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ABSTRACT
Numerous biological changes are associated to cell-cycle,
making it an attractive model for the genomewide regula-
tion of gene-activity. However, not all genes in human and
in yeast have known functions, therefore analysis of gene
expression data is widely studied in the literature for gene
function discovery. In this paper the goal is to provide vi-
sualizations for gene expression analysis of cell-cycle specific
genes in yeast. We define a set of qualitative criterion to as-
sess the quality of the visualization result using Non-metric
Multidimensional Scaling and Vector Fusion. As part of our
intracluster evaluation, we define outlier genes based from
the ellipse confidence interval with 95% confidence level. We
inspect the set of genes and provide a table summarizing its
membership with respect to its function.

1. INTRODUCTION
Through the advancement of microarray technology, gene
expression data analysis has become one of the focus in the
field of biomedical research. Because of the large number of
genes and the complexity of biological networks it is essential
to develop a meaningful visualization tool for the analysis of
this types of data.

Our goal in this paper is to obtain a ”good enough” visual-
ization using Non-metric Multidimensional Scaling (nMDS)
and Vector Fusion (VF) for the purpose of gene expression
analysis. In this paper we define a set of qualitative criterion
to assess the quality of the visualizations. It includes analy-
sis on the inter and intracluster relationship of genes in the
2 dimensional projection. The intracluster assessment takes
into account the outliers detected by an ellipse confidence in-
terval with 95% confidence level. Outlier genes are of great
interest because they exhibits a different trend as oppose to
the normal trend of their group. Moreover, identified out-
liers can suggest another function of genes apart from its
known function. The criterion we define includes checking

the consistency of time domain graph to the 2 dimensional
projection in euclidean space.

Section 2 of this paper discusses some basic notations and
algorithm together with detailed preprocessing of our data
set. Section 3 includes the qualitative criteria we define for
the assessment of our visualizations shown in section 4 along
with the results. Figure 9 and 10 shows the table containing
the outlier genes we detected.

2. DEFINITIONS AND BASIC NOTATIONS
2.1 Gene Expression Data
Genes are the basic hereditary unit in living organisms, this
are chunk of codes encoded in the chromosomes of an in-
dividual, it dictates the biological processes in a cell car-
ried out by proteins. Protein synthesis is dependent to the
gene expression of an organism that is measured through
DNA microarray technology. Each microarray chip contains
the expression level of approximately 20,000 gene transcripts
[1]. Each gene is represented by a pixel called probe and its
expression value is measured through its luminosity. The
amount of gene expressed dictates how much proteins are
synthesized and therefore responsible for the biochemical in-
teractions taking place inside the cell.

The capability of knowing this valuable information about
genes can help a lot especially in elucidating unknown infor-
mation about diseases and how can it be cured. Nowadays,
epidemiology is very much interested in knowing how to an-
alyze and make sense of this large amount of data. Some
examples of gene expression analyses will be discussed in
detail in the succeeding sections.

2.1.1 Analysis of Gene Expression Data
Different analysis involved unsupervised exploratory tech-
niques, because most of the time we do not have prior in-
formation about the data. The most common technique
involves clustering of genes.This analysis determine possible
function of genes, discover subtypes of diseases[3], identify
appropriate medical treatment to specific types of diseases
and can also serves as a preliminary step to build regula-
tory gene networks. Dimensionality reduction techniques
such as (Principal Components Analysis)PCA and (Singu-
lar Value Decomposition)SVD offer a promising motivation
due to high dimensionality of the data, it also serves a step
in visualization.



2.2 Data Set
The Reduced Yeast Cell Cycle(RYCC) data we are referring
to in this research came from [9]. The data set is in time
series, that is for a given population of yeast, gene expres-
sion levels were extracted in 17 time points with 10 minute
interval. The samples collected capture almost 2 cell cycles.
Several research proved that time series gene expression data
set exhibits periodicity [7, 9, 10]. The set of genes are those
who are functionally active at a specific phase of cell cy-
cle. Along with the gene name and its expression level for
17 time points, the specific phase where it is active is also
given. We derived the 5 groupings of genes based from the
5 phases of cell cycle: (1) G0: the resting phase or post mi-
totic phase; (2) G1 where DNA replication and cell growth
take place; (3) S DNA and protein synthesis phase; (4) G2

cell growth and preparation for mitosis stage and (5) M cell
growth stops and will now start to divide.

2.2.1 Data Preprocessing
RYCC data set from [9] were initially derived from [2], where
they identify the set of 416 genes in yeast which are depen-
dent to cell cycle.Through filtering the initial set from [2],
data from [9] eliminate genes that are associated to more
than one phase of the cell cycle and those genes that have
negative gene expression values resulting to a 384 x 17 (genes
x sample) data set. Normalized RYCC data came from [9] is
transformed such that the mean is 0 and the standard devi-
ation is 1. Normalization of the data improves the visualiza-
tion using PCA in [9] as compared to its log transformation.

2.3 Non-Meric Multidimensional Scaling
The motivation of using the Principal Components Analysis
(PCA) in [9] serves as our inspiration to try another dimen-
sionality reduction technique called Non-metric Multidimen-
sional Scaling (MDS). [7] uses nMDS to analyze the cell cycle
periodicity of the human fibroblast serum and showed the ef-
fectiveness of this technique in visualizing the temporal pat-
terns of gene expression level. nMDS is used for the purpose
of visualizing a highly dimensional data in a 2dimensional or
3dimensional space (usually in Euclidean space). Projecting
the data into a lower dimension can ease up domain experts
in analyzing their data.

2.3.1 Algorithm
Let O be the set of n objects and E be the Euclidean space.
The goal of nMDS is to find a mapping from O to E such
that the dissimilarity between the objects in O are consistent
as much as possible with the distances of the objects in the
Euclidean space.

The distance between two objects xi and xj in O is com-
puted to obtain the data set’s dissimilarity matrix

[D]ij = δ2ij

, where

δ2ij = (xi − xj)
T (xi − xj)

From the dissimilarity matrix D, We define an inner product
matrix B = XTX, where each element in B is

[B]ij = xTi xj

From the known squared distances in D, we can find the
inner product matrix B, and then from B to the unknown

coordinates X. Since B is symmetric, positive semi-definite,
with rank p therefore B has p non-zero eigenvalues and n−p
zero eigenvalues. Given the properties of B we can get X
from B using its spectral decomposition [6]. An iterative
implementation of nMDS minimizes the stress, the minimum
stress computed serves as its goodness of fit. Unlike the
metric mds (mmds) that takes the actual dissimilarity of
each object, nmds maintains the ordination of dissimilarity
matrix by using a non parametric function to transform the
distances.

2.4 Vector Fusion
This visualization technique came from [5], which uses the
Single-point Broken-line Parallel coordinates (SBP) algorithm
to achieve a 3 dimensional representation of any multidi-
mensional vector. The technique was modified by [8] for
extending the visualization to 2 dimensional space. The two
dimensional component of an n dimensional vector w is com-
puted as follows,

w = w1e
iθ1 + w2e

iθ2 + ...+ wne
ien

=
∑
n wi cos(θi) +

∑
n wi sin (θi)

= (wsumX , wsumY )
= (SBPx, SBPy)

Vector fused points are commutative such that arrangements
of elements in w doesn’t matter. The ordered pair (SBPx,SBPy)
serves as the 2 dimensional representation of the n dimen-
sional vector.

3. METHODOLOGY
In this study, we used the set of genes with known classifi-
cation functions, this will help us for the analysis specially
in validating and assessing the quality of our visualizations.
As the previous studies suggest, we will focus on the 384 x
17 normalized data set from [9].

For each group we obtain graphs of the gene expression level
through time shown in Figure 1. The data will then be
visualized using nMDS and VF.

3.1 Qualitative Criteria
To determine whether a visualization captures the properties
of the data set, we define a set of qualitative criterion based
from [4].

1. Closeness of co-members
The RYCC data set is divided into 5 biologically de-
fined classes. The time domain graph shows that the
genes belonging to the same class exhibit almost the
same fluctuation of gene expression values through time,
therefore a good visualization should project the sim-
ilarity of the genes belonging to a single group, that
is genes should be close as possible to its co-members
and far from genes belonging to other groups.

2. Relationship across clusters
The phases of cell cycle is a series of event, therefore we
can say that at a specific phase of cell cycle, genes be-
longing to a group are co-expressed at a certain time.
A good visualization should capture this property. For
example, since group 2 are co-expressed after group 1



Figure 1: The time Domain graph of the RYCC
Data Set

and group 1 will co-express after group 5, the visual-
ization of gene belonging to group 1 should be closer
to group 1 and 5 compared to other groups.

3. Outlier detection
As part of our intracluster evaluation, we use confi-
dence interval using ellipse with 95% confidence level
to detect outliers. Outlier detection can aid up in
gene expression analysis, these genes are of great in-
terest because they exhibit a different shape compared
to other members of the group (based from the time
domain graphs). It may suggest other possible gene
function apart from what is already known. Though
we cannot actually tell its significance, it ’s up to the
domain experts to give a valid reason for its behavior.
Listing all detected outliers and inspecting their classi-
fication function with respect to their groupings is one
kind of analysis we can carry out in this paper.

4. RESULTS AND DISCUSSION
The time domain graph of the RYCC Data as seen in Figure
1 shows the gene expression level fluctuation of each gene per
group. The graph of almost all groups showed that there are
almost 2 peaks of their expression level, possibly because of
the 2 cell cycles captured by the 17 time points. Using this
set of graphs for analysis of gene expression data is not a
good idea, therefore we proposed a visualization technique
that summarizes this set of graphs such that properties of
each gene will still be visible.

We visualized the normalized RYCC data set using nMDS
and Vector Fusion as seen in Figure 2 and 3. Based from the
criteria that we defined earlier, we can say that we can have
a better visualization using nMDS as opposed to VF. We
assess the visualizations using the defined criteria in Section
3.

Figure 2: nMds visualization of the RYCC data set

Figure 3: VF visualization of the RYCC data set

1. Closeness of Co-members
In Figure 2, nMDS visualization showed a significant
clustering of genes with respect to its 5 groups. Genes
belonging to a group are projected closer to one an-
other unlike those of the vector fused genes. The rea-
son for this behavior lies on the fact that nMDS com-
pare each gene to one another by virtue of its dis-
similarity matrix while vector fusion is independently
projecting each point on the graph. We can see clearly
that genes belonging to a group exhibits a common
expression level through time and nMDS visualization
captures that property.

2. Relationship accross clusters
The nMDS visualization captures the sequence of the
phases in the cell cycle, group 1 is much closer to group
2, group 2 is much closer to group 3 and so on. The
transition was captured in the x and y axis of the scat-
tergram. Figure 4 showed the projection of each group
using nMDS. We inspect the position of each group in
the euclidean space with respect to some gene func-
tion (cell growth for example), genes involved in cell
growth is located in the left hand side of the x axis
and in the lower part of y axis. We observed that the
2 dimensional projection of genes capture its functional
property not just its temporal behavior.

3. Outlier Detection
Outlier as we defined earlier are those genes projected



Figure 4: nMDS Visualization of RYCC data set
(a) Group 1 shows the active genes at G0 phase,
(b) Group 2 shows the active genes at G1 phase,
(c) Group 3 shows the active genes at S phase, (d)
Group 4 shows the active genes at G2 phase (e)
Group 5 shows the active genes at M phase and (f)
Showing all the group of genes in RYCC data set
(The legend of each gene in graph (f) were not used
in groups 1-5 for visibility purposes)

outside the ellipse for each group, The ellipse was based
on a confidence interval having a 95% confidence level.
This means that we are 95% confident that the genes
included inside the ellipse are members of the group.
We fitted an ellipse for each group and identify a set
of outliers. These genes are subjected for further anal-
ysis. The fitted ellipse per group is shown in Figures
5-9 along with the highlighted genes in the time do-
main graphs. It is showed that the identified oultlier
exhibits a slightly different fluctuation of gene expres-
sion level through time with respect to the normal.

Figure 5: Group1: detected outliers using ellipse
confidence interval with 95% confidence interval (a)
Outlier genes in nMDS projection (b) Outlier genes
in the time domain graph

We characterized the set of identified outlier genes with re-
spect to their functional classification from [2] and from the

Figure 6: Group2: detected outliers using ellipse
confidence interval with 95% confidence interval (a)
Outlier genes in nMDS projection (b) Outlier genes
in the time domain graph

Figure 7: Group3: detected outliers using ellipse
confidence interval with 95% confidence interval (a)
Outlier genes in nMDS projection (b) Outlier genes
in the time domain graph

Munich Information center for Protein Sequences (MIPS)
database, we relate the extracted functions of genes to its
characterization as an outlier.Table in figure 10 and 11
summarizes the features of each outlier genes.

5. CONCLUSION
Based from the defined criteria in Section 3, nMDS visual-
ization is a good tool for gene expression analysis.From the
methods and tools used in this paper, the following were
achieved:

• The visualization captures the cluster structure of genes
based from the biologically defined groups.

• It follows the temporal pattern of expression of genes
based from the events of cell-cycle.

• There is a significant transition in x and y axis of the
nMDS space with respect to the cell growth function,
groups of gene involved in that function are on the
leftmost and lower part of the graph.

• The outliers identified through the confidence interval
ellipse, exhibits a different gene expression level based
from the time domain graphs in shown in Figure 1.

• Genes that are identified outliers are identified to be
included in the confidence interval of adjacent1 groups.

1groups that are co-expressed sequentially



Figure 8: Group4: detected outliers using ellipse
confidence interval with 95% confidence interval (a)
Outlier genes in nMDS projection (b) Outlier genes
in the time domain graph

Figure 9: Group5: detected outliers using ellipse
confidence interval with 95% confidence interval (a)
Outlier genes in nMDS projection (b) Outlier genes
in the time domain graph

6. RECOMMENDATIONS
We would like to recommend further analysis of domain
experts on the set of outlier genes detected, specially for
genes(YGR035c, YNL176c) with proteins of unknown func-
tions from [2] and MIPS database, likewise for genes(YD493w,
YKL066w) with unclassified proteins in MIPS database. We
would also want to consider visualizing another gene expres-
sion data in time series using nMDS visualization.
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Figure 10: Outlier genes



Figure 11: Outlier genes


