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Abstract

The overall aim of this research identified and explores the usage of microarray gene expression statistical
tools available in Bioconductor R package for image visualization, data quality control, background correction,
summarization, normalization and identification of highly differential gene expression from microarray gene
expression data of human tuberculosis infections. The stimulated samples with phosphate buffered saline (PBS)
of human tuberculosis microarray gene expression data such include pulmonary TB infection (PTB), meningeal
TB infection (TBM) and latent TB infection (LTB) image data were collected from GEO-NCBI (Gene Expression
Omnibus-National Centre for Biotechnical information’s) database in a form of CEL file format with Accession
number: GSE11199 and all the analyses were performed in the R packages. These analyses identified and explore
the use of AffyQCReport tool, affycoretools, PCA, MAS 5.0 and GCRMA for microarray gene expression data pre-
processing and for the identification of highly significantly expressed genes, LIMMA was used and explore as a
statistical tool for such analysis. The statistical analysis from LIMMA indicates that there was a significant difference
between the three different forms of human tuberculosis. Therefore, most of the genes significantly expressed in
both groups were genes responsible for cellular immune response. The results of three different comparison groups
generated from the LIMMA analysis were further analysed using correlation coefficient=1, when p-value<=0.05
and generated Venn diagram, the results from venn diagram shows that majority of the genes were up-regulated
indicating less decrease in the rate of gene expression but increase among the regulated genes of stimulated
tuberculosis and more genes were observed with higher expression than those with less expression during the three
group’s comparison. It suggested recommendation that the results obtained from this study can be utilize in further
analysis for detection and control of human tuberculosis infections.

technology and is one of the technologies that play vital roles toward
the development of studies in the field of Molecular Biology. This
technology used genetic materials of an organism (RNA or DNA) to
identify new genes for a particular trait with their expression levels and
functions under different environmental situation. This technology is
very useful in providing information about a particular disease and
provide the possible ways of controlling that infection and also to
measure the expression levels of large numbers of genes or the whole
genome of an organism at a time, or to identify differential expressed
genes or to determine common expression pattern among the genes.
Microarray experiment deals with the collection of tissues or cells from
the living organism’s extraction of genetic materials from the tissues
or cells, hybridization of genetic materials and processing of hybrid
in a scanning machine to generate microarray data. [6]. Beginning
of the 20th century, medical research settings of UK government was
put more concern about the issue of tuberculosis and TB cases was
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Introduction

Tuberculosis is an infection caused by Mycobacterium tuberculosis
that usually attacks human body system, it is a communicable disease
and can easily be transmitted between the human being through the
exhalation and inhalation processes [1]. The infection was found to be
of three different clinical forms namely Latent TB, Meningeal TB and
Pulmonary TB, but pulmonary TB is a chronic TB infection [2]. TB
was first discovered over a very long period of time since 18 centuries
by the scientists. Robert Koch discovered the bacteria called Bacillus
and it was described in 1882 as infectious TB disease (contagious in
nature). Koch also disagrees with the study that indicated TB infections
of human and cattle are similar, this statement from Koch made many
people to agree that, milk from cattle is not a source of human TB
infection. During that time, Koch was one of the advisors on health
sector to his government and for that reason he became interested
in tuberculosis research. At that very time, people widely believed that
tuberculosis was an inherited disease. Also, Koch was totally agreed
that tuberculosis was caused by a Bacterium and it was an infection,
and he tested four postulates using guinea pigs. After conducting these
experiments, the result shows that tuberculosis satisfied all the four
postulates [3]. At the 19th century, people are looking at TB infection
as "romantic disease." because of the high mortality rate in adults, a
royal commission was set by the UK government in 1901 [4]. Human
tuberculosis infection is often identified from the infected individual
only when patients are critically ill or at postmortem investigations [5].
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considered as the most urgent issue in the health sector [7]. Study
using microarray data to identify early lung immune responses to
human tuberculosis using model of mouse was also done [8]. Analysis
of microarray image data of meningeal tuberculosis and microarray
image data of host immune response to human tuberculosis infections
were designed and performed [9]. However, despite all the efforts and
contributions of this molecular technology to human tuberculosis,
still the current issues concern with this disease are detection of the
infection and proper way of controlling the infection. The challenge
also on the other hand with microarray is that, it is not easy to analyze
microarray data due to the large dimensionalities in microarray data,
despite are many tools available for analyzing microarray image data,
but the proper use with such tools to obtain good results depends on
the objectives at hand. The overall aim of this research selected and
explores the usage of a statistical tool and some tools available in R
package for pre-processing and identification of highly differential
gene expression from microarray gene expression data of human
tuberculosis infections.

Methods

Microarray image data were collected from GEO-NCBI (Gene
Expression Omnibus-National Centre for Biotechnical information’s)
database in a form of CEL file format with Accession number:
GSE11199. The data contained 12 Stimulated clinical samples of human
tuberculosis, Four (4) samples from each clinical group which include
meningeal TB (MTB), pulmonary TB (PTB) and latent (LTB). The
samples was stimulated with phosphate buffered saline (PBS) to obtain
monocyte-derived macrophages (MDMs) in order to increase the
activities of RNA in the human tuberculosis samples. All the analyses
of this research were carried out in the Bioconductor R package.
R package is a free software programming language and software
environment for statistical computing and graphics. R software was
downloaded and installed in the computer system and all the required
missing packages in R package for this analysis were also installed in the
R environment. Microarray data were pre-processed with affy, PCA,
GCRMA and MAS 5.0 tools. LIMMA was used in identification of
differential gene expression, because LIMMA uses the linear model to
perform the statistical analysis of microarray data, this analysis requires
the formation of compatible target file and designing of matrices.
The statistical analysis of microarray data using LIMMA to compare
three different forms of stimulated tuberculosis and infections was
carried out. B-Statistic was also used in the comparison. The B-statistic
(B-values) is based on the Empirical Bayes approach to rank genes and
determine if a gene is significantly expressed or not. B-statistic is the
log-odds that gene is differentially expressed, for instance if B=1.9, the
odds of differential expression (1.9)=5.70, the probability that a gene
is differentially expressed is 5.70/(5.70+1) x 100%=85%. In this case
there is 85% chance for that gene is differentially expressed, at the
B-value=0, there is 50%-50% chances. B-statistic, t-statistic and p-value
(probability) are generated with LIMMA method in the R package [10].

Results and Discussion

Human tuberculosis microarray gene expression statistical data
analysis in R package allows image visualization of each array as shown
in Figure 1 the essence of image visualization of microarray data is
for visual inspection and it is possible to find out if there are technical
problems eventually occurring only in one region of the array or not. All
the selected arrays visualized in the above mentioned figure indicates
no much technical problem. A histogram plot of arrays log intensity
against density levels in Figure 2, provides information with a graphical
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Figure 1: Images of some selected stimulated arrays of human microarray
tuberculosis infection.
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Figure 2: Density plot using stimulated samples of three different clinical forms
of human microarray tuberculosis infection.

representation of the distribution of microarray gene expression data in
order to observe whether there is a need for data normalization or not.
From the plot the arrays indicates overlapping between the samples,
latent TB sample 3 stimulated (LTB3stm) overlapped with having
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the highest density value and log intensity value among all the arrays,
pulmonary TB sample 3 (PTB3stm) is the second array with highest log
intensity value, followed by latent TB sample 2 stimulated (LTB2stm)
and meningeal TB sample 4 stimulated (TBM4stm) is among the arrays
that shown highest log intensity value as well as highest density value.
Because of these problems of overlapping observed associated with
the microarray data, it clearly indicates that there is a need for data
normalization before applying any advance microarray gene expression
data analysis to the data for producing better and reliable results. RNA
degradation analysis was used to assess the quality of RNA and gives a
good indication of the quality of the sample that has been hybridized
to the array. It occurs when the molecule begins to break down and
is therefore ineffective in determining gene expression. Because RNA
degradation is usually start from the 5’ end to 3’ end of the molecule, a
strong degradation would result with the values for the probes closer to
the 5" end and when the degradation is progressing to 3’ end the probe
set should elevate [11]. Figure 3 indicates good quality of RNA in all
the samples, because as the degradation was progressing from 5’ end to
3’ end, there was an increase in probe set number and means intensity.

The easiest way to identify which array among many arrays
associated with the problem is to correlate all the arrays with each
other [12]. In Figure 4 correlation coeflicient analysis was used to
detect outlier arrays, error in hybridizations, and then to get valuable
information about phenotypic characteristics of the raw data (ie.
replicate and tissue). This heat map of array to array correlation
coefficients indicates a good quality of this data since the smallest
correlation coefficient was 0.84, but meningeal TB sample 3 stimulated
(TBM3stm) array has quality problems with very high signals, high
variability, and strong background, also appeared different in this plot,
correlating poorly with other arrays. It was indicated that, pairs of
arrays had a stronger correlation within the tissues than the correlation
between the tissues. Samples from similar tissues or treatments tend
to have a higher correlation coefficient. Figure 5 presented principal
components analysis (PCA) of the microarray data by performing a
covariance analysis between the factors and reduces the dimensionality
of the data. PCA identifies basic temporal patterns as the important
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Figure 3: RNA degradation analysis using stimulated microarray samples of
three different clinical forms of human tuberculosis infection.

features that characterize genes [13]. PCA can be used to identify and
remove the variables with correlation problem, it represent the samples
with a smaller number of variables, can detect dominant patterns of
gene expression and also visualize samples and genes. Simpleaffy plot is
a general quality control statistic which provides visual representation
of the microarray raw data by using beta-actin and GAPDH. Beta-actin
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Figure 4: Array to array intensity correlation using stimulated microarray

samples of three different clinical forms of human tuberculosis infection.
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Figure 5: Principle component analysis plot using stimulated microarray
samples of three different clinical forms of human tuberculosis infection.
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(B-Actin) and glyceraldehyde-3-phosphate dehydrogenase (GAPDH)

were considered as constitutive housekeeping genes for RT-PCR and sl Qc Stats

used to normalize changes in specific gene expression, because they are oo, B =

usually expressed in most of the cell types and are relatively long genes. o

QC plot in Figure 6 shows the 3’ to 5' ratios for gene hybridization S e .
with specific control to the array type, the percentages of present ;;m

gene calls and background for B-Actin and GAPDH. Plotted triangles R

represent Actin values while plotted circles represent GAPDH values. . = : P

It visualized the first array from the bottom of the plot to the last array Sae

at the top which corresponds to the order of the samples with ratios o i

and percentages, the dotted horizontal lines separate this plot into rows Mﬁ

one for each array. The dotted vertical lines provide a scale from -3 to FIRMCE. =

3. A line to the left corresponds to a down-scaling, to the right, to an 6% b

up-scaling. According to Affymetrix GAPDH and f-Actin values that T e ' .
are considered a potential outlier when the ratio>1.25 and are coloured e L

red, The blue stripe in the image represents the range where scale ;.;x 5

factors are within 3-fold of the mean for all chips, If any scale factors fall umemcn

outside this 3-fold region, they are all coloured red and unacceptable rmsemce, L

but if fall within the scale, are coloured blue and consider acceptable €233

[14]. Microarray data normalization using GCRMA was illustrated in e i r "
Figure 7 in which the method use to ignore the mismatch intensities L__;

and taking into account the probe sequence information and allows . *

an efficient filtering of irrelevant probe sets. According to B-statistics

(B-value), the introduction of additional biological replicates with high S 20 1 o2 03
correlation coefficients tends to produce higher B-values [10]. The Figure 6: QC plot of microarray stimulated raw data of three different clinical
higher the B-value, the lower the p-value, the stronger the evidence of forms of human TB infection from the simple affy package.

the results and the more significant of the result, the t-test was relatively
more powerful under symmetric distributions or in a situation where
the magnitude of the differences was moderate [14]. LIMMA method Normalized Data
was used and identified 54675 genes from the samples; Tables 1-3
illustrate the result of top 20 significantly expressed genes between

el
the three groups of comparison of human stimulated tuberculosis.
TACSTD2 (p-value=0. 004 sorted by B-value=8. 27) was the most
significantly expressed gene among the three different forms of human ‘

14
1

12
L

10

stimulated samples of tuberculosis infection. This gene was found in
PTB/LTB group only. ETV5, RPS24 and ITGB2-AS1 genes were also
significantly expressed in that group. The majority of the genes that
were significantly expressed among the top 20 of stimulated samples
were found to be in TBM/PTB group such as ETV5, RPS24, PACSIN2, ]
FLT1, SIGLEC10, EPM2AIP1, RTN1, FILIP1L and EPB41L3. Only two
genes were found significantly expressed in TBM/LTB group such as
FILIP1L and EPB41L3, these genes were also significantly expressed in

TBM/PTB. Four genes were found in common in both PTB/LTB and LTBIStm.CEL  PTBiStm.CEL  TEM1stm.CEL
TBM/PTB groups, but only two genes were sigmﬁcantly expressed m Figure 7: Normalized stimulated microarray samples of three different clinical
both groups such as ETV5 and RPS24, the other two GPANK1 and forms of human tuberculosis infection.

UBNI1 appeared less significance in both two groups. No-one among
the genes significantly expressed or with less significance found across
in all the three different groups of comparison. Therefore, most of the
genes significantly expressed in both groups were genes responsible for
cellular immune response. Recent study suggested that IncRNAs might
be crucial for regulating the antituberclosis infection mechanisms
of macrophages [15]. Venn diagram is a way of comparing genes
from different groups showing how many genes are in common and
exclusively expressed genes between the groups. Up regulation of genes
indicates an increase in the rate of gene expression, Up-regulated genes
are genes observed to have higher expression. Down regulation of
genes also indicates a decrease in the rate of gene expression, down-
regulated genes are genes observed to have lower expression [16]. aobn PTB - LTB ﬂ?ﬁé
The analysis in Figure 8 was done by using correlation coefficient=1
and when p-value<=0.05, the results indicated that the number of up
regulated genes (41) were higher than down regulated genes (7), but

PTB - TBM TBM - LTB

Figure 8: Venn diagram showing ‘up’ and ‘down’ regulated genes among the
three group comparisons of stimulating samples.
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Gene symbol Function LogFC Ave. exp. T-test P-value B-value
TBM/PTB
ETV5 DNA binding and cellular response -0.88 1.78 -10.78 0.03 5.23
Structural constituent of ribosome &
RPS24 poly(A) RNA binding 0.79 2.77 10.33 0.03 4.82
PACSIN2 Cellular component -0.18 3.44 -9.90 0.03 4.42
ELT1 Cellular response lto vascular _067 168 -9.64 0.03 417
endothelial
SIGLEC10 Immune response as an inhibitory -0.45 3.18 -9.54 0.03 4.07
receptor
EPM2AIP1 Interacting gene 0.51 2.41 9.23 0.03 3.77
RTN1 Cellular component and secretion -0.47 3.15 -8.70 0.05 3.22
FILIPAL Regulator of the antiangiogenic -0.61 2.59 -8.28 0.05 2.76
activity
EPB41L3 Suppressor that inhibits cell -0.12 3.53 -8.27 0.05 2.75
proliferation
ACO1 Regulation of t_rar_]slahon and iron -027 3.03 _768 0.09 208
binding
GADD45B Regulation of growth and apoptosis 0.19 3.10 7.46 0.09 1.82
GCLC glutathione activity -0.29 3.17 -7.24 0.12 1.56
CLEC5A Cellular defence response with -0.87 3.23 -6.94 0.12 1.19
signalling
GPANK1 Encode protein that play role in -0.09 3.18 -6.71 0.14 0.90
immunity
UBN1 DNA and transcription factor binding -0.19 244 -6.63 0.14 0.79
Table 1: Identification of differential gene expression between human stimulated microarray samples of meningeal and pulmonary tuberculosis infections.
Gene symbol Function LogFC Ave. exp. T-test P-value B-value
PTB/LTB
TACSTD2 Growth and cell surface receptor -1.63 1.79 -14.59 0.004 8.27
ETV5 DNA binding and cellular response -0.88 1.78 -10.78 0.03 5.23
Structural constituent of ribosome &
RPS24 poly(A) RNA binding 0.79 2.77 10.33 0.03 4.82
ITGB2-AS1 Antisense RNA 1 -0.39 2.56 -9.35 0.03 3.88
DOK1 Multimolecular signalling complexes -0.17 2.73 - 6.96 0.12 1.21
GPANK1 Encode protein that play role in -0.09 3.18 -6.71 0.14 0.90
immunity
UBN1 DNA and transcription factor binding -0.19 2.44 -6.63 0.14 0.79

Table 2: Identification of differential gene expression between human stimulated microarray samples of pulmonary and latent tuberculosis infections.

Gene symbol Function LogFC Ave. exp. T-test P-value B-value
TBMILTB
FILIP1L Regulator of the antiangiogenic -0.61 2.59 -8.28 0.05 2.76
activity
EPB41L3 Suppressor that inhibits cell 012 3.53 -8.27 0.05 2.75
proliferation
ACPP Catalytic activity and enzyme -0.35 273 -6.69 0.14 0.87
regulation

Table 3: Identification of differential gene expression between human stimulated microarray samples of meningeal and latent tuberculosis infections.

no gene regulated between PTB\TBMand TBM/LTB. This analysis
suggested that there was high increase in the rate of gene expression
but less decrease among the regulated genes of stimulated tuberculosis
and more genes were observed with higher expression than those with
lower expression during the three group’s comparison. RT-qPCR was
used on pulmonary tuberculosis and many genes were found to be up-
regulated, while only one was down-regulated [2].

Conclusion

Stimulated microarray data of human tuberculosis infections
were successfully analysed in the R package using different tools.
Aftycoretools, AftyQCReport tool, GCRMA and MAS 5.0 were able to
use for the pre-processing of microarray data. Microarray data statistical

analysis was carried out using the LIMMA method. Stimulated samples
of tuberculosis were analysed and top 20 significantly expressed
genes were identified for each group using a p-value<=0.05 sorted by
B-statistics. This statistical analysis from LIMMA indicates that, there
was a significant difference between the three different forms of human
tuberculosis. Therefore, most of the genes significantly expressed in
both groups were genes responsible for cellular immune response.
Venn diagrams generated from the results of LIMMA analysis of
the samples show that, the majority of the genes were up-regulated
indicating less decrease in the rate of gene expression but increase
among the regulated genes of stimulated tuberculosis during the three
group’s comparison. This research, recommended that microarray raw
data should be quality assess before carrying out microarray advance
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a

nalysis. Because quality control provides essential information that

serve as a guide for selecting the appropriate normalization method for
the data in order to have reliable results. It also recommended that, the
results generated from the statistical analysis of LIMMA method for
identification of top 20 significantly expressed genes from the samples

C

an be utilize in further analysis for detection and control of human

tuberculosis infections.
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