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A novel methodology for finding the regulation on gene expression data
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Abstract

DNA microarray technology is a high throughput and parallel technique for genomic investigation due to its advantages of simul-
taneously surveying features of large scales complex data in biology. This paper aims to find feature subset to build the classifier for gene
expression data analysis. At first, K-means clustering algorithm was carried out on the dataset of yeast cell cycle. Based on Rand cal-
culation, a statistical method was used to pick out the data points (genes) for classifier design. Meanwhile, the principal component anal-
ysis was applied to help to construct the classifier. For the validation of classifier built and prediction of a target subset of genes,
discriminant analysis in terms of partial least square regression and artificial neural network were also performed.
� 2008 National Natural Science Foundation of China and Chinese Academy of Sciences. Published by Elsevier Limited and Science in
China Press. All rights reserved.
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1. Introduction

Microarray technology is considered to be the latest
breakthrough in experimental molecular biology, which
allows monitoring gene expression of a large amount of
genes in parallel with valuable data. The data contain many
variations and co-regulated networks, as well as the non-lin-
ear correlations. How to analyze and handle such data is cur-
rently one of the major issues in the application of this
technique. Usually, there are two types of classifications.
One is the clustering analysis, the other is the discriminant
analysis. They are all involved in the machine learning tech-
nology, in which the most popular computational models,
such as neural networks and Bayesian networks, are used [1].

Generally, the clustering analysis is applied in finding
genes with similar expression patterns under various condi-
tions for pattern recognition. These genes may participate

in the same signal pathway or may be functionally co-reg-
ulated. For interpreting the behavior of a large amount of
data from cDNA microarray experiments, the clustering
analysis plays an important role in revealing the underlying
relationships in biological experiments. It is sometimes
used as a preprocessing step in inferring regulatory net-
works [2]. As a typical technique to capture structures of
datasets, K-means clustering aims to group objects (genes
or samples) with similar behavior. It can also be described
as a method of dimensionality reduction of systems due to
the clusters classified.

On the other hand, the discriminant analysis has been
applied to build the classifier to predict an interesting gene
to which group it belongs. For example, the partial least
square (PLS) has been used to investigate the leukemia
microarray dataset [3]; and the threshold has also been
introduced in rescaling data. Compared with PLS algo-
rithm, neural networks (NNs) are a common non-linear
method for discriminant analysis.

However, there are inevitably some shortcomings even
for some typical approaches. The first main issue lies on
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the lack of systematic research in ways of assessing the
measuring quality and comparing data from various tech-
nology platforms [4]. Another issue is that the traditional
‘gene by gene’ method is not sufficient to understand gene
regulatory networks consisting of thousands of genes. So a
big challenge of the gene expression and data analysis is
involved in the modeling of gene regulatory networks [5,6].

In this study, a so-called Rand calculation has been used
to find a classifier for gene expression patterns underlying
multivariate dataset. Afterwards, the approaches to super-
vising the classifications, such as PLS and artificial NN
(ANN), were used in model validation and prediction for
classifier. It means that an expert can both determine what
classes an object may be categorized into and provide a set
of sample objects with known classes.

2. Methods

For data preparation, the auto-scaling for the dataset of
the budding yeast S. cerevisiae (383 � 17) with mitotic cell
cycle [7] was performed at first, which scaled data to zero
mean and unit variance. Then principal component analy-
sis (PCA) was applied in outlier detection and data dimen-
sional reduction at first. The criterion to decide the number
of principal components (PCs) is that the number of them
can capture above 90% of the variance. PCs are defined as
the projected variable which is uncorrelated with the earlier
PCs and has maximal variance, with arbitrary sign. PC1 is
the first principal component with the projection of the
largest variance. PC2 is the second principal component
and PC3 is the third principal component. The p PCs have
decreasing variances.

Afterwards, data analyses were performed as follows:

(1) Performing K-means clustering on dataset through
GeneSpringTM 4.2 software.

(2) Comparing results of clustering methods by Rand
calculation.

(3) Classifier designing.
(4) Model validation and prediction by the discriminant

analysis of PLS and ANN.

2.1. K-means clustering

K-means clustering can actually be used in any similarity
measure, where Euclidean properties of the vector space
are essential. The algorithm for K-means clustering can
be expressed by minimizing the sum-of-squares criterion
as follows:

J ¼
X

K

j¼1

X

n2Sj

j xn � ljj
2
; ð1Þ

where xn is a vector representing the nth data point, and lj

is the geometric centroid of the data points in Sj. The algo-
rithm does not achieve a global minimum of J over the

assignments. For the illustration in biological sense, genes
are divided into a user-defined number K of equal-sized
groups; K-means algorithm examines each vector in the
dataset and assigns it to one of the clusters depending on
the minimum distance. It then calculates centroids at the
average location of each group of genes. For each iteration,
genes are reassigned to the group with the closest centroid.
After all the genes have been reassigned, the centroids are
recalculated and the process is repeated until no genes
move between clusters from one iteration to the next.

2.2. Rand calculation and adjusted Rand index

To compare the results of any two different clustering
methods, Rand index (RI) as an objective criterion has
been used to measure the similarity of the clustering results.
It is not a simple count of the points misclassified, but a
measure following three basic assumptions. Firstly, a clus-
tering is discrete so that every point is definitely assigned to
a specific cluster. Secondly, the number of clusters defined
by those points which they do not contain is just the same
as that they do contain. Thirdly, all points are of equal
importance in the determination of the clustering. Based
on the assumptions, the meaning of a basic unit of compar-
ison between two clusters is how many pairs of points are
clustered.

A measure of an agreement between two partitions is
introduced according to clustering results comparison
against external criteria. It was assumed that each gene is
assigned to only one class in the external criterion and to
only one cluster [8]. Considering a set of n objects, the data
matrix S = {O1,O2, ...,On} is partitioned into two sets of
clusters U = {u1,u2, ...,ur} and V = {v1,v2, ..., vc}, where U
and V represent biological grouping methods of five phase
criterion and K-means Spearman correlation, respectively.

Let a be the number of pairs of objects placed in the
same cluster in U and in the same cluster in V, b be the
number of pairs of objects in the same cluster in U but
not in the same cluster in V, c be the number of pairs of
objects in the same cluster in V but not in the same cluster
in U, and d be the number of pairs of objects in different
clusters in both partitions. Therefore, a and d can be taken
as agreements, and b and c as disagreements. The RI is
given by

RI ¼ aþ b
aþ bþ cþ d

¼
n
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where nij is the number of objects simultaneously in the ith

cluster in U and the jth cluster in V, and
n
2

� �

is the bino-

mial coefficient, which gives the number of distinct pairs
found in a set of n objects.
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A higher RI indicates a higher degree of the similarity of
two partitions involved in, and vice versa. Hubert and Ara-
bie [9] have corrected the RI for chance, making it a more
appropriate descriptive measure by the adjusted Rand
index (ARI), which includes a chance element. The ARI

has the general form of

Index� expected index

Maximum index� expected index
: ð3Þ

Assuming a maximum RI of 1, the ARI is calculated as
follows:
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where ni. = ni1 + ni2 + � � � + nic and
n.j = n1j + n2j + � � � + nrj.

This adjusted Rand index ranges from 0 (when the index
equals its expected value) to 1 (when the two partitions are
identical). Additionally, the RI is much higher than the
ARI. It is obvious that the ARI can take a wider range of
values, which brings the rise of sensitivity of the index.
And then, a higher ARI will lead to a higher quality cluster-
ing result.

2.3. Discriminant analysis

Discriminant analysis called discriminant function anal-
ysis is also a technique for classifying a set of observations
into predefined classes. The analysis is based on a set of
variables known as predictors or input variables, and has
been used to predict classifications of cases.

When a model has been constructed and the discrimi-
nant functions have been derived, it could be predicted to
which group a particular case (a target gene) belongs.
The classification scores for each case for each group could
be computed by means of each function as follows:

Si ¼ ci þ wi1x1 þ wi2x2 þ � � � þ wimxm: ð5Þ

In this formula, the subscript i denotes the respective
group; the subscripts 1, 2, ..., m denote the m variables; ci

is a constant for the ith group, wij is the weight for the
jth variable in the computation of the classification score
for the ith group; xj is the observed value for the respective
case for the jth variable, and Si is the resultant classification
score.

In order to perform the discriminant analysis, PLS and
ANN were used for the investigation detailed below.

3. Classifier construction

3.1. Properties of data

Originally, the dataset of genes involved in cell cycle was
found for 416 of the 6220 monitored transcripts of the bud-

ding yeast S. cerevisiae by Koch and Nasmyth in 1994 [10].
The time course of yeast cell cycle was divided into five
phases. However, there are additionally 33 of the 416 iden-
tified genes peaks twice in different phases of cell cycle [11].
Therefore, the actual number of genes for cell cycle of yeast
is 383. In this study, the actual number of genes displayed
is 379, denoted by ‘yeastdata’. Several genes, such as
YDR179c and YAL034w in phase 3, YCL012w in phase
4 and YML033w in phase 5, were found lost. It may be
caused by the selection of the initial points of genes while
analyzing or genes discarded with no data for half of the
conditions shown in K-means clustering instruction by
using the GeneSpringTM 4.2 software. However, the effect
of such a small number of genes could be neglected in sta-
tistical analysis. As the number of genes in five clusters is
changed randomly by K-means clustering, it is requested
by the experimental design to take samples at 10 random
starting points, which could help to get rid of the dead
centers.

3.2. Agreement and normalized yeastdata

K-means clustering based on Standard/Pearson/Spear-
man correlation was performed 10 times each at random
initial starting point in order to get 10 random samples sep-
arately. After each Rand calculation, the ARIs were
obtained. The highest average values for Standard correla-
tion, Pearson correlation and Spearman correlation are
0.375, 0.368 and 0.325, respectively; the lowest deviation
values for Standard correlation, Pearson correlation and
Spearman correlation are 0.010, 0.040 and 0.026, respec-
tively. In comparison with the ARIs on the other two kinds
of correlations, the ARI depending on Standard correlation
has the highest average value and the lowest deviation on
the average, which leads to the higher quality clustering
result. Thereby the Standard correlation was chosen for
K-means clustering here as shown in Table 1.

From Table 1, the RI and ARI are calculated as 0.815
and 0.423, respectively.

On each sample basis, a new subset of sample was
obtained by picking the genes corresponding to the maxi-
mum or two biggest numbers nij (if their values are closer
in the grids) along the rows of Table 1, which shows the
good agreement between two partitions of 5-phase crite-
rion and K-means clustering based on standard correlation.
The bigger the number is in a grid, the higher the statistical

Table 1
Agreement between two partitions of five phase criterion and K-means
clustering.

Phase nij Total

1 50 5 12 0 0 67
2 20 104 0 1 8 133
3 3 21 0 26 24 74
4 1 0 11 38 1 51
5 1 0 51 2 0 54
Total 75 130 74 67 33 379
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probability of the matching pairs of partitions is. There-
fore, this is a new way to search for the feature subset of
gene expression data. The feature subset with the highest
evaluation may be chosen as the final set to build a classi-
fier [12].

Thus, in order to build a classifier for a target subset of
genes, ten samples were obtained randomly by K-means
clustering at first. The numbers of genes corresponding to
five phases were obtained according to the method stated
above. This action is repeated on 10 samples so as to find
the common genes and to form the stable structure of gene
expression data. As a result, the data matrix reduced to
139 � 17, named ‘cluster’. Whatever the subset of ‘cluster’
looks as a classifier, it needs verification.

3.3. Dataset for discriminant analysis

As the subset of Yeast cell cycle, ‘cluster’ (139 � 17),
was decided as the input variables for discriminant analy-
sis, the output variable (column) denoted by group num-
bers, such as 1, 2, 3, 4, 5, should be set to the data
matrix as an output vector in column 1 of Table 1. Then
the datasets for training and validation were constructed
on the basis of the ‘cluster’ matrix, in which 70% of the
data of genes of each phase in the 5-phase criterion classi-
fication (along the rows) were combined to form the train-
ing dataset (95 � 17). One half of the remaining 30% of the

data of genes of each phase were combined to form the val-
idation dataset (22 � 17).

4. Results and discussion

4.1. K-means clustering results

As shown in Fig. 1, the software GeneSpring was used
to compute K-means clustering. One sample of K-means
clustering on the basis of standard correlation was pro-
duced by classifying genes into five classes. Next, PCA
was used to realize the classifier.

4.2. Pattern recognition by PCA and classifier built

(i) Pattern recognition: PCA model developed on ‘clus-
ter’ (139 � 17) indicated that the first three PCs capturing
92.30% of the total variance were selected for analysis.

Fig. 2 shows there are some patterns (clusters) displayed
by PCA score plots, which can also be calibrated by several
straight lines starting from one point. At this stage, the
expression profile of the reduced and normalized yeast cell
cycle data is very close to a typical linear pattern.

(ii) Classifier built: By visualization, the graphs of ‘clus-
ter’ are nearly linear. Thereby, the linear regression is used
for mathematical description of the classifiers of Yeast cell
cycle. The typical multi-linear regression model is as
follows:

Fig. 1. K-means clustering graphs by GeneSpringTM.
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Y ¼ bX þ E; ð6Þ

where b is the matrix of regression coefficients, X is the ma-
trix of independent variables, and E is the matrix of error.
Because the score plots for 5-phase criterion show the
trends of linear regression, the model can be expressed as

Y ¼ b0 þ b1X1 þ b2X2 þ � � � þ b5X5 þ E; ð7Þ

where b0, b1, b2, . . ., b5 are the regression coefficients. X1,
X2, . . ., X5 are separate basic variables, with Y as the out-
put and E as an error. The results were calibrated by the
below mentioned discriminant analysis.

4.3. Discriminant analysis results

4.3.1. PLS modeling

(i) Model training: PLS regression using ‘Prescreen’ soft-
ware gives the PLS model on ‘cluster’ as shown in Fig. 3(a).

As shown in Fig. 3(a), the threshold in model training
plot refers to an interval with lower control limit (LCL)
and upper control limit (UCL), where the distribution of
predicted values can be accepted to a certain classification.
In this case, the predicted output time series shows that
how the predicted output fluctuates around each of the
horizontal classification lines is decided by the output vari-
ables. It can also be observed that much higher proportion
of predicted output is within the threshold of ±0.30. If the

threshold is defined too narrow, the limitation is too strict
to put into effect, because a large proportion of predicted
values will be considered as outliers. On the contrary, if
the threshold is defined too wider, e.g. ±0.50, some points
may belong to both adjacent groups, which will lose the
significance of classification.

(ii) Model validation: It was carried out by using ‘modl-
gui’ in MATLAB. And the validation plot is produced in
Fig. 3(b). The actual values versus the predicted values
along the parity line were grouped into five classifications.
In addition, the percentage of the genes within the thresh-
old of ±0.30 can be figured out by subtracting the outliers.
There is one observation out of the threshold as shown in
Fig. 3(b). Since the root mean square error (RMS) is 0.136,
the validation value of mean square error (MSE) is
MSEvalid1 = RMS2 = 0.018.

4.3.2. Neural network modeling

(i) Model training: The following training plot as shown
in Fig. 4(a) indicates that the prediction output fluctuates
around the classification horizontal line. This is also a pre-
dicted output time series. The threshold was set to be ±0.30
as described above, and the percentage of genes falling in
such a range is still very high in spite of two peaks of out-
liers detected. This prediction model is closer to the real
condition, because the raw data were just standardized by

Fig. 2. Score plots of (a) PC1 versus PC2 and (b) PC2 versus PC3 on
‘cluster’ data.

Fig. 3. (a) Training plot (predicted output time series); (b) validation plot
(actual value versus predicted value). The RMS of validation is 0.136.
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scaling and the output keeps in five classes and does not
experience parallel movement as that occurred in the PLS
modeling plot.

(ii) Model validation: The following validation plot
shown in Fig. 4(b) gives the evidence of the actual values
versus the predicted values on the whole along the parity
line. The proportion of genes within the threshold of
±0.30 nears 100%. For this artificial neural network train-
ing model, the calibrated mean square error MSEva-

lid2 = 0.012, which is closer to MSEvalid1 = 0.018 of the
PLS training model.

4.4. Comparison of the two models

The results from PLS and ANN models shown in Figs. 3
and 4 can be more easily compared through MSE. The
MSEvalid for PLS and ANN are 0.018 and 0.012, respec-
tively. Their validation plots are along the parity lines. It
indicated that the two models are similar, although there
are some differences.

In ANN modeling, as raw data can be input directly,
and scaled by default settings, no filtering is needed. Addi-
tionally, the model results are close to the actual situation
without important information losing. On the contrary, in
PLS modeling, raw data should be filtered first. If not, large
noise will disturb model training.

5. Conclusions

A novel methodology on building the classifier was
found and discussed successively by a case study in this
paper. Based on K-means clustering and Rand calculation,
the classifier for yeast cell cycle of budding yeast S. cerevi-
siae was constructed through multi-linear regression and
was validated by discriminant analysis.

During the investigation, two themes were pursued: (i)
the combination of the established methods gives a solu-
tion for classifier built and systematic research, in a way
of assessing the measurement quality and comparing data
from various statistical correlations; (ii) the application of
discriminant analysis in terms of threshold was introduced
to address prediction of target subset of genes by PLS mod-
eling and ANN modeling.

It is clear that the two kinds of classifications were com-
bined effectively in the methodology investigated to estab-
lish a framework on finding the regulation for gene
expression data.
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