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Abstract. Gene function discovery remains a computational challenge for both biologist and computer
ccience. In this paper, we use Non-metric Multidimensional Scaling (nMDS) to visualize the set of time
series gene expression data taken from a synchronized population of yeast. From the visualization, we
propose a methodology for identifying gene function of uncharacterized genes based from the confidence
intervals made by the set of genes identified in a certain biological function. We focus on the set of genes
involved in the growth phases (G1 and G2) of a cell. Based from the characterizations, on one of the growth
phase, 3 out of 4 (75%) of identified genes are in its accurate biological function.
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1. Introduction
Genes are the basic hereditary units of living organisms. These are encoded in the chromosomes of an
individual and dictate the biological processes which are carried out by proteins in a cell. However, not all
not all genes are associated with their biological functions. Previous works in [1,2] identified yeast genes that
are periodically expressed at specific phases of cell cycle. Using standard laboratory techniques, they
produced a list of genes with corresponding biological functions associated with the processes identified by a
specific cell cycle phase.
Synthesis of proteins is dependent on the expression of genes in an organism. Gene expression at a
specific time point can be measured using microarray technology. Computationally, these expression levels
are quantitative values showing how genes are expressed compared to others. Pattern discovery in gene
expression data, i.e. clustering and data mining, can lead to identification of biological function of genes [2].
Incorporating these procedures can minimize or ultimately eradicate tedious wet laboratory experiments.
Yeast have been subjected to a number of high throughput investigations such as gene expression
analysis [1,5,6,7,8], protein-protein interaction mapping [2] and synthetic genetic interaction analysis [2]. In
literature, [10] used nMDS to analyze the periodicity of gene expression in human fibroblast serum. The
work shows that nMDS visualization captures the temporal pattern of gene expression data.
In this paper, we will present a methodology that suggest possible function of genes using nMDS
visualization. We used genes that are identified to be involved in the cell cycle regulation of yeast,
specifically for those involved in the growth phases of the cell. We used the identified biological
characterization presented in [1,2] as reference to the true biological function of the genes.

2. Definitions and Basic Notations
2.1. Reduced Yeast Cell Cycle (RYCC)
+
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The Reduced Yeast Cell Cycle (RYCC) [5] dataset used in this research came from a synchronized
population of yeast. We can describe it as a normalized data matrix with 384 rows and 17 columns. Each row
corresponds to a gene and each column is a specific time point. Each time point have equal ten-minute
interval which covers nearly two full cell cycles (170 min). The time series dataset is shown to exhibit
periodicity [5,12]. Each gene in the the dataset is characterized depending on the cell cycle identified in [1,2].
We only used the set of genes associated to the growth phases of the cell, that is G1 and G2. In the dataset,
not all genes characterized in a specific cell cycle phase are associated with its specific function. Below
shows the summary of the total number of genes with known and unknown functions.
Table 1: Number of characterized and uncharacterised genes in growth phases
Cell Cycle Phase

Biosynthesis

DNA Replication

Uncharacterized

G1

17

3

55

G2

-

5

28

2.2. Non-metric Multidimensional Scaling
nMDS is used for the purpose of visualizing a highly dimensional data in 2 or 3 dimensional Euclidean
space. Let O be the set of n objects and E is 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 is consistent as much as possible with the
distances of the objects in the Euclidean space. The distance between two object in O, say xi and xj where 1 ≤
i , j ≤ n is computed to obtain the data set's dissimilarity matrix D, let that be defined in the set O x O. Each
object in D is computed using the Euclidean distance.
[D]ij = δ ij 2 = (xi - xj)T (xi – xj)
From the dissimilarity matrix D, we define an inner product matrix B = XT X, where each element in B is
[B] ij = xi T 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 [10]. An iterative implementation of nMDS minimizes the stress. The minimum
stress computed serves as its goodness of fit.

2.3. Confidence Intervals
2.3.1. Confidence Band
A confidence interval with a confidence coefficient (1 - α), 0 ≤ α ≤ 1, is a random interval whose end
points are called confidence limits. A 100(1 - α)% confidence interval contains the true value of the
parameter estimated, e.g. the [D]ij.
The confidence band encloses an area of 100(1-α)% that contains the true curve. It visualizes the best fit
curve, and the confidence band is constructed as the best fit curve is constructed. The confidence band is
extended above and below the curve by
Where c = G | x Σ x G΄ | x, G | x is the gradient vector of the parameters at a particular value of x. G΄ | x is
the transposed gradient vector, Σ is the variance-covariance matrix. SS is the sum of squares for the fit, DF is
the degrees of freedom and tα(DF) is the value x’s t critical value based on the confidence level α and the
degrees of freedom DF.

2.3.2. Confidence Ellipse.
Confidence ellipse uses intervals for both X and Y. The interval is projected horizontally and vertically,
respectively. Confidence ellipse is formed by, Ζ ± R x I, where Ζ is the mean of either X or Y, R is the range
either X or Y, I is the confidence level (1 – α). These form the minor and major axis of the ellipse. The
confidence ellipse is given a 100(1 - α)% confidence to contain the points it bounds.

2.4. Characterizing Classes of Outliers
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Potential outliers are points found near or at the periphery of a region occupied by a cluster in the 2dimensional visualization [11]. The potential outliers are classified into (1) absolute potential outliers; (2)
ambiguous potential outliers through the use of confidence bands and confidence ellipses.
Absolute potential outliers are a point lying outside the confidence band and confidence ellipse. This
point is no longer bounded by the confidence ellipse and is not represented by fitted curve.
An ambiguous potential outlier is a point that is bounded by two different confidence ellipses or two
different confidence bands, or a point that is within the confidence ellipse but outside the confidence band. It
is unclear as to which cluster should this point be identified with.
A method is also described to validate cluster membership of identified ambiguous potential outliers as
defined in section 2.3.

3. Methodology
In this study, the dataset described in Section 2.1 is used. The methodology for identifying possible gene
function is as follows.
Step 1. Compute the 2D representation of genes using nMDS.
Step 2. Visualize the output of step 1 using a scatter plot, and color each gene (represented by a point)
according to the associated biological classification.
Step 3. Build a confidence ellipse and confidence band with 95% level of confidence per cluster based
on the known biological functions identified in [1,2].
Step 4. Record information on the genes which are bounded by more than one confidence ellipse and
genes which are not bounded by confidence ellipse and confidence bands. Based on the visualization,
scrutinize each cluster. Re-color each gene based on the known biological function of each gene and assign
another color for genes with unknown function.
Step 5: Remove all absolute potential outliers and ambiguous potential outliers as described in [11] at
section 2.3.
Step 6. Cross validation with 3 known databases, MIPS CYGD (Munich Information Center for Protein
Sequences Comprehensive Yeast Genome Database) [4], KEGG (Kyoto Encyclopedia of Genes and
Genomes) [9] and BLAST (Basic Local Alignment Search Tool) [3], a validation based on the results
generated on the study. The identified genes are cross validated using the database of MIPS CYGD and
KEGG are tabulated. The FASTA file format used as input for sequence alignment programs derived from
KEGG genes is used for the protein-protein BLAST search and tree view search of the set of genes identified.
Step 7. Cross validation.

4. Results and Analysis
The visualization of the growth phases G1 and G2 of the biosynthesis and DNA replication discussed in
Section 2 as shown in figure 1.a and 1.b. Table 2 show the fitted curves per biological functions, in DNA
replication of G2 there is no fitted curve since there are not enough set of genes to construct the curves. 95%
confidence ellipses are constructed based on the points of different groups of genes with 95% confidence
bands for every curve.
Table 2: Curves fitted per biological function

Using this set of graphs for analysis of gene expression data as a visualization technique that summarizes
this set of graphs such that properties of each gene will still be visible. The summary of the identified genes
as seen in Table 3 of both growth phases as characterized by Section 2.3. Identified genes are those genes
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that are within the confidence ellipse and confidence band. Ambiguous genes are identified as genes that lie
outside the confidence band but within the confidence ellipse. Absolute potential outlier genes are those
genes outside of the confidence band and confidence ellipse.

(a)
(b)
a) DNA Replications and Biosynthesis Genes in G1, (b) Biosynthesis with in G2.
Fig. 1: nMDS visualization of
Table 3: Summary of Classifications of Genes on G1 and G2.

As seen in Table 4, there are 4 identified genes in biosynthesis of both growth phases, in G1 75% of
identified genes cross validated with the 3 known database in yeast genes are involved in biogenesis which is
involve in metabolism which is also refers to biosynthesis. Identified genes in biosynthesis and DNA
replication, of the unknown genes identified in the growth phase have unknown classification in tree view of
BLASTP, but are all a leaf of ascomycetes.
Table 4: G1 Identified Genes in Biosynthesis with KEGG, MIPS and BLASTP
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Table 5: G2 Identified Genes in Biosynthesis with KEGG, MIPS and BLASTP

5. Recommendations
We would like to recommend further analysis on the identified genes for specific biological functions as
seen in the summary of identified genes. And perform specific wet laboratories on the suggested identified
genes with respect to its biological functions.
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