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A Novel, 5-Transcript, Whole-blood Gene-expression 
Signature for Tuberculosis Screening Among People Living 
With Human Immunodeficiency Virus
Jayant V. Rajan,1 Fred C. Semitala,2 Tejas Mehta,3 Mark Seielstad,4 Lani Montalvo,5 Alfred Andama,6 Lucy Asege,6 Martha Nakaye,6  
Jane Katende,6 Sandra Mwebe,6 Moses R. Kamya,2 Christina Yoon,3 and Adithya Cattamanchi3 
1Division of Experimental Medicine, Department of Medicine, Zuckerberg San Francisco General Hospital, University of California, San Francisco; 2Department of Medicine, Makerere University 
School of Medicine, Kampala, Uganda; 3Division of Pulmonary and Critical Care Medicine, Department of Medicine, Zuckerberg San Francisco General Hospital and  4Institute for Human Genetics, 
Department of Laboratory Medicine, Department of Epidemiology and Biostatistics, University of California, San Francisco, and 5Blood Systems Research Institute, San Francisco, California; and 
6Infectious Diseases Research Collaboration, Kampala, Uganda

Background.  Gene-expression profiles have been reported to distinguish between patients with and without active tuberculosis 
(TB), but no prior study has been conducted in the context of TB screening.

Methods.  We included all the patients (n = 40) with culture-confirmed TB and time-matched controls (n = 80) enrolled between 
July 2013 and April 2015 in a TB screening study among people living with human immunodeficiency virus (PLHIV) in Kampala, 
Uganda. We randomly split the patients into training (n = 80) and test (n = 40) datasets. We used the training dataset to derive candi-
date signatures that consisted of 1 to 5 differentially-expressed transcripts (P ≤ .10) and compared the performance of our candidate 
signatures with 4 published TB gene-expression signatures, both on the independent test dataset and in 2 external datasets.

Results.  We identified a novel, 5-transcript signature that met the accuracy thresholds recommended for a TB screening test. 
On the independent test dataset, our signature had an area under the curve (AUC) of 0.87 (95% confidence interval [CI] 0.72–0.98), 
with sensitivity of 94% and specificity of 75%. None of the 4 published TB signatures achieved desired accuracy thresholds. Our 
novel signature performed well in external datasets from both high (AUC 0.81, 95% CI 0.74–0.88) and low (0.81, 95% CI 0.77–0.85) 
TB burden settings.

Conclusions.  We identified the first gene-expression signature for TB screening. Our signature has the potential to be translated 
into a point-of-care test to facilitate systematic TB screening among PLHIV and other high-risk populations.

Keywords.  tuberculosis; HIV; screening.

The World Health Organization (WHO) has targeted a 90% 
reduction in tuberculosis (TB) incidences and a 95% reduc-
tion in TB-related mortality by 2035 [1, 2]. The current rates 
of decline are insufficient to achieve these goals, and prev-
alence surveys in multiple countries have shown a large bur-
den of undiagnosed TB in their communities. Therefore, the 
WHO now recommends systematic screening for TB in high-
risk groups [3]. In contrast to passive case-finding, systematic 
screening involves provider-initiated assessments of TB risks, 
followed by diagnostic testing of patients deemed to be at-risk. 
However, the uptake of systematic TB screening has been 

limited to date, due to the lack of an adequate risk assessment 
(ie, screening) strategy or test.

The WHO target product profile for a TB screening test rec-
ommends that it have at least 90% sensitivity and 70% specific-
ity [4] in order to ensure that few patients with TB are missed 
and to limit unnecessary confirmatory diagnostic testing. The 
current, symptom-based TB screening strategy for people liv-
ing with human immunodeficiency virus (PLHIV) has high 
sensitivity, but specificity has ranged from 5–33% in studies 
from sub-Saharan Africa [5]. Thus, symptom-based screening 
identifies nearly all PLHIV as being at-risk and requiring con-
firmatory diagnostic testing. Chest radiography improves spec-
ificity, but requires trained readers and infrastructure that is 
not routinely available in community settings [6]. Identification 
of a non-sputum, biomarker-based screening test is, therefore, 
among the highest priorities for TB diagnostics research.

Whole-blood gene-expression profiling is being evaluated as 
a potential biomarker for identifying patients with TB. A 2010 
study reported that gene-expression signatures distinguished 
active TB from latent tuberculosis infection (393 genes) and 
active TB from other infectious and inflammatory conditions 
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(86 genes) [7]. Subsequent studies have evaluated gene expres-
sion in populations more representative of those patients under-
going TB evaluations in high-burden countries [8, 9]. These 
studies identified signatures that had high sensitivity (>90%) 
and moderate specificity (80–90%), and that outperformed the 
2010 signatures. More recently, various groups have focused on 
identifying smaller gene signatures that could more readily be 
translated into point-of-care tests. Sweeney et al. combined data 
from 13 published gene-expression datasets, primarily from 
case-control studies, to identify a 3-gene signature (sensitivity 
85%, specificity 93%) [10]. Another group derived a single-gene 
signature (sensitivity 96%, specificity 76%) from a cohort of 
patients in a low TB-incidence setting that outperformed all 
previously-reported signatures on external-validation datasets 
[11].

A common feature of published TB gene signatures is that 
they have high sensitivity but only moderate specificity. This 
suggests that gene-expression signatures are more likely to be 
useful for TB screening than for TB diagnosis, which requires 
high specificity (≥98%), such that clinicians can confidently 
treat patients for TB based on a positive test result. Here, we 
report the results of the first study to evaluate whole-blood gene 
expression in the context of systematic TB screening. We focus 
on PLHIV, a key high-risk group for which the WHO recom-
mends systematic TB screening [3]. Our objective was to iden-
tify the best-performing small (≤ 5 transcripts) gene-expression 
signature, and to assess its accuracy in comparison to the accu-
racy thresholds recommended for a TB screening test, as well as 
previously-published TB gene-expression signatures.

METHODS AND FINDINGS

Study Design

We conducted a case-control study that was nested within a TB 
screening cohort of human immunodeficiency virus (HIV)-
infected adults (age ≥ 18 yeas) initiating antiretroviral therapy 
at 2 prototypical, urban, outpatient HIV clinics in Kampala, 
Uganda [12]. From July 2013 to April 2015, the parent study 
recruited 665 consecutive PLHIV with CD4 counts ≤350 cells/
μl. All participants underwent comprehensive TB testing, 
including liquid mycobacterial cultures on 2 sputum sam-
ples at baseline. Patients were classified as having active TB if 
Mycobacterium tuberculosis was isolated from at least 1 sputum 
culture. For this nested case-control study, we included all 40 
participants with culture-confirmed TB as cases and selected 2 
controls for each case, which were matched by study enrollment 
date.

Ethics Statement

This work was approved by the University of California, San 
Francisco, Committee on Human Research and the Makerere 
University School of Medicine Research Ethics Committee. 

Informed consent was obtained from all study participants 
using an approved consent form.

Sample Collection, Storage, and Processing

All participants had 2.5  mL of venous blood drawn into a 
PAXGene tube at enrollment. Tubes were stored at -80°C until 
RNA extraction and were processed in batches of 15, as pre-
viously described, with both cases and controls represented 
in each batch [13]. RNA samples were quantitated and qual-
ity-assessed by BioAnalyzer (Agilent), after which they were 
amplified using the TotalPrep RNA amplification kit (Illumina). 
The final complementary RNA  (cRNA) was purified, quanti-
fied, and quality-tested, as described [13], and all samples were 
adjusted to a final concentration of 150 ng/uL.

Microarray Gene-expression Profiling

We sent 10 uL cRNA samples to the University of California, 
San Francisco, Microarray core for hybridization using the 
HumanHT-12 v4.0 Beadchip platform (Illumina). Raw array 
data was processed using Genome Studio V2009.1 and Gene 
Expression Module V1.1.1 (Illumina). Array data were 
full-quantile normalized and log-transformed using the R 
beadarray package.

Identification of Novel Tuberculosis Gene-expression Signatures

We randomly partitioned the 120 patients into training (n = 80) 
and test (n = 40) datasets. We first eliminated all transcripts that 
had a detection P value of ≥.05 across ≥90% of training data-
set samples. We then calculated a Student’s t statistic for each 
transcript in this reduced set of features, comparing the mean 
expression value of each transcript in patients with and with-
out TB. P values were corrected for multiple-hypothesis testing 
using the Benjamini and Hochberg method [14]. We used a cor-
rected P-value threshold of ≤.10 to select transcripts to be used 
for training novel gene-expression signatures.

Next, we created nested sets of gene-expression signa-
tures, consisting of 1–5 transcripts that were based on signed 
and unsigned sums of the expression levels of each transcript 
included in the signature. For signed sums, expression values 
were multiplied by -1 if they decreased in patients with TB. 
Signatures consisting of 2–5 transcripts were selected iteratively. 
For 2-transcript signatures, we identified a second transcript for 
each single transcript that maximized specificity at a sensitiv-
ity threshold of ≥90% on the training dataset. This threshold 
was chosen based on the WHO target product profile for a TB 
screening test [4]. The 3-transcript signatures were selected by 
adding a third transcript to all 2-transcript signatures, using the 
same procedure. This process resulted in a nested set of expres-
sion signatures, with each 1-transcript signature contained in 
each 2-transcript signature, each 2-transcript signature con-
tained in each 3-transcript signature, and so on, for signatures 
consisting of up to 5 transcripts. We determined the minimum 



TB Screening Gene-expression Signature  •  CID  2019:69  (1 July)  •  79

number of transcripts to include in a signature and the perfor-
mance of signed versus unsigned sums by examining the dis-
tribution of specificities of the nested set of 1- to 5-transcript 
signatures on the training dataset.

Last, we calculated receiver operator characteristic (ROC) 
curves on 500 bootstrapped validation sets, derived from the 
training dataset. For each candidate signature, we calculated 
the mean of the maximum specificities across all bootstrapped 
validation sets at a sensitivity threshold of ≥90%. Signatures 
that met a mean specificity threshold of ≥70% across the boot-
strapped validation sets were retained as candidate signatures to 
be examined on the test dataset.

Performance of Novel Expression Signatures on Test Data

For the final set of candidate signatures, we calculated ROC 
curves on the independent test dataset. For those that met a 
specificity threshold of ≥70% at a set sensitivity threshold of 
90%, we determined the area under the curve (AUC). For com-
parison, we calculated ROC curves and AUCs on the test dataset 
for the non-specific inflammatory marker C-reactive protein 
(CRP) [12, 15] and for previously-reported 1-transcript [11], 
3-transcript [10], 44-transcript [8], and 144-transcript [9] sig-
natures. Calculations used the methods described in the original 
publications. For all signatures, we calculated 95% confidence 
intervals (CI) for the AUC using 1000 bootstrapped test datasets.

External Validity of Novel Expression Signatures

From the National Center of Biotechnology Information’s 
Genome Omnibus database, we obtained 2 previously-pub-
lished expression-profiling datasets that were used to derive 
TB expression signatures (GSE37250 [8], GSE42834 [9]). We 
calculated ROC curves, AUC, and 95% CIs to assess the per-
formance of our novel signature on these datasets, as already 
described.

RESULTS

Patient Characteristics

There were 61 females (50.8%) and 59 males (49.2%) among the 
120 patients included in this study. The median age was 33 years 
(interquartile range [IQR] 28–39) and the median CD4 count 
was 156 cells/ul (IQR 58–253).

Selection of Genes for Signature Training

Of the 47 323 transcripts represented on the HumanHT-12 v4.0 
Beadchip platform, 23 136 were not detected across ≥90% of the 
training dataset samples and were excluded from further analy-
ses. Of the remaining 24 187 transcripts, 337 (1.4%) had a mean 
expression value that was significantly different (P < .10) when 
comparing patients with and without TB. The median fold-
change in the 337 differentially-expressed genes was 1.18 (IQR 
-0.80–1.37; Supplementary Figure  1). These 337 transcripts 
were used to derive gene-expression signatures.

Performance of Signed and Unsigned Sums on the Training Dataset

The median specificities at a set sensitivity threshold of ≥90% 
for signed sums consisting of 1–5 transcripts were 39.3% (1 
transcript), 33.9% (2 transcripts), 35.7% (3 transcripts), 37.5% 
(4 transcripts), and 39.3% (5 transcripts; Figure 1, left panel). 
The median specificities for unsigned sums for the same num-
bers of transcripts were 37.5%, 62.5%, 75.0%, 82.1%, and 85.7%, 
respectively (Figure 1, right panel). Only unsigned sums consist-
ing of 3 to 5 transcripts met the minimum specificity threshold 
for a TB screening test, and we thus focused on these to derive 
novel gene-expression signatures (Supplementary Figure 2).

Identification of Novel Gene-expression Signatures for Tuberculosis 
Screening

Across the 500 bootstrapped validation datasets derived from 
the training dataset, 417 signatures, consisting of 3 to 5 tran-
scripts, had mean specificities of ≥70% at a set sensitivity thresh-
old of 90%. This included 83 (24.6%) 3-transcript signatures, 
152 (45.1%) 4-transcript signatures, and 182 (54%) 5-transcript 
signatures from among all 3–5 transcript combinations of the 
337 transcripts selected for signature training (Figure 2).

Of these 417 signatures, only 1 met the required sensitivity 
and specificity benchmarks of 90% and 70%, respectively, for 
a TB screening test in the independent test dataset. This sig-
nature included 5 distinct transcripts: actin, alpha 2 (ACTA2); 
guanylate binding protein family member 6 (GBP6); glycogenin 
1 (GYG1); mitochondrial translation factor 1 like (MTRF1L); 
RAB, member of RA oncogene family like 2A (RABL2A). The 
AUC for this novel signature was 0.87 (95% CI 0.72–0.98)

Comparison of Novel Signature to Other Reported Tuberculosis Gene-
expression Signatures

None of the previously-described TB signatures evaluated 
achieved the sensitivity and specificity thresholds of ≥90% and 
≥70%, respectively, required of a TB screening test in our inde-
pendent test dataset (Figure 3) [8–11]. The AUCs ranged from 
0.62 (0.41–0.83) for the 44-transcript signature described by 
Kaforou et al. to 0.82 (0.62–0.98) for the 144-transcript signa-
ture reported by Bloom et al. [8, 9]. At a threshold sensitivity 
of 90%, specificity ranged from 12.5% for the 144-transcript 
signature to 49.1% for the 44-transcript signature. In contrast, 
CRP had an AUC of 0.87, and came closest to achieving the 
target accuracy benchmarks (specificity of 83.4% at a maximum 
sensitivity of 87.5%).

External Validity of Novel, 5-Gene Signature

We measured the performance of our novel, 5-transcript sig-
nature in 2 previously-reported datasets, 1 representing a large 
cohort from Africa and 1 from the United Kingdom [8, 9]. Both 
included patients undergoing TB diagnostic testing rather than 
TB screening. Nonetheless, the AUC for our novel signature 
was 0.81 in both the African cohort (95% CI 0.74–0.88) and the 
United Kingdom cohort (0.77–0.85; Figure 4). At a threshold 
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sensitivity of ≥90%, the maximum specificity of our novel sig-
nature was 49.1% in the African cohort and 52.4% in the United 
Kingdom cohort.

DISCUSSION

No current TB screening test meets the performance charac-
teristics recommended by the WHO. Here, in the first study 
to evaluate gene-expression profiles in the context of TB 
screening, we identified a novel, 5-transcript signature that 
exceeded the minimum sensitivity and specificity thresholds 
recommended for a TB screening test in an independent test 
dataset. We verified that our novel signature outperformed 
4 published TB gene-expression signatures in a screening 
cohort and, as expected, it maintained high sensitivity but had 
reduced specificity in external datasets that enrolled patients 
more likely to have systemic illnesses other than TB [8–11]. 
Our novel signature has strong potential to be developed into 
a point-of-care assay to enhance TB screening among high-
risk groups.

We found that previously-published TB gene-expression sig-
natures performed poorly in the context of TB screening [7–11]. 
The 4 signatures we examined here outperformed prior signa-
tures, which included a 144-transcript signature derived among 
patients in low TB-prevalence settings (United Kingdom, 

France) [9]; a 44-transcript signature derived among patients 
who were self-reporting TB symptoms in 2 African countries 
[8]; a 3-transcript signature derived by combining data from 
multiple studies that enrolled either patients who self-reported 
TB symptoms or TB patients and healthy controls [10]; and a 
1-gene signature derived by comparing TB patients pre-treat-
ment and post-recovery [11]. Importantly, none of these signa-
tures were derived or validated among patients undergoing TB 
screening, a context in which patients with TB are often iden-
tified at an earlier stage and patients without TB are less likely 
to have other systemic illnesses. Not surprisingly, each of the 
signatures performed considerably worse in our screening co-
hort than originally reported.

Our novel, parsimonious gene-expression signature was the 
only signature to achieve the minimum accuracy thresholds 
recommended for a TB screening test. In comparison to prior 
studies, we generally observed both a smaller number of dif-
ferentially-expressed genes and smaller fold changes in gene 
expression. This finding could be related to a lower pathogen 
burden among patients undergoing TB screening rather than 
self-reporting TB symptoms, resulting in a weaker inflamma-
tory response profile being reflected in gene-expression lev-
els. The absence of large, inflammation-dependent changes in 
gene expression in our cohort could also explain why CRP, a 

Figure 1.  Unsigned sums of 3 to 5 transcripts met the specificity threshold for a screening test on the training data. We determined the best-performing set of 1–5 tran-
scripts for each of the differentially-expressed transcripts in the final dataset (N = 337). This process resulted in a set of nested signatures. We computed a receiver operator 
characteristic curve for each of these signatures on the training dataset, and found that the only unsigned sums, consisting of 3 to 5 transcripts, performed well as groups, 
with a median specificity (at a sensitivity threshold of ≥90%) of ≥70%. Only these signatures were used to determine our final set of signatures.
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non-specific but sensitive marker of inflammation, performed 
comparatively well. Although the AUCs were the same for 
CRP and our novel signature, only our 5-transcript signature 
had a portion of the ROC curve that included points exceeding 
the desired sensitivity and specificity combinations for a TB 
screening test. Overall, our findings highlight the importance 
of deriving and validating gene-expression signatures for TB 
screening among the intended target population (ie, popula-
tions undergoing systematic TB screening).

Like other whole-blood gene-expression signature studies, 
the primary transcript signal in our signature appears to be 
from leukocytes. One of the genes (GBP6) is thought to have 
an undefined immune function and 2 (ACTA2 and RABL2A) 
are thought to play roles in cell-motility (ACTA2) and signal 
transduction (GBP6, RABL2A) [16–19]. GBP6 is present in the 
signatures of both Kaforou et al. and Bloom et al., and GYG1 
and MTRF1L were also present in the signature of Bloom et al. 
[8,  9]. Further work is required to understand the biological 
basis of our novel signature. Our primary motivation here, 
however, was the development of a robust screening test that 
performs well in a real-world setting.

Our study has several important strengths. First, it was nested 
within a cohort specifically designed for the purpose of identi-
fying novel tools for TB screening. In addition, our eligibility 
criteria were minimal and the nested case-control design helps 
ensure the sub-population examined here is reflective of the 
underlying study base (ie, PLHIV undergoing TB screening). 
Second, we directly optimized sums of gene-expression values 
for their predictive ability, rather than first identifying the best 
predictors of TB status and then summing gene-expression 
values of the best predictors to obtain the final signatures [8, 10, 
11]. In doing so, we believe that we have generated platform-in-
dependent signatures that should be readily adaptable to tech-
nologies (such as quantitative real-time polymerase chain 
reaction) that can be used at the point of care. Last, we validated 
the performance of our signature and previously-published sig-
natures in an independent test dataset.

Our study also has several limitations. It included only patients 
from a single, high-HIV/TB–burden country. However, we also 
examined the performance of our signature in 2 external datasets, 
though neither was from a TB screening cohort. A related limita-
tion is that our signature is based on microarray gene-expression 

Figure 2.  Performance of candidate 3–5 transcript signatures on the independent test dataset. Only a subset of 3–5 transcript signatures had mean specificities of ≥70% 
across 500 bootstrapped validation datasets (see Supplementary Figure 1). We examined the performance of each of these signatures on an independent test dataset by 
generating receiver operator characteristic curves. A single, 5-transcript signature met the minimum specificity threshold of ≥70% at a sensitivity threshold of ≥90%.
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profiling. Hybridization-based technologies are known to be 
noisy and are not always reproducible when repeated using the 
technology that is most likely to be used to implement a signa-
ture: quantitative real-time polymerase chain reaction [20–23]. 
This lack of reproducibility is 1 of the factors that led to the use 

of large fold-change cutoffs in selecting differentially-expressed 
transcripts that can be used to derive a gene-expression signature. 
As we show here, however, this approach may not be practical 
in a screening setting, where large differences in transcript levels 
may not be present. Finally, repeat TB assessment was not part of 

Figure 4.  Performance of novel, 5-transcript, TB screening signature on 2 external TB diagnosis cohorts. We obtained data from 2 of the largest TB gene-signature cohorts 
published, from Bloom et al. and from Kaforou et al., representing non-endemic (Bloom) and endemic (Kaforou) settings [8, 9]. Our signature achieved the same AUC in each 
dataset, of 0.81, but had lower specificity (<70%). Abbreviations: AUC, area under the curve; TB, tuberculosis.

Figure 3.  Comparison of performance of novel, 5-transcript TB screening signature with published signatures and CRP. We calculated receiver operator characteristic 
curves for our novel, 5-transcript signature; 4 previously-published TB gene-expression signatures; and the non-specific marker of inflammation, CRP, on our independent test 
dataset. Our signature outperformed each of the published signatures and CRP, as it was the only signature that met the minimum specificity threshold of ≥70% at a sensi-
tivity threshold of ≥90%. Abbreviations: AUC, area under the curve; BATF2, basic leucine zipper transcription factor 2; CRP, C-reactive protein; DRS, disease risk score; TB, 
tuberculosis.
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the study protocol at the time patients included in this sub-study 
were enrolled. We thus cannot rule out that some of the partic-
ipants may have had sub-clinical TB, which has recently been 
shown to have its own distinct, transcriptional signature [24].

The novel, 5-gene signature that we describe here is an 
important contribution to the TB gene signature field. It is the 
only signature that has been derived from and tested in a TB 
screening setting and found to perform well. It is also a small 
signature, making it readily adaptable to point-of-care technol-
ogies. With further validation, it has the potential to substan-
tially improve upon screening approaches that are currently 
used in low-income, high-HIV/TB–burden settings.

Supplementary Data
Supplementary materials are available at Clinical Infectious Diseases online. 
Consisting of data provided by the authors to benefit the reader, the posted 
materials are not copyedited and are the sole responsibility of the authors, 
so questions or comments should be addressed to the corresponding author.
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