
  
Abstract—The characteristics of oligonucleotide primers have 

been decided by experiences and experiments. Picking characteristic 
oligonucleotide primers is very critical for polymerase chain reaction 
(PCR). Manually pick characteristic oligonucleotide primers is tedious 
and time-consuming. Here, we use a novel optimization method 
named Teaching-Learning-Based Optimization (TLBO) to pick 
characteristic oligonucleotide primers. Ten random Homo sapiens 
template sequences have been used to pick characteristic 
oligonucleotide primers based on the proposed method. In the total of 
500 runs, the method picks characteristic oligonucleotide primers 
which are conformed to the characteristics of oligonucleotide primers 
have respectively the average rate higher than 90% and the average 
time lower than 5500 ms (millisecond) for using Wallace’s formula 
and Bolton and McCarthy’s formula. The result shows that the method 
is easy to pick characteristic oligonucleotide primers. 
 

Keywords—Binformatic biotechnology, oligonucleotide primers, 
polymerase chain reaction, teaching-learning-based optimization. 

I. INTRODUCTION 

OLYMERASE chain reaction (PCR) is a familiar 
biotechnology for fast mass duplication of DNA sequences 

[1]. Many PCRs have been successfully applied to all kinds of 
biological and medical subjects. Before achieving a PCR, 
oligonucleotide primers must be given. Due to the past 
experiences and experiments, the characteristics of 
oligonucleotide primers have been decided. For examples, the 
primer length is between 16 nt and 28 nt, the length difference is 
smaller than or equal to 3 nt, the GC content is in the range of 
40-60%, the melting temperature (Tm) is between 50oC and 
62oC, the difference of melting temperature (Tm-diff) is lower 
than 5oC. Furthermore, the GC clamp, the dimer, the hairpin, 
and the specificity must be checked [1-4]. Therefore, the current 
mission is to effectively pick characteristic oligonucleotide 
primers for polymerase chain reaction (PCR). 

Many methods for picking oligonucleotide primers were 
proposed. First, Primer3 considers many different parameters to 
achieve different goals [2]. Dynamic programming allows for 
designing multiple oligonucleotide primers for multiple target 
DNA sequences [5]. Minimal primer set (MPS) problem was 
proposed and solved [6, 7]. Memetic Algorithm (MA) is 
proposed to improve genetic algorithm (GA) primer design [3]. 
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PCR-RFLP (Restriction Fragment Length Polymorphism) [8, 9] 
and PCR-CTPP (Confronting Two-Pair Primer) [10] based GA 
are proposed for SNP genotyping. Primer-BLAST [11] 
integrated Primer3 with BLAST [12] to provide specific 
oligonucleotide primers. URPD (yoUR Primer Design) uses the 
NCBI Reference Sequences (RefSeq), UCSC In-Silico PCR to 
design oligonucleotide primers. 

In this paper, we introduce a novel optimization method 
named Teaching-Learning-Based Optimization (TLBO) to pick 
characteristic oligonucleotide primers. The TLBO is developed 
by Rao et al. [13, 14]. It simulates teaching and learning process 
of the class room and is a population-based stochastic 
optimization technique. This algorithm is easy to apply to all 
kinds of problems due to none algorithm-specific parameters. 
Two basic phases are used to the algorithm: (i) teacher phase 
(teaching through a teacher), and (ii) learner phase (interacting 
with the other learners). This study uses the algorithm to pick 
characteristic oligonucleotide primers. 

II.  METHODS 

A.  Definition of picking oligonucleotide primers 

A primer is a short synthetic oligonucleotide. In order to pick 
characteristic oligonucleotide primers, first, we consider TD is 
the template sequence which is made up of four nucleotides, i.e., 
‘A’, ‘T’, ‘C’, or ‘G’. TD is defined as follows: 
 

} },G'' ,C'' ,T'' ,A''{|{ +Ζ∈∈∀= iBBT iiD  (1) 

Where Bi represents the nucleotide base in the index position 
i of TD, and Z+ represents the region of positive integer. 
 

The problem for picking characteristic oligonucleotide 
primers is easily defined to find out two sub-sequences that 
correspond to the characteristics of oligonucleotide primers 
from TD based on the previous PCR experiences and 
experiments as follows: 
 

} ,  },G'' ,C'' ,T'' ,A''{|{  e
+Ζ∈≤≤≤∈∀= iTFiFBBP Dsiif  (2) 
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Fig. 1 The parameters and positions of oligonucleotide primer pair. 

 
Fig. 2 Flowchart for picking characteristic oligonucleotide primers. 

We called Pf and Pr together oligonucleotide primer pair. In 
Eq. (2), Pf is the forward oligonucleotide primer; Bi is the 
nucleotide base in the index position i of TD; Fs and Fe denote 
the start index and the end index of Pf in TD. In Eq. (3), Pr is the 
reverse oligonucleotide primer; iB  is the complementary base 
of Bi; and Rs and Re denote the start index and the end index of 
Pr in TD. 

The parameters and positions of oligonucleotide primer pair 
are illustrated in Figure 1. Tl represents the length of a template 
sequence; Pmin represents the preset minimum PCR product 
length; Pmax represents the preset maximum PCR product 
length; Fs is the start position of the forward oligonucleotide 
primer; Fl is the length of the forward oligonucleotide primer; Pl 
is the PCR product length between the forward oligonucleotide 
primer and the reverse oligonucleotide primer; Rl is the length of 
the reverse oligonucleotide primer; Fs_range represents the range 
of Fs which from the start of the template sequence to the length 
of the template sequence minus Pmin; Prange represents the range 
of PCR product length which from Fs to the end of the template 
sequence. We give a vector Lv that includes four elements of Fs, 
Fl, Pl and Rl to represent an oligonucleotide primer pair and use 
it as the basic component to execute the algorithm. The vector Lv 
is described as: 
 

Lv = (Fs, Fl, Pl, Rl) (4) 

 

Rs = Fs + Pl－Rl (5) 

 
 The forward oligonucleotide primer (Pf) can be obtained by 
Fs and Fl, and the reverse oligonucleotide primer (Pr) can be 
obtained by Rs and Rl. 

B.  Picking characteristic oligonucleotide primers 

The flowchart for picking characteristic oligonucleotide 
primers is shown as Figure 2. Five separate processes of 1) 
initialization of the learners, 2) fitness evaluation for the 
learners, 3) judgment of the termination conditions, 4) learning 
by teacher phase, 5) learning by learner phase, and 6) 
characteristic oligonucleotide primers output, are briefly 
described below. 
 

1) Initialization of the learners 

For a start, dozens of learners Lv are randomly generated as 
the initial learners without duplicates. In the four elements of Lv, 

Fs is randomly generated in the range of Fs_range which is 
between 1 and (Tl − Pmin + 1). Fl and Rl are randomly generated 
between the minimum and the maximum oligonucleotide primer 
length. Pl is randomly generated between Pmin and Pmax. 
 

2) Fitness evaluation for the learners 

Fitness function evaluates the learning result (i.e., fitness) of 
a learner in order to check whether the oligonucleotide primers 
satisfy the characteristics. The characteristics of oligonucleotide 
primers based on experiences and experiments are used as 
values for the fitness evaluation. We minimize the fitness value 
(i.e., zero) to find out characteristic oligonucleotide primers. 
We give the following fitness function to evaluate the fitness 
value of an oligonucleotide primer pair. 
 
Fitness(Lv)=3×(Lendiff(Lv)+ GCproportion(Lv) + GCclamp(Lv)) 

+10×(Tm(Lv)+Tmdiff(Lv)+dimer(Lv) + hairpin(Lv)) 

+ 50 × specificity(Lv) 

(6) 

 
The fitness function was proposed by Yang et al. [3] and had 

been proved by practical PCR experiments in URPD [15]. The 
Lendiff(Lv) is used to evaluate for primer length difference. The 
GCproportion(Lv) is used to evaluate the proportion of ‘G’ and ‘C’ 
nucleotides in the oligonucleotide primers. The GCclamp(Lv) is 
used to evaluate for primer 3’ terminal end is either ‘G’ or ‘C’. 
The Tm(Lv) is used to evaluate for the primer melting 
temperature. The Tmdiff(Lv) evaluate for the primer melting 
temperature difference. In this study, we use two melting 
temperature formulas, one is Wallace’s formula [16] and the 
other is Bolton and McCarthy’s formula [17]. The dimer(Lv) is 
used to check for the forward oligonucleotide primer and the 
reverse oligonucleotide primer if annealed to each other or 
annealed to themselves. The hairpin(Lv) is used to check for an 
oligonucleotide primer anneals to itself. Finally, the 
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TABLE I 
TEMPLATE SEQUENCES USED IN THIS STUDY. 

Accession ID 
(version) 

Sequence 
Size 

Description 

NM_020365.4 2027 bps 

Homo sapiens eukaryotic translation 
initiation factor 2B, subunit 3 gamma, 
58kDa (EIF2B3), transcript variant 1, 
mRNA 

NR_036639.1 1924 bps 
Homo sapiens Yip1 domain family, 
member 1 (YIPF1), transcript variant 2, 
non-coding RNA 

NM_001002292.3 2069 bps 
Homo sapiens wntless homolog 
(Drosophila) (WLS), transcript variant 
2, mRNA 

NM_144618.2 1953 bps 
Homo sapiens GA binding protein 
transcription factor, beta subunit 2 
(GABPB2), mRNA 

NM_030980.1 2051 bps 
Homo sapiens interferon stimulated 
exonuclease gene 20kDa-like 2 
(ISG20L2), mRNA 

XR_109905.2 1945 bps 
PREDICTED: Homo sapiens 
uncharacterized LOC100505634 
(LOC100505634), misc_RNA 

XM_001724242.4 1929 bps 
PREDICTED: Homo sapiens zinc finger 
protein 806 (ZNF806), mRNA 

NM_006564.1 1953 bps 
Homo sapiens chemokine (C-X-C motif) 
receptor 6 (CXCR6), mRNA 

NR_038826.1 2054 bps 
Homo sapiens uncharacterized 
LOC100506035 (LOC100506035), 
non-coding RNA 

NR_027127.1 2042 bps 
Homo sapiens uncharacterized 
LOC340074 (LOC340074), non-coding 
RNA 

 

specificity(Lv) is used to check for an oligonucleotide primer 
reappears in the template sequence. 
 

3) Judgment of the termination conditions 

When a learner achieves the best learning result, i.e., its 
fitness value is 0, or when a preset maximum number of 
iterations have been reached, the iteration is terminated and the 
characteristic oligonucleotide primers are output. In the study, 
we estimate the running time for a learner has achieved the best 
learning result. 
 

4) Learning by teacher phase 

Teacher phase designates a best learner as the teacher. The 
teacher can increase the mean result of the class in the subject 
based on his capability. The method assigns the number of 
subjects as the design variables, and the number of learners as 
the solutions. Assume that the ‘s’ represents a particular subject, 
there are ‘m’ number of subjects (i.e., s=1, 2, …, m), and the ‘l’ 
represents a particular learner, there are ‘n’ number of learners 
(i.e., l=1, 2, …, n). At any iteration i, Ms,i is the mean result of 
the learners in a particular subject ‘s’. If the best learner is lbest 
(i.e., the teacher), then Rtotal-lbest,i is the best overall result. The 
difference between the existing mean result of each subject and 
the corresponding result of the teacher for each subject is shown 
as follows. 
 

Diff_Means,l,i = ri (Rs,lbest,i - TFMs,i) (7) 

 
In Eq. (7), Rs,lbest is the result of the best learner in subject s. 

TF is the teaching factor which decides the value of mean to be 
changed, and ri is the random number in the range [0, 1]. Value 
of TF is either 1 or 2 which is decided randomly with equal 
probability shown as 
 

TF = round [1+rand(0,1){2-1}] (8) 

 
According to the Diff_Means,l,i, the result of the learner in 

subject s is updated in the teacher phase by  
 

R''s,l,i = min(R's,l,i, Rs,l,i), R's,l,i = Rs,l,i + Diffe_Means,l,i (9) 

where R''s,l,i is the better result between R's,l,i and Rs,l,i; R's,l,i is the 
updated value of Rs,l,i. 
 

The values of R''s,l,i at the end of the teacher phase are applied 
to the learner phase. 
 

5) Learning by learner phase 

The learner phase provides interaction mechanism among the 
learners. A learner can interact randomly with other learners to 
enhance their knowledge. The learning process is described 
below. 

Select two learners X and Y randomly from the learners such 
that R''total-X,i `  R''total-Y,i. R''total-X,i and R''total-Y,i are respectively 

the learning results of X and Y after teacher phase. The final 
learning result R'''s,X,i is determined as 
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6) Characteristic oligonucleotide primers output 

After several iterations, if the learning result achieves zero, 
than the best Lv will be decoded and the characteristic 
oligonucleotide primers are then output. 

III. RESULTS 

A.  Templates and environment  

In this study, we use ten random Homo sapiens nucleotide 
sequences. Their accession IDs are NM_020365, NR_036639, 
NM_001002292, NM_144618, NM_030980, XR_109905, 
XM_001724242, NM_006564, NR_038826, and NR_027127. 
Their version, size and description are listed in Table I. 

The ten nucleotide sequences can be retrieved from NCBI 
Reference Sequences (http://www.ncbi.nlm.nih.gov/RefSeq/). 
In the execution environment, we use an Intel(R) Core(TM) 
i7-3770 CPU at two cores of 3.4 GHz with 8GB of RAM under 
Microsoft Windows 7 SP1. 
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B.  Parameter settings 

The proposed method uses two main parameters, i.e., the 
number of iterations and the number of learners. Their values 
were respectively set to 100 and 8. The parameter of Pmin and 
Pmax were respectively set to 150 bps and 300 bps, as well as 800 
bps and 1000 bps. Total five hundred times of picking 
characteristic oligonucleotide primers are performed for each 
nucleotide sequence to avoid the stochastic effects. 

C.  The result for picking oligonucleotide primers 

Table II and Table III respectively shows the average for the 
fitness, the conformed rate, and the running time for picking 
characteristic oligonucleotide primers based on the proposed 
method using Wallace’s formula and Bolton and McCarthy’s 
formula with 500 runs for ten Homo sapiens template 
sequences. 

From Table II, when using Wallace’s formula, the average 
fitness is 0.073, the average conformed rate is 97.94%, and the 
average running time is 3877 ms (millisecond) for PCR product 
length is limited to 150 ~ 300 bps. The average fitness is 0.208, 
the average conformed rate is 95.56%, and the average running 
time is 4525.47 ms for PCR product length is limited to 500 ~ 
800 bps. 

From Table III, when using Bolton and McCarthy’s formula, 
the average fitness is 0.373, the average conformed rate is 
91.2%, and the average running time is 5391.35 ms for PCR 
product length is limited to 150 ~ 300 bps. The average fitness is 
0.356, the average conformed rate is 91.24%, and the average 
running time is 5495.84 ms for PCR product length is limited to 
500 ~ 800 bps. 

From Table II and Table III, we observe the average finesses 
are quite near to zero, the average conformed rates are all higher 
than 90%, and the average running time are all lower than 5500 
ms. This means the method is greatly effective to pick 
characteristic oligonucleotide primers. 

D.  Comparison the result of using Wallace’s formula to that 
of using Bolton and McCarthy’s formula 

In the Table II, we observe the result of using Wallace’s 
formula is superior to that of using Bolton and McCarthy’s 
formula. When limit PCR product length to 150 ~ 300 bps, the 
average fitness of Wallace’s formula is 0.3 better than that of 
Bolton and McCarthy’s formula; the average conformed rate of 
Wallace’s formula is 6.74% higher than that of Bolton and 
McCarthy’s formula; the running time of Wallace’s formula is 
1514.35 ms faster than that of Bolton and McCarthy’s formula. 

When limit PCR product length to 500 ~ 800 bps, the average 
fitness of Wallace’s formula is 0.148 better than that of Bolton 
and McCarthy’s formula; the average conformed rate of 
Wallace’s formula is 4.32% higher than that of Bolton and 
McCarthy’s formula; the running time of Wallace’s formula is 
970.37 ms faster than that of Bolton and McCarthy’s formula. 

Therefore, the result shows that the method using Wallace’s 
formula can find out better result. However, for the meaning of 
biological experiments, the Bolton and McCarthy’s formula is 
more accurate for the melting temperature of oligonucleotide 
primers. 

IV. DISCUSSION 

The pick for characteristic oligonucleotide primers directly 
influences the PCR experiment. In this study, we use the TLBO 
method to pick characteristic oligonucleotide primers from ten 
Homo sapiens template sequences with 500 runs. The 
characteristics of oligonucleotide primers including the primer 
length, the primer length difference, the GC proportion, the 
PCR product length, the melting temperature (Tm), the melting 
temperature difference (Tm-diff), the GC clamp, the dimers, the 
hairpin and the specificity are used to pick conformed 
oligonucleotide primers. In the following, we discuss the 
method and the result for picking oligonucleotide primers. 

A.  Easy settings for algorithm parameter 

Many algorithms need to input a lot of parameters to execute 
and it always bothers users to give a suite of the suitable 
parameters. The used method avoids this problem. It only 
requires two general parameters, i.e., the number of iterations 
and the number of learners, and thus it is friendly for the 
researchers and users to solve their problems. In this study, we 
only respectively give the algorithm parameters of 100 and 8 for 
the number of iterations and the number of learners. The 
algorithm parameters are set according to the experiences for 
the problem of picking characteristic oligonucleotide primers. 

B.  Analysis of the result for Wallace’s formula and Bolton 
and McCarthy’s formula 

The results in Table II and Table III show the method using 
Wallace’s formula is more easily to find out characteristic 
oligonucleotide primers. The reason is the Wallace’s formula 
only uses a simple calculation for the melting temperature, 
while the Bolton and McCarthy’s formula employs the more 
complicated calculation for the melting temperature. The 
numerical range of Wallace’s formula is limited to integer, 
while the numerical range of Bolton and McCarthy’s formula is 
limited to floating decimal. Therefore, the method using Bolton 
and McCarthy’s formula is more difficult to find out 
characteristic oligonucleotide primers than the method using 
Wallace’s formula in a finite iteration. Following the 
complicated computing, the Bolton and McCarthy’s formula is 
considered more accurate calculation for the melting 
temperature of oligonucleotide primers in biological 
experiments than Wallace’s formula. 

V.  CONCLUSIONS 

In this study, the TLBO method is used for picking 
characteristic oligonucleotide primers in ten Homo sapiens 
template sequences. We analyze and discusse the result of using 
Wallace’s formula and Bolton and McCarthy’s formula. The 
results show that it is available for picking characteristic 
oligonucleotide primers. The picked characteristic 
oligonucleotide primers achieve good fitness, high conformed 
rate, and fast running time in the ten random Homo sapiens 
template sequences. 
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