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Abstract-Tube1·culosis 1·emains a sel'ious social and 
public health pl'Oblem, affecting millions of people annually, 
and is I'epOI'ted at the end of 2014 by the Wol'ld Health 
01·ganization as one of the wol'ld's deadliest communicable 
diseases. The most challenging being the multi-dmg 
1·esistant stmins of the mycobactel'ium. Anothe1· maj01· 
challenge fmstmting the effective contl'Ol of this disease, 
especially in po01· countl'ies, is the long time taken to 
diagnose it, the standa1·d diagnosis of TB is by miuoscopy, 
but this does not give any inf01·mation on d1·ug-1·esistance -
the cell cultm·e tests take two weeks, by which time it might 
have sp1·ead to many othe1· people. In this pl'Oject, the 
autho1·s utilized val'ious Statistical and Computational 
techniques to analyze and discove1· genes that a1·e 
diffe1·entially exp1·essed in human blood cell (Pel'ipheml 
blood mononuclea1· cells, PBMCs) subsequent to its 
stimulation with heat-killed Mycobacterium on compal'ison 
with an Roswell Pa1·k Memol'ial Institute (RPMI) cultm·e 
medium as a contl'Ol. Using this in-silico technique, some 
unique bioma1·kers we1·e discove1·ed which a1·e fm'the1· 
discussed in details. These bioma1·ken identified as 
diffe1·entially exp1·essed in the human blood cell will not only 
enhance om· understanding of the pathogen, but is also a 
spl'ing boa1·d fo1· the completion of an Electl'Onic hand-held, 
DNA-Based Tube1-culosis diagnosis device. Om· anticipated 
new technology is at the intersection of genetics and 
compute1· science that will be used f01· mpid and eal'ly 
detection of Mycobacterium Tuberculosis infection, a pedect 
altemative to all existing symptom based diagnostic tool. 

Index Terms- Tubercuosis, Mycobacterium tubercuosis, 
Illumina Micro Array, Gene Expression Data, Big Data, 
Bioinformatics, Computational Biology, Diagnosis, Hand­
held device, Personalized Medicine 

I. INTRODUCTION 

Tuberculosis (TB) remams a maJor global health 
problem, responsible for ill health among millions of 
people each year. As at the end of2014, the World Health 
Organization has called tuberculosis one of the world's 
deadliest communicable diseases and reported that of all 
infectious diseases, only the human immunodeficiency 
virus (HIV) which causes AIDS, kills more people than 
TB [2]. The extremely high death toll from this disease 

9 

Joao Pedro Leonor Fernandes Saraiva, Rainer 
Koenig 

Jena University Hospital 
Center for Sepsis Control and Care 

Jena, Germany 

still poses the question: how is it that a staggering number 
of lives are being lost to a curable disease? TB is present 
in all regions of the world and the WHO Global 
Tuberculosis Report 2014 includes data from 202 
countries and territories. In 2013 , an estimated 9.0 million 
people developed TB and 1.5 million died from the 
disease. African region accounts for about four out of 
every five HIV -positive TB cases and TB deaths among 
people who have HIV [15]. An estimate of 9 million 
people developed TB in 2013 , more than half (56%) of 
these were in the South-East Asia and Western Pacific 
regions. A further one quarter was in the African region, 
which also had the highest rate of cases and deaths 
relative to population. India and China alone accounted 
for 24% and 11% respectively of total cases. 

The Pathogen, Mycobacterium tuberculosis TB is an 
infectious disease caused by the Bacillus Mycobacterium 
tuberculosis. It typically affects the lungs (pulmonary TB) 
but can affect other sites as well (extra pulmonary TB). 
The disease is spread in the air when people who are sick 
with pulmonary TB expel bacteria mostly by coughing 
[ 6]. A relatively small proportion of people infected with 
M. tuberculosis will develop TB disease. However, the 
probability of developing TB is much higher among 
people infected with HIV. TB is also more common 
among men than women, and affects mainly adults in the 
most economically productive age groups. The most 
common method for diagnosing TB worldwide is sputum 
smear microscopy (developed more than 1 00 years ago) in 
which bacteria are observed in sputum samples examined 
under a microscope [ 16]. 

The Need For Early and Rapid Diagnosis: Given that 
most deaths from TB are preventable, the death toll from 
the disease is still unacceptably high, rapid diagnosis of 
TB is key to ensuring that early and prompt attention is 
given to infected individuals. The urgency of this need is 
also reflected in the global TB strategy developed by 
WHO titled: Stop TB Strategy which emphasizes the need 
for participation in research to develop new diagnostics. 
Early diagnosis of TB is emphasized as a universal need 
for enhanced patient care. Sputum smear microscopy has 
been the primary method for detecting TB. Microscopy is 
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not a sensitive test, particularly in people living with HIV 
and in children; it cannot distinguish between 
Mycobacterium tuberculosis complex and non­
tuberculosis Mycobacterium [22]. Though diagnosis based 
on culture is considered the reference standard, results 
take weeks to obtain and testing requires well-equipped 
laboratory, highly trained staff, and efficient transport 
system to ensure viable specimens. Following research 
and development in the past decade, rapid and more 
sensitive tests such as the Molecular based Xpert 
MTB/RIF device are now coming up to replace or 
complement existing conventional tests. Nevertheless, of 
the 4.9 million incident pulmonary TB patients globally in 
2013 , only 2.8 million (58%) were bacteriologically 
confirmed, i.e were smear or culture-positive. The 
remaining 42% were diagnosed clinically i.e. based on 
symptoms, chest X-ray abnormalities or suggestive 
histology [2]. The greatest challenge with symptom based 
diagnosis of TB is that common symptoms of TB 
combined with the poor specificity of X-ray screening 
may result in false diagnoses and people without TB being 
enrolled on TB treatment when it is not needed. 

Our Research Objective: In our research, we used R 
Statistical Programming Language and "Bioconductor 
open source tools for the analysis and comprehension of 
high throughput genomic data" in analyzing gene 
expression data of Mycobacterium tuberculosis infected 
human host cell. Gene Set Enrichment Analysis (GSEA) 
was carried out, functional annotation and further 
computation was done using R/Bioconductor PIANO 
(Platform for integrative analysis of omics data) package, 
a list of biomarkers unique TB infected human blood cells 
were discovered. 

In this study, we have taken an alternative, unbiased 
approach to this biological problem, using a combination 
of diverse computational technique, expression profile 
analysis and system biology to infer interesting genes that 
are differentially expressed in Tuberculosis infected 
human blood cell. Given human blood sample at any other 
time, the expression levels of this genes in the blood will 
be electronically computed by our computational 
algorithm that will be embedded in a hand-held device 
which will automatically diagnose the presence of 
tuberculosis infection in any patient. This will eradicate 
the diagnostic delays experienced in all presently existing 
methods. 

II. MATERIALS AND METHODS 

Pretreatment Of Experimental Data: Tuberculosis 
data was gotten from the Gene Expression Omnibus 
(GEO) from Smeeken P, et al's Laboratory Experiment. 
Total RNA of Peripheral blood mononuclear cells 
(PBMCs) were extracted from healthy human volunteers. 
PBMCs were stimulated with heat-killed Mycobacterium 
tuberculosis (MTB), and some other non-fungal 
inflammatory stimuli and RPMI culture medium as a 
control. A large number of biological replicates (>20) 
were included per stimulation condition and duration, 
resulting in overall 299 samples made up of Candida 
albican, Escherichia coli-derived lipopolysaccharide 
(LPS), Borrelia burgdorferi, Mycobacterium tuberculosis 
(MTB) and RPMI culture medium as a control. There 
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were 59 Samples of PBMC stimulated with M.TB and 65 
Samples of RPMI Control. The full Gene Expression data 
was downloaded from the GEO. A series record entity 
type of the expression profile array was downloaded as a 
GSE series Matrix files, it contains the full description of 
the experiment as a whole, together with all tables 
describing extracted data, summary conclusions, and 
analyses. Expression values of the data was retrieved 
using as a matrix of the gene expression measurement 
with rows as genes but represented in the data with their 
probe ids and columns containing the experimental 
samples, but represented in the data with their GEO 
sample IDs. 

Illumina Data Variance Stabilization: The 1 umi T 

function which is an interface of difference variance 
stabilizing transformation. of Illumina data was used to 
stabilize the expression variance based on the bead level 
expression variance and mean relations, using the vst 
(Variance Stabilizing Transformation) method. The 
variance-stabilizing transformation takes the advantage of 
larger number of technical replicates available on the 
Illumina microarray. It models the mean-variance 
relationship of the within-array technical replicates at the 
bead level ofillumina microarray. An arcsinh transform is 
then applied to stabilize the variance. This results in the 
transformed (variance stabilized) gene expression value, 
which we later normalized 

Normalization Of Data: We carried out a between 
chip normalization of the gene expression data using 
Robust Spline Normalization (RSN) algorithm, RSN 
combines the features of quantile and loess normalization. 
It is designed to normalize the variance-stabilized data. 
This produced a normalized gene expression values. The 
loess normalization is very reliable especially when local 
data are not appropriately modeled by linear regression, It 
is a robust data normalization technique capable of fitting 
complex non-linear function. 

Gene Annotation: This was done in order to replace 
the probe-ids with the actual gene-ids for clearer gene 
identification. The fDa ta function was used to access the 
feature data of the experiment, from where the data frame 
containing the entrez-ids of the probes were retrieved. 
This was mapped with the rows of the expression data to 
replace the probe-ids with the corresponding gene-id. 

Computation Of Mean Expression Values: R 
package's avereps function was used to condense the 
microarray data object so that values for within-array 
replicate probes are replaced with their average. The 
resulting output was such that a new data object is 
computed in which each gene id is represented by the 
average of its replicate spots or features on the microarray. 
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Clu ste r dendrogram with AUIBP values (% ) 

D istance: euclidean 
Cluster method: complete 

Data Fi ter: R pac ages pData chon was use to 
retrieve information on experimental phenotypes recorded 
in the expression set. These generic functions accesses the 
phenotypic data (e.g., covariates) and meta-data (e.g., 
descriptions of covariates) associated with the experiment. 
The column names which were previously labeled by their 
sample ids were replaced with the corresponding 
experimental titles noted by their time point (e.g 
pbmc _mycobacterium_ 24h, pbmc _mycobacterium_ 4h, 
pbmc_rpmi_ 4h, pbmc_rpmi_24h e.t.c). We carried out 
hierarchical clustering analysis and computed p-values for 
each cluster via multi-scale bootstrap re-sampling. Two 
types of p-values were computed: approximately unbiased 
(AU) p-value and bootstrap probability (BP) value. Multi­
scale bootstrap re-sampling is used for the calculation of 
AU p-value, which has superiority in bias over BP value 
calculated by the ordinary bootstrap re-sampling [23]. In 
addition, the computation time was enormously decreased 
due to the available parallel computing option. 

The hierarchical clustering was done for the 
experimental data using complete linkage method 
algorithm to find similar clusters, and the cluster distance 
between the experimental samples in the microarray data 
was computed using Euclidean distance algorithm as 
shown in the equation: 

Complete pairwise correlation was used in computing 
correlation in clustering the samples via Pearson 
correlation coefficient: 

r= 
Lf 1 MTBiRPMii - [ ( Lf 1 MTBi ).( Lf 1 RPMii)/n] 

[ L~1 MTBi2 - (L~1 MTBi)2/n] [ Lf=1 RPMii2- (L~1 RPMii)2/n ]( 

2) 

The Pearson correlation coefficient is more sensitive 
to outliers than the non-parametric Spearman correlation 
coefficient [24]. Bootstrap re-sampling was done using 
over 1000 bootstrap replications, the cluster dendogram 
was generated and p-values were computed for each of the 
clusters. Intensity filter and variance filtering was carried 
out, the experimental sample distribution was found to 
have a normal distribution. 

Differential Expression Analysis: The differential 
expression analysis was carried out, and a table of genes 
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with their respective p-values, fold change, t-value, 
significance score, and level of their differential 
expression was generated. The algorithm used for the 
differential expression analysis is as shown in the flow 
chart in Fig. 3 The gene expression values for all the 
experimental was stored in an R variable as a numeric 
matrix named fullData, As at this stage the gene 
expression data still contained 299 columns of expression 
values for borrelia, candida, LPS, MTB, and RPMI but 
there was a need to filter out the array of expression 
values for Mycobacterium TB and RPMI alone. This was 
done and stored in another variable mtnNrpmi as shown 
below: 

mtbNrpmi=fullData[,sampleAnn=='MTb' I sa 
mpleAnn=='RPMI']; 

We separated the 59 columns samples of 
Mycobacterium tuberculosis alone and stored as another 
variable MTB of numeric matrix type. 

MTB = fullData[,sampleAnn=='MTb']; 

We separated the 65 columns samples ofRPMI alone 
and stored as another variable NORMAL of numeric matrix 
type. 

NORMAL= fullData[,sampleAnn=='RPMI'] 

A character vector of 124 elements ( mtbRpmiVect ) 
made up of 59 elements as MTB and 65 elements as 
RPMI was created. The R package's rowttests function 
was used to carry out two-sided, two-class t-test with 
equal variances for each of the genes in the data. 
rowttests are implemented in C-programming 
Language and were found to be reasonably fast and 
memory-efficient compared to fastT which is an 
alternative implementation, in Fortran. This performs 
for each row of the gene a two-sided, two-class t-test 
with equal variances. It requires a factor whose length 
must equal x (the number of genes in 
the sample) with two levels, corresponding to the 
two groups (MTB and RPMI) in order to compute the 
statistics, corresponding to the two groups. The 
mtbNrpmi Vect was encoded as a factor to be used in 
the statistics and stored as another variable 
mtbRpmiFact 

mtbRpmiVect 
sampleAnn[sampleAnn=='MTb' lsampleAnn== 
'RPMI']; 
levels=c('MTb', 'RPMI'); 
mtbRpmiFact 
factor(mtbRpmiVect,levels) 
test= rowttests(mtbNrpmi,mtbRpmiFact) 

The p-values were computed and the adjusted P-value 
was further computed using the p-values resulting from 
the t-statistics by applying Benjarnini & Hochberg false 
discovery rate method [25]. The path fold between the 
Mycobacterium infected expression values and the RPMI 
was also computed 
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fold <- as.numeric(apply(MTB, 1, 
median) - apply(NORMAL, 1, median)) 

Differentially Expressed Genes Selection: A Matrix of 
differentially expressed genes were gotten. Genes with 
adjusted p-values less than 0.05 were differentially 
expressed and genes with adjusted p-values greater than 
or equal to 0.05 are not differentially expressed. 

diff=adjPval 
diff[diff<0.05]<-'diffexp' 
diff[diff!='diffexp'] <- 'no' 

Computation Of Fold Change: The quantile statistics 
was first computed for the adjusted p-values. Genes with 
adjusted p-values greater than 0.05 had a significance 
score of zero (0). Genes with adjusted P-values less than 
or equal to 1st quantile P-values had a significance score 
of 0.9 and those falling in this category but with negative 
fold change had a significance score of -0.9. Genes 
whose adjusted p-values were less than 2nd quantile p­
values had a significance score of 0. 7 and those falling in 
this category but with negative fold change had a 
significance score of -0.7. Genes whose adjusted p­
values were less than 3rd quantile p-values had a 
significance score of 0.5 and those falling in this category 
but with negative fold change had a significance score of 
-0.5. Genes whose adjusted p-values were less than or 
equal to 4th quartile p-values had a significance score of 
0.3 and those falling in this category but with negative 
fold change had a significance score of -0.3. 

Detection Of Up-Regulated And Down-Regulated 
Genes: Genes whose significance score is less than zero 
(0) are down regulated, genes whose significance score is 
greater than zero (0) are up-regulated while genes whose 
significance score are equal to zero (0) are neither up­
regulated nor down-regulated. 
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Fig. 2. List ofup-regulated,down-regulated Genes 
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Fig. 3. Flow chart for the analysis of differentially expressed genes 

Gene Set Enrichment Analysis and Pathview: After 
having a ranked list of up-regulated and down-regulated 
individual genes and their respective differential 
expression values, single-gene analysis may miss 
important effects on pathway. since cellular processes 
often affect sets of genes acting in concert. An increase of 
20% in all genes encoding members of a metabolic 
pathway may dramatically alter the flux through the 
pathway and may be more important than a 20-fold 
increase in a single gene.[26]. GSEA (Gene Set 
Enrichment Analysis) features a number of advantages 
when compared with single-gene methods. First, it eases 
the interpretation of a large-scale experiment by 
identifying pathways and processes. Rather than focus on 
high scoring genes (which can be poorly armotated and 
may not be reproducible), researchers can focus on gene 
sets, which tend to be more reproducible and more 
interpretable. Second, when the members of a gene set 
exhibit strong cross-correlation, GSEA can boost the 
signal-to-noise ratio and make it possible to detect modest 
changes in individual genes. Third, the leading-edge 
analysis can help define gene subsets to elucidate the 
results. [26][27]. 

Gene set collection file was loaded into the system for 
further analysis in order to have the direct mapping of 
each gene into the respective biological pathways. Gene 
set enrichment analysis was done using mean, and 
wilcoxon statistics on R/Bioconductor PIANO package by 
combining the results of multiple runs of gene set 
analyses. We computed the consensus scores based on 
rank aggregation for each directionality class and the 
result was visualized using a consensus heat map plot of 
the as shown in Fig. 4. This consensus heat map shows the 
biological pathways that were up-regulated or down 
regulated in the mixed directionality class, distinct 
directional class, and the non directional class. Since the 
use a consensus scoring approach, based on multiple 
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GSEA in combination with the directionality classes 
constitutes a more thorough basis for an enriched 
biological interpretation, we went further to implement the 
bioconductor Pathview function for pathway based gene 
data integration and visualization. It maps and renders our 
gene list on pathway graphs of the up-regulated pathways 
as discovered by the consensus heat map representation. 
Pathview automatically downloaded the pathway graph 
data, parsed the gene list data file, mapped it to the 
pathway, and render pathway graph, generating both 
native KEGG view and Graphviz views for pathways as 
shown in Fig. 5. below. Genes that are up-regulated are 
shown in red on the Tuberculosis pathway, while those 
that are down-regulated are shown on in green, and the 
non-regulated genes are shown in grey as shown in the 
KEGG view of the Tuberculosis pathway shown in Fig. 5. 
List of Potential Biomarkers found are displayed in 
TABLE I. below 

TABLE I. BIOMARKER LIST 

Gene Name Gene Definition 

IL-10 Interleukin 10 

TNFa (TNFA) Tumor necrosis factor superfamily, member 2 

INFyR2 Interferon ganuna receptor 2 

ILIORB lnterleukin I 0 receptor beta 

CLEC4E C-type lectin domain family 4 member E 

FcRy (FCERIG) 
Fe receptor, IgE, high affinity I, ganuna 
polypeptide 

Src 
SRC proto-oncogene, non-receptor tyrosine 
kinase 

CD14 CD14 molecule 

TLR2 Toll-like receptor 2 

BID BH3 interacting domain death agonist 

STAT Signal transducer & activator of transcription I 

Cyp27bl 25-hydroxyvitamin D3 ! alpha-hydroxylase 

v-aTPase V-type H+-transporting ATPase subunit a 

LAMP I (LAMP I_ 2) lysosomal-associated membrane protein Yz 

C3b complement component 3 

Myd88 
myeloid differentiation primary response 
protein MyD88 

p38 p38 MAP kinase 

CEBPB CCAAT/enhancer binding protein 
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Fig. 5. The Consensus heatmap 

III. RESULTS AND DISCUSSIONS 

Biological markers are considered to be cellular, 
biochemical or molecular alterations that are measurable 
in biological media such as human tissues, cells, or fluids. 
They can also include biological characteristics that can 
be objectively measured and evaluated as an indicator of 
pathogenic processes (Tudela et al., 2012). In the research, 
we used computational technique to identify potential 
biomarkers for possible of diagnosis of M tuberculosis 
infection from the blood. 

During the first contact, the microbial biochemical 
components, such as outer coat 
mannosylatedlipoarabinomannan, trehalosedimycolate 
and N-glycolymuramyl dipeptide, recognized by the Toll­
like receptors (TLRs) of immune system trigger an 
intracellular signaling cascade, which leads to a 
phagocytic activity by the host immune system. This then 
result into engulfing of the microbe into cytosolic 
vesicles- the phagolysozomes and secretion of pro­
inflammatory cytokines, such as tumor-necrosis factor 
alpha (TNFa) [31] TLR-2 has an intracellular domain that 
is activated to initiate a signaling cascade via adapter 
proteins such as MyD88, which results in the recruitment 
of interleukin-1 (IL-l) receptor-associated kinase (IRAK) 
4. This leads to the activation of nuclear NF-kB, which is 
the main nuclear activator of proinflammatory cytokines. 
NK cells, which are large granular circulating 
lymphocytes, are attracted to the sites of bacterial 
infections, where they specialize in recognizing and 
destroying infected host cells. During this process they 
secrete interferon gamma (IFNy), which activates 
macrophages, inducing them to secrete the cytokines IL-
12, IL-15 and IL-18, which activate CDS+ T -cells, thus 
forming the link to the adaptive immune system [18] 

This study identified several of these acute phase and 
inflammatory proteins that are upregulated as part of host 
response to infection, especially tuberculosis. However, a 
number of this upregulated protein has also been found to 
be upregulated in other pathological conditions. This 
therefore limits their use in diagnosis of M tuberculosis 
infection. 

The alteration of host intermediary metabolism is a 
common occurrence during infection and where this has 
been characterized, it can serve as a good biomarker for 
the pathological condition. This research identified the up-
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regulation of 25-hydroxyvitamin D3 1alpha-hydroxylase. 
This enzyme is part of the Cytp450 family and also 
participates in the synthesis of Vitamin D by catalyzing 
the hydroxylation of Calcifediol to calcitriol (the bioactive 
form of Vitamin D). There are evidences that vitamin D 
modulates macrophag responses to M tuberculosis 
infection and there is a correlation between vitamin D 
deficiency and tuberculosis susceptibility [17] [19] [21] 
[31]. Although the mechanisms underlying vitamin D 
signaling and control of M tuberculosisinfection are not 
well understood the up-regulation of vitamin D synthesis 
in macrophages and dendritic cells upon exposure to M 
tuberculosis has been reported earlier [28] 

The combination of 25-hydroxyvitamin D3 1alpha­
hydroxylase with other up-regulated proteins could sever 
as biomarkers for diagnosis of M. tuberculosis infection. 
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