A Recurrent Fuzzy Neural Model of a Gene Regulatory Network for
Knowledge Extraction Using Differential Evolution
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Abstract— A gene regulatory network describes the including Boolean networks [7], [8], Linear differential
influence of genes over others. This paper attempts to model model [9],[10], Bayesian networks [11],[12], linear
gene regulatory network by a recurrent neural net with fuzzy additive regulation models [19], [20], [21], [22], and the
membership distribution of weights. A cost function is like . A brief review of these models is given below.
designed to match the response of neurons in the network
Boolean networks consider two state of a gene: 1 for
with the gene expression data, and a differential evolution
active and 0 for inactive. Boolean functions are used to
algorithm is used to minimize the cost function. The
minimization yields fuzzy membership distribution of describe the state change of a gene due to the interaction of
weights, which on de-fuzzification provides the desired signed other genes. The main drawback of Boolean network lies in
weights of the gene regulatory network. Computer simulation ignorance of the effect of gene at intermediate levels,
reveals that the proposed method outperforms existing causing information loss because of binary quantization
techniques in detecting sign, and magnitude of weights of the process. In addition, Boolean networks presume that the
regulatory network.
transition between genes’ activation states are synchronous,
which is biologically implausible. However, a study of
Index Terms – gene regulatory network, fuzzy recurrent dynamic behavior modeling using the Boolean network is
neural network, time series gene expression data, differential under investigation [14], [15].
evolution algorithm.
Bayesian models have also been employed to represent
gene regulatory network. A gene regulatory network under
I.
INTRODUCTION
the Bayesian framework is considered a directed acyclic
Living beings adapt themselves to an ever-changing graph, where the vertices are represented as genes, and the
environment because of the changes in their genetic edges represent the conditional dependence relation
information stored in DNA [23]. When a new generation between genes. Bayesian networks [11], [12] are effective
evolves from an old one, the information stored in the in handling with noise, incompleteness, and stochastic
parent’s DNA is copied into child’s DNA.
Most nature of gene expression data. However they are unable to
importantly, DNA contains a few regulatory genes, which represent the dynamical aspects of gene regulation. In
on being influenced by environmental factors (such as recent times, dynamic Bayesian networks [16], [17], [18]
temperature, atmospheric pressure etc.) attempt to control have been employed to handle the temporal information of
the transfer of genetic information from one generation to gene regulatory network. They are also capable of handling
the next by interacting with other genes. This interaction ‘hidden variable’, ‘prior knowledge’, and ‘missing data’.
among genes can be visualized as a virtual network, called
Linear additive regulation models [19], [20], [21], [22]
gene regulatory network.
also are effective to describe the expression level of a gene
This regulatory mechanism is important from the point at time t as a weighted sum of expression levels of other
of view of genetic engineering [31], [32], as it provides genes at time (t -1). The main drawback of the linear
insight into the interaction between different genes. additive network model lies in its incapability to capture
Currently, with the advancement of the DNA micro array nonlinear dynamics between gene regulations.
technology, it has become possible to simulate gene
None of the above technique could provide a foolregulatory network from gene expression time series data. proof solution to the problem of gene regulatory network
Researchers are taking a keen interest in modeling gene [36]. In this paper, we propose a mathematical model for
regulatory network by soft computing techniques [33], gene regulatory mechanism using fuzzy recurrent neural
[34], [35], and have attempted several approaches, network (RNN) [39], and attempt to determine the
numerical interaction values between genes. We have
chosen recurrent neural network [37] as the basic
Manuscript received November 17, 2008; revised February 24,
framework of our model because of its capability to handle
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gives the numeric interaction values between genes.
Thereby, if it is possible to find those weight values
between neurons from the time series data available for
genes, then the real interaction between genes can be
revealed. Moreover, different techniques are available to
find these interactions between neurons [28], [29], [30] for
example back propagation through time [38], [40]. In this
paper we, however, have used differential evolution
algorithm to determine weights.
Gene expression profiling or micro array [6] analysis
has enabled us to measure thousands of genes in a single
RNA sample. There are a variety of micro array platforms
that have been developed to accomplish this gene
expression profiling, and the basic idea for each is simple:
a glass slide or membrane is spotted or “arrayed” with
DNA fragments or oligonucleotides that represent a
specific gene coding region. Purified RNA is then
fluorescently- or radioactively labeled, and hybridized to
the slide/membrane. In some cases, hybridization is done
simultaneously with reference RNA to facilitate the
comparison of data across multiple experiments. After
thorough washing, the raw data is obtained by laser
scanning or auto radiographic imaging. At this point, the
data may be entered into a database, and analyzed by a
number of statistical methods.
The main problem associated with the approaches
used to find those interaction values between genes is that
the only information available in reality is the gene
expression time series data, which are also limited, and
erroneous. Since a priory knowledge about the network
topology or its parameters are not available, it is difficult to
model the problem in a deterministic framework. Further,
gene-regulatory network weights usually are multimodal
functions of the gene expression time-series data. While
modeling gene regulatory network as an optimization
problem, researchers attempt to minimize the mean square
error obtained by taking the squared difference of the
measured time-series data, and desired response of the
network nodes. Since the error function too is a nonlinear
multimodal surface, the solution sets of weights is nonunique, and naturally the solution does not guarantee the
optimal selection of weights of the network. An alternative
formulation of the problem is to presume that the weights
have a stochastic/fuzzy distribution. Although there is a
scope of multiplicity of such distributions for individual
weights, the justification of introducing stochastic/fuzzy
distribution lies in searching a narrow space for individual
probability or fuzzy memberships in [0, 1], thereby
minimizing the possibility of multiplicity, and also cost of
determining the right value of a weight wji in [-30, 30] say,
can be reduced significantly by interval based fuzzy
system, where we need to determine the memberships in
[0, 1] for fixed weights in a set S = {-30,-25,0,25,30}.
In this paper, we represent the connection weights of
the regulatory network using fuzzy membership
distributions, and employed a differential evolution
algorithm to find the optimal membership distribution of
weights. The membership distributions thus obtained are
then defuzzified by centroidal defuzzification technique,
and the results are found to be promising. The sign of
almost all the weights obtained by the network can be
retrieved correctly for known networks, which indeed is a
challenge to the works undertaken in the existing literature

[1],[24], [25],[26],[27] where they missed to retrieve the
correct sign of many network weights.
The paper is organized as follows. In section II, we
propose a fuzzy extension to the existing framework of
gene regulatory network model using recurrent neural
network. Section III presents a scheme for generation of
gene expression time series data for known gene-regulatory
network. We have generated the gene expressions of a 4gene network, and shown them graphically to mimic the
real gene expression time series data, with some predefined
values. Section IV describes cost function used in our
model. In section V, we describe the differential
evolutionary algorithm used to find the simulated network
parameters. In section VI, we presented the simulated
results, and in section VII we used our model to simulate a
gene regulatory network using real gene expression time
series data.
II.

PROPOSED EXTENDED FUZZY RECURRENT
NEURAL NETWORK (FRNN) MODEL

Currently available time series data from gene
microarray gives the idea that the value of gene expression
changes with time. To incorporate the time aspect in the
proposed model, and the dynamic aspect of recurrent
neural network (as introduced earlier), we have chosen the
differential equation (1) as our model, where each gene
expression is differentiated with respect to time.

Ti

N *
dgi
= f (¦ w ji gi − bi ) − ki gi
dt
j =1

(1)

Here the weight wji from neuron j to i has a fuzzy
membership distribution μ (*wji), and the corresponding
fuzzy set is given by a doublet {wkji | μ(wkji)}. The *wji of
equation (1) is evaluated by centroidal defuzzification
procedure given by (2).

F

k

k

w ji × μ ( w ji )( t )
*
=
k
1
w ji ( t ) =
F
k
¦ μ ( w ji )( t )

¦

(2)

k =1

As an example let F=3; so that a particular weight can be
represented as {30/0.35, 0.001/0.89,-30/0.2}, and after the
de-fuzzification it becomes (30 × 0.35 + 0.001 × 0.8930 × 0.2)/ (0.35+0.89+0.2) = 3.1256. At this point, we want
the attention of the reader on the above fuzzy set; the set
members are 30, 0.001, and -30. We have chosen the
middle value as 0.001 instead of 0. Because if it is zero the
value will not have any effect in de-fuzzification. To make
it up we took the value of a weight as zero at the final step,
when its calculated value after de-fuzzification is less or
equal to 0.001. The bias bi, and time constant Ti are also
represented in a similar manner like wij* (see Fig.2.)
Let gi is the expression of ith gene, Ti is the time
constant, wji* be a defuzzified weight from neuron j to
neuron i in the neural net representation of a recurrent
neural network ; wji* can be positive, negative or zero
depending on whether jth gene is activating, inhibiting gene
i or doesn’t have any effect on it at all, ‘bi’, ‘ki’, and ‘N’
represent the bias term for ith gene, decay constant for gi,
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and total number of genes present in the network,
f(x)=1/(1+e-x) is the nonlinear function used to get the
output of each gene.
The available gene time series data we get in reality is
in discrete form, and the model shown in equation (1) is a
continuous one. To incorporate the discrete feature in our
model with respect to time we have changed it as follows:

Ti

N *
dgi
= f (¦wij gi (t) − bi ) − ki gi (t)
dt
j =1

 Ti

N *
gi (t + Δt) − gi (t)
= f (¦wji gi (t) − bi ) − ki gi (t)
Δt
j =1

 gi (t + Δt) − gi (t) =
 gi (t + Δt) =

Δt N *
Δt
f (¦wji gi (t) − bi ) − ki gi (t)
Ti j =1
Ti

Δt N *
Δt
f (¦w ji gi (t) − bi ) + gi (t)(1− ki )
Ti j =1
Ti
………..(3)

Equation (3) demonstrates how expression of a particular
gene changes with time in response to the other genes
present in the network.
III.

GENE EXPRESSION PRODUCTION WITH
PREDEFINED VALUES

In section III we attempted to generate artificial gene
expression time series data to test the accuracy of our
method. Using the model in equation (3), we have
generated time series data using the parameter values of
TABLE I of a 4-gene network;
TABLE I
PARAMETER VALUES OF A 4-GENE NETWORK
Gene1
20.0
15.0
0.0
0.0

Gene1
Gene2
Gene3
Gene4

Gene2
-20.0
-10.0
-8.0
0.0

Gene3
0.0
0.0
12.0
8.0

Gene4
0.0
0.0
0.0
-12.0

bi
0.0
-5.0
0.0
0.0

Ti
10.0
5.0
5.0
5.0

gene1profile

gene2 profile

1.2

0.99

1

0.98

0.8

0.97

0.6

0.96

0.4

0.95

0.2

0.94

0
0

50

100

150

200

gene3 profile

1.2

0

50

150

200

gene4 profile

1

1

100

0.2

0.2

0

0
0

50

100

150

200

{[giorg(t)]k

¦¦¦
k=1 t=1 i=1

0

50

100

150

2
i
−[gcal(t)]k }

(4)

This expression is basically the squared error between the
original gene expression, and experimental gene
expression. Here M is the number of time series used; ɝ is
the number of data point in each time series data, and N is
the number of gene present in the network. [giorg (t)]k is the
original expression of ith gene at tth time instance in kth time
series, and [gical(t)]k is the calculated expression of the same
using our simulated network.
Designing a cost function to detect the accurate sparse
structure of the simulated network (which is the second
issue) is much more difficult. Fortunately, the study of
genetics revels that in a gene regulatory network it is
unlikely that all the genes interact with each other; rather
few genes are involve in regulation of a gene. Considering
this practical phenomenon, we designed the cost function
given by equation (5).
N

i =1 j = 1

200

Fig.1. Expression profile of gene1, gene2, gene3, and gene4, respectively
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N

C2 = p¦ ¦

0.4

0.4

Γ

*

0.6

0.6

M

N

0.8

0.8

IV.
PROPOSED COST FUNCTION
Accuracy of gene regulatory network (GRN) design
mainly depends on two issues (i) how well we can measure
the accuracy of the existing connection values of the
network, and (ii) how well we can measure the accuracy of
the skeletal structure (network topology) of the simulated
network. The first issue is related to fine tuning of the
values of the existing or detected connections, and the
second issue is related to the detection of the sparse
structure of the network. Handling both issues
simultaneously is a tough job, because we do not have any
knowledge except the available gene expression time series
data, which is also limited. Therefore a judicious choice of
cost function can greatly influence the accuracy of the
simulated network.
In our proposed cost function, we tried to incorporate
both the issues. To meet the first issue, we evaluated the
accuracy of the produced gene expression of our simulated
network by comparing it with the gene expression
produced using the network parameters of TABLE I with
the hope that if the network parameters of our simulated
network is closer to the parameters of TABLE I then the
difference (error) between these two set of gene expression
will be less. That error has been calculated using the
equation (4).

1
C1 =
ΓNM

The interpretation of the above weight values are as
follows. From TABLE I we can see that box (1, 2) = 20.00, the meaning is that gene1 has -20.00 unit of effect
on gene2. We have chosen the same set of values as in
paper [1] to compare the accuracy of our model. The
generated time series data for the genes are shown in Fig.1.
1

X-axis represents the time points of observations of
genes expression and Y-axis represents gene expressions.
As can be seen from Fig.1. that nearly after150 points, the
expression of all the genes get saturated, therefore this is
the region from where we can extract maximum
information. Because of this reason we have used 150 data
points for each gene profile.

| w ij |
*

(5)

| 1 + w ij |

Here wji* is the connection value between gene j, and gene
i, and p is a constant. The idea behind C2 is outlined here.
The natural phenomenon is that a particular gene is
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influenced by few genes; therefore the simulated network
structures are penalized according to their number of
nonzero connections. Introduction of this term in cost
function is risky, because it may lead the whole system to
an all zero solution. To tackle this situation, and gain some
sort of control over C2, we kept p as constant. Choosing
proper value of p is also tricky. An appropriate value will
lead to a good solution or it may mislead the system, its
value should be such that C2 can’t override C1.
Our final cost function is shown in equation (6).
C = C1 + C2

C=

1
ΓNM

M

Γ

¦¦

(iii) For each candidate solution Ci, and corresponding
mutant vector Vi form a trial vector Įi as follows:
for each component of the candidate solution draw a
random number Ĳi between 0 and 1. If Ĳi <= Pr, then
the corresponding component of Vi appears in Įi,
otherwise component of candidate solution appears
in Įi. Pr is a predefined value, and typically Pr = 0.9.
(iv) If COST (Įi) is better than COST (Ci) then Įi
replaces Ci in the next generation otherwise keep Ci.
COST () is the defined cost function for a particular
problem.
(v) If stop criterion is met then show the result
otherwise go to step (ii)

2

N

i
i
(t)]k − [gcal
(t)]k }
¦{[gorg

Each individual candidate of differential evolution
algorithm represents a complete solution. As an example
one solution of the above 4-gene network contains 16
*
connection weights, 4 bias terms, and 4 time constants,
N
N
| w ij |
+ p¦ ¦
with total of 24 fields. Each field of every individual
(6)
*
i =1 j =1
represented by a fuzzy set, has number of element = Cf.
| 1 + w ij |
Again for an example if Cf =5 then one single individual
solution will contain 24 x 5=120 number of fields for that
Using this cost function, we will select the solution with 4-gene network. We maintain a pop_size number of
the smallest cost value as the final solution i.e. if cost of individual all the time in the population pool. The
solution1 is less than that of solution2 then solution1 is our population pool of the differential evolutionary algorithm
for the four gene network with Cf = 5 can be represented
final solution.
pictorially as in Fig.2.

v.

k =1

t =1

i =1

EXTRACTION OF FUZZY MEMBERSHIP DISTRIBUTION OF WEIGHTS
USING EXTENDED DIFFERENTIAL EVOLUTION ALGORITHM

In this paper, we have used the well known
differential evolutionary (DE) algorithm to find the
simulated network. To improve the outcome of DE we
have included a new initialization technique. The idea
behind it is to spread the initial candidate solutions as far
possible in the search space. As a result, we hope that some
of the solutions may be close to the original solution. To
incorporate this feature into our evolutionary algorithm, we
have used a chaos system [2], [3]. The process of
producing the chaos is as follows:
Zk+1=μZk(1-Zk)

(7)

where k = 0, 1, 2, 3,…, Ĭ, Ĭ is the number of chaotic
iteration, μ is the control parameter. Zk takes any value
between 0 and 1; it is the selected value in the kth iteration.
When we set μ=4, and Z0 {0, 0.25, 0.5, 0.75, 1}, the value
of Zk distributes with proper randomness, and irregularity.
We indeed found that this initialization improve the overall
convergence rate of the differential evolution algorithm.
We now briefly outline the differential evolution
algorithm [4] introduced here. It is a population based
evolution method. A population of solution vectors is
successively updated by addition, subtraction, and
component swapping, until the population converges,
hopefully to the optimum. The steps of the differential
evolution algorithm have shown below:
(i) Initialize the population pool with N number of
random individuals
(ii) For each candidate solution Ci in the population
pool form a mutant vector Vi= Cr1 + Ȝ (Cr2 – Cr3)
where r1, r2, r3 are three mutually distinct randomly
drawn indices from 1 to N, and Ȝ is the mutation
factor, 0 < Ȝ < = 2.

An individual solution of the 4-gene network

16 Weights

4 Bias terms

4 Time constants

… . . . . . . ..
w11 wij

w33 w44 b1 b2 b3

b4

T1 T2

T3

T4

μ(w1ij) μ(w2ij) μ(w3ij) μ(w4ij) μ(w5ij)
μ(b12)

μ(b22)

μ(b32)

μ(T14)

μ(b42)

μ(T24)

μ(b52)

μ(T34)

μ(T44)

μ(T54)

Fig.2. Pictorial representation of a single individual solution of
differential evolution algorithm.

In Fig.2. Cf = 5, μ(w1ij), μ(w2ij), μ(w3ij), μ(w4ij), μ(w5ij)
represents the fuzzy membership values of the weight wij of
any individual solution. μ(b12), μ(b22), μ(b32), μ(b42), μ(b52)
represents the fuzzy membership value of the bias terms b2,
and μ(T14), μ(T24), μ(T34), μ(T44), μ(T54) represents the
fuzzy membership of the time constants T4. At each step of
differential evaluation, we defuzzify each individual using
the equation (2), generate gene expression using equation
(3), calculate its cost value using equation (6), and make
the appropriate decision whether to keep that particular
individual for the next generation or not. In some cases
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after de-fuzzification the time constant may becomes zero.
For comparison of our results of TABLE V, we
As can be seen from equation (3) that time constants are present the results calculated in paper [1] in TABLE VII. It
used as denominator thereby it can’t be zero. To handle this has used the same set of network parameters introduced
situation we randomly re-initialize the fuzzy membership here.
TABLE VII
values of the time constants when it becomes zero.
PARAMETER OBTAINED IN REFERENCE [1]

Gene1
+(29.0)
+(83.5)
0.0(16.5)
0.0(10.0)

Gene2

Gene3

Gene4

V.
RESULTS
Gene1
+(34.0)[wrong]
0.0(5.5)
0.0(7.0)
Gene2
-(98.0)
0.0(3.5)
0.0(3.0)
The results are shown in TABLES II, and VI. For
Gene3
-(60.5)
+(99.5)
0.0(15.0)
convenience, we have shown TABLE I once more; the
Gene4
0.0(8.5)
+(100.0)
- (100.0)
results are generated using four time series data. We have
chosen 1500 iterations of the differential evolution
The result shown in TABLE VII was obtained using 5algorithm, 300 iterations for the chaotic initialization time series data. In this table, the values in the parentheses
algorithm. Our algorithm takes nearly 27 minuets on a indicate the percentage of occurrence of connections in the
Pentium dual core computer containing 1 GB RAM.
network within 200 runs. Clearly only two signs of the
weights are determined correctly, and above all those
TABLE I
values are among 200 runs. Therefore, no specific
Gene1
Gene2
Gene3
Gene4
bi
Ti
Gene1
20.00
-20.00
0.00
0.00
0.00
10.00
knowledge can be gained from that. On the contrary, the
Gene2
15.00
-10.00
0.00
0.00
-5.00
5.00
values of weights obtained in our method are due to
Gene3
0.00
-8.00
12.00
0.00
0.00
5.00
execution of a single run, and from that one can easily have
Gene4
0.00
0.00
8.00
-12.00
0.00
5.00
an idea about the nature of interaction among the genes.
The results are pictorially shown in Fig.3. and Fig.4.
TABLE II
RESULTS AFER RUN1 USING 4 TIME SERIES DATA, 70
POPULATION, Cf =9, TOPOLOGY CONSTANT P= 0.1
Gene1
Gene2
Gene3
Gene4

Gene1
16.8
9.1
7.8
0.0

Gene2
-0.6
-14.8
-4.8
-0.1

Gene3
0.0
24.5
16.2
7.3

Gene4
0.0
3.8
0.0
-6.5

bi
11.1
-18.9
-0.8
-22.2

+

Ti
14.6
1.8
5.7
27.7

-

G1

G2

TABLE III
RESULTS AFTER RUN2 USING 4-TIME SERIES DATA, 50
POPULATION, Cf = 5, TOPOLOGY CONSTANT P= 0.1
Gene1
Gene2
Gene3
Gene4

Gene1
6.1
18.3
1.4
8.4

Gene2
-13.6
-06.7
-00.5
14.2

Gene3
0.0
10.3
1.1
-19.6

Gene4
0.0
-0.01
-0.5
8.7

bi
-18.9
-7.3
-4.7
5.01

0
0

0

_

Ti
9.2
1.8
6.6
6.6

As can be seen from TABLEs I through III, connection
weights are identified with sufficient accuracy, all the
negative and positive signs, and some nonexistent weights
are identified correctly in TABLE II. However, the sign of
one weight is not correct in TABLE III. At this point, we
want to remind the reader once again that we don’t had any
prior knowledge about the network structure. The results
can be shown as below for better understanding.

0

0

0

G3

0

G4
G4

0

Fig.3. Original gene regulatory network of TABLE IV

-

G1

G2

TABLE IV
SIGNS OF TABLE I
Gene1
Gene2
Gene3
Gene4

Gene1
+
+
0.00
0.00

Gene2
0.00

Gene3
0.00
0.00
+
+

Gene4
0.00
0.00
0.00
-

bi
0.00
0.00
0.00

Ti
10.0
5.0
5.0
5.0

Gene1
+
+
7.86
0.00

Gene2
-0.1

Gene3
0.00
24.5
+
+

Gene4
0.00
3.8
0.00
-

bi
11.1
-0.84
-22.2

Ti
14.6
1.8
5.7
27.7

TABLE VI
SIGNS OF TABLE III
Gene1
Gene2
Gene3
Gene4

2904

Gene1
+
+
1.4
8.4

Gene2
14.2

Gene3
0.0
10.3
+
-19.6

Gene4
0.00
-0.01
-0.5
+ (wrong)

0

G3

TABLE V
SIGNS OF TABLE II
Gene1
Gene2
Gene3
Gene4

0

bi
-18.9
-4.7
5.0

Ti
9.2
1.8
6.6
6.6

0
0

G4

Fig.4. Simulated gene regulatory network of TABLE V

Although all the positive and negative signs of the weight
values are identified correctly, our model fails to identify
some non-existing connections. The unmarked connection
weights of Fig.4. are not correct as they were non existent
connections.
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VI.

INFERRING GENE REGULATORY NETWORK
USING REAL DATA SET

We have used our model to infer the gene regulatory
network of e.coli. bacteria S.O.S DNA repair network [5].
This network consists of nearly 30 genes regulated at the
transcription level. Four experiments have been conducted
with different UV light intensities. Experiment 1, and 2
using UV= 5 jm-2, and experiment 3, and 4 using
UV=20jm-2. Using these experiments, expressions of eight
major genes have been documented. These genes are uvrD,
lexA, umuD, recA, uvrA, uvrY, ruvA, polB.
The function of the e.coli. S.O.S. DNA repair network
is as follows: lexA acts as a balancing factor for the whole
network. In absence of any DNA damage it binds to the
promoter region of the genes, suppressing the S.O.S genes
in the network. When DNA damage occurs, RecA (one of
the S.O.S protein) becomes activated. It decreases the level
of lexA. As a result the S.O.S genes become activated.
Once the damage has been repaired or bypassed, the levels
of RecA decrease. As a result, the level of lexA increases,
and again deactivates the S.O.S genes. This regulatory
mechanism is shown pictorially in Fig.5.

We have fixed the lower and upper range of the
interaction value as -30, and +30; the values of other
parameters of the algorithm are the same as used in our
model. The result of our algorithm has been shown in
TABLE VIII. Here the reader should keep in mind that the
cost function used contains multiple minima, and also the
available gene expression time series data contains only 50
data points.
VIII.
CONCLUSION
The only information available for inferring gene
regulatory network is the gene expression time series data,
which are also erroneous. There is no guideline regarding
the structure of a particular gene regulatory network.
Hence, the result obtained is not 100% accurate, but
considering the challenges, and limited availability of
information, our model provides a good result. If more
knowledge can be incorporated in the cost function, then
the model will be able to provide more accurate results.
Our next goal is to incorporate a few more constraints in
our cost function to make it more accurate.
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