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ABSTRACT 

Background: More effective biomarkers for use in 
tuberculosis prevention, diagnosis, and treatment 
are urgently needed. The potential of miRNAs for 
use as biomarkers of human disease has receiv- 
ed much attention; however, suitable miRNA bi- 
omarkers for use in tuberculosis (TB) diagnosis 
and treatment have not yet been identified. Me- 
thods: We used human miRNA arrays to identify 
miRNAs in Peripheral Blood Mononuclear Cells 
(PBMCs) that are differentially expressed in 
subjects with active disease, those with latent 
TB infections (LTBI) and healthy individuals. The 
relationship between differentially-expressed 
miRNAs and mRNAs was examined using Tar- 
getScanS, Pic-Tar and miRanda. The expression 
profiles of selected miRNAs in subjects with ac- 
tive disease, those with LTBI and healthy indi-
viduals were validated by qRT-PCR. Results: 
miRNA array analysis of PBMCs from subjects 
with active disease, those with LTBI and healthy 
individuals identified 26 differentially-expressed 
miRNAs. Analysis of gene expression levels in 
THP-1 cells using mRNA arrays identified 87 dif- 
ferentially-expressed genes, 80 of which were 
up-regulated (ratio >2) and 7 of which were 
down-regulated (ratio <1/2). In silico miRNA tar- 
get prediction identified target mRNAs for 15 of 
the 26 differentially-expressed miRNAs. Diffe- 
rentially-expressed miRNAs were identified for  

90 of the 178 differentially-expressed genes. 
has-miR-21* and has-miR-26b had the highest 
numbers of differentially-expressed target mRNAs. 
PCR validation of has-miR-21* and has-miR- 
15b* demonstrated the fidelity of our microarray 
results. Conclusion: Whole-genome transcrip- 
tional profiling identified differentially-express- 
ed mRNAs and miRNAs. Differentially-express- 
ed miRNAs combined with predicted differential- 
ly-expressed mRNAs from the same whole-ge- 
nome transcriptional profiling may be used as 
the new ways to better understand TB disease. 
This discovery of differentially-ex-pressed miRNAs 
and mRNAs provides a resource for further stu- 
dies on the role of miRNAs in tuberculosis. 
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1. BACKGROUND 

Tuberculosis (TB) remains a significant human health 
issue. It is estimated that up to two billion individuals 
throughout the world are currently infected with Myco- 
bacterium tuberculosis (M. tb), 10% of which will de- 
velop active disease during their lifetime [1]. There is an 
urgent need to find suitable biomarkers which can dif- 
ferentiate between the disease, latent infections and ab- 
sence of disease to improve the accuracy of tuberculosis 
diagnosis. A biological marker, or biomarker, is a char- 
acteristic that is objectively measured and evaluated as 
an indicator of a physiological or pathological process or 
pharmacological response(s) to a therapeutic intervention 
[2]. Very few biomarkers exist that fulfill these require- 
ments [3]. 
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Transcriptomic, proteomic and metabolomic profiling 
combined with broad scale immunological profiling can 
provide clues to the key questions in TB, which will help 
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in the design of novel intervention strategies [4].  
miRNAs, a class of small non-coding RNAs of approxi- 
mately 21 nucleotides in length that are found in plants, 
animals, and some viruses [5], are more stable than 
mRNAs and are thus good candidates for use as bio- 
markers [6]. They modulate gene function at the post- 
transcriptional level and act in fine tuning various proc- 
esses such as development, proliferation, cell signaling, 
and apoptosis. The use of miRNAs as potential bio-mar- 
kers of human disease has been extensively studied and 
reviewed [7-11].  

miRNAs that play an important role in human infec- 
tious diseases have most commonly been identified in 
studies on viral infections; for example, the human 
miRNA Hsa-miR-32 restricts the replication of retrovirus 
PFV-1 in human cells [12]. Viruses also use miRNAs to 
regulate host cellular environments. For instance, miRNA 
miR-K12-11 encoded by Kaposi’s sarcoma-associated 
herpesvirus (KSHV) down-regulates an extensive set of 
common host mRNAs [13]. As an intracellular bacteria, 
M. tuberculosis depends on the tolerance of host immune 
system to control its survival and replication. We hypo- 
thesize that miRNAs may also be involved in the patho- 
logy of tuberculosis. 

Microarray technology permits the simultaneous mea- 
surement of the expression of hundreds of miRNAs. This 
technology has already been widely used and promises to 
become a standard tool in the near future [14,15]. The 
miRNA expression profiles of PBMCs among patients 
with active TB, subjects with latent TB infection (LTBI), 
and healthy controls have been compared using microba- 
ray-based expression profiling followed by real-time 
quantitative PCR validation [16,17], and levels of circu- 
lating miRNAs in patients with active pulmonary tuber- 
culosis and matched healthy controls have been compar- 
ed [18]. Those reports showed some potential use of 
miRNA, such as hsa-miR-365, hsa-miR-223, hsa-miR- 
144, hsa-miR-451, hsa-miR-424, miR-155 and miR-155* 
etc. Target prediction and interaction networks have been 
used to link miRNA and mRNA expression data [16,17, 
19]. Some of these correlations need to be discovered 
between miRNAs and their target mRNAs in the disease 
of tuberculosis. Here, we investigated the miRNA ex- 
pression profile in the peri-blood mononuclear cells of 
active TB, subjects with latent TB infection (LTBI), and 
healthy controls using Angilant microarrays. Three dif- 
ferent databases were included to predict the targets be- 
tween differentially-expressed miRNAs and differential- 
ly-expressed mRNAs and results indicate that there is 
considerable inconsistency in the sensitivity and efficien- 
cy of these databases. Two differentially-expressed miRNAs, 
miR-21* and mir-15b*, were quantified to validate their 
expression pattern using Quantitative RT-PCR. 

2. MATERIALS AND METHODS 

2.1. Samples 

We used two independent mRNA gene expression da- 
tasets. The first dataset (Table S1) contained 31 samples 
obtained from the GEO database (GSE6112) [19]. The 
gene expression profiles obtained by microarray analysis 
of peripheral blood mononuclear cells from patients with 
active TB, LTBI and healthy donors are listed in Table 
S2 for TB patients, latent-infected and completely heal- 
thy subjects [20].  

The second dataset (Table S2) comprised four samples 
obtained in our lab by infecting THP-1 cells with 
drug-resistant and drug-sensitive M. tb at an MOI of 10 
for 18 h (http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi? 
acc=GSE15539), and was included to extend the rele- 
vance of our miRNA analysis to subjects who are resis- 
tant to some anti-TB drugs.  

The 27 subjects used in this mRNA microarray analy- 
sis, characterized as patients with active TB, LTBI and 
healthy controls were college student volunteers aged 20 
to 29 from the Changping District of Beijing, China. 
Subjects were selected randomly after performing tuber- 
culin skin tests (TST) and X-ray examinations. Two of 
the 9 active TB patients were later confirmed as muti- 
drug resistant (MDR) TB by absolute concentration me- 
thod on L-J slant and the bloods were collected within 
two weeks of treatment. The TST was considered posi- 
tive if the diameter of the induration was >10 mm after 
an intradermal injection of 5 tuberculin units of PPD 
(Xiangrui Corp., Beijing, China). Results of the TST 
were read after 48 h. 

PBMCs were prepared using a Ficoll-Paque PREMIUM 
(GE) kit according to the manufacturer’s instructions. 
Samples for each group consisted of 2 ml of blood from 
three volunteers. Three mRNA samples were isolated from 
each group, each sample being pooled from three sub- 
jects, to rule out the possibility that differences in gene 
expression were due to variation in the relative abun- 
dance of cell populations between individuals. 

2.2. Total RNA Isolation 

Total RNA was isolated from THP-1 cells and PBMCs 
using a mirVana™ RNA Isolation Kit (Applied Biosys- 
tem p/n AM1556) according to the manufacturer’s in- 
structions. THP-1 cells and PBMCs were prepared as de- 
scribed below. 

THP-1 cells for M. tb infection were first sub-cultured 
every third day to an initial density of 2 × 105 cells/ml 
and then differentiated into adherent, well-spread macro- 
phages by addition of 100 nM phorbol myristate acetate 
(PMA). Prior to infection with M. tb at an MOI of 10, the 
THP-1 cells were washed twice with PBS. M. tb and 
THP-1 cells were then gently rocked for 0.5 h at 37˚C, 
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5% CO2, before removing M. tb not associated with 
THP-1 cells by repeated washing with PBS. 

2.3. mRNA and miRNA Expression Profiling 

A 22K Human Genome chip representing the 21,522 
human ORFs was used along with a 70-mer oligonucleo- 
tide probe (CapitalBio Corp., Beijing, China) to analyze 
mRNA expression in THP-1 cells before and after infec- 
tion. Microarray hybridization was performed according 
to published protocols [9,13]. Fluorescence intensities of 
Cy3 and Cy5 dyes at each spot on the 22K Human Ge- 
nome Array were scanned and quantified using a double 
tunnel laser scanning LuxScan 10KA (CapitalBio). Gene 
expression scanning data were first analyzed using Lux- 
Scan 3.0 (CapitalBio) and then submitted for further 
analysis as outlined in [21]. Only genes whose expres- 
sion was up-regulated at least 2.0-fold or down-regulated 
at least 0.5-fold were accepted as significant. 

miRNA expression profiling was performed using a 
Human miRNA microarray v2.0, which contains 723 
human and 76 human viral miRNAs, each replicated 16 
times. 100 ng of each RNA sample was hybridized to an 
Agilent Human miRNA Microarray v2.0 (G4470B, Agi- 
lent Technologies). MiRNA labeling, hybridization and 
washing were carried out according to the manufactu- 
rer’s instructions. Images of hybridized microarrays were 
acquired with a DNA microarray scanner (Agilent 
G2565BA), and features were extracted using Agilent 
feature extraction (AFE) software version 9.5.3. image 
analysis tool version A.9.5.3.1 with default protocols and 
settings [22]. Raw data are available on the National 
Center for Biotechnology Information Gene Expression 
Omnibus website (http://www.ncbi.nlm.nih.gov/geo/) us- 
ing accession number GSE25435 [23]. 

2.4. Prediction of mRNA-Associated  
miRNAs 

Three miRNA databases, TargetScan  
(http://www.targetscan.org), PicTar  
(http://pictar.mdc-berlin.de) and miRanda  
(http://www.microrna.org/microrna/home.do) were used 
to predict miRNAs and their target mRNAs in humans. 
We searched these databases for miRNA targets using 
mRNAs that were differentially-expressed in the two 
datasets used in this study. Only miRNAs that were dif- 
ferentially-expressed along with their mRNA targets 
were considered as potential markers. 

2.5. PCR Validation 

Quantitative RT-PCR validation was performed using 
SYBR Green Realtime PCR Master Mix (TaKaRa) and 
miScript Reverse Transcription Kit and primers accord- 
ing to the manufacturer’s instructions (Qiagen). Reac- 

tions were performed on an ABI7700 thermocycler (Ap- 
plied Biosystems), and cycle threshold values were de- 
termined using the manufacturer’s software. Each group 
of subjects with active disease (pulmonary tuberculosis) 
or latent-infection and the group of healthy controls had 
eight members. Signals were normalized to expression 
levels of the U6 snRNA transcript. Fold changes were 
plotted as ΔCt (ΔCt = Cttarget − Ctcontrol) using GraphPad 
Prism 5.0. 

3. RESULTS 

3.1. miRNA Array 

To perform a microarray-based integrated analysis of 
mRNA and miRNA data, we first determined the miRNA 
profile of patients with active TB, patients with LTBI and 
healthy controls. PBMCs from subjects were isolated and 
counted to make sure that equal numbers of cells (5 × 106) 
were used for the extraction of total RNA. The entire 
data set is accessible in the GEO public database 
(GSE25435). 

Microarray analysis (Figure 1(a)), followed by analy- 
sis of variance (ANOVA), revealed that 26 miRNAs 
were differentially-expressed among subjects with active 
disease, those with latent infection and healthy controls. 
Twenty-three of these miRNAs were differentially ex- 
pressed between subjects with active disease and those 
with latent infection, and 20 miRNAs were differentially 
expressed between subjects with active disease and heal- 
thy controls. Only four miRNAs were differentially ex- 
pressed between subjects with latent infection and heal- 
thy controls (Figure 1(b)). 

3.2. Infection Array 

Bearing in mind that significant changes in mRNA 
expression may take place during the many steps of 
PBMC sample preparation, we used THP-1 cells instead 
of PBMCs to measure mRNA gene expression after in 
vitro infection. When patients with tuberculosis are di- 
agnosed, they have usually passed the initial infection 
period. To ascertain the role miRNA plays during the ini- 
tial course of the disease, we examined mRNA expres- 
sion patterns in THP-1 cells infected with different 
strains of M. tb (T36 and T242; drug sensitive and exten- 
sively drug-resistant tuberculosis strains, respectively, 
each belonging to the Beijing genotype family [24]) at an 
MOI of 10 using an mRNA array. Results (Table S1) 
show that 87 genes were differentially-expressed, 80 of 
which were up-regulated (ratio >2) and seven of which 
were down-regulated (ratio <1/2) (Figure 2). Most of the 
differentially-expressed genes were chemokines/cytokines 
and their receptors or receptor precursors (Table S1). 
Only four differentially-expressed genes (encoding 
AREG, CXCL2, CXCL3 and CXCL1) were present in 
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Figure 1. The 26 differentially-expressed miRNAs identified in this study. (a) Unsupervised hierarchical clustering of the ex- 
pression of the 26 miRNAs. The tree was generated by unsupervised hierarchical clustering of PBMC miRNA profiles for pa- 
tients with active TB, subjects with LTBI, and healthy controls. miRNAs with 2-fold up- or down-regulated expression in any 
two types of enrolled subjects were selected for unsupervised analysis (n = 26). Sample clusters can be compared using the 
clinical parameters given at the top of each profile. (b) Venn diagram showing the distribution of the 26 miRNAs identified in 
this study by comparison between subjects. Patient, patients with active TB; Latent, subjects with latent TB infection; Healthy, 
healthy controls. 

 
These 15 miRNAs targeted 90 of the 178 differential- 
ly-expressed genes (Table 1). Many miRNAs were pre- 
dicted to target the same mRNA (Table S2), indicating 
that they may be involved in the same pathways during 
tuberculosis disease progression. Both has-miR-21* and 
has-miR-26b* had six target mRNAs, while has-miR- 
543 and has-miR-21* all targeted CXCL1, IGFBP3, PDE4 
and E2F5 (Table 1). We hypothesize that differential ex- 
pression of miRNAs results in differences in the expres- 
sion of their target mRNAs among patients with active 
TB, subjects with LTBI, and healthy controls, however, 
this requires further experimental verification.  

reported data 1 (Table S1) and our data (Table S2), indi- 
cating that they were shared during the disease process 
and early infection of macrophages. 

3.3. In Silico miRNA Target Prediction 

We hypothesized that miRNAs are involved in tuber- 
culosis disease progression. To verify this we examined 
the relationship between the miRNA array results (Fig- 
ure 1) and their target mRNA array results (Figure 2) 
using PicTar, MirTar and TargetScan miRNA target pre- 
diction algorithms. Target mRNAs that were also differ- 
entially-expressed during M. tb infection were found for 
15 of the 26 differentially expressed miRNA in PBMCs. 

The three miRNA prediction databases gave quite dif- 
erent results (Table 1). They have differing abilities to f  
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Table 1. Target mRNAs in datasets 1 and 2 for miRNAs identified in this study predicted using online databases. 

miRNA name Target mRNA in Dataset 2 Target mRNA in Dataset 1 

 TargetScan PicTar miRanda TargetScan PicTar miRanda 

Has-miR-21 IL1B; CCL20 CXCL1 
IL1B, IGFBP3, CCL20, PDE4B, 

SCYL3, RGS1, JHDM1D 
  E2F5 

Has-miR-212   CXCL3 E2F5  
KLRG1, LMNB1, CD72, F13A1, 

HN1 

Has-miR-500    FPR1   

Has-miR-29c TNFAIP3 TNFAIP1 
AMPD3, RND3, SGK, RGS1, 

TNFAIP3, PPIF 
  TRAF5, HN1 

Has-let-7f-1 
CCL3L1, 

MGLL, CCL3
MGLL 

LYN, SCYL3, CCL3, DUSP1, 
TNFAIP3 

CEBPD, IRS2  
IL22RA1, S100A8, TK1, 

MAGEA12, E2F5 

Has-miR-149   SLAMF7, LAMP3 CD72 CD72 MMP9 

Has-miR-15b EBI3 IBRDC2 
AREG, ZC3H12C, PIM1, PPIF, 

FACL2, EBI3 
SLC2A3, 
CD163 

 
ETS2, DYRK2, GADD45G, 

AREG, SLC2A3, 

Has-miR-92b 
PROL1, 

ROBO1, MGLL
 

GBP5, PROL1, RGL1, SGK, 
ARID5B, IGFBP3, TNFAIP6 

  DYRK2, ADM, SLC2A3 

Has-miR-26b PDE4B PBEF1, 
PDE4B, MRAS, RND3, DDX58, 
PIM1, CHST2, BHLHB2, PBEF1

PYGL RYK 
SLC7A6, PRKACB, PBEF1, 
RYK, PYGL, PFKFB3, ADM, 

SLC2A3, RALGPS1A, 

Has-miR-664 DDX58      

Has-miR-543 SAMSN1  

TNFAIP6, SAMSN1,RAB20, 
CCL2, PERP, MMP7, GBP5, 
PDE4B, CXCL1, MS4A14, 
DDX58, ARID5B, IGFBP3, 

  CXC1, AQP9, E2F5, LILRB4,

Has-miR-193a-3p   
CXCL2, C1QC, SCYL3, JHDM1D, 

OLFML3 
  

DYRK2, CXCL2, RGS2, 
PRKACB,RALGPS1A, MPO 

Has-miR-542-5p CHST11      

Has-miR-362-3p DDX58  
BHLHB2, LRP12, PBEF1, 

JHDM1D, MRAS, ARID5B, 
  BPI, KLRG1, PRKACB, LMNB1

Has-miR-551   IER3    

 
determine the relationship between differentially-ex- 
pressed miRNAs and mRNAs. Target mRNAs of differ- 
entially-expressed miRNAs were readily found when 
prediction was performed using miRanda, while PicTar 
gave the fewest predictions. Of the 178 differentially- 
expressed genes, only 16 mRNAs targeted by 9 miRNAs 
were common to any two of the prediction databases, 
and none of them were predicted simultaneously by all 
three prediction databases. 

3.4. PCR Validation 

PCR assays quantify miRNA precursors (primary pre- 
cursor and precursor) and not the active, mature miRNA. 
Here we examined the expression of two of the differen- 
tially-expressed miRNAs identified in this study, miR- 
21* and mir-15b*, in subjects with active disease, those 
with LTBI and completely healthy subjects (Figure 3). 
Levels of miR-21* were significantly higher in subjects 
with active disease (p < 0.05), but low in those with la- 
tent infection and healthy subjects, with the increase of 

1.55 fold vs. healthy subjects and 1.92 fold vs. subjects 
with LTBI. Levels of mir-15b* were significantly higher 
in healthy subjects, but not different between subjects 
with active disease and those with latent-infection (p > 
0.05), with the increase of 1.28 fold vs. subjects with 
LTBI and 1.41 fold vs. active patients. 

4. DISCUSSION 

Routine clinical methods for diagnosing TB, involving 
radiography, culture of sputum and the tuberculin skin 
test (TST), have many shortcomings. Finding new bio- 
markers in tuberculosis is not only necessary for diag- 
nosing patients with TB, but also for the staging or clas- 
sification of TB, TB prognosis, and TB drug and vaccine 
trials [4,20]. The use of miRNAs as biomarkers for dif- 
ferent kinds of cancers has been intensively investigated 
and some promising candidates have been developed as 
vaccines [25]. With respect to their use as biomarkers for 
infectious diseases, in this study we analysed miRNAs 
involved in tuberculosis using a microarray approach 
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Figure 2. Cluster analysis of genes detected by 22K Human 
Genome microarrays (CapitalBio Corp., Beijing, China) of the 
macrophage-like THP-1 cell line exposed to 2 different strains 
of M. tb for 18 h. Colours represent log 2 ratios of the means of 
triplicate measurements of infected cells versus the non-in- 
fected control according to the scales shown below. 
 
combined with the use of three online mRNA target pre- 
diction methods.  

Using microarrays is an easy way to analyze changes 
in the expression of miRNAs during the progression of 
disease. Over the past year, a number of different 
approaches have been described for quantifying miRNAs, 
including cDNA arrays [21,26-28], a modified Invader 

 

 

Figure 3. Quantitative analysis of miRNA expres- 
sion in PBMCs from subjects with active disease, 
those with latent infections and completely healthy 
subjects. Expression levels were normalized to U6 
snRNA transcript levels. miRNA expression levels are 
depicted as ΔCt values (Y-axis). Statistical analysis was 
performed using unpaired t-tests. **P < 0.01, *P < 
0.05, NS: not significant. Patient, patients with active 
TB; Latent, subjects with latent TB infection; Healthy, 
healthy controls. 

 
assay [29] and real-time PCR to measure miRNA pre- 
cursors [30-31]. However, unlike cancers, the use of 
miRNAs as markers has not yet been verified for bac- 
terial infectious diseases. Recently several research groups 
have reported studies on miRNAs involved in TB [16- 
18]. Some of the miRNAs which have been described as 
potential markers in TB diagnosis, such as the miR-155 
[16,17], miR-21*, miR-500*, miR-550 [17] were also de- 
tected in our study. Other miRNAs shown in this study to 
be related to TB need further validation. 

TargetScanS, PicTar and miRanda seem to be the best 
methods for predicting miRNA targets, with sensitivity 
values ranging between 65% and 68%. The overlap be- 
tween the target gene sets we obtained for differentially- 
expressed miRNAs was not strong. Sethupathy et al. 
suggest some answers which address this problem. These 
three programs inevitably have different features in terms 
of specific base-pairing rules, such as sequence match 
rules and thermodynamics, and cross-species conserva- 
tion requirements [32]. In agreement with the analysis 
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conducted by Sethupathy et al., miRanda was more sen- 
sitive here than TargetScan, however, PicTar was not as 
sensitive in our analysis as in their report [32]. Target- 
Scan features an efficient reduction in the false-positive 
rate, however the required strict complementarity in the 
seed region is more likely to lead to the loss of loosely 
conserved targets and those containing wobble pairings, 
including 3’-compensatory sites [33]. Although miRanda 
is more sensitive than the other two programs, it seems to 
be slightly less effective in terms of specificity, although 
this issue will be tackled in the next versions to be re- 
leased. PicTar has the lowest sensitivity of the three 
programs, but the experimental validation of seven out of 
13 tested predicted targets, and the validation of eight of 
nine previously known targets, demonstrates the effi- 
ciency of the algorithm [33]. As a result, we combined 
the prediction results from all three programs and ob- 
tained the target mRNAs of 15 miRNAs (Table 1).  

We validated the differentially-expressed miRNAs by 
qRT-PCR. miRNA-21* had potential as a biomarker for 
active disease, while miRNA-15b* was able to discri- 
minate between healthy subjects and subjects infected 
with the M. tb bacterium. It was not, however, able to 
discriminate between subjects with active disease and 
those with latent infection. Real-time PCR has unparal- 
leled sensitivity and specificity; however, it quantifies 
the miRNA precursor and not the active, mature miRNA. 
Moreover, clinical specimens show great variation in di- 
sease progression and genetic diversity. 

5. CONCLUSION 

Whole-genome transcriptional profiling uncovered 
some potential signatures in the development of the dis- 
ease [4,20]. Transcripts identified by the microarray me- 
thods included not only mRNA, but also non-coding 
RNAs, such as miRNA. We report changes in miRNA 
expression profiles associated with disease process in in- 
dividuals with active TB, latent TB and healthy controls. 
The putative miRNA targets identified suggest that diffe- 
rentially-expressed miRNAs combined with differential- 
ly-expressed mRNAs from the same whole-genome tran- 
scriptional profiling experiments may be used as the new 
ways to better understand the TB disease. Further testing 
and validation are needed to determine whether the dif-
ferentially-expressed miRNA-mRNA pairs identified here 
can be used as biomarkers for monitoring TB infection, 
disease progression or treatment outcomes. 
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Table S1. Differentially-expressed genes with known functions that were activated by infection of MTB for 18 h at a moi of 10. 

oligo_id Gene_symbol  Description oligo_id Gene_symbol  Description 

H200007072 AMPD3 NM_000480 AMP deaminase 3 H200006633 JHDM1D NM_030647.1 
jumonji C domain  
containing histone  

demethylase 1 homolog D 

H200012604 IL1B NM_000576 
Interleukin-1 beta 

precursor (IL-1 beta) 
H200001687 CHST2 NM_004267 

carbohydrate 
(N-acetylglucosamine-6-O) 

sulfotransferase 2 

H200006384 IGFBP3 NM_000598 
Insulin-like growth 

factor binding protein 3 
precursor (IGFBP-3) 

H200018161 PERP NM_022121 p53-induced protein 

H200018923 SOD2 NM_000636 Superoxide dismutase H200009982 ROBO1 
NM_00112892

9.2 
roundabout, axon  
guidance receptor 

H200017137 CCL3L1 
NM_00100143
7,NM_021006 

Small inducible  
cytokine A3 like  

1 precursor 
H200008115 PPIF NM_005729 peptidylprolyl isomerase F 

H200000570 CXCL10 NM_001565 
Small inducible  
cytokine B10  

precursor (CXCL10) 
H200016737 CCL8 NM_005623 

Small inducible cytokine A8 
precursor (CCL8) 

H200016719 AREG NM_001657 
Amphiregulin  
precursor (AR) 

H200014210 TDO2 NM_005651 Tryptophan 2,3-dioxygenase

H200006191 CXCL2 NM_002089 

Macrophage  
inflammatory  

protein-2-alpha  
precursor (MIP2-alpha) 

(CXCL2) 

H200000542 TRAF1 NM_005658 
TNF receptor  

associated factor 1 

H200010379 CXCL3 NM_002090 
macrophage inflammatory
protein-2-beta precursor 
(MIP2-beta) (CXCL3)

H200015643 PBEF1 NM_005746 
Pre-B cell enhancing  

factor precursor. 

H200011275 PRB4 NM_002723 
Basic salivary 

proline-rich protein 
4 allele S precursor 

H200014344 EBI3 NM_005755 
Interleukin-27 beta chain pre-

cursor (IL-27B) 

H200006251 IER3 
NM_003897,N

M_052815 

Radiation-inducible 
immediate-early  

gene IEX-1 
H200008252 OLIG2 NM_005806 

Oligodendrocyte transcription 
factor 2 (Oligo2) 

H200007788 KYNU NM_003937 Kynureninase. H200015131 TNFAIP3 NM_006290 
Tumor necrosis factor,  
alpha-induced protein 3 

H200006090 SLC1A3 NM_004172 
Excitatory amino acid 

transporter 1 
H200003915 TNFAIP6 NM_007115 

Tumor necrosis factor-inducible 
protein TSG-6 

H200006118 CCL20 NM_004591 
Small inducible  
cytokine A20  

precursor (CCL20) 
H200001289 MGLL 

NM_007283,N
M_001003794 

Monoglyceride lipase 

H200010575 PLA2G7 NM_005084 
Platelet-activating  

factor acetylhydrolase 
precursor. 

H200001951 LAMP3 NM_014398 
lysosomal-associated  
membrane protein 3 

H200010868 IL23A NM_016584 
interleukin 23, alpha 

subunit p19 precursor;
H200013054 SLAMF7 NM_021181 SLAM family member 7; 

H200008380 RAB20 NM_017817 
Ras-related protein 

Rab-20. 
H200010599 PROL1 NM_021225 

Proline-rich  
protein 1 precursor 

H200011260 TMLHE NM_018196 

Trimethyllysine  
dioxygenase,  
mitochondrial  

precursor 

H200005660 PSTPIP2 NM_024430 
Proline-serine-threonine  
phosphatase-interacting  

protein 2. 

Copyright © 2013 SciRes.                                                                    OPEN ACCESS 



Y. H. Xu et al. / Journal of Tuberculosis Research 1 (2013) 17-27 26 

Continued 

H200001766 OLFML3 NM_020190 
Olfactomedin-like  
protein 3 precursor 

H200015603 GBP5 NM_052942 
Interferon-induced 

guanylate-binding protein 5 
(GTP-binding protein 5) 

H200006243 HPR 
NM_020995,N

M_005143 
Haptoglobin-related 

protein precursor. 
H200003420 SAMSN1 NM_022136.3 

SAM domain, SH3  
domain and nuc 

H200010677 C1QG NM_172369 
Complement C1q  
subcomponent,  

C chain precursor. 
H200000415 NCF1C NM_000265 

neutrophil cytosolic  
factor 1C pseudogene 

H200006495 RNASE1 
NM_198235,N
M_198232,N
M_198234 

Ribonuclease pancreatic 
precursor 

H200000574 MMP7 NM_002423 Matrix metalloproteinase 7 

H200000054 PDE4B NM_002600 phosphodiesterase 4B H200002171 ARID5B NM_032199.2 AT rich interactive domain 5B

H200000156 IL8 NM_000584 Interleukin 8 H200006048 RGS1 NM_002922.3 
Regulator of  

G-protein signalling 1 

H200000203 CXCL1 NM_001511 
chemokine (C-X-C mo-

tif) ligand 1 
H200006175 CCL4 NM_002984.2 chemokine (C-C motif) ligand 4

H200000859 MGLL 
NM_00100379

4.1 
Monoglyceride lipase H200018176 CCL2 NM_002982.3 Chemokine (C-C motif) ligand 2

H200005775 KCTD9 NM_017634.3 
potassium channel 

tetramerisation domain
H200007994 BHLHB2 NM_003670 

Class B basic  
helix-loop-helix protein 2 

H200017609 AREG NM_001657.2 
Amphiregulin  

(schwannoma-derived 
growth factor) 

H200009671 SGK 
NM_00114367

6.1 
serine/threonine  

protein kinase SGK 

H200000415 NCF1C AC124781 
neutrophil cytosolic 

factor 1C pseudogene
H200006648 RGL1 NM_015149.3 

ral guanine nucleotide dissocia-
tion stimulator-like 1 

H200019295 MARCKS NM_002356.5 
myristoylated 

alanine-rich pro 
H200006821 IL1RN 

NM_000577.4; 
NM_173841.2 

Interleukin-1 receptor antigen

H200006646 CD83 
NM_00104028

0.1 
CD83 antigen H200019497  AK025983 Monoglyceride lipase 

H200020420 MRAS- 
NM_00108504

9.1 
muscle RAS oncogene 

homolog 
H200002456 RAI14 

NM_00114552
0.1; 

NM_00114552
1.1 

retinoic acid induced 14 

H200003513 IL1R2 NM_004633.3 
Interleukin 1 receptor, 

type II 
H200014007 FACL2 NM_001995.2 fatty-acid-Coenzyme A ligase

H200007841 CD44 NM_000610.3 CD44 antigen H200007984 DUSP1 NM_004417.3 dual specificity phosphatase 1

H200001314 RND3 NM_005168.3 Rho family GTPase 3 H200017399 LRP12 
NM_00113570

3.2 
low density lipoprotein-related 

protein 12 

H200015711 GBP4 
NM_052941.4 

→ 
 H200008923 CHST11 NM_018413  

H200014262 DSCR1 NM_004414.5  H200018222 GPR84 NM_020370.2  

H200007765 ICAM1 NM_000201.2  H200014761 CASP1 NM_001223.3  

H200006801 LYN 
NM_00111109

7.1 
 H200006822 PIM1 NM_002648  

H200013894 PLK3 NM_004073.2  H200013521 DDX58 NM_014314.3  

H200001342  AK054755  H200012727 NUP62 
NM_00119335

7.1, 
NM_012346.4 

 

H200007604 ZC3H12C NM_033390.1  H200003846 MS4A14 
NM_00107969

2.1 
 

H200009628 SCYL3 NM_020423  H200005870 CCL3 NM_002983  
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Table S2. Target mRNAs in datasets 1 and 2 for miRNAs identified in this study predicted using online databases. 

miRNA name Target mRNA in Dataset 2 Target mRNA in Dataset 1 

 TargetScan PicTar miRanda TargetScan PicTar miRanda 

Has-miR-21 IL1B; CCL20  IL1B, CCL20    

Has-miR-29c TNFAIP3  TNFAIP3,    

Has-let-7f-1 MGLL, CCL3 MGLL CCL3    

Has-miR-149    CD72 CD72  

Has-miR-15b EBI3  AREG, EBI3 SLC2A3  AREG, SLC2A3 

Has-miR-92b PROL1  PROL1    

Has-miR-26b PDE4B PBEF1 PDE4B,PBEF1 PYGL RYK PBEF1, RYK, PYGL, 

Has-miR-543 SAMSN1  SAMSN1    

Has-miR-193a-3p   CXCL2,   CXCL2 

 
 
 
 
 
 
 
 


