acids are of great relevance in gene prediction [11]. Two of the
most widely used physiochemical parameters in different biose-
quence classification applications are hydrophobicity and aroma-
ticity. We converted the nucleotide sequences to amino acid
sequences using codon table specific to the concerned species.
Hydrophobicity was computed as the average of the hydrophobic
indices of each amino acid [50]. Aromaticity was calculated as
the number of aromatic amino acids (Phe, Tyr, Trp) in each se-
quence. The above two elements were taken as fjso, f167 in the fea-
ture vector Fs = [fi60, fi61]-

2.8. Rho statistic

Rho is a nonparametric measure which is used to estimate the
dinucleotide representation [51]. It is computed using the formu-
lae rhoy, = fy/fx x fy, where fy, is the frequency of dinucleotide
xy, fx is frequency of nucleotide x and f;, is frequency of nucleotide
y. Rho statistic is equal to 1.00 when dinucleotide xy is constructed
by pure chance, it is superior to 1.00 when dinucleotide xy is over-
represented and it is inferior to 1.00 when dinucleotide xy is un-
der-represented. We computed 16 dinucleotide rho statistic and
formed the feature vector Fg = [fi62, fi63. - f177]-

The combined feature vector made out of the 6 partial vectors
was formed for each sequence in the dataset. The combined feature
vector has 177 elements and is given by F = [F;| F, | F5 |F4| Fs| Fs).
The values were further normalized using z-score into the range
[-1, 1] to remove the overbearing effect of any feature due to its
large range of values.

3. Algorithm and implementation
3.1. Pre-processing step: feature subset selection

The performance of a classifier is highly dependent on the fea-
ture vector size, the training sample size and classifier complexity.
As the number of features increase, dependability of the parameter
estimates reduces and the performance of the classifier may de-
grade [52]. Feature selection is an important preprocessing step
to machine learning and data mining problems. Feature selection
methods aim at separating out features with high impact. It re-
duces dimensionality, removes all weaker features, decreases com-
putational time and increases learning accuracy [53]. In this study,
Fast Correlation Based Feature Selection (FCBF) algorithm [54] was
adopted to identify a subset of discriminant features. FCBF is an

Table 4
Selected prominent features.

Feature type Selected features using FCBF

Codon usage bias CAI

GC content and its fraction at GC1,GC2
different codon positions

k-mer frequencies ACC, ATC, ATG, CAG, CTG, GAA, GAC, GCA,

GCT, GGT, GTC, TAA, TAG, TGA

Physicochemical and Twist_rise, Stacking energy
conformational properties

Rho statistic rhoy, rhoyg

Amino acid properties -

entropy-based feature selection method. The entropy of the partic-
ular feature X is defined as: H(X) = —)_;P(x;)log, (P(x;)), where P(x;)
is the prior probability for a finite set of values of X. The conditional
entropy of a variable X, given another variable Y is defined as:
HXIY) = ;P Y P(xily)log, (P(xily,)), where P(xi]y,) is the pos-
terior probabilities of X given the values of Y. The amount by which
the entropy of X reduces returns supplementary information about
X provided by Y and is known as information gain and it is defined
as: IG(X|Y) = H(X) — H(X|Y). Feature Y is considered as more highly
correlated to feature X than to feature Z, if IG(X|Y) > IG(Z|Y).

With the use of FCBF, we reduced the original set of 177 fea-
tures to 22 prominent features (shown in Table 4). The experimen-
tal results show that F2 has more representations and F5 was
totally excluded from our feature set.

3.2. Ensemble classifier

Accuracy and computational cost have always been matter of
concern for machine learning systems. There have recently been
many attempts in designing new learning algorithms with higher
predictive accuracy by generating and ensembling multiple learn-
ers. Ensemble learning [55] deals with multiple classifiers to solve
a pattern classification problem. Two effective ensemble methods
are bagging [56] and boosting [57]. Bagging generates new training
sets by sampling with substitution from the training data while
boosting adopts adaptive sampling by using all instances at each
iteration. Each instance is typically weighted in the training data.
Weights are optimized then causing the learner to concentrate
on different instances which consequently lead to multiple classi-
fiers. In both methods the multiple classifiers are then combined
using simple voting system to make a meta classifier. In bagging,
each classifier has the same vote whereas boosting assigns differ-
ent voting strengths to classifiers based on their accuracy. Within
the classifier ensemble models, AdaBoost is considered to be one
of the best since it is built on a solid theoretical foundation,

Table 5
The resulting performance based on standard 5-fold cv.
Specificity ~ Sensitivity =~ Precision MCC 5-fold CV
All features 89.87 93.11 92.35 083 91.71
Selected features  90.06 94.77 92.61 0.85 92.74
using FCBF
Table 6
The resulting performance based on test set.
Specificity ~ Sensitivity = Precision MCC  Test set
accuracy
All features 89.01 90.77 91.55 0.79  90.01
Selected features  89.89 91.26 92.22 0.81 90.67

using FCBF
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Fig. 3. F-measures of our proposed algorithm with different input and conformational features.

produces very accurate prediction and smaller classification error.
In this study we employed AdaBoost.M1 [58] which is an extension
of Adaboost.M1 algorithm. We carried out experiments with
Adaboost.M1algorithm in conjunction with random forests as the
base learner. Random forests was chosen after empirical evaluation
of 5 base classifiers: SVM with RBF kernel, decision stump, RBF
network, random forests and nearest neighbor classifiers.

4. Result

Algorithms were implemented in data mining toolkit Weka ver-
sion 3.6.6 [59] on a PC with a 2.13 GHz Intel CPU and 4 GB RAM,
using Windows 7. The capability of this hybrid model was evalu-
ated using basic performance measures of accuracy, sensitivity
and specificity based on standard 5-fold cross validation and test
set. By applying Fast Correlation Based Feature Selection, the
resulting performance improved by more than one percentage
point (shown in Tables 5 and 6). To analyze the impact of feature
selection on performance, F-measure (the harmonic mean of sensi-
tivity and specificity) was computed for both coding and non-cod-
ing regions using different subsets of features. Combining the
features improved the F-measure to 92.8 for coding set and 90.3
for non-coding set. The results are given in Fig. 3. The obtained er-
ror rates of proposed model are shown in Table 7.

Self-consistency test was also carried out to evaluate the perfor-
mance of our algorithm. Self-consistency test estimates the level of
fitness of data in a constructed model. In this test, observations of
training datasets are predicted with decision rules acquired from
the same dataset. Since the prediction system parameters obtained
by the self-consistency test are from the training dataset, the suc-
cess rate is high. Low accuracy of self-consistency test indicates
low efficiency classifier. Self-consistency test gave an accuracy of
100% and a MCC of 1.

5. Discussion

We checked the performance of a standard gene finding tool
FrameD on the same test set of genomic sequences that we used

Table 7
The obtained error rates of proposed algorithm.

Mean Root mean Relative Root relative
absolute squared absolute squared
error (%) error (%) error (%) error (%)
All features 0.08 0.28 16.85 56.74
Selected features 0.07 0.26 14.78 53.66
using FCBF

and the accuracy was noted as 54.97%. This emboldens us to report
our new method as a remarkable improvement in short gene find-
ing, an area that has been more or less neglected in computational
gene finding. Our results demonstrate that the trimer frequency in
DNA sequences contributes most to the prediction accuracy, fol-
lowed by Condon adaptation index and GC content at first and sec-
ond codon positions. Among physiochemical and conformational
properties, twist_rise and stacking energy are the most important
discriminating features for short gene recognition.

Our investigations raise many new research questions. Primar-
ily we feel that the correlation of prediction strength of various
coding measures with length of query sequences is to be investi-
gated further. If striking correlations are found in the case of
majority of features, then separate recognition tools can be arrayed
to specialize on different sequence length, or range of lengths. In
other words, from the specialized case of short versus long genes,
we need to address the general case of various gene lengths or
range of lengths. This is analogous to species-specific gene finding
tools. While the above are rather computational issues, the more
interesting question relates to establishing biological significance
of the features found to be of computational predictive power.
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