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Abstract. Microarray experiments have produced a huge amount of
gene expression data. So it becomes necessary to develop effective clus-
tering techniques to extract the fundamental patterns inherent in the
data. In this paper, we propose a novel evolutionary algorithm so called
quantum-inspired evolutionary algorithm (QEA) for minimum sum-of-
squares clustering. We use a new representation form and add an addi-
tional mutation operation in QEA. Experiment results show that the pro-
posed algorithm has better global search ability and is superior to some
conventional clustering algorithms such as k-means and self-organizing
maps.

1 Introduction

In the field of bioinformatics, clustering algorithms have received renewed at-
tention due to the breakthrough of microarrays data. Microarrays experiments
allow for the simultaneous monitoring of the expression patterns of thousands of
genes. Since a huge amount of data is produced during microarray experiments,
clustering methods are essential in the analysis of gene expression data. The goal
is to extract the fundamental patterns inherent in the data and to partition the
elements into subsets referred to as clusters. Two criteria should be satisfied:
homogeneity - elements in the same cluster are highly similar to each other; and
separation - elements from different clusters have low similarity to each other.
In gene expression, elements are usually genes. The vector of each gene contains
its expression levels under each of the monitored conditions.

Several clustering algorithms have been proposed for gene expression data
analysis, such as hierarchical clustering [1], self-organizing maps [2], k-means [3],
and some graph theoretic approaches: HCS, CAST, CLICK [4], MST [5], and
many others. In general, these approaches can not be compared directly, since
there is no unique measure quality.

In this paper, we propose a novel evolutionary algorithm so called quantum-
inspired evolutionary algorithm (QEA) for minimum sum-of-squares clustering.
Experiment results show that the proposed algorithm is superior to conventional
clustering algorithms such as k-means and self-organizing maps.
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2 Minimum Sum-of-Squares Clustering

Clustering can be considered as a combinatorial optimization problem [6], in
which an assignment of data vectors to clusters is desired, such that the sum of
distance square of the vectors to their cluster mean (centroid) is minimal. Let
Pk denote the set of all partitions of X with X = {x1, . . . , xn} denoting the data
set of vectors with xi ∈ Rm and Ci denoting the ith cluster with mean x̂i. Thus
the objective function becomes:

minp∈Pk

K∑

i=1

∑

xj∈Ci

d2(xj , x̂i) (1)

with x̂i =
1

|Ci|
∑

xj∈Ci

xj (2)

where d(., .) is the Euclidean distance in Rm. Alternatively we can formulate the
problem as the search for an assignment p of the vectors to the clusters with
Ci = j ∈ {1, . . . , n}|p[j] = i. Thus the objective function becomes:

minp

n∑

i=1

d2(xi, x̂p[i]) (3)

This combinatorial optimization problem is called the minimum sum-of-squares
clustering (MSSC) problem and has been proven to be NP-hard [7]. The k-means
algorithm is a heuristic approach which minimizes the sum-of-squares criterion
provided an initial assignment of centroids. It can in fact be regarded as a local
search algorithm for this hard combinatorial optimization problem. This fact
demonstrates the importance of effective global optimization methods from the
field of evolutionary computation.

Since the novel quantum-inspired evolutionary algorithm has better global
search ability and has been shown to be effective as compared to the conven-
tional genetic algorithm [8], the application of QEA to the MSSC appears to be
promising.

3 Quantum-Inspired Evolutionary Algorithm

Quantum-inspired evolutionary algorithm (QEA) is based on the concept and
principles of quantum computing such as a quantum bit and superposition of
states [9]. Like other evolutionary algorithms, QEA is also characterized by the
representation of the individual, the evaluation function and the population dy-
namics. The smallest unit of information stored in a two-state quantum computer
is called a quantum bit or qubit [10]. A qubit may be in the ‘1’ state, in the ‘0’
state, or in any superposition of the two. The state of a qubit can be represented
as:

|ψ〉 = α|0〉 + β|1〉 (4)
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where α and β are complex numbers that specify the probability amplitudes of
the corresponding states. |α|2 gives the probability that the qubit will be found
in the ‘0’ state and |β|2 gives the probability that the qubit will be found in the
‘1’ state. Normalization of the states to unity guarantees the following equation:

|α|2 + |β|2 = 1 (5)

A number of different representations can be used to encode the solutions onto
individuals in evolutionary computation. Inspired by the concept of quantum
computing, QEA uses a new representation, called a Q-bit, for the probabilistic
representation that is based on the concept of qubits, and a Q-bit individual as
a string of Q-bits. A Q-bit is defined as the smallest unit of information in QEA,

which is defined with a pair of numbers (α, β) as
�α
β

�
, where α and β satisfy the

equation (2). A Q-bit individual is defined as:

[
α1|α2| . . . |αm

β1|β2| . . . |βm

]
(6)

The state of a Q-bit can be changed by the operation with a quantum gate, such
as NOT gate, Rotation gate, and Hadamard gate, etc. Rotation gate is often
used to update the Q-bit as follows:

[α′
i

β′
i

]
=

[cos(∆θi) − sin(∆θi)
sin(∆θi) cos(∆θi)

][αi

βi

]
(7)

where |αi|2 + |βi|2 = 1, i = 1, 2, . . . , m.
The angle parameters used for rotation gate are shown in Table 1. Where xi

and bi are the ith bit of the best solution b and the binary solution x respectively;
f(.) is the objective function defined in Eq. (3).

Table 1. The angle parameters used for rotation gate

xi bi f(x) ≥ f(b) ∆θi xi bi f(x) ≥ f(b) ∆θi

0 0 false θ1 1 0 false θ5

0 0 true θ2 1 0 true θ6

0 1 false θ3 1 1 false θ7

0 1 true θ4 1 1 true θ8

The structure of QEA is described in the following:

Procedure QEA
begin
t ← 0
initialize Q(t)
make P (t) by observing the states of Q(t)
evaluate P (t)
store the best solutions among P (t) into B(t)
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while (not termination-condition) do
begin
t ← t + 1
make P (t) by observing the states of Q(t − 1)
evaluate P (t)
update Q(t) using Q-gates
store the best solutions among B(t − 1) and P (t) into B(t)
store the best solution b among B(t)
if (global migration condition)
then migrate b to B(t) globally
else if (local migration condition)
then migrate bt

j in B(t) to B(t) locally
end
end

A migration in QEA is defined as the copying of bt
j in B(t) or b to B(t). A global

migration is implemented by replacing all the solutions in B(t) by b and a local
migration is implemented by replacing some of the solutions (local group) in B(t)
by the best one of them. The local group size is often set as max(round(n/5), 1),
where n is the population size.

4 The Gene Expression Data Sets

The first data set denoted as HL-60 is described in the work by Tomayo [11]
and it contains data from macrophage differentiation experiments. The data set
consists of 7229 genes and expression levels at 4 time points including 0, 0.5,4 and
24 hours. We apply a variation filter which discards all genes with an absolute
change in maximum and minimum expression level less than 30. The number
of genes which pass the filter is 2792. The vectors are then normalized to have
mean 0 and variance 1.

The second data set denoted as Yeast is described in the work by Cho [12].
It consists of 6602 yeast genes including some reduplicate ones measured at 17
time points over two cell cycles. The 90-minute and 100-minute time points are
excluded because of difficulties with scaling. Afterwards, we use a variation filter
to discard all genes with an absolute expression level change less than or equal
to 100, and an expression level of max/min<2.0 or min=0. The number of genes
that pass the filter is 2947. Again, the vectors are normalized to have mean 0
and variance 1.

The number of clusters for the clustering is taken from Ref. [11] for the HL-60
data set and from Ref. [12] for the Yeast data set, the cluster number is 12 and
30 respectively.

5 QEA for Clustering Gene Expression Data

In our experiments, we compare quantum-inspired evolutionary algorithm
(QEA) with the multi-start k-means (MS+k-means) and self-organizing maps
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(SOM) algorithms. Multi-start k-means produces the best solution by running
k-means algorithm many times with randomly generating initial centroid. QEA
and multi-start k-means algorithms are implemented in Matlab 6.5. The self-
organizing maps algorithm is available in the software package Gene Cluster 2.0.
In the experiments, the default values of Gene Cluster are used.

5.1 Initialization

The k-means algorithm is first run ten times and so ten initial solutions are
produced for each data set. Each solution is composed of n mean vectors and n
is the number of clusters for each data set. Given the mean vectors, the cluster
memberships can be calculated by calculating the nearest distance of each gene
vector with all mean vectors. Therefore it is not necessary to store the cluster
memberships in the Q-bit individuals.

5.2 Representation and Fitness Function

The representation used in QEA is straightforward. There are 10 × n mean
vectors in all for the ten initial solutions. Then we number each mean vector as
1, 2, 3, . . . , 10 × n and put them into the set V where V = (v1, v2, . . . , v10×n).
So 10 × n Q-bits are used in each Q-bit individual. A Q-bit individual has the
following form in the tth generation:

[αt
1|αt

2| . . . |αt
n|αt

n+1| . . . |αt
2×n| . . . |αt

9n+1| . . . |αt
10×n

βt
1|βt

2| . . . |βt
n|βt

n+1| . . . |βt
2×n| . . . |βt

9n+1| . . . |βt
10×n

]
(8)

where α is given as a random number between 0 and 1 initially and then β could
be computed according to Eq. (5). The fitness function used in QEA is the MSSC
error provided in Eq. (3).

5.3 Make and Repair Operation

To obtain the binary string, the step of “Make(x)” by observing the states of
Q-bit can be implemented for each Q-bit individual as follows:

Procedure Make (x)
begin
i ← 0; k ← 0;
while i < n × 10 do
begin
if random(0, 1) < |β2

i | and k < n
then x(i) ← 1; k ← k + 1;
else x(i) ← 0;
i ← i + 1;
end
end
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where the variant k is used to guarantee that the number of ‘1’ in each binary
string must be less than or equal to n. Afterwards, an additional operation “Re-
pair (x)” should be done to be sure there should be and only be n ‘1’ in each
binary string. That is if the number of ‘1’ is less than n in some strings, there
must be stochastic search operation to increase the number of ‘1’ for each Q-bit
individual as follows:

Procedure Repair(x)
begin
calculate the number of ‘1’ as k;
while k < n do
begin
randpos ← random(1, n × 10);
if x(randpos) = 0
then x(randpos) ← 1;
k ← k + 1;
end
end

It can be seen that the repair (mutation) operation can intensify the local search
ability of the algorithm and it has similar function of the mutation operation in
GA. After obtaining the repaired binary string, we can choose n mean vectors
from the set V by observing the binary string for each individual. If the ith bit
of the string is equal to ‘1’, then the ith mean vector is chosen. So each Q-bit
individual corresponds to different n mean vectors. It is represented as follows:

Individuali ⇒ (vi1, vi2, . . . , vin).vik ∈ V, k = 1, . . . , n. (9)

5.4 Evaluate and Update Operation

Then the evaluate operation is executed to calculate the fitness value according
to Eq. (3) for each Q-bit individual represented by Eq. (9) and so the best indi-
vidual can be selected. The update operation is used to update Q-bit states of
each individual by rotation gate in Eq. (7). It is like to the crossover operation
in GA for the global search. In this experiment, the global migration period in
generation is 10, the local migration period is 1, and the local group size is set
to 5 according to others experience [13]. The angle parameter in Table 1 is set
as follows according to our experiment observation:

If α × β > 0 then θ3 = 0.01π; θ5 = −0.01π;
If α × β < 0 then θ3 = −0.01π; θ5 = 0.01π;
If α × β = 0 then θ3 = ±0.01π; θ5 = ±0.01π.

6 Experiment Results

In all the experiments, QEA is run with a population size of 20. The k-means
and QEA algorithms are all terminated when the maximum generation of 50
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Table 2. Experiment results for the two data sets

Data set Algorithm Best obj Avg obj Excess
HL-60 QEA 1514.3 1598.5 5.56%

MS+k-means 1514.6 1604.3 5.92%
3×4-SOM 1523.2 1624.0 6.62%

Yeast QEA 15741.0 15860.0 0.76%
MS+k-means 15752.0 15905.0 0.97%
3×4-SOM 15801.0 16002.0 1.27%

is arrived. The three algorithms are all run ten times, and the best and the
average objective value are produced. In Table 2, the results are displayed for
the described two gene expression data sets. The objective value is the minimum
sum-of-squares referred in Eq. (3). Excess value is the percentage of the average
objective value above the best objective value. The smaller excess value means
better performance of the algorithm.

The proposed QEA algorithm performs better than other two algorithms
even with a small population. The QEA can find best solutions in each data set
in spite of it’s slowly convergence speed sometimes. For the HL-60 data set, the
best solutions found by all algorithms have similar fitness, so we believe the best
solutions found by the algorithms are optimal. But the excess value of QEA is
smaller. For the Yeast data set, the k-means solution is close to the best solution
found by QEA, and it seems that the data set is fit for k-means search.

In order to observe the convergence rate, the curve of fitness change is given
for the HL-60 and Yeast data sets in Figure 1. The results show the superiority of
QEA compared to multi-start k-means and self-organizing maps algorithms. It
also shows that QEA can always adjust all individuals to the direction of better
solution and find the (near) optimum or best-known solutions to the NP-hard
clustering problem. In addition, the k-means algorithm performs better than
self-organizing maps for all the two data sets.

Fig. 1. Fitness changes for the HL-60 (left) and Yeast (right) data sets
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Table 3. The distances to the best-known solutions found by QEA

Data set Algorithm Distance value
HL-60 MS+k-means 41.97

3×4-SOM 56.08

Yeast MS+k-means 487.31
3×4-SOM 677.70

From the biologists’ point of view, it is important how the cluster member-
ships of the genes change if QEA is used instead of other clustering algorithms.
But it is often the case that although the solutions have similar fitness values, the
clusters produced by different algorithms may differ drastically. Since the clus-
ter memberships are more important, the distance to the best-known solutions
found by QEA for the k-means and SOM algorithms are provided in Table 3.
The distance of two solutions is defined as follows:

D(p, q) =
n∑

i=1

d2(x̂p[i], x̂q[i]). (10)

For the Yeast and HL-60 data set, however, solutions obtained using the
two algorithms appear to be far away from the best-known solutions in terms
of cluster memberships. Hence, the previously proposed heuristic method is not
sufficient to arrive at optimum clustering solution. The QEA algorithm has been
shown to perform well and be more robust in finding better solutions.

7 Conclusions

In this paper, we first introduce a novel evolutionary algorithm so called
quantum-inspired evolutionary algorithm, and then quantum-inspired evolution-
ary algorithm (QEA) with a new representation form and an additional mutation
operation is proposed for clustering gene expression data from two data sets. We
present experimental evidence that our method is high effective and produces
better solutions than the conventional k-means and self-organizing maps clus-
tering algorithms even with a small population. The results also show that the
QEA can converge to the optimum solution and demonstrate clearly the effec-
tiveness and feasibility of QEA for minimum sum-of-squares clustering problem.
Although the solutions have similar fitness values, the clusters produced by differ-
ent algorithms may differ drastically. So the distance between the best solutions
found by two conventional algorithms and the QEA algorithm is given. It indi-
cates that the proposed algorithm have the ability of finding the global optimum.
More gene expression data sets will be tested for QEA and we will compare it
with some other clustering techniques in future work.
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