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Translation is a key process for gene expression. Timely identification of the translation initiation site
(TIS) is very important for conducting in-depth genome analysis. With the avalanche of genome
sequences generated in the postgenomic age, it is highly desirable to develop automated methods for
rapidly and effectively identifying TIS. Although some computational methods were proposed in this
regard, none of them considered the global or long-range sequence-order effects of DNA, and hence their
prediction quality was limited. To count this kind of effects, a new predictor, called ‘‘iTIS-PseTNC,’’ was
developed by incorporating the physicochemical properties into the pseudo trinucleotide composition,
quite similar to the PseAAC (pseudo amino acid composition) approach widely used in computational
proteomics. It was observed by the rigorous cross-validation test on the benchmark dataset that the over-
all success rate achieved by the new predictor in identifying TIS locations was over 97%. As a web server,
iTIS-PseTNC is freely accessible at http://lin.uestc.edu.cn/server/iTIS-PseTNC. To maximize the conve-
nience of the vast majority of experimental scientists, a step-by-step guide is provided on how to use
the web server to obtain the desired results without the need to go through detailed mathematical equa-
tions, which are presented in this paper just for the integrity of the new prection method.

� 2014 Elsevier Inc. All rights reserved.
1
The translation in molecular biology is an important genetic
process, by which the information carried by the messenger RNA
(mRNA) is decoded by ribosome complex to produce a specific pro-
tein (or peptide) chain according to the rules specified by the
genetic code. As one of the key processes for gene expression,
translation proceeds in four phases: (i) initiation, (ii) elongation,
(iii) translocation, and (iv) termination [1].

In the first initiation process, a proper start position on the
mRNA will be identified. The region at which the translation is
initiated is called the Translation Initiation Site (TIS), as illustrated
in Fig. 1.

In eukaryotes, the translation is performed according to the
scanning model that accounts for the vast majority of mRNA trans-
lations. With this model, once the translation is initiated, the 40S
ribosome subunit will first attach to the 50 end of the mRNA and
move along in the 50 to 30 direction until it has come to the first
AUG in mRNA. Subsequently, it will stall to recruit the 60S subunit
to form the 80S ribosome. And the latter will perform the second
elongation process. Since it is the initiation position that deter-
mines the reading frame, faulty initiation may lead to a shift in
the reading frame, resulting in a complete distortion of the mes-
sage. Therefore, precise identification of TIS is crucial for under-
standing the mechanisms of translation.

Facing the explosion of biological sequences generated in the
postgenomic age, it is a challenging task to develop high-through-
put tools for identifying the TIS. Actually, some computational
anslation
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Fig.1. A schematic map to show the initiation region of translation process initiates.
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methods were developed in this regard. The first model for predict-
ing TIS was proposed by Pedersen and Nielsen [2]. In their method,
the artificial neural network (ANN) approach was adopted. Subse-
quently, a series of TIS prediction models were developed by using
different kinds of machine learning methods and sequence-coding
strategies [3–8].

Stimulated by the works of these authors, we propose a new
approach in hopes to further improve the prediction quality in
identifying TIS.

As demonstrated by a series of recent publications [9–18] and
summarized in a comprehensive review [19], to develop a really
useful statistical predictor for a biological system, one needs to
go through the following five steps: (i) select or construct a valid
benchmark dataset to train and test the predictor; (ii) represent
the samples with an effective formulation that can truly reflect
their intrinsic correlation with the target to be predicted; (iii)
introduce or develop a powerful algorithm to conduct the predic-
tion; (iv) properly perform cross-validation to objectively evaluate
the anticipated prediction accuracy; (v) establish a user-friendly
web server for the predictor that is accessible to the public. Below,
let us elaborate how to deal with these steps one by one.

Benchmark dataset

The genome coordinates of the annotated translation initiation
sites in the human genome were obtained from the TIS database
(TISdb) at http://tisdb.human.cornell.edu, which was built based
on the multiple high-resolution Global Translation Initiation
Sequencing (GTI-seq) [20]. Since the dataset is processed for DNA
instead of RNA, the TIS should be ATG rather than AUG. Although
the TIS also occurred with non-ATG, it was rarely happening in
eukaryotes [21]. In the present study, therefore, we only consid-
ered the TIS occurring with ATG.

For different TISs, the surrounding sequence contents may be
quite different, which poses a difficulty for determining the proper
length of surrounding sequences. To deal with this problem, the
‘‘flexible scaled window’’ [22] approach was used, as shown in
Fig. 2, where the size of the window is (2nþ 3) with three zero
scales at the center. When sliding the window along a sequence
of N nucleotides, one can consecutively obtain (N � 2n� 2) seg-
ments. The nucleotide segments thus obtained are called ‘‘poten-
tial TIS-containing segments’’ if their center is ATG, and hence
will be further investigated; otherwise, disregarded.

For facilitating description later, let us adopt the formulation
quite similar to the one used for studying HIV protease cleavage
sites [23,24], specificity of GalNAc-transferase [25], and signal
Fig.2. A schematic drawing to show how to slide the flexible scaled window along a
DNA sequence to collect the potential TIS-containing segments. See Eqs. (1)–(4) and
the relevant text for further explanation. Adapted from [26,72] with permission.
peptide cleavage sites [26]. According to that scheme, a potential
TIS-containing segment, i.e., a nucleotide sequence with ATG
located at its center can be expressed as

DnðATGÞ ¼ R�nR�ðn�1Þ � � �R�2R�1ATGRþ1Rþ2 � � �Rþðn�1ÞRþn ð1Þ

where the subscript n is an integer, R-n represents the n-th upstream
nucleotide residue from the center, Rn the n-th downstream nucle-
otide residue, and so forth. The (2n + 3) -nucleotide-long sequence
DnðATGÞ can be further classified into the following categories:

DnðATGÞ 2
Dþn ðATGÞ; if its center is TIS site
D�n ðATGÞ; otherwise

(
ð2Þ

where Dþn ðATGÞ represents a true TIS-containing nucleotide seg-
ment, D�n ðATGÞ a false TIS-containing nucleotide segment, and 2
represents ‘‘a member of’’ in the set theory.

As pointed out by a comprehensive review [27], there is no need
to separate a benchmark dataset into a training dataset and a test-
ing dataset for examining the performance of a prediction method
if it is tested by the jackknife test or subsampling (K-fold) cross-
validation test since the outcome thus obtained is actually from a
combination of many different independent dataset tests. Thus,
the benchmark dataset for the current study can be formulated as

Sn ¼ Sþn [ S�n ð3Þ

where S
þ
n only contains the samples of Dþn ðATGÞ, i.e., the true TIS-

containing nucleotide segments; S�n only contains the samples of
D�n ðATGÞ, i.e., the false TIS-containing nucleotide segments (cf.
Eq. (2); and [ represents the symbol for ‘‘union’’ in the set theory.

Since the length of the peptide DnðATGÞ is 2nþ 3 (cf. Eq. (1)),
the benchmark dataset with different values of n will contain
sequences of different numbers of nucleotide residues, as formu-
lated by

Sn contains the sequences of

393 residues; whenn ¼ 195
395 residues; whenn ¼ 196
397 residues; whenn ¼ 197
399 residues; whenn ¼ 198
401 residues; whenn ¼ 199

..

. ..
.

8>>>>>>>>>>>><
>>>>>>>>>>>>:

ð4Þ

The detailed procedures to construct Sn are as follows: (i) From
the Human Genome Sequence (HG19), take 1159 DNA sequences
that have clearly experiment-confirmed TIS annotations. (ii) Slide
the (2n + 3)-nucleotide-long flexible scaled window (Fig. 2) along
each of the 1159 DNA sequences. (iii) Collect only those sequence
segments with their central ATG being the annotated TIS location.
(iv) The nucleotide sequence segments thus obtained were put into
the positive subset S

þ
n .

The negative samples for S�n were derived from the 1,267,443
non-TIS sequences determined by Saeys et al. [28] in human chro-
mosome 21. We processed all these false TIS-containing nucleotide
sequences to make them have exactly the same format as the true
TIS-containing sequences; i.e., each had (2n + 3)-nucleotide-long
sequence with ATG located at the center as well. To balance out
the numbers between the negative and the positive samples for
machine learning, we randomly picked 1159 samples from the
1,267,443 non-TIS sequences and used them as the negative
samples.

By following the aforementioned procedures, five such bench-
mark datasets (Sn¼195, Sn¼196, Sn¼197, Sn¼198, and Sn¼199) had been
constructed. Each of these datasets contained 1159 true TIS-con-

http://tisdb.human.cornell.edu
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taining nucleotide sequences and 1159 false TIS-containing nucle-
otide sequences.

However, it was observed via preliminary trials that when
n = 198, i.e., the samples concerned were formed by 198 nucleotide
residues, the corresponding results were most promising. Accord-
ingly, we choose Sn¼198 as the benchmark dataset for further inves-
tigation. Thus, Eq. (3) can be reduced to

S ¼ Sþ [ S� ð5Þ

where S ¼ S198, S
þ ¼ S

þ
198, and S

� ¼ S
�
198. The detailed nucleotide

sequences are given in Supporting Information S1.

DNA sequence formulation

Given a DNA or protein sequence, how do we formulate it for
statistical prediction? This is a fundamental problem in computa-
tional biology. Roughly speaking, there are two kinds of models:
one is the sequential model and the other is the discrete model.

In the sequential model, the most straightforward way to
express a DNA sample D with L nucleic acid residues is just to
use its sequence; i.e.,

D ¼ R1R2R3R4R5R6R7 � � �RL ð6Þ

where R1 represents the first nucleic acid residue at position 1, R2

the second nucleic acid residue at position 2, and so forth. Using a
sequential model like Eq. (6), one can adopt various sequence-sim-
ilarity-search-based tools, such as BLAST [29], to perform statistical
analysis. Unfortunately, this kind of straightforward and intuitive
approach failed to work when a query sample did not have signifi-
cant similarity to any of the character-known sequences.

To overcome the aforementioned difficulty, investigators
resorted to the discrete model. Actually, another important reason
for many investigator to shift their focus to the discrete or vector
model is because all the existing operation engines, such as covari-
ance discriminant (CD) [30,31], optimization approach [32], corre-
lation coefficient method [33], neural network [34], support vector
machine (SVM) [11,35], random forest [36], conditional random
field [37], nearest neighbor (NN) [38]; K-nearest neighbor (KNN)
[39,40], OET-KNN [41], Fuzzy K-nearest neighbor [39], ML-KNN
algorithm [42], and SLLE algorithm [43], can be directly used to
handle only vector but not sequence samples.

The simplest discrete model used to represent a DNA sample is
its nucleic acid composition or NAC, as given below

D ¼ ½ f ðAÞ f ðCÞ f ðGÞ f ðTÞ �T ð7Þ

where f(A), f(C), f(G) and f(T) are the normalized occurrence fre-
quencies of adenine (A), cytosine (C), guanine (G), and thymine
(T) in the DNA sequence, respectively; the symbol T is the transpose
operator. As we can see from Eq. (7), however, if using NAC to rep-
resent a DNA sample, all its sequence order information would be
completely lost.

Now, how can we formulate a biological sequence with a dis-
crete model or vector, yet still keep considerable sequence order
information? Actually, it is one of the most important but also
most difficult problems in computational biology.

One way to cope with such a problem is to represent the DNA
sequence with the k-tuple nucleotide composition; i.e.,

D ¼ ½ f K-tuple
1 f K-tuple

2 � � � f K-tuple
i � � � f K-tuple

4k �
T
; ð8Þ

where f K
i -tuple is the normalized occurrence frequency of the i-th k-

tuple nucleotide in the DNA sequence. As we can see from Eq. (8),
when k > 3 the number of components therein will rapidly increase.
This will cause the high-dimension disaster [44] by facing the fol-
lowing consequences: (i) the overfitting problem that will make
the prediction with extremely low capacity for tolerating deviation
[45]; (ii) the information redundancy problem that will lead to seri-
ous bias [27] and misrepresentation; (iii) the overprediction or
underprediction problem [42] that will significantly reduce the pre-
diction accuracy.

To avoid the high-dimension disaster, here we used the 3-tuple
nucleotide or trinucleotide composition (TNC) to formulate the
DNA sample, as given by

D ¼ f 3-tuple
1 f 3-tuple

2 f 3-tuple
3 f 3-tuple

4 � � � f 3-tuple
64

h iT

¼ f ðAAAÞ f ðAACÞ f ðAAGÞ f ðAATÞ � � � f ðTTTÞ½ �T;
ð9Þ

where f 3-tuple
1 ¼ f ðAAAÞ is the normalized occurrence frequency of

AAA in the DNA sequence; f 3-tuple
2 ¼ f ðAACÞ, that of AAC;

f 3-tuple
3 ¼ f ðAAGÞ, that of AAG; and so forth. By doing so, we can only

incorporate the local sequence order information between the most
contiguous nucleotides, but none of the global or long-range
sequence-order information can be reflected.

Actually, a similar problem also occurred in computational pro-
teomics, where the dipeptide or tripeptide composition approach
could only contain the local or short-range sequence-order infor-
mation of a protein chain. In order to incorporate its global or
long-range sequence-order information, the pseudo amino acid
composition [46,47] or Chou’s PseAAC [48] was proposed. Since
the concept of PseAAC was proposed in 2001 [46], it has been
penetrating into almost all fields of protein attribute predictions
(see, e.g., [49–54] as well as a long list of publications cited in a
recent review [55]). Because it has been widely and increasingly
used, recently three types of powerful open access software, called
‘‘PseAAC-Builder’’ [56], ‘‘propy’’ [57], and ‘‘PseAAC-General’’ [55],
were established: the former two are for generating various modes
of Chou’s special PseAAC; while the third one for those of Chou’s
general PseAAC.

Inspired by the success of using PseAAC to represent protein
samples, here we introduce the pseudo trinucleotide composition
(PseTNC); i.e., instead of Eq. (9), the DNA sequence of Eq. (6) is for-
mulated by

D ¼ ½ d1 d2 � � � d64 d64þ1 � � � d64þk �T; ð10Þ

where

du ¼

f 3-tuple
uX64

i¼1

f 3-tuple
i

þw
Xk

j¼1

hj

; 1 6 u 6 64

whu�64X64

i¼1

f 3-tuple
i

þw
Xk

j¼1

hj

; ð64þ 1Þ 6 u 6 ð64þ kÞ

8>>>>>>>><
>>>>>>>>:

ð11Þ

In Eq. (11), f 3-tuple
u ðu ¼ 1;2; � � � ;64Þ has exactly the same mean-

ing as in Eq. (9), w is the weight factor, and the correlation factor
hj is given by

hj ¼
1

L� � j

XL��j

i¼1

HðTi; TiþjÞ ðj ¼ 1;2; � � � ; k < L�Þ; ð12Þ

where L⁄ = Int[L/3] meaning to take the integer part of the number
in the brackets, Ti = RiRi+1Ri+2 and Ti+j = Ri+jRi+j+1Ri+j+2 (cf. Eq. (6)).
Accordingly, h1 is called the first-tier correlation factor that reflects
the sequence order correlation between all the most contiguous tri-
nucleotides along a DNA sequence (Fig. 3a); h2, the second-tier cor-
relation factor between all the second most contiguous
trinucleotides (Fig. 3b); h3, the third-tier correlation factor between
all the third most contiguous trinucleotides (Fig. 3c); and so forth. In
Eqs. (11) and (12), k represents the number of the total ranks or
tiers to be counted [46,47]. Both k and the weight factor w are the
uncertain parameters, and their values will be further discussed
later. The correlation function H (Ti; Ti+j) in Eq. (12) is given by



Fig.3. A schematic illustration to show the correlations of trinucleotides along a DNA sequence. (a) The first-tier correlation (blue line) reflects the sequence-order mode
between all the most contiguous nonoverlapping trinucleotide. (b) The second-tier correlation (red line) reflects the sequence-order mode between all the second-most
contiguous nonoverlapping trinucleotide. (c) The third-tier correlation (purple line) reflects the sequence-order mode between all the third-most contiguous nonoverlapping
trinucleotide. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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HðTi; TiþjÞ ¼
1
l
Xl
m¼1

½PmðTiÞ � PmðTiþjÞ�2; ð13Þ

where l is the number of physicochemical properties considered
that is equal to 3 in this study as will be explained later; Pm(Ti),
the numerical value of the m-th physicochemical property for the
trinucleotide Ti at position i; and Pm (Ti+j), the corresponding value
for the trinucleotide Ti+j at position i+j.
Fig.4. A schematic illustration to show how a codon of three nucleotides in DNA
defines an amino acid in protein according to the 3 ? 1 genetic rule. The characters
in the first three rings from the center represent four bases in DNA, while those in
the fourth ring represent the 3-letter codes of the 20 native amino acids in protein.
See the text for more explanation.
Selection of physicochemical properties

According to the famous 3 ? 1 genetic rule, a codon of three
nucleotides in DNA will define an amino acid in protein, as illus-
trated in Fig. 4. Thus, similar to the treatment in [58] where the
three physicochemical properties of amino acids (i.e., their numer-
ical values of hydrophobicity [59], hydrophilicity [60], and side-
chain mass) were used to define the PseAAC for a protein sequence,
here we can also use the three physicochemical properties to gen-
erate the PseTNC. In other words, we can assign the numerical val-
ues of the three amino acid physicochemical properties to each of
the 64 nucleotides according to the 3 ? 1 genetic rule, as shown in
Table 1, where the value of zero was assigned to the trinucleotides
TAA, TAG, and TGA since they are not corresponding to an amino
acid but a ‘‘termination codon’’ or ‘‘stop’’ sign (Fig. 4).

Note that before substituting the values of Pm(Ti) in Table 1, they
were all subjected to a standard conversion, as defined by [27]

PmðTiÞ (
PmðTiÞ � hPmðTiÞi

SDhPmðTiÞi
ðm ¼ 1;2;3Þ; ð14Þ

where the symbol < > means taking the average of the quantity
therein over the 64 different trinucleotides (see Eq. (9)), and SD
means the corresponding standard deviation. The converted values
thus will have a zero mean value over the 64 different dinucleo-
tides, and will remain unchanged if going through the same conver-
sion procedure again. Listed in Table 2 are the values of Pm(Ti)
obtained via the standard conversion of Eq. (14) from those of
Table 1.
SVM operation engine

The SVM classification algorithm has been widely used in the
realm of bioinformatics (see, e.g., [9,11,14,35,61]). Its basic princi-
ple is to transform the input vector into a high-dimension Hilbert
space and seek a separating hyperplane with the maximal margin
in this space by using the decision function

f ð~XÞ ¼ sgn
XN

i¼1

yiai � Kð~X; ~XiÞ þ b

 !
; ð15Þ

where ai is the Lagrange multipliers; b is the offset; ~Xi is the i-th
training vector; yi represents the type of the i-th training vector.
Kð~X; ~XiÞ is a kernel function which defines an inner product in a
high-dimensional feature space, and sgn is the sign function. Due
to its effectiveness and speed in the nonlinear classification process,
the radial basis kernel function (RBF) Kð~Xi; ~XjÞ ¼ expð�cjj~Xi � ~Xjjj2Þ
was used in the current study.

The package LIBSVM 2.84 (http://www.csie.ntu.edu.tw/~cjlin/
libsvm/) by Chang and Lin was used to perform SVM in the current
study. The regularization parameter C and the kernel width param-
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Table 1
The original values for the 64 trinucleotides taken from their corresponding amino acids according to their hydrophobicity, hydrophilicity, and side-chain mass, respectively.a

Trinucleotide P1 (Ti) P2 (Ti) P3 (Ti) Trinucleotide P1 (Ti) P2 (Ti) P3 (Ti)

AAA �1.5 3 73 GAA �0.74 3 73
AAC �0.78 0.2 58 GAC �0.9 3 59
AAG �1.5 3 73 GAG �0.74 3 73
AAT �0.78 0.2 58 GAT �0.9 3 59
ACA �0.05 �0.4 45 GCA 0.62 �0.5 15
ACC �0.05 �0.4 45 GCC 0.62 �0.5 15
ACG �0.05 �0.4 45 GCG 0.62 �0.5 15
ACT �0.05 �0.4 45 GCT 0.62 �0.5 15
AGA �2.53 3 101 GGA 0.48 0 1
AGC �0.18 0.3 31 GGC 0.48 0 1
AGG �2.53 3 101 GGG 0.48 0 1
AGT �0.18 0.3 31 GGT 0.48 0 1
ATA 1.38 �1.8 57 GTA 1.08 �1.5 43
ATC 1.38 �1.8 57 GTC 1.08 �1.5 43
ATG 0.64 �1.3 75 GTG 1.08 �1.5 43
ATT 1.38 �1.8 57 GTT 1.08 �1.5 43
CAA �0.85 0.2 72 TAA 0 0 0
CAC �0.4 �0.5 82 TAC 0.26 �2.3 107
CAG �0.85 0.2 72 TAG 0 0 0
CAT �0.4 �0.5 82 TAT 0.26 �2.3 107
CCA 0.12 0 42 TCA �0.18 0.3 31
CCC 0.12 0 42 TCC �0.18 0.3 31
CCG 0.12 0 42 TCG �0.18 0.3 31
CCT 0.12 0 42 TCT �0.18 0.3 31
CGA �2.53 3 101 TGA 0 0 0
CGC �2.53 3 101 TGC 0.29 �1 47
CGG �2.53 3 101 TGG 0.81 �3.4 130
CGT �2.53 3 101 TGT 0.29 �1 47
CTA 1.06 �1.8 57 TTA 1.19 �2.5 91
CTC 1.06 �1.8 57 TTC 1.19 �2.5 91
CTG 1.06 �1.8 57 TTG 1.06 �1.8 57
CTT 1.06 �1.8 57 TTT 1.06 �1.8 57

a The following symbols were used to represent the three physicochemical properties of the corresponding amino acids: P1, hydrophobicity; P2, hydrophilicity; P3, side-
chain mass.

Table 2
The normalized values obtained from Table 1 via the standard conversion.

Trinucleotide P1 (Ti) P2 (Ti) P3 (Ti) Trinucleotide P1 (Ti) P2 (Ti) P3 (Ti)

AAA �1.37 1.78 0.62 GAA �0.66 1.78 0.62
AAC �0.70 0.16 0.15 GAC �0.81 1.78 0.18
AAG �1.37 1.78 0.62 GAG �0.66 1.78 0.62
AAT �0.70 0.16 0.15 GAT �0.81 1.78 0.18
ACA �0.01 �0.19 �0.27 GCA 0.61 �0.25 �1.22
ACC �0.01 �0.19 �0.27 GCC 0.61 �0.25 �1.22
ACG �0.01 �0.19 �0.27 GCG 0.61 �0.25 �1.22
ACT �0.01 �0.19 �0.27 GCT 0.61 �0.25 �1.22
AGA �2.33 1.78 1.51 GGA 0.48 0.04 �1.67
AGC �0.14 0.21 �0.71 GGC 0.48 0.04 �1.67
AGG �2.33 1.78 1.51 GGG 0.48 0.04 �1.67
AGT �0.14 0.21 �0.71 GGT 0.48 0.04 �1.67
ATA 1.32 �1.00 0.11 GTA 1.04 �0.83 �0.33
ATC 1.32 �1.00 0.11 GTC 1.04 �0.83 �0.33
ATG 0.63 �0.71 0.69 GTG 1.04 �0.83 �0.33
ATT 1.32 �1.00 0.11 GTT 1.04 �0.83 �0.33
CAA �0.76 0.16 0.59 TAA 0.03 0.04 �1.70
CAC �0.34 �0.25 0.91 TAC 0.27 �1.29 1.70
CAG �0.76 0.16 0.59 TAG 0.03 0.04 �1.70
CAT �0.34 �0.25 0.91 TAT 0.27 �1.29 1.70
CCA 0.14 0.04 �0.36 TCA �0.14 0.21 �0.71
CCC 0.14 0.04 �0.36 TCC �0.14 0.21 �0.71
CCG 0.14 0.04 �0.36 TCG �0.14 0.21 �0.71
CCT 0.14 0.04 �0.36 TCT �0.14 0.21 �0.71
CGA �2.33 1.78 1.51 TGA 0.03 0.04 �1.70
CGC �2.33 1.78 1.51 TGC 0.30 �0.54 �0.20
CGG �2.33 1.78 1.51 TGG 0.79 �1.93 2.43
CGT �2.33 1.78 1.51 TGT 0.30 �0.54 �0.20
CTA 1.02 �1.00 0.11 TTA 1.14 �1.41 1.19
CTC 1.02 �1.00 0.11 TTC 1.14 �1.41 1.19
CTG 1.02 �1.00 0.11 TTG 1.02 �1.00 0.11
CTT 1.02 �1.00 0.11 TTT 1.02 �1.00 0.11
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eter c were optimized via an optimization procedure using a grid
search, and their actual values thus obtained in the current study
were C = 8 and c = 0.125, respectively. The probability score
obtained from SVM was used to make predictions. If the probabil-
ity score >0.5, an ATG will be predicted as TIS, otherwise, non-TIS.

The predictor obtained via the above procedures is called iTIS-
PseTNC, where ‘‘i’’ stands for ‘‘identifying,’’ ‘‘TIS’’ for ‘‘translation
initiation site,’’ ‘‘Pse’’ for ‘‘pseudo,’’ ‘‘T’’ for ‘‘tri,’’ ‘‘N’’ for ‘‘nucleo-
tide,’’ and ‘‘C’’ for ‘‘composition.’’
Performance evaluation method

In statistical prediction, the following three cross-validation
methods are often used to examine a predictor for its effectiveness
in practical application: independent dataset test, subsampling
test, and jackknife test [62]. However, of the three methods, the
jackknife test is deemed the least arbitrary that can always yield
a unique result for a given benchmark dataset as elaborated in
[63] and demonstrated by Eqs. (28)–(30) therein. Accordingly,
the jackknife test has been increasingly and widely used by inves-
tigators to examine the quality of various predictors (see, e.g.,
[15,52,64–67]). Accordingly, the jackknife test was used in this
study to examine the quality of the current predictor.

Also, in the literature a set of four metrics called the sensitivity
(Sn), specificity (Sp), accuracy (Acc), and Mathew’s correlation
coefficient (MCC) are often used to measure the test quality. To
make these metrics in a more intuitive and easier-to-understand
formulation, let us use the following equations to represent them
as done in a series of recent publications (see, e.g., [14,15,68])

Sn ¼ 1� Nþ�
Nþ ; 0 6 Sn 6 1

Sp ¼ 1� N�þ
N� ; 0 6 Sp 6 1

Acc ¼ 1� Nþ�þN�þ
NþþN� ; 0 6 Acc 6 1

MCC ¼ 1� Nþ�
Nþþ

N�þ
N�

� �ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ

N�þ�Nþ�
Nþ

� �
1þ

Nþ��N�þ
N�

� �r ; �1 6MCC 6 1

8>>>>>>>>>><
>>>>>>>>>>:

ð16Þ

where N+ is the total number of the TIS locations investigated while
Nþ� the number of the TIS locations incorrectly predicted as the non-
TIS locations; N� the total number of the non-TIS locations investi-
gated while N�þ the number of the non-TIS locations incorrectly pre-
dicted as the TIS locations. Using Eq. (16) would make the meaning
of the four metrics crystal clear even for experimental scientists as
elaborated in [10,12,69,70].
Table 3
The scores of the four metrics (cf. Eq. (16)) by the iTIS-PseTNC via the jackknife tests
on the benchmark dataset.a

Predictor Sn (%) Sp (%) Acc (%) MCC

iTIS-PseTNC 97.49 98.42 97.92 0.958
StartScan 95.32b 96.43b 96.02b 0.921b

a See Supporting Information S1.
b Result obtained by StartScan [28] on the same benchmark dataset.
Parameter determination

As we can see from Eqs. (11) and (12), the current prediction
model was based on two parameters w and k. The former is the
weight factor usually within the range from 0 to 1, and the latter
is the number of the correlation tiers to be counted for the global
sequence order information. Generally speaking, the greater the
k, the more global sequence-order information the model will con-
tain. However, if k is too large, it would reduce the cluster-tolerant
capacity [45] so as to lower down the cross-validation accuracy
due to overfitting or ‘‘high-dimension disaster’’ [44] problem.
Therefore, our search for the optimal values of the two parameters
was confined in the range:

w 2 ½0;1�
k 2 ½1;10�

�
: ð17Þ

Furthermore, to reduce the computational time in searching
for the optimal values of the two parameters, the 5-fold cross-
validation approach was utilized. Once the optimal values were
determined, the rigorous jackknife test was performed to evaluate
the anticipated accuracy of the predictor.

Results and discussion

Success rates by jackknife test

The jackknife rates obtained by the iTIS-PseTNC predictor on
the benchmark dataset (Supporting Information S1) for the four
metrics of Eq. (16) are listed in Table 3, where, for facilitating com-
parison, listed are also the corresponding results by StartScan [28],
the best of the existing predictors in this area. As we can see from
the table, the current predictor outperformed the StartScan predic-
tor in all four metrics, indicating that iTIS-PseTNC may become a
useful high-throughput tool in identifying TIS locations, or at the
very least play a complementary role to the existing predictors in
this area.

Demonstration on an independent dataset

As elucidated under Performance evaluation method, the jack-
knife test is the most objective cross-validation approach, and
hence there is no need to conduct an independent dataset test
again. However, as a demonstration to show how to practically
use the current predictor, we also constructed an independent
dataset according to the following criteria: (i) included were only
those TIS (or non-TIS) sequences confirmed by experiments, and
(ii) none of the included TIS (or non-TIS) sequences occurs in the
dataset used to train the iTIS-PseTNC predictor. By strictly follow-
ing the above criteria, we randomly picked 200 TIS sequences from
[28] to form an independent dataset SInd. The detailed sequences
are given in Supporting Information S2. Tested on such an indepen-
dent dataset, the iTIS-PseTNC predictor correctly identified 195 TIS
and 194 non-TIS with Sn = 195/200 = 97.50% and Sp = 194/
200 = 97.00%, which is fully consistent with the rates obtained by
the jackknife test as shown in Table 3.

In addition, the current predictor trained with the benchmark
dataset from the human genome was further used to identify
the TISs in the mouth genome. Using similar procedures as
described under Benchmark dataset, we collected 1300 experi-
mentally confirmed TIS sequences from the TIS database (TISdb)
and the mouse genome (mm 10) to form a second independent
dataset SMou, as given in Supporting Information S3. Of the 1300
TISs in SMou, 1298 were correctly identified, indicating that the
iTIS-PseTNC is really quite promising and holds a high potential
to analyze the TIS locations for the genes from other species
as well.

Web-server guide

For the convenience of the vast majority of experimental scien-
tists, a web server for iTIS-PseTNC has been established. By follow-
ing the procedures below, users can easily obtain their desired
results without the need to worry about the mathematics involved
during its development.



Fig.5. A screenshot to show the top page of the iTIS-PseTNC web server. Its website
address is at http://lin.uestc.edu.cn/server/iTIS-PseTNC.
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Step 1. Open the web server at http://lin.uestc.edu.cn/server/
iTIS-PseTNC and you will see the top page of iTIS-PseTNC on your
computer screen, as shown in Fig. 5. Click on the Read Me button to
see a brief introduction about the predictor and the caveat when
using it.

Step 2. Either type or copy/paste the query DNA sequences into
the input box at the center of Fig. 5. The input sequence should be
in the FASTA format. A sequence in FASTA format consists of a sin-
gle initial line beginning with a greater-than symbol (‘‘>’’) in the
first column, followed by lines of sequence data. The words right
after the ‘‘>’’ symbol in the single initial line are optional and only
used for the purpose of identification and description. All lines
should be no longer than 120 characters and usually do not exceed
80 characters. The sequence ends if another line starting with a ‘‘>’’
appears; this indicates the start of another sequence. Example
sequences in FASTA format can be seen by clicking on the Example
button right above the input box.

Step 3. Click on the Submit button to see the predicted result.
For example, if you use the query DNA sequences in the Example
window as the input, you will see the following shown on the
screen of your computer. (i) The outcome for the first query exam-
ple is: there are 2 ‘‘ATG,’’ the first one is TIS and the second one is
non-TIS. (ii) The outcome for the second query sample is: there is 1
‘‘ATG’’ and it is TIS. (iii) The outcome for the third query sample is:
there is 1 ‘‘ATG’’ and it is non-TIS. All these results are fully consis-
tent with the experimental observations.

Step 4. Click on the Data button to download the datasets used
to train and test the iTIS-PseTNC predictor.

Step 5. Click on the Citation button to find the relevant papers
that document the detailed development and algorithm of iTIS-
PseTNC.

Caveats. Each of the input query sequences must be 399 bp or
longer and they should only contain valid characters: ‘A’, ‘C’, ‘G’,
and ‘T’.
Conclusions

Knowledge of the translation initiation site is very important for
performing in-depth genome analysis. A new predictor, called iTIS-
PseTNC, was developed for identifying the TIS locations in human
genes by taking into account both the local and the global
sequence-order information of DNA sequences via the well-known
PseAAC approach. The new predictor is very promising as reflected
by the high success rates obtained by the rigorous jackknife tests.
Although the current iTIS-PseTNC was trained by the benchmark
dataset from human genome, it holds high potential to analyze
the genomes of other species as well, as reflected by the quite
promising outcome in a preliminary test of using it to identify
the TIS locations of the mouse genes.

Since publicly accessible web servers represent the direction for
developing practically more useful predictor [71], a user-friendly
web server for iTIS-PseTNC has been established at http://lin.
uestc.edu.cn/server/iTIS-PseTNC, by which users can easily obtain
their desired results. Compared with the StartScan [28], the best
of the existing web servers for predicting TIS, the current web
server not only yielded higher prediction quality, but also was able
to handle multiple query sequences with a single submission,
which is beyond the reach of the StartScan web server.

It is anticipated that the new iTIS-PseTNC predictor may
become a useful high-throughput tool for identifying the TIS
locations, or, at the very least, it can play a complementary role
to the existing methods in this area.
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