International Journal of Engineering Trends and Technology (IJETT) — Editor’s Issues — 2020

An Interactive Dashboard for visualization of
RNAseq data of yeast Glaciozyma antarctica
P112

Safinah Sharuddin®, Nora Muda’, Nazalan Najimudin®, Abdul Rahman Othman*

L2gtatistics Program, Faculty of Science and Technology, Universiti Kebangsaan Malaysia, Bangi, Malaysia
*School of Biological Sciences, Universiti Sains Malaysia, Penang, Malaysia
“School of Distance Education, Universiti Sains Malaysia, Penang, Malaysia

ABSTRACT

Exploration and visualization from the perspective of
analytical data are very important nowadays in order to
give a comprehensive overview. The purpose of this
study is to visualize and explore RNAseq data of yeast
Glaciozyma antarctica PI112 in details to facilitate and
guide biologists prior to conducting accurate statistical
methods using interactive web interface visualization
tools such as a dashboard. In this research, we develop
a dashboard to visualize a preliminary analysis in an
interactive way for data inspection, filtering, and
normalization using programming language R with a
shiny package. This tool illustrates the shape of data
distribution by experimental factor effect for each
genomic feature of yeast G. antarctica P112. Besides, it
also enables biologists to see the impact on different cut
off values to evaluate and choose suitable types of
normalization method to meet the assumptions if
required to proceed for the next statistical methods

Keywords: Glaciozyma antarctica Pl12, R, Shiny
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I. INTRODUCTION
The rapid development of sequencing technology has
led us to obtain genomic features such as the whole
transcript easier and faster. In line with the development
of this technology, the method for analyzing data is
increasingly complicated. In the 1990s, microarray
technologies have been popular. Subsequently, and until
now, the RNA sequencing (RNAseq) has replaced
microarray technologies in genomic research [1]-[4].
RNAseq is a next-generation sequencing (NGS)
procedure to provide a comprehensive view of the entire
transcriptome, which is all set of molecules such as
mMRNA, rRNA, and other RNAs that are not encoded
(noncoding RNA) [5]. Thus, RNAseq data are a type of
high dimensional data that can be interpreted as
multiple measurements from each sample. In other

words, each sample would have gene expression values
for thousands of genes. Therefore, data exploration and
data visualization are very important in order to
understand the nature of the data before conducting
statistical analysis. In addition, the diversity of
preprocessing methods are introduced such as data
transformation and data normalization RNAseq forcing
biologists to choose the right option to achieve the
objectives of the study. Then, visualization approaches
are developed to determine the ‘best’ way to guide
biologists to perform suitable statistical analysis that
fulfills the assumptions for each statistical test.
Visualization techniques are used to minimize the
chance of losing important information (when
subsetting the data) [6]. This issue motivates us to
develop a web application framework that allows this
situation to be more clearly seen by transforming
exploratory data analysis in an interactive visualization
way using a dashboard. Visualization using a dashboard
can be used for purposes of displaying data, diagnostic
checking for hypothesis testing or statistical modeling
methods (single comparison), and comparing statistical
methods (multiple comparisons).

The main purpose of the sample-level analysis is to
visualize a sample pattern based on gene expression data
summarized from RNA sequencing experiments. It aims
to summarize the information provided by a large group
of genes into several variables that are easier to manage
and then classify samples based on their gene expression
profile [15] This can be done by applying multivariate
techniques to see the complex structure of RNAseq
under different experimental conditions. The
preprocessing method should be implemented prior to
visualizing high-dimensional data using multivariate
techniques. This is because most high-dimensional data
exploration such as clustering methods will work better
after data transformation and filtering. Clustering
samples using data transformation can provide
information on sample groups that have similar
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expression levels across all genes. It provides a
visualization pattern in the gene expression data and
investigates the sample similarities after dimension
reduction. The issue involved with RNAseq is the mean
and variance for RNAseq expression data are said to
have a quadratic relationship [16]. Thus, the
transformation is necessary to stabilize the variance at
higher counts.

In addition, exploration at the gene level can also be
visualized using this dashboard. The purpose of
exploring data visualization in the gene-level analysis is
to provide appropriate biological guidance for the more
formal phase of data analysis for each gene. Graphic
inspections such as histogram, box-plot, and normal
probability plot offer a convenient way to visualize the
shape of the underlying distribution. Besides, the
interaction plot is to visualize the interaction of factors

Il. IMPLEMENTATION

The interactive dashboard for RNAseq visualization for
G. antarctica PI112 is developed in Rstudio [7] with
shinydashboard package [8]. The dashboard displays
results on web interface after running the script in the
background server. The dashboard uses RNAseq of
Glaciozyma antarctica P112 to analyze data. Biologists
or project teams, who work with this type of data, can
apply best practices to develop statistical models. It is
also convenient for the user to choose whether a
gene-level or sample level analysis that the user wants to
investigate.

The visualization to display data exploration analysis
with this interactive dashboard replaces static plot with a
dynamic plot for the user. It provides a variety of
interactive plot according to input entered by the user to
evaluate which parameter cutoff is appropriate for the
statistical model. It can also extract frequency tables to
view measurements of raw data from machine
sequences, bar plots to view forms of data distribution as
well as support from statistical summary information for
each gene. In addition, a dendrogram plot can also be
viewed to see the classification at the sample level.

11l. MATERIALS DATA
G. antarctica P112 yeast is classified as psychrophilic
yeast, which means "loving cold" organism. This yeast
grows well in a cold temperature environment. The
growth temperature study found that the optimum
temperature for the yeast is 120C and the maximum
temperature is 220C in Yeast Potato Dextrose (YDP)
medium [9]. It can also grow in cold and freeze stress
temperatures that are 00C and -120C, respectively [10],
[11]. Apart from that, the time factor is also studied
concerning G. antarctica PI112 yeast. 6 hour exposure
time is regarded as an early-stage or self-adaptation

level for yeast reaction towards a certain temperature,
while 24 hour, on the other hand, is a late-stage towards
yeast reaction in certain temperatures [12]. Therefore,
the data used in this study take into account both factors
involved. In addition, the data used in this study is the
experimental result after undergoing sequencing process
using NGS technology known as RNAseq data. As in
[12], it also uses RNAseq data for G. antarctica P112 but
only for low temperature while the data used in this
study include low and high temperatures.

Let say RNAseq experiment is a set of N RNA samples.
Each set of RNA samples have G genes. There were G=
7853 annotated genes mapped to whole-genome yeast G.
antarctica P112 [13]. As a result, the measurement is in
the form of count read mapped. Thus, the input data is a
G x N matrix. RNA samples are usually associated with
various treatment conditions. In this study, mRNA is
extracted from the yeast, G. Antarctica in the rich
growth medium, which is Yeast Potato Dextrose (YPD)
under different factors that are Temperature and Time.
The study design has two factors namely, the
Temperature, which has five levels (-120C, 0oC, 120C,
160C, 200C), and Time, which has two levels (6 hours,
24 hours).

IV. RESULTS
A. Input Data
We illustrate the user interface summarizing the input
data using the RNA-seq dataset of yeast Glaciozyma
antarctica PI12 as in Fig. 1.

Fig. 1 shows an interactive table using DT package in R
programming [14]. Table row represents gene ID and
column represents experimental condition (Sample).
These interactive tables allow the user to search which
gene ID that interests him/her. Moreover, the user can
also sort the gene expression values from high to low

ding t

Fig. 1 Web interface for input data panel

B. Sample level analysis

The analyses under sample-level analysis tab can be
illustrated as in Fig. 2. It shows the plot before (left) and
after data filtering (right). From this plot, we can see that
the data distribution has two peaks and is classified as a
bimodal distribution because the data tell us the nature
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of raw data for RNAseq is bimodal distribution. The
right peak distribution indicates the density for low
expression value is very high and forms the two-peak
distribution. The plot can guide the user to develop
statistical modeling for this yeast using RNAseq data at
the sample level.

Furthermore, the plot also guides the user to choose
whether to use raw data or transformed data for
hypothesis testing. For example, in the case of
hypothesis testing using Analysis of Variance
(ANOVA), one of the assumptions is to rely on the
normality of a sample. To test whether the underlying
distribution is normal or at least symmetric, this can be
done by displaying the distribution graphically. Thus, in
the case of RNAseq data, the raw data are not suitable for
this analysis. Therefore, data transformation must be
conducted if a user wants to use the ANOVA method.
When we choose data transformation, the data must be
filtered in order to have a symmetrical shape of a
distribution. Interestingly, this dashboard offers to
visualize the shape of data distribution when changing
the different filtering cut off. The user can also use the
raw data by applying nonparametric methods to
hypothesis testing, which is an alternative to parametric

roaches

Fig. 2 Web interface for sample level tab panel before and .

after transformation

The second plot, which is a dendrogram plot, is used to
form grouping samples with information from annotated
genes of yeast G. antarctica PI12. To visualize in this
dashboard, we choose to use the transformed data using
the edgeR package [17]. The measurement used in this
package is count per million (CPM). Then, the read
counts (in CPM) must be filtered out. This is due to the
fact that a gene must be expressed at some minimal
levels before it can be translated into protein. Therefore,
data filtering is necessary to ensure that genes can be
considered to be of biological importance. In a statistical
point of view, consistent counts do not provide enough
statistical evidence to be evaluated as significantly
differentially expressed genes. Moreover, filtering out
genes that are expressed at low levels prior to differential
expression analysis can also reduce the severity of the
correction and may improve the power of detection [18].

Fig. 3illustrates a dendrogram plot using hierarchical
clustering with multiscale bootstrap [19] for clustering
sample analysis in this dashboard. The output of the
dendrogram plot proves that when using the
transformed data it will be more accurate to look at the
approximate unbiased (AU) p-values from multiscale
bootstrap (red values).

Fig. 3 Web interface for sample Ievelr tab panel for sample '
clustering using dendrogram plot

C. Gene level analysis

Fig. 4 shows the web interface for the visualization of
gene-level analysis. On the upper right-hand side of the
page, it allows the user to select data of which gene that
the user wants to analyze using a drop-down button. On
the upper left-hand side of the page, it shows a summary
of statistics that explains the nature of the data as well as
some information related to the measure of location and
measure of spread. To illustrate the summary of
statistics graphically, the bar plot and line plot appear
below the gene ID box. RNAseq data represents the
number of reads (expression values) mapped to a
particular gene region under certain conditions, thus, it
is appropriate for the plot bar to represent expression
values count (counts) by treatment conditions. From
this plot, the user can see the selected gene appears more
or less at which treatment condition. It also provides a
visualization of the shape of data distribution for each
gene. The second plot is the line plot to see the
relationship between the first variable, temperature and
time variable. It can also detect if there is any interaction
effect involved in these two variables. The increase and
decrease in the reads count of the genes in different
conditions can also be graphically explained using this

pl
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Fig. 4 Web interface for the gene-level tab panel
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V. DISCUSSION AND CONCLUSION

Data exploration is the most important part according
to a statistical perspective prior to conducting a formal
statistical analysis. Therefore, the visualization
technique can help us understand the data. As described
in the implementation section, the visualization for data
exploration purposes using the dashboard is only for
displaying and diagnostic checking of RNAseq for yeast
G. Antarctica P112. It will then be updated for users to
use their own data from the same technology. It can also
be extended to data from various areas such as finance,
high-resolution imaging, and website analysis that have
multidimensional forms of data (high-dimensional
data). Not only for that, the dashboard will then be
updated by incorporating the data exploration section for
comparison purposes such as hypothesis testing and
statistical modeling.
Currently, the application is only hosted in a controlled
environment and can be shared with project teams using
shiny-server open source. The preliminary analysis of
interactive visuals using a web-based framework assists
the project team in the selection of downstream analysis
for gene expression. This application is not accessible
through internet as it is still in a prototype stage since the
RNAseq data for this yeast has not been released for the
high-temperature condition. In addition, the dashboard
will also be published online hosted by the shiny cloud
after all the statistical development is completed and it is
accessible via the website address.
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