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Abbreviations: ANFIS, adaptive neuro-fuzzy inference 
system; FDEs, fuzzy differential equations; SGD, synthetic gene 
designer; CAI, codon adaption index; GA, genetic algorithm

Introduction
Once a recombinant DNA is inserted into bacteria, these bacteria 

will make protein based on this recombinant DNA. This protein is 
known as “Recombinant protein”. The demand of recombinant 
proteins has increased as more applications in several fields become 
a commercial reality.1 For instance, today, more than 75 recombinant 
proteins are utilized as pharmaceuticals, and more than 360 new 
medicines based on recombinant proteins are under development 
(www.phrma.org).

The performance of the protein can be strongly affected by the 
gene expression in the host. In biology, the researchers chose the best 
appropriate host, which has more efficient, and cell growth for the 
recombinant protein. There is a general rule for this method is that 
the simplest cell that can provide a functional product in a time- and 
cost-effective manner is the best host.2 However, this approach takes 
a long time in choosing and is not effective for mass production. The 
researchers lead to gene optimization to adjust the target gene that 
appropriate to gene expression in the host.

Many research programs have been started with the goal of using 
different features in DNA sequence that influence protein expression 
levels to optimize gene in host cell. However, the collection of data 
points for those features is small and uncertain. Sometimes, it misses 
some important information in building model. Fuzzy methods thus 
are needed for using analysis and estimation uncertain and missing 
information.

Condon usage has most often been studied in gene optimization. 
In,3 Puigbo et al.,3 introduced the programs used One amino acid-
one codon method in gene optimization includes OPTIMIZER, 
JCAT, Synthetic Gene Designer (SGD), DNA Works, etc. So far, 
the limitation of those programs is that if the research uses different 
reference set for HEG, the result of gene optimization is different. 
Moreover, it existed some genes with extremely low codon adaption 
index (CAI) values are highly expressed.4 As we know, one amino 
acid-one codon is a method that replaced less frequently codon to high 
frequently codon used in host cell. This approach increased CAI in 
gene optimization. Thus, we can miss some optimized genes that have 
low CAI.

Powerful mathematical methods for modeling biochemical 
reaction systems by means of differential equations have been 
developed in the past century, especially in the context of metabolic 
processes.5–7 Johan proposed three differential equations as three 
stages (Gene activation, Transcription, and Translation) in gene 
expression. The model is complete in modeling from the beginning of 
the gene activation to the translation by using stochastic process and 
chemical equations. A limitation of this model is using in computation 
and analysis. Specifically, missing information for parameters in 
differential equation is a big problem in using it.

Zhang et al.,8 confirmed that most of biological data are derived 
from logically-designed, hypothesis-driven experiments, which may 
contain various noises, and fuzzy logic provides a way for biologists 
to incorporate data that might otherwise be difficult to incorporate into 
computer models. Woolf et al. 2000 used fuzzy inference system and 
fuzzy set to model transcription stage in gene expression process. In 
2003 and 2004, Dembele and Vinterbo separately apply fuzzy logic to 
analyze and model gene expression data.9,10 Moreover, uncertainty is 
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Abstract

Gene optimization is a popular problem to research both in experiment and in 
analyzing data. Today, there are many methods and models applied to this problem 
but some characteristic patterns in data which have not been learnt such as missing 
data. Moreover, missing data contains lack of information in parameters of differential 
equation so some differential equations of biological system cannot be computed. The 
aim of this study is to evaluate and learn from missing information in data as well as in 
solving differential equation. We have two different models for two problems. Adaptive 
Neuro-fuzzy inference system (ANFIS) dealt with missing information in data. Fuzzy 
differential equations (FDEs) are used to model and compute differential equation 
when it missed information in the equation. Overall, the results in ANFIS model are 
larger than 90% both in testing and in training. Besides that, the statistical testing in 
FDEs model has not a good performance in using to predict gene expression with 
data. However, we propose a new process to use fuzzy methods to solve differential 
equation and train data when those are missing some essential values.
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an attribute of information11 and the use of fuzzy differential equations 
(FDEs) is a natural way to model dynamic systems with embedded 
uncertainty.12

Because of these things, we hypothesize that to use adaptive 
neuron – fuzzy inference system to deal with biological data and to 
use fuzzy differential equation to make those differential equations 
used in computation and computer models. We then chose adaptive 
neuron – fuzzy inference system model as the “fitness” function into 
genetic algorithm (GA) for searching the best sequence that adapt 
gene expression process in host cell (gene optimization).

Materials and methods
There are two models which we applied in this article to gene 

optimization: Adaptive Neuro – Fuzzy Inference System (ANFIS) 
and Fuzzy Differential Equations (FDEs). The ANFIS model was 
used as a learner to train biological data and predict gene expression 
level from features used in training. We then combined with genetic 
algorithm (GA) to gene optimization.

Fuzzy Differential Equation model was a process that we solve 
fuzzy differential equation for translation stage in gene expression 
based on two models: differential equation for gene activation and 
fuzzy inference system for transcription.

Adaptive neuro-fuzzy inference system and genetic 
algorithms

ANFIS used fuzzy inference system to data modeling. As we 
know, the shape of membership functions depends on parameters, and 
changing these parameters change the shape of membership function. 
Instead of looking at the data to choose the shape and the parameters 
of the membership function, we can automatically choose these 
parameters by training on data (www.mathworks.com). 

ANFIS includes two components: fuzzy inference system and 
neuron network.13 Fuzzy inference is the process of formulating the 
mapping from a given input to an output using fuzzy logic. Neuron 
network is a collection of connected nodes call neurons. In ANFIS, 
neuron network is trained to learn a set of rules for the fuzzy inference. 
For an example, ANFIS has two inputs (X,Y) and an output f, as 
shown in Figure 1.

Figure 1 Architecture of ANFIS.

A.	 Randomly generate an initial source population of P 
chromosomes.

B.	 Calculate the fitness, F(c), of each chromosome c in the source 
population.

C.	 Create an empty successor population and then repeat the 
following steps until P chromosomes have been created.

a.	 Using proportional fitness selection, select two 
chromosomes, c_1 and c_2, from the source population.

b.	 Apply one-point crossover to c_1 and c_2 with crossover 
rate pc to obtain a child chromosome c.

c.	 Apply uniform mutation to c with mutation rate pm to 
produce c’.

d.	 Add c’ to the successor population.

D.	 Replace the source population with the successor population.

E.	 If stopping criteria have not been met, return to Step 2.

Algorithm 1: The simple genetic algorithm.

Figure 2 is a process in our research to optimize gene by combining 
ANFIS and GA. In our research, we chose GC and CAI as attributes 
for ANFIS learner. GC content or also called as Guanine-Cytosine 
content is an important attributes that of bacterial genomes. GC-
content percentage is calculated as the formula (2).

( ) 100
G C

GC Gene
A T G C

+
= ×

+ + +
                                                      (1)

Where G is a number of G letter in gene. C is a number of C letter 
in gene. A is a number of A letter in gene. T is a number of T letter in 
gene. We used CAI formula which is proposed by Sharp,14
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Where 
i

w  is the w value for ith codon in gene. When we 

successfully approached ANFIS learner based on data points
( ) [ ], , , 1,i i iData CAI GC EG i n= = , we chose ANFIS as the “fitness 

function” for GA to search the most optimized gene.

Figure 2 Gene optimization.

GA is constructed from a number of distinct components: 
chromosome encoding, selection, recombination and the fitness 
function. In GA, a chromosome is set of parameters define a solution 
to the issues that the GA algorithm is trying to solve. In this article, the 
final chromosome of GA is the optimal chromosome (gene). Selection 
and recombination are the design stage of GA. Selection is to 
choose individual chromosome from a population for later breeding. 
Recombination is used to vary the coding of chromosomes from one 
generation to the next, such as reproduction or biological crossover. 
Finally, In order to design (search) the chromosome, GA needs an 
objective function to evaluate how close a given design is to achieving 
the goals. Fitness function is used in GA to guide the algorithm to the 
optimal solution. In,15 John introduced a typical design for a classical 
GA using complete replacement with standard genetic operators 
might be as algorithm 1.

Fuzzy differential equations model

Although stochastic model has been used to model uncertainty 
problem, it only describes stochastic uncertainty. Uncertain 
information is not stochastic in its nature.16,17 We therefore used 
fuzzy differential equation to model the problems with embedded 
uncertainty.
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We modified the model which is proposed by Johan.18 The model 
contains three differential equation for gene activation, transcription, 
and translation in gene expression process. We hypothesized that the 
number of mRNAs  was a fuzzy number in differential equation for 
translation stage. Therefore, that differential equation became fuzzy 
differential equation.

( ) ( )33
3 2 3

*
n tdn

t n
dt

λ
τ

= −

Where ( )
3

n t  is a number of proteins at time t .
3
λ is the translation 

rate. 
2

n is a fuzzy number for the number of mRNAs. 
3
τ  is the 

average lifetimes of proteins.

The collection of data points for a number of mRNAs followed 
time t is hard to look for on the public website. Moreover, most of 
data about mRNAs is described as micro-array. With this lack of 
information, we cannot solve the differential equation. In addition, 
the number of mRNAs not only depends on gene activation stage but 
also depend on environment conditions and chemical catalysts so the 
number of mRNAs is not an exact value. 

Figure 3 is the process to estimate the number of proteins ( )
3

n t  
based on the equation (3). A life cycle is a series of changes in form 
that an organism undergoes and returns to the starting state.19 We 

modified Johan’s model for gene activation and translation based on 
this idea. We created new formula for ( )1n t and ( )

3
n t , showed as 

formula (4).
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Where ( )1n t is the number of activation genes. ( )
3

n t is the 
number of proteins.

Figure 3 FDEs model of gene expression.

Feedback function plays the main role to control the adverse effect 
of the model. For instance, when gene encodes a protein inhibiting 
its own expression to model this process, we need negative feedback 
function to model this process in.20 Ting assumed the number of 
proteins affected to the number of mRNAs. Followed this approach, 
they could estimate the time when the number of protein was 
decreasing. Johan’s model was re-modified as:

( ) ( ) ( )11
1 1 1

* *
n tdn maxt P t n

dt
λ

τ
+= −

( ) ( ) ( )33
3 2 3

* *
n tdn

t P t n
dt

λ
τ

= −
                                                           

(5)

Where ( )P t is the feedback function. 
1
λ+ is the rate of gene 

switched on. 
1

mn ax is the maximum of the number of activation 

genes. 
1
τ is the average lifetimes of activation genes.

Usually, choosing feedback function ( )P t is based on experimental 

results and theory. With the condition ( )'

3
 0f t < or ( )

3
^ '  0F t > we 

assumed that ( )P t was a probability distribution. In our research, the 
only information that we collected is frequencies of the number of 
molecules in each stage so we proposed to use the probability density 
function to solve our issues.

For the other conditions ' '

1 1
0 ( 0)f F> >  and ' '

2 2
0 ( 0),f F≈ ≈

we combined population growth differential equation and differential 
equation of Johan to construct new model.
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Where 
1
λ+ a rate of gene on is, 

1
λ− is a rate of gene off, and h is a 

maximum of gene activation.

By solving differential equation (5) and (6) named as “ ( )_
i

Chi n t
and “ ( )

i
G t ”, we combined those equations to an equation satisfied 

the conditions (4). The combined equation ( ) 0, , \ {0}ii
n t b b N ∈ ∈   

has the equation (7).
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The equation ( ) 0, , \ {0}ii
n t b b N ∈ ∈   is a combination of 

two different functions where ( )
i

G t  is in [ ]0, k  and  _ ( )
i

Chi n t  

is in [ ],k b . If 1i = ,
1
( )n t is the equation of gene activation stage. If

3
3,  ( )i n t= is the equation of translation stage.

https://doi.org/10.15406/mojpb.2018.07.00214


Using genetic algorithm combining adaptive neuro-fuzzy inference system and fuzzy differential equation 
to optimizing gene

61
Copyright:

©2018 Gia An et al.

Citation: Gia An V, Tuan Anh T, Bao P. Using genetic algorithm combining adaptive neuro-fuzzy inference system and fuzzy differential equation to optimizing 
gene. MOJ Proteomics Bioinform. 2018;7(1):58‒64. DOI: 10.15406/mojpb.2018.07.00214

We got 
2

n  value by constructing Mamdani’s fuzzy inference 

system (FIS). To model the problem by FIS, we followed the algorithm 
below.

a.	 Determining a set of fuzzy rules.

b.	 Fuzzifying the inputs using the input membership functions.

c.	 Combining the fuzzified inputs according to the fuzzy rules to 
establish a rule strength.

d.	 Finding the consequence of the rule by combining the rule 
strength and the output membership function.

e.	 Combining the consequences to get an output distribution.	
	

f.	 Defuzzifying the output distribution (this step is only if a crisp 
output (class) is needed).

Algorithm 2: The simple FIS structure.

Results and discussion

Data

Data used in this article from Welch,21 Taniguchi,22 and Menzella.23 
In Welch data, it supplied two features value are GC content and CAI. 
Also, each gene has an absolute expression measured in /gµ ml
. In Taniguchi data we downloaded the genome of Escherichia coli 
str. K-12 sub str. W3110 from the National Center of Biotechnology 
Information (NCBI). We summary our data in Table 1.

Table 1 Supplement data

Data Number of data points

Welch et al.21 62

Taniguchi et al.22 585

Menzella23 7

ANFIS model

The two key results of this empirical study are: for Welch and 
Menzella data, we use two features to train and test ANFIS model 
and for Taniguchi data we apply two to four features to train and test 
ANFIS. We also used the correlation coefficient formula (8) to evaluate 
statistical relationship between the label set and the prediction values 
of ANFIS model. Take A and B are a set of N values, we have the 
formula (8).

{ }1 2, , , NA a a a= …

{ }1 2, , , NB b b b= …                                                                            (8)

Where N is the number of observations
A

µ and 
A

σ  are the mean 

and the standard deviation of A. 
B

µ and 
B

σ  are the mean and the 
standard deviation of B.

ANFIS model on Welch and Menzella data

An analysis was made to look for the best suitable membership 
function and a number of fuzzy sets of ANFIS model. To do this, 
we used several of membership functions shown in Table 2 with 
two fuzzy sets, which represented for two input of ANFIS model. In 
addition, the number of each fuzzy set is larger than one and smaller 

than six (Table 2). Set a membership functions as MF and the number 
of fuzzy sets as NF, we have formula (9).

{ }, ,MF trimf gbellmf gaussmf=                                                      (9)

{ |1 6}NF i N i= ∈ < <

The length test set of MF is 9. And the length test set of NF is 16. 
Thus, we have a matrix for training and testing MF and NF named as 
MN has a size 9×16. In testing process, we chose the best results in the 
matrix MF by using cross – validation method. We figured out that the 
fold 5 in testing has the highest correlation coefficient so we proposed 
this for ANFIS model as fitness function in genetic algorithm, as 
shown in Figure 4.

Table 2 Membership functions
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2
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σ

 − = − ∀ ∈
 
 

Figure 4 Results the best  of matrix MN in each fold.

ANFIS model on Taniguichi data

The purpose in this section is the same as above but we used with 
different data and features. We used four features: GC, CAI, rare 
codon frequency, AT for ANFIS model. For a membership functions 
set, we used again membership function in Table 2 and Gaussian 
combination membership function combined by two Gaussian 
membership functions.

Assumed that membership functions as MF and the number of 
fuzzy sets as NF, we have formula (10).

{ , , , 2 }MF trimf gbellmf gaussmf gauss mf=

{ |1 6}NF i N i= ∈ < <                                                                      (10)
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The length test set of MF is 28. And the length test set of NF is 28. 
Thus, we have a matrix for training and testing MF and NF named as 
MN has a size 28×28. However, triangle membership function had an 
error when we selected for one of following features: GC, CAI, or rare 
codon frequency. Thus, the matrix MN was reduced to a size 9×28. In 
the overall matrix MN, the correlation coefficient between the model 
and the data is less than 0.6 (Figure 5).

Figure 5 Using Chi – square pdf as the feedback function for modeling the 
gene activation stage.

FDEs model

S u p p o s e max

1 13
8, 0.7, 0.4, 0.8, 44

on
k P nλ λ−= = = = = i n 

equation (5) with [0, 20]t ∈ . We tested each probability distribution 
function  for choosing the feedback function. We then figured 
out that the Chi – square distribution is the best fit to our conditions in 
equation (4) and equation (5), as shown in Figure 6, and formula (11).

( ) 2 2, , 0

2Ã2
2

Chisquare

k t
t e

f f t k tk
k

−
= = ≥

 
 
 

Let 
1

44, 0.4,  0.7,
on

h Pλ−= = = and
2

 100n =  in equation (6) 

with [ ]0,20t ∈ . Figure 7 is the graphs of our modified model. 

With the results above, to use equation (7) for solving the equation 
(7). Figure 8 is the result of the equation ( )

1
.n t  To build fuzzy of 

inference system, we chose three fuzzy sets for each input and output 
named as: Low, Medium, and High. We used matrix – rules to create 
fuzzy rules for the system, as shown in Table 3.

Figure 6 Results  of matrix MN in Taniguichi data.

Figure 7 Using population growth as the feedback function for modeling the 
gene activation stage. Figure 8 The graph of the equation ( )

1
.n t
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Table 3 Fuzzy rules

Input Output

Low Low

Medium Medium

High High

We chose triangle membership function which is the simplest 
membership function to use, as shown in formula (12) and Figure 9.

Figure 9 Triangle membership function.

( )

0, 

,
; , , ,

,

0,

x a
x a a x b
b atrimf x a b c x R
c x b x c
c b

x c

 ≤


− ≤ ≤
 −= ∀ ∈

− ≤ ≤ −
 ≥

, ,

R

a b c

a b c R

∈

< <

∈                                                                                                 

(12)

Finally, to get an exact value from FIS, we used mean of maximum 
(MOM) defuzzification method, the formula (13).

*1
2

 1

n maxfuzzy
i ii

n fuzzy
ii

y
n

µ

µ

=

=

∑
=

∑
                                                                         (13)

Where  n fuzzy  stands for the number of fuzzy sets,  
i

µ  the 

calculated membership of the rule to the fuzzy set  and 
max

i
y is the 

expression value where the membership function of set  is at its 
maximum.

Our FDEs model depended on four parameters: the rate gene off
1
λ−

, the probability of gene on on
P , the synthesis protein rate 

3
λ  and the 

rate of the average lifetime of proteins
3
τ . In order to create, the FDEs 

model also has a parameter depends on the conditions in the gene. We 
modified and added a ANFIS system at translation stage with output 
is a rate of protein synthesis

3
λ . To test the new model, we choose 

random 70% of the data to train and the remaining of the data for 
testing and using cross-validation K-Fold with 10K = . Additionally, 
we change time [ ) { }0, , \ 0t Nα α∈ ∈ in the model to test what is the 
good time t will give us a good result in Taniguchi supplement data. 
Generally, all of correlation coefficient values between the prediction 
values and original values are less than 0.2 in Table 4.

Table 4 Results of FDEs model with ANFIS system in Taniguchi data

Time ( )t 1

−ë on
P The correlation coefficient

1 0.4 0.7 −0.03

5 0.4 0.7 −0.05

10 0.4 0.7 0.06

15 0.4 0.7 0.02

20 0.4 0.7 0.03

25 0.4 0.7 0.24

Gene optimization

We conducted optimized for protein-coding genes Prochymosin 
on Escherichia coli expression system BL21 with population size is 
1000, mutate probability is 0.01, and cross – probability is 0.6. In 
genetic algorithm, we used ANFIS model built on Welch data as a 
fitness function for searching method. Results are shown in Table 5.

Table 5 The results of gene optimization.

Sequence CAI GC Gene expression (log10) Gene expression (mg/l)

The best optimized gene in Menzella’s study23 0.488 0.35 6.1048 448

The optimized gene in our research 0.152 0.436 8.0541 3147

Discussion
One of the main goals of this experiment was to attempt to find 

a way to create a model that can deal with missing information in 
data and a process that can solve differential equation when it missed 
information.

In results section of ANFIS model, we figured that our model 
adapted well to Welch data than Taniguchi data. In addition, we tried 
to use and add two new features in gene which are AT–rich and rare 
codon frequency. However, the results of the model are still low.

In FDEs model, we tested the system in Taniguchi data and the 
results did not have a good performance. The limited of this model 

is hard to find the data that can support enough information for 
analyzing and evaluating. Our model depends to six parameters. 
Based on biological theory, the parameters are gotten to some values. 
However, the synthesis rate λ_3 is found in experiment. This is the 
reason why we did not give more testing to modify the model. A 
greater understanding and evaluating of our findings could be a new 
approach in solving differential equation.

Based on the results in ANFIS model and FDEs model, we chose 
ANFIS model created by Welch data as the “fitness” function in 
genetic algorithm. A study by Menzella (HG, 2011) found some genes 
in Escherichia coli had a high gene expression. We chose the gene 
named as V2-pV2 in Menzella research to compare and optimize in 
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gene optimization. In Table 4, the optimized gene in our research had 
a gene expression value larger than sequence V2-pV2. Moreover, 
the CAI value in our optimized gene showed us that the gene has a 
high CAI value which do not surely has a high gene expression and 
otherwise. 

As mentioned in the Introduction, our purposed is to learn missing 
knowledge and information missing in data. The importance of our 
results is to use our model to approach and analysis information or 
pattern missing both in data and in solving differential equation.

Conclusion
We assessed the missing information both in data and in 

differential equation by using adaptive fuzzy inference system and 
fuzzy differential equations. Various combinations for features (CAI, 
GC, AT and rare codon frequency) in gene, rate of synthesis protein, 
and data were evaluated and analyzed using ANFIS model and FDEs 
model. The results in ANFIS model for Welch data showed us an 
ability to learn and predict value from missing information in data. 
We also believe that the system of FDEs model is a new estimate 
and compute differential equation in process of computation. We hope 
that our findings may influence machine learning and mathematical 
modeling. Future work will entail refining our model by looking for 
new data contains essential information for FDEs model and new 
feature in gene (e.g. mRNA secondary structure) for ANFIS model.
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