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Abstract— Nucleotide sequences contain motifs that pre-
served through evolution because they are important to the
structure or function of the molecules. DNA binding site
analysis is an important issue in biology experiments as well as
in computational methods. To find DNA binding sites that bind
to specific transcription factors, we develop a Robust Mixed
Effect Mixture Model (RMEMM). The DNA sequences are
represented as mixed effect model of position specific frequency,
considering the relationship of frequency between positions. The
results show that the mean effect is similar to position-specific
scoring matrices (PSSM), providing a new view of the sequence.
This model is robust to outliers or data with a bit large tails
on distribution.

I. INTRODUCTION

The huge amount of biological sequence data, especially
involved in the progress of genome projects, demand the
development of computational methods and tools to an-
notate, cluster, or explain their sequences, structures and
functions corresponding to living process such as transcrip-
tions, regulatory factors, translations, etc. Sequence-specific
DNA-binding proteins involved in transcriptional regulation
(transcription factors) play a central role in many biological
processes. [6] surmised that the distribution of amino acids
around bases found in 130 protein-DNA complexes in the
protein data bank could be used to derive empirical interac-
tion potentials, thus to predict DNA target sites for DNA-
binding proteins. A strict sequence correspondence between
amino acids and nucleotide bases was not found in protein-
DNA complexes, while they have preferences with each
other. That makes it possible to identify and analyze DNA
binding sites through computational methods from primary
sequences. An important issue in biology is to discriminate
different classes or clusters of DNA binding sites according
to different transcription factors on their functions. This in-
clude two subproblems. The first is to find DNA binding sites
given a large set of related sequences, even whole genome
sequence. Many methods for this identification of DNA
binding sites problem have been proposed. [16] compared
three different algorithms for this motif-finding problem,
YMF [14], [15], MEME [1], AlignACE [12]. The second
subproblem is, having found a set of DNA binding sites, to
find what transcription factors they are related to and their
relationships. [8] recently summarized and compared some
basic widely used methods, including consensus sequence
[4], position-specific scoring matrices (PSSM) [17], [2], [3],
and Centroid [8] method from representation of binding
sites point of view. These methods are all based on the
assumption that the bases in each binding site sequence
are independent from each other. Actually it is how the
sequences are organized that makes the sequences different

from each other in biological meaning. So the bases in a
sequence are correlated. In this paper, we proposed a mixed
effect model to partially solve this problem. In addition, the
representation of binding sites in these methods requires prior
information on the relationship between sequences. When
sequence data is not in a large amount, the prior information
provided may be limited. Due to limitation of number of
available binding sites data, the binding sites corresponding
to a transcriptional factor may not represent all the possible
binding sites of that transcriptional factor. The PSSM or other
parameters related to the properties of all binding sites of
the transcriptional factor may not be accurate based only
on the observed binding sites. We propose a Robust Mixed
Effect Mixture Model (RMEMM) to tackle this problem. We
just use it for clustering on the second subproblem. This
is especially important when unknown transcription factors
are involved or when we study the structure of regulatory
networks from transcription factors. In this paper, we cluster
the binding sites as each cluster is related to transcription
factor. The rest of this paper is organized as follows, we
first introduce representation of DNA binding site sequences.
Then we evaluate the proposed method. Finally we give a
brief discussion.

II. METHODS

A. Data Set

The data sets are from database of [11] which contains
59 transcription factors with their DNA binding sites exper-
imentally determined. As in [10], 43 transcription factors
corresponding to 357 binding sites are selected for analysis.
Each transcript factor has more than 2 binding sites. They are
set to at the same length of 15 bases. Unlike [10] producing
additional simulated data based on the PSSM, we just use
this 357 binding sites directly for the analysis.

B. Sequence representation

Many effective clustering algorithms are based on prob-
abilistic framework and work well. Similar to PSSM, each
sequence is represented by the frequency of occurrence at
each position. Let Y (y1, . . . , yn), denote n DNA sequences,
Yi(tij) denotes value of the ith sequence at position tij ,
for i = 1, . . . , n, j = 1, . . . , m, where n is the number
of sequences, m is the width of sequence. For a single
sequence, Yi, the ’frequency’ of occurrence, f i

jN , is 1 if each
base N (A,C,G,T) is present at this position j, 0 otherwise.
Considering the background frequency of occurrence in the
data set, f0

jN =
njN +1

n+4 , where njN is the number of
occurrence in the data set at position j. We get

YiN (tij) = f i
jN − f0

jN (1)
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Similarly, for a cluster of sequence of the same transcrip-
tional site, we can use the frequency representation, f c

jN , for
cth cluster, using the same formulation.

For simplicity, frequency representation of Yi

for base A is added after that of base C. In the
same manner, G after C, T after G. That is Yi =
[f1A, . . . , fmA, f1C , . . . , fmC , f1G, . . . , fmG, f1T , . . . , fmT ],
the width of Yi is 4*m;

C. Mixed effect mixture model with t-distribution

Linear mixed-effects models [5] have become a popular
tool in many areas such as biology. To model the frequency
of occurrence of each sequence and cluster frequency, we use
a mixed effect model, fixed effect that represent the cluster
mean frequency and random effect that models the frequency
difference between cluster frequency and each sequence’s
frequency. Yi(tij) consisting two parts. The first part is the
cluster frequency, f c

jN . The second part is the difference
between each sequence’s frequency and cluster frequency,
dc

jN . So Y can also be written as:

Y = f c + dc + ε (2)

where ε is the within-object error which is independent
distributed. We assume that these n sequences are from g
different clusters indexed by c = 1, . . . , g. Let Z(z1, . . . , zn)
denote cluster labels defining cluster of origin of y1, . . . , yn,
respectively. zci is 1 if yi belongs to the cth cluster, 0
elsewhere. According to [7], with B-spline basis, Y can be
modeled as:

Yi(tij) =

(
p∑

l=1

β
(c)
l B̄l(tij)

)
+

q∑
l=1

ψilBl(tij) + εij (3)

Where B̄ = {B̄l(), l = 1, . . . , p} and B = {Bl(), l =

1, . . . , q} are basis for spline function on [0, m]. β
(c)
l is

coefficient corresponding to cluster c. ψil is the random effect
coefficient with mean 0, and covariance matrix Cov(ψi) =
Ψ. The first part of right part of (3) represents the mean of
the cth cluster, the second part represents the deviation from
the cluster mean, the third part represents the uncorrelated
errors with mean 0, and covariance matrix σ. As these
sequences are from g different clusters, the n sequences Y
are realized with g-component normal mixture probability
density function(p.d.f).

f(y; π, μ, Σ) =

g∑
c=1

πcφ(y; μc, Σc), (4)

where the mixing proportions πc are nonnegative and sum
to one. φ(y; μc, Σc) denotes the multivariate normal p.d.f.
with mean μc, covariance matrix Σc. To add robustness to
model (4) to noise or outlier, we introduce a new random
variable U(u1, . . . , un) with gamma distribution to scale
normal p.d.f. as mentioned by [9],

U ∼ γ(
1

2
ν,

1

2
ν), (5)

where ν is the degree of freedom of U , according to [9]
, Y is distributed as t-distribution:

Yi ∼ t(μ, Σ, νi) (6)

and

Yi|ui, zci = 1 ∼ N(μc, Σc/ui) (7)

We want to combine (3), (4) and (6) models into one to
have improved performance in terms of clustering, we get,

f(y; β, ψ, ε, ν) =
Γ

(
ν+m

2

)
|(BΨB′ + σ2I)|−

1

2

(πν)
m
2 Γ(ν

2 ){1 + δ(y;β,ψ,ε)
ν

}
1

2
(ν+m)

(8)

where (BΨB′+σ2I) is the covariance matrix of (ψB+ε),
and

δ(y; β, ψ, ε) = (y − βB̄)T (BΨB′ + σ2I)−1(y − βB̄) (9)

Similarly, from (8) and (3),

Yi|ui, zci = 1 ∼ N(βcB̄, (BΨB′ + σ2I)/ui) (10)

for i = 1, . . . , n, where n is number of data, c is number
of cluster.

From (8) and (3),

Σc = BΨB′ + σ2I (11)

μ = βB̄ (12)

D. ML estimation via Expectation Maximization

In EM framework of ML estimation of t-
distribution,considering ψ, U and Z as missing data,
the complete-data log likelihood is:

Lcom(π, β, ψ, ε, ν)

=

g∑
c=1

n∑
i=1

zci log πc +

g∑
c=1

n∑
i=1

zci

{
− log Γ

(
1

2
νc

)

+
1

2
νc log

(
1

2
νc

)
+

1

2
νc(log ui − ui) − log ui

}

+

g∑
c=1

n∑
i=1

zci

(
−

1

2
log |Ψ| −

ui

2
ψ′

iΨ
−1ψi −

m

2
log σ2

−
ui

2σ2

∥∥∥Yi − β(c)B̄ − ψiB
∥∥∥2

)
(13)

Where π is the proportion of each cluster among all the
clusters, And

∑g
c=1 πc = 1

Details of the E-step and the M-step are given upon request
supplement material.

After the convergence of the EM iterations, the parameters
πc|i, Ψ, β(c), σ2 are estimated.
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III. RESULTS AND DISCUSSION

A. Effectiveness of Robust Mixed Effect Mixture Model

We generate simulated data (SD1) from this model as [7]:

Y (j) = (β
(c)
1 +ψ1)+(β

(c)
2 +ψ2) cos(

2πj

m
)+(β

(c)
3 +ψ3) sin(

2πj

m
)+ε

where j = 1, . . . , m, β and other parameters are the same as
[7]. Results (Table II) shows 180 to 192 data for each cluster
were correctly clustered, similar to [7].

Error rate is calculated as follow:

Er =

(
1 −

Data correctly clustered
Total number of data analyzed

)
× 100

B. Robustness to the random noise

The same simulation model was used as previous section.
But parameters are changed as follows:

β =

⎡
⎢⎢⎣

0 0.5 0.87
0 −0.81 0.59
0 0.5 −0.87
0 −0.71 −0.71

⎤
⎥⎥⎦

where 4 rows represent parameters of each cluster. ψ reflects
the random effects, with the variances of 0.29, 0.22, 0.19,
and pair-wise correlations 0.50, -0.05, and 0.04. For each
cluster, 200 data are generated. In addition, we generate
20 random data points with the same length. Robust Mixed
Effect Mixture Model (RMEMM) , Deterministic Annealing
(DA) and K-means clustering algorithm were used for the
820 data points.

Error rate of RMEMM is much lower (Table I) than that
of DA and K-means, showing the robustness of RMEMM to
random outliers.

C. Robustness to outliers

Data are generated as the previous section, in addition,
we modify each cluster of the first two data sets by constant
value 4 which form outliers (SD3). Also, we add a constant
value to first 4 data of each cluster in SD1 so these data
become outliers (SD2), as Fig. 1 shows. Results (Table II)
demonstrate that RMEMM is robust against such data. This
means that RMEMM could deal with outliers that shift a
little from normal data on every dimension.

TABLE I

RESULTS OF CLUSTERING OF SIMULATED DATA USING ROBUST MIXED

EFFECT MIXTURE MODEL(RMEMM), DETERMINISTIC

ANNEALING(DA) AND K-MEANSON DATA WITH RANDOM NOISE

Algorithm RMEMM Deterministic Annealing k-means
Er 16.92(2.1186) 34.67(1.7067) 37.68(8.8020)

Fig. 1. Each graph represents a cluster of simulated data in SD2 showing
abnormal data in each cluster

TABLE II

ERROR RATE(ER) OF CLUSTERING OF SIMULATED DATA USING ROBUST

MIXED EFFECT MIXTURE MODEL(RMEMM), DETERMINISTIC

ANNEALING(DA) ON DIFFERENT SIMULATED DATA

Algorithm RMEMM Deterministic Annealing
Data SD1 SD2 SD3 SD1 SD2 SD3
Er 6.77 7.15 18.84 6.24 12.89 26.74

(0.58) (0.96) (1.29) (0.53) (3.11) (6.85)

D. Position-specific scoring matrices (PSSM)

After clustering the DNA binding sites, we can have the
effect (mean value) of the represented Y . Along the index
of position of 4 bases, we plot PSSM and estimated mean
value as the RMEMM clustering results (Fig. 2). The two
data are very close to each other. That is, at the same time of
clustering, Robust Mixed Effect Mixture Model (RMEMM)
also get the cluster mean that corresponding to PSSM.

E. Improved clustering results of DNA binding sites

To compare the performance of proposed method, we
also cluster DNA binding sites using deterministic annealing
(DA) method.

From Table III, RMEMM has a lower error rate than that
of DA. As the data set is from a limited data, each cluster
corresponding to a transcription factor may contain much
more binding sites. So cluster frequency at certain positions
may not actually reflect the true cluster frequency, there may
be errors on the frequency when we have limited number of
biological experiment verified data set. On the other hand,
some positions in a cluster of DNA binding sites may have
less relation to the cluster property thus vary more than those
homologous positions. The distribution of this positions may
be large tailed.
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Fig. 2. Graph comparison of PSSM and Mixed Effect mean value. X axis
is the position of one DNA sequence analyzed in the order of A,C,G,T as
mentioned in the body. Y axis is PSSM(with asterisk) or mixed effect mean
value estimated (with diamond sign)

TABLE III

RESULTS OF CLUSTERING OF DNA BINDING SITE MOTIFS USING

ROBUST MIXED EFFECT MIXTURE MODEL(RMEMM) AND

DETERMINISTIC ANNEALING(DA)

Algorithm RMEMM Deterministic Annealing
Er 35.85 41.51

NOTATION LIST

i ith sequence of total number of n sequences
j jth base position in a sequence of length m
c cth cluster of total number of g clusters

Y DNA sequences with length m each
N One base of a set of four bases (A,T,C,G)

f i
jN Frequency of occurrence of base N

at position j for ith sequence
f0

jN Background frequency of occurrence
Z Cluster Labels, where zci is 1 if yi

belongs to the cth cluster
B̄ Basis for spline function for fixed effect
B Basis for spline function for random effect
β Fixed effect coefficient
ψ Random effect coefficient
Ψ Covariance matrix of ψ
ε Uncorrelated error with mean 0

and covariance matrix σ
πc Component proportion of cluster c

φ(y; μ, Σ) Normal probability density function with
mean μ and covariance matrix Σ

U Random variable with gamma distribution to
scale normal p.d.f.

Lcom Complete data log likelihood
ν Degree of freedom of U
Φ Parameters of β, ψ, ε, ν

Pr(.) Probability
Er Error rate
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