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Abstract

There have been many studies recently that predict the interactions between genes and reconstruct the gene control network.
In this paper, we propose the approach to predict the expression values between the genes of the yeast cell using a neural
network based on weighted fuzzy membership function. This neuro fuzzy system makes the exact prediction possible through
choosing best rules automatically. Features extracted from original data are used for learning. We extract the five features and
they take into account the characteristics of time series by using wavelet transform, Current Position (CP) and time point.
The best features to be good for prediction are selected through the Bounded Sum Weight of the weighted fuzzy membership
function. The selected features are defuzzified through the Takagi-Sugeno method to calculate the prediction values of original
gene expression data. We evaluate mean square error to indicate prediction accuracy of the proposed approach and then
compare to the existing algorithm RNN using the neural network. The proposed method outperformed RNN.
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1. Introduction

The network that shows the interactions between genes
is called the Gene Regulatory Network (GRN)°. GRN is
an important topic in biology because it can help to find
the causal relationships of genes'. Genes can be classified
into the activator and the repressor of the regulators in the
relationships. The activator is the regulator helping the
expression of target genes. The regulator can also serve as
a repressor if it restrains the expression of the target gene.
As one of the means for measuring the accuracy of GRN
including activator and repressor, it plays an important
role that the expression value of any gene is predicted
using several other genes.

In this paper, we propose the approach to predict
the gene expression value by novel neuro fuzzy system
with the weighted fuzzy membership functions. There
are several researches for predicting using neuro fuzzy
system as in hybrid method" and recurrent method".
They produce many rule combinations in order to
improve prediction accuracy. If genes are increased,
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the number of rule combination will be increased
exponentially. However, as the proposed approach use
the weighted fuzzy membership function which the three
membership functions are integrated in one, there is no
rule combination and the rules are increased linearly with
the number of genes.

Prediction experiment is done with yeast cell data.
Yeast cell data consist of many time point values. In
time series microarray data, one gene influences others
over time. So the effect of data over time needs to be
reflected in experiment. For this, we extract the features
including changes of data at time series. Five features are
extracted using wavelet transform, CP and time point.
These features include one time and two times prior data,
as well as current time data and are used for learning in
neuro fuzzy system with the weighted fuzzy membership
function (NEWFM)'". As current time data and prior
data are used in experiment at the same time, the trend
of data over time can be reflected in learning. Some of
extracted features are selected through the bounded sum
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weight of the weighted fuzzy membership function for
the NEWFM after each learning to improve prediction
accuracy. Minimum features mean that the learning
performance is improved and the prediction of the target
gene is done the best.

After learning using the finally selected features,
Takage-Sugeno values as results are defuzzified through
the Takagi-Sugeno method and is used to predict the
expression value of target gene. We calculate MSE
between original expression gene data and the predicted
values and then compare them with MSE for the existing
algorithm RNN. CDC 15 data set is used for comparison.
The average MSE of RNN is 0.3326 while when NEWFM
is used, it is 0.2845. We have 14.4% improvement in the
proposed approach compared to the existing method.

In the remainder of this paper, we propose the
prediction method chapter 2. In chapter 3, we demon-
strate improvement of our approach in terms of MSE with

experimental results and then make conclusion in last.

2. Material and Method

In this chapter, we explain the using data, normalization
and feature extraction methods, neuro fuzzy system and
prediction method. Normalization of original data is done
for removing noise and transforming to suitable data for
neuro fuzzy system. We don’t use the original data but
the features extracted from original normalized data in
neuro fuzzy system. As the trend over time is reflected
in features, more accurate prediction is possible. When
predicting is doing, Takagi-Sugeno values are used™.

2.1 Experiment Data

For experiment data, we use the yeast cell time series
microarray data by Spellman et al’. The 12 genes that are
explained in the Yeast Proteome data base were used.
Yeast cell time series microarray dataset has four datasets
that are cdcl5, cdc28, alpha and Elu, with each dataset
having time points of 24, 17, 18 and 14, respectively. For
the training data used for the prediction, cdcl5 dataset
was used, while cdc28 and alpha were used as the test
data set.

2.2 Normalization

Experimental data is normalized to a scale between 0.5
and 1 in order to remove the noise from original data
and facilitate the fuzzy process®. We apply the modified
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sigmoid function as normalization method®. Standard
sigmoid function is given by

sigmoid function =

t (1)

1+e
In (1), we substitute ¢t with formula (2).

0, . —min(o;)

ij
max(o,) — min(o;)

2

where o, means every time points values of gene i and o,
is jth time point value of gene i. Normalized data g, is
produced through formula (1) and (2) using 0,

2.3 Feature Extraction

In this paper, the features are used for the prediction
method. The features are extracted from normalized
data of original expression values. Time series data has
characteristics in which a time point value affects another
time point of other gene or same gene over time. We
extracted the features which such characteristics are
reflected in. The five features are extracted and Table 1
shows them. t, t + 1, t + 2 are time point in Table 1.

Feature T is the normalized value of gene data itself
in current time. In this experiment, a target gene is set
with data of current time (#) and all remaining genes as
regulator are also set with current time data. This feature
is used to reflect the effect on the target gene of input gene
of current time. Figure 1 depicts the effect on the current
value of target gene of current input gene’.

T*(T + 1) is the feature which multiply the current
time point value and the value after one time point. The
product of adjacent two time point values is intended to
reflect prior time point effect in experiment.

gt +gt+l
al=——— (3)
NG
dl= & & (4)

2

Table 1. Genes and features
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T-2 T4 T T+1 Time Point

Figure 1. Current time feature.

The features al and d1 are given by formula (3) and
(4), respectively. Formula (3) and (4) are derived from
Harr wavelet transform®. Wavelet transform makes it
possible to analyze time domain in data processing’.

The feature cp is given by formula (5). In cp, the adjacent
three time points are used for production of feature. After
subtracting the average of values in prior two time points
from current time value, the result is divided by the average
of values in prior two time points. This feature aims to
follow the trend of data during three time points.

8y —average(g, +g,.;)

average(g, + g,.1)

15 (5)

It is difficult to realize in which time a gene affects
other gene. As it can be seen from the five characteris-
tics, the trend of data over time is reflected in them. This
trend enables us to predict accurate target gene data and
further, to develop reverse engineering.

2.4 Neural Network based on Weighted
Fuzzy Membership Function

Neuro fuzzy system used for learning in this paper is
composed of weighted fuzzy membership functions. The
bounded sum weights are calculated through weighted
fuzzy membership functions. The bounded sum weight of
the weighted fuzzy membership function is the synthesis
of the bounded sum weights of three fuzzy membership
functions of large, medium and small to create one fuzzy
function. NEWFM is neuro fuzzy system using weighted
fuzzy membership function. In the learning process, the
bounded sum weight of each feature is calculated and
used for selecting good features to predict'’. The value
of the bounded sum weights for the selected features is
defuzzified using the Takagi-Sugeno method and this
value is used as the prediction value*.
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2.5 Prediction Method

As in section 2.3, each gene has five features so total
number of all gene’s feature are 60. 60 features are divided
by 6 groups randomly such that each group has 10 features.
Table 2 shows configuration of one group.

In Table 2, class is decided by each time point expression
value of target gene and obtained through formula (6)°.

Lif g,, <average(g;)
class(gi)[)z{ 18 g8 (6)

2, otherwise

Where g, is ¢ time point value of target gene i and average(g,)
is the average of all time points values of target gene i.
For each target gene, 6 times learnings are executed using
each group. After finishing each learning, we remove bad
feature in one group or collect good features in different
groups using bounded sum weight and then conduct
learning again. After last learning of each target gene,
prediction values are obtained by Takagi-Sugeno method*.
This proceeds to two steps. First step, we calculate the
average of all time point values of Takagi-Sugeno and then
subtract each time point value of Takagi-Sugeno from the
average. And the ratio of the difference to range of every
time point Takagi-Sugeno values of any gene is calculated.
Second step, the ratio is applied to the average of original
expression data’. Equation (7) and (8) are about two step
of prediction. TS(g,) is Takagi-Sugeno value of ¢ time
point of gene i and TS(g) means every time point values.
In equation (8), o0 means amplitude control number.

TS(g;,) — average(TS(g;))

ratio (TS(g; ,)) = Max(TS(g,)) — Min(TS(g,))

(7)

Prediction value = average (o, ,) + ratio(TS(g; ,)) x a  (8)

3. Experimental Result

As seen in the Table 3, the methods by RNN and NEWFM
using neural networks show a MSE (Mean Square Error)

Table 2. An example of input data group

&T | g T(T+1) | g.T | gal | g.cp | g,al |class

t | valuell value2l |value31|value4l |value51|value61| 1
t+1 | valuel2 | value22 |value32|value42|value52|value62| 2
t4+2 | valuel3 | wvalue23 |value33|value43|value53|value63| 1
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Table 3. MSE of NEWFM and RNN

Gene NEWFM RNN¢
SICO1 0.5176 0.4542
CLBO5 0.1705 0.1721
CDC20 0.2450 0.5523
CLNO03 0.0889 0.2493
SWI06 0.1643 0.2833
CLNO1 0.3735 0.1874
CLNO02 0.5779 0.5642
CLB06 0.3822 0.4005
CDC28 0.0407 0.1300
MBP01 0.5747 0.2742
CDCo6 0.2281 0.3655
SWI04 0.0505 0.3604

Average 0.2845 0.3326

value. Equation for MSE is presented in (9) where t is the
number of every time point and g* is the predicted gene
expression value and g” is the measured value.

t
msele:(gp—gm)2 )
st

It was verified that the error rate of NEWFM is
decreased comparing with RNN MSE. The proposed
approach selects the best features in order to get the least
mse through the bounded sum weight. So we can get the
14% more decreased average mse than the RNN’s. Small

MSE may be a measurement of the correct configuration
GRN.

4. Conclusions

In this paper, we showed that the method of extracting
features by using the traits of a time series when predicting
genes using a weighted fuzzy membership function based
on a neural network for yeast cell time series microarray
data. This prediction can be used for reconstructing GRN.
We first extracted five features from each gene and then
learned repeatedly with good genes after feature selection.
For prediction, Takagi-Sugeno values are obtained after
finishing learning. Prediction is done with those values.
The proposed approach is compared with RNN result.
The result outperforms that of RNN.
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