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To find the millions of missed tuberculosis (TB) cases, national TB programs are under pressure to expand TB disease screening 
and to target populations with lower disease prevalence. Together with imperfect performance and application of existing diag-
nostic tools, including empirical diagnosis, broader screening risks placing individuals without TB on prolonged treatment. These 
false-positive diagnoses have profound consequences for TB patients and prevention efforts, yet are usually overlooked in policy 
decision making. In this article we describe the pathways to a false-positive TB diagnosis, including trade-offs involved in the 
development and application of diagnostic algorithms. We then consider the wide range of potential consequences for individuals, 
households, health systems, and reliability of surveillance data. Finally, we suggest practical steps that the TB community can take to 
reduce the frequency and potential harms of false-positive TB diagnosis and to more explicitly assess the trade-offs involved in the 
screening and diagnostic process.
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To achieve ambitious targets to reduce incidence and deaths 
due to tuberculosis (TB), global and national policies empha-
size the need to diagnose and treat a larger fraction of the 10.4 
million individuals who develop TB disease each year [1, 2]. For 
this reason, national tuberculosis programs are under pressure 
to expand access to TB screening and diagnosis [3]. Similarly, 
the need for more sensitive diagnostic tools to detect patients 
earlier in the course of their disease and care-seeking process 
has been highlighted, but increased sensitivity may come at the 
cost of reduced specificity [4, 5].

Current TB policy discussions, program targets, and indica-
tors usually do not consider the risk of false-positive TB diag-
noses [2, 6, 7], despite recognition of the issue in World Health 
Organization (WHO) recommendations of systematic screen-
ing programs [8].

In this article we describe how false-positive diagnoses 
are part of TB clinical practice, along with their conse-
quences for individuals, households, health systems, and 

surveillance data. Our aim is to enable comprehensive dis-
cussions on the trade-offs involved for expanded TB screen-
ing programs. We then propose concrete actions that can be 
undertaken to mitigate the negative effects of false-positive 
TB diagnosis.

Definition of False-positive TB Diagnosis

We define a false-positive TB diagnosis as one where an indi-
vidual, who does not have active TB disease, incorrectly 
receives a diagnosis of TB disease. In this vein, we use the term 
“false-positive” (a term widely used in clinical epidemiology) 
to suggest the absence of active TB disease, not the absence of 
symptoms or the absence of other non-TB illness (eg, bacterial 
pneumonia, obstructive lung disease). Importantly also, we use 
this term also to apply only to the diagnostic process itself, not 
the individual undergoing diagnosis, as the latter may be stig-
matizing [9, 10].

Path Toward False-positive TB Diagnosis

Figure  1 outlines the screening and diagnostic pathway for 
TB. A  screening population is composed of individuals with 
and without TB. Some individuals without TB may have an 
underlying illness that presents with similar symptoms to those 
of TB. A  diagnostic algorithm, with imperfect sensitivity and 
specificity, is then applied to the screening population. All 
those diagnosed with TB (correctly or not) are eligible to start 
treatment and should be notified as part of national and global 
surveillance.
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The proportion and the underlying reasons for false-positive 
TB test results vary, and are highly setting-dependent as local 
guidelines and policy will dictate different diagnostic algorithms 
in different populations. Differences in background prevalence 
of TB or comorbidity patterns (eg, human immunodeficiency 
virus [HIV], silicosis) as well as human performance and labo-
ratory capacity can influence test performance and result inter-
pretation. A key example is empirical (or “clincal”) diagnosis, 
where TB is diagnosed (and treatment is started) in the absence 
of a recorded positive bacteriological test. Empirical diagno-
sis accounted for 43% of all cases reported to WHO globally 
in 2017 [7]. Decisions to treat empirically are based on a mix 
of symptomatic presentation, comorbidities, chest radiogra-
phy and other ancillary tests, nonresponse to other therapeu-
tic maneuvers (eg, trials of broad-spectrum antibiotics), and 
individual clinician assessment—all of which vary from one 
population (and one provider) to the next. Empirical diagnosis 
is a critical part of the diagnostic arsenal, especially in low-re-
source settings where health workers may see a high number 
of TB patients to inform their clinical judgement. However, the 
limited data available suggest that the sensitivity and specificity 
of empirical diagnosis are both highly variable and suboptimal. 
A multicountry diagnostics trial found that sensitivity ranged 
from 16% to 44.4% and the specificity ranged from 86.9% to 

95.3% across study sites, and was significantly influenced by 
coverage of chest radiography [11].

In high-income settings, where greater resources are avail-
able, initial screening and diagnostic approach are strongly 
tilted toward increasing specificity, thus decreasing the risk 
of a false-positive diagnosis despite the low prior of TB in the 
screening population.

By contrast, TB diagnosis in a rural health center in a 
resource-limited setting will often rely on smear microscopy, 
symptoms, and clinical examinations only. Variability in the 
accuracy of empirical diagnosis—and the attendant risk of 
false-positive diagnosis—is likely to be enhanced in the highly 
heterogenous private sector. A  study in India found that TB 
diagnosis was more often reliant on clinical opinion and less on 
bacteriological confirmation [12].

As countries look to expand screening programs beyond 
individuals self-reporting to TB clinics (ie, passive case find-
ing), the screening population will likely have a lower preva-
lence of disease, either at the start, or the prevalence could drop 
after repeated rounds of screening. Table 1 illustrates how such 
a drop will also affect the rates of false-positive diagnoses, and 
why different algorithms may therefore need to be considered 
in these screening programs as compared to evaluating self-re-
ported individuals. If a standard algorithm of symptom screen, 

Figure 1.  Screening and diagnostic pathway for tuberculosis (TB). From a general population, a screening population is formed from individuals with (orange) and without 
(green) TB. The diagnostic algorithm is applied to the screening population, categorizing individuals into those recommended for TB treatment (following a true-positive or 
false-positive diagnosis) or not. The contribution of false-positive TB diagnoses is mostly driven by the prevalence of TB in the screening population and the specificity of the 
diagnostic algorithm (see Table 1). The dashed arrows on the right highlight the 2 processes that new screening or diagnostic strategies aim to achieve (orange = convert 
false-negative diagnoses into true-positive diagnoses; green = convert false-positive diagnoses into true-negative diagnoses).
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sputum microscopy, and empirical diagnosis (Table  1, algo-
rithm 1) was used, a drop from the current approximate 10% 
prevalence among patients submitting sputum for TB diagnosis 
in healthcare settings to a high-risk screening population with 
1% prevalence (1000/100 000) can result in >70% of all TB diag-
noses being made among people who do not have underlying 
TB disease—that is, nearly 2.5 false-positive TB diagnoses for 
each true positive.

To mitigate the high probability of a false-positive diag-
nosis, screening programs could look to increase the spec-
ificity, or consider improving sensitivity to diagnose more 
true-positive cases. Figure 2A and 2B show how the positive 
predictive value (PPV; ie, the proportion of individuals with 
TB diagnosis that actually have TB disease) changes with 
sensitivity (Figure 2A) or specificity (Figure 2B). From these, 
it becomes clear that improvements in sensitivity will have 

Table 1.  False-positive Tuberculosis Diagnoses in Hypothetical Screening Programs

Prevalence in Screening 
Population

Algorithm 1:
Any Symptom → 

Smear → Empirical 
Diagnosis

Algorithm 2:
Any Symptom 

or Radiograph → 
GeneXpert Assay

Impact of New Algorithm in  
Population = 100 000

PPV Ratio TP:FP PPV Ratio TP:FP
Change in No. of TB 

Diagnoses From FN to TP From FP to TN

10% 73% 1:0.37 95% 1:0.05 +2261 3767 1506

5% 61% 1:0.64 90% 1:0.11 +1369 2271 902

1% 29% 1:2.50 64% 1:0.56 +157 526 369

0.5% 17% 1:4.78 67% 1:1.13 –30 268 298

0.15% 6% 1:15.29 21% 1:3.78 –166 82 248

Formatting shows scenarios where the majority of diagnosed cases are expected to be true-positive cases (green) or false-positive TB diagnosis (red).

Algorithm 1: Individuals who are positive on screen with any symptom are tested for TB using sputum smear microscopy. A proportion of individuals with a negative smear continue to 
empirical diagnosis. The probability of being referred toward empirical diagnosis following a negative smear is negatively correlated with the prevalence of disease in the screening population 
between 80% and 5%, as the negative predictive value following a negative smear decreases.

Algorithm 2: Individuals who either screen positive with any symptom or show any abnormality on chest radiograph are tested with GeneXpert. Here we assume no empirical diagnosis so 
that individuals with no symptoms and no chest radiograph abnormality or a negative GeneXpert result are ruled out from having TB disease.

In both scenarios, we assume that the prevalence of smear-positive TB disease is negatively correlated with the prevalence of disease in the screening population between 60% and 40% 
to reflect expanding case detection toward the general population, therefore detecting earlier disease. The screening and specificity values were obtained from [8] and [11].

Abbreviations: FN, false negative; FP, false positive; PPV, positive predictive value (ie, % of individuals with TB diagnosis who actually have TB disease); TB, tuberculosis; TN, true negative; 
TP, true positive.

Figure 2.  Change in positive predictive value by varying sensitivity (A) or specificity (B). Figures show relationship between positive predictive value (% of individuals with 
tuberculosis [TB] diagnosis that actually have TB disease) and prevalence of disease in screening population for combinations of sensitivity and specificity. A, Lines show 
how relationship changes if specificity for algorithm 1 (see Table 1) remains constant at 97% but sensitivity increases. B, Lines show how relationship changes if sensitivity 
remains constant at 53% but specificity increases or decreases.
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limited impact on the PPV, and that prevalence in the screen-
ing population is the key driver. However, the PPV is much 
more dependent on small increases or declines across a nar-
row range in specificity (Figure 2B).

Ideally, diagnostic algorithms in screening programs would 
improve both sensitivity and specificity, for example, resem-
bling the protocols used in prevalence surveys (Table 1, algo-
rithm 2). However, even with an algorithm of 99.0% specificity, 
a screening population with a 0.5% prevalence (500/100 000) 
of TB would lead to the number of false-positive TB diagnoses 
outnumbering true-positive diagnoses.

It is important to note that these scenarios use best availa-
ble, but sometimes weak, current estimates for the sensitiv-
ity and specificity of all tests, including empirical diagnosis 
[8]. However, in the absence of wide application of improved 
diagnostic tools, the stronger the external push to increase the 
number of TB diagnoses (whether by using more sensitive tests 
or empirically treating more people), the more specificity will 
become compromised, and the higher the number of false-pos-
itive diagnoses will be.

CONSEQUENCES OF FALSE-POSITIVE TB DIAGNOSIS

The Individual

False-positive diagnoses for TB are usually considered to have 
minimal long-term health implications for patients. However, 
they can lead to substantial negative consequences—conse-
quences that generally will not be later corrected. Specifically, 
patients testing false positive for active TB will almost invari-
ably be recommended for a treatment course that currently lasts 
a minimum of 6 months. Not only does TB treatment carry a 
nonnegligible risk of adverse clinical events (for example, at 
least a 1 in 50 risk of clinically relevant hepatotoxicity) [13], 
but patients also incur substantial costs. Even when clinical ser-
vices are provided to the patient for free (as is the case in many 
settings), patients still incur high nonclinical costs, including 
transportation, food, childcare, and lost wages. In a system-
atic review of patient costs including 14 studies in low-income 
countries, the mean direct patient cost (plus productivity loss) 
was estimated at $248 per patient [14]; a second systematic 
review estimated that total patient costs of TB averaged 58% of 
annual patient income, with half of those costs occurring after 
treatment [15]. In addition, undergoing TB treatment (espe-
cially when directly observed and in poor structural conditions) 
often results in damaging social consequences—including 
stigma, isolation from families, gender discrimination, loss of 
hope, and disrespect [16].

Less well studied are the consequences of missing other con-
ditions that may be falsely diagnosed as TB. One small study 
has suggested an increase in mortality among HIV-infected 
Ugandan adults with false-positive TB microscopy results [17], 
though this result was not statistically significant. Underlying 

conditions in individuals falsely diagnosed as having TB can 
range from bacterial pneumonia to lung cancer [18]. In the case 
of pneumonia—potentially the most common missed diagno-
sis—rifampin has some activity against the most common bac-
terial pathogens isolated [19], but other antimicrobial regimens 
are more effective. Many of these “missed” conditions are more 
rapidly progressive or fatal than tuberculosis itself, meaning 
that in many such cases, the consequences of delayed diagnosis 
resulting from a false-positive TB diagnosis will be equally (if 
not more) clinically devastating than those of false-negative TB 
diagnoses.

In contrast to perceptions around false-positive diagnoses, 
the consequences of false-negative diagnoses of TB are often 
portrayed as being fatal. As a result, studies of relative harms 
often suggest that a large number of false-positive diagnoses 
should be tolerated to avert a single false-negative diagnosis 
(with ratios as high as 30:1) [20]. However, indirect evidence 
suggests that most individuals with TB initially diagnosed as 
false-negative often later start treatment—either empirically or 
through other diagnostic tests. For example, results from clin-
ical trials suggest that the advantages of using more sensitive 
diagnostic testing with the Xpert MTB/RIF assay relative to 
sputum smear microscopy is at least partially counterbalanced 
by existing practices of empirical treatment (ie, treatment of 
patients testing false negative by Xpert) [21–24].

Thus, while much of the TB literature has focused on the 
potential consequences to patients of false-negative diagnoses, 
the implications of false-positive diagnoses—from life-threat-
ening side effects to social stigmatization to morbidity and mor-
tality from other conditions—may be no less dire. The relative 
harm of false-positive vs false-negative diagnosis is an import-
ant consideration in, for example, decisions to screen for TB 
in lower-risk populations or to use more sensitive, less specific 
tests (eg, Xpert Ultra) [25].

Household

Households of individuals who receive false-positive diagnoses 
are also negatively affected. Prolonged treatment for TB leads 
not only to additional healthcare-related expenditures but also 
to loss of income for the household, which can cause house-
holds to experience catastrophic costs [15, 26]. Such a descent 
into poverty will have a substantial and long-term impact on all 
household members including education, income, and health 
[27].

Health System

Recent modeling analyses have focused on the impact of 
resource constraints in the health system on the ability to imple-
ment ambitious interventions, including constraints on health-
care staff and beds in the multidrug-resistant TB wards [28–30]. 
In the context of limited drug supply and healthcare workers, 
treating patients who received false-positive TB diagnoses may 
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substantially worsen care for patients in other segments of the 
healthcare system.

Surveillance and Burden Estimation

Program performance will be overestimated in the presence of 
false-positive diagnosis, as treating patients with a false-posi-
tive diagnosis will have no impact on the TB epidemic. As 
highlighted by Table 1, reported notifications can easily be mis-
leading as an indicator for the success of an expanded screen-
ing strategy—an increased number of notifications may simply 
represent a dramatic increase in the number of false-positive 
diagnoses.

In addition, those notified and initiating treatment are 
assumed to have been at risk of dying due to TB. If a substantial 
proportion of this cohort does not have TB disease (and instead 
has less serious conditions), observed mortality rates may be 
artificially low, leading to overestimates of treatment success 
both on country and global level.

Such unintentional misrepresentations can, when revealed 
through, for example, prevalence surveys, undermine faith from 
domestic and international funders of the national TB response.

These issues also affect burden estimation and reporting at 
the global level. Current TB estimation methods by WHO and 
Institute for Health Metrics and Evaluation do not consider 
false-positive diagnoses, and instead assume that all notified 
cases represent patients with a true-positive diagnosis [31, 32]. 
As a consequence, the inclusion of false-positive diagnoses arti-
ficially increases official incidence estimates and leads to an 
underestimation of the gap between incident cases and those 
notified for treatment [7, 32].

WHAT CAN BE DONE

Acknowledge the Problem

The first step will be to explicitly include the challenge of 
false-positive TB diagnosis in TB policy discourse. In these 
discussions, policy bodies should explicitly consider false-pos-
itive TB diagnosis as a challenge that already inflates reported 
TB notifications, and acknowledge that these distortions may 
increase further as new ambitious programs are rolled out. In 
addition, efforts should be made to estimate the proportion of 
false-positive TB diagnoses in surveillance data as part of coun-
try-level reporting to the WHO Global TB Programme and the 
Global Fund Against AIDS, Tuberculosis and Malaria. As mul-
tiple high-level indicators for policy evaluation and advocacy 
may be strongly affected by false-positive diagnosis, an explicit 
evaluation of the potential bias introduced in different settings 
would be sensible.

To inform such and future evaluations, a concrete step 
could be to generate a quantitative estimate for the sensitivity 
and specificity of the diagnostic algorithms as applied in each 
country, and then to use those estimates to inform estimates 

of false-positive diagnoses (as in Table  1). While heterogene-
ity in diagnostic test performance and implementation is likely, 
strengthening the current data through, for example, program-
matic reviews and national strategic planning is of high value. 
Outcomes could include identified opportunities for improve-
ment (eg, in the protocol for empirical diagnosis) and data 
strengthening, better estimates of the proportion of false-pos-
itive TB diagnoses, and more realistic estimates of country pro-
gram performance.

Evaluate Trade-offs in Screening Programs

As outlined in the previous section, false-positive TB diagnoses 
follow from the trade-off between potential positive and nega-
tive effects of real-life screening and diagnostic processes. We 
propose that rather than focusing solely on the positive poten-
tial of new screening strategies, new strategies should be evalu-
ated through a comprehensive conceptual framework that also 
acknowledges the potential negative consequences of false-pos-
itive diagnosis.

Here, any change in screening strategies should be evaluated 
in terms of delivering the correct diagnosis for all individuals 
evaluated for TB, including those without TB. In other words, in 
a setting where a more sensitive screening test is being consid-
ered, programs could explicitly consider the aim of increasing 
the number of individuals who receive a true-positive diagnosis 
instead of a false-negative diagnosis and balance this against the 
number of individuals who may receive a false-positive rather 
than a true-negative diagnosis. Where more specific confirma-
tory testing is being considered, it is important to consider the 
number of false-positive diagnoses that could be averted, bal-
ancing this against the number of true-positive diagnoses that 
may be missed.

The practical consequences of these choices are shown in 
Figure 2 and the final 3 columns in Table 1, where the balance 
between additional true-positive and true-negative diagnoses 
shifts notably as the prevalence of disease changes, an observa-
tion masked by simply counting the number of additional TB 
diagnoses.

With each policy decision around, for example, diagnostic 
approach or population screened, the relative health and finan-
cial cost for each diagnosis should be considered. Together, these 
will provide a comprehensive overview of the cost and benefit of 
a specific change, for example, informing the choice to try and 
replace empirical diagnosis with microbiological testing.

In this framework, the trade-offs between sensitivity and 
specificity of the diagnostic algorithm, as well as the disease 
prevalence in the screening population, become more explicit. 
Moving beyond a simple comparison of sensitivity and spec-
ificity, the potential performance of new tests or case-finding 
approaches could be simply summarized in the change in the 
ratio of false positives/true positives across different prevalences 
of disease in the target population (Table 1). Alternatively, more 
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sophisticated decision curve analyses can incorporate addi-
tional heterogeneity and complexity in given settings [25, 33].

While quantifying the consequences of each trade-off more 
comprehensively is critical, decisions regarding acceptable levels 
of false-positive diagnoses (relative to the number of true-posi-
tive diagnoses) will still need to be made. Such choices are also 
multidimensional and highly setting-specific, but explicitly 
considering these trade-offs represents an important first step.

Research

Work is needed to provide quantitative estimates for the weight 
a false-positive diagnosis should carry compared to a false neg-
ative, or example, by quantifying the costs and quality-adjusted 
life years lost through incorrect diagnoses for individuals with 
vs without TB. Such work could examine the acceptable num-
ber of false-positive TB diagnoses for one additional true-posi-
tive diagnosis, across settings. A number of papers have already 
highlighted strong discrepancies between perceived and data-
based thresholds, as well as variation between the preferences 
of clinicians, public health officials, and patients [20, 34, 35].

Another key area of research is to improve the empirical data 
underlying our current estimates of test performance, particu-
larly the accuracy of empirical diagnosis and the specificity of 
“definitive” diagnostic tests. While reviews [8] and examples of 
research exist [36], substantial uncertainty remains on the base-
line performance of key tests, particularly as implemented in 
actual field settings. One example is the specificity of sputum 
smear, which has shown great variability in recent prevalence 
surveys, with up to 43% of smear-positive cases not confirmed 
by culture [37]. Again, some of these data will be setting-spe-
cific, in particular for empirical diagnosis. But a better under-
standing of how the performance depends on specific factors 
(eg, background TB and HIV prevalence, use/availability of 
radiograph) will help inform estimates. Recent studies have also 
highlighted the value of considering urine LAM and C-reactive 
protein as part of TB screening in high-risk HIV-infected pop-
ulations [38, 39].

Test Application

False-positive TB diagnoses are not exclusively caused by sub-
optimal diagnostic accuracy, but are also driven by pre- and 
postanalytic errors and administrative errors as well as lab-
oratory errors in handling of reagents and/or maintenance of 
instruments. By strengthening domestic and international labo-
ratory networks, TB diagnostics can be embedded in well-func-
tioning systems of training and quality control to help reduce 
false-positive TB diagnoses.

CONCLUSIONS

As the TB community looks to close the diagnostic gap through 
expanded screening and improved diagnostic tools, it is import-
ant to acknowledge false-positive TB diagnoses as part of 

current reality and consequence of expanded screening efforts. 
By recognizing and addressing the size as well as consequences 
of false-positive diagnoses, we can improve clinical outcomes 
for individuals and focus the limited resources available to “End 
TB” to achieve stronger population impact.

Notes
Acknowledgments.  We are grateful for the input during initial discus-

sion on these issues from participants of the TB Modelling and Analysis 
Consortium meeting in Glion (September 2017).

Financial support.  This work was supported by the Bill & Melinda 
Gates Foundation (TB Modelling and Analysis Consortium: award number 
OPP1084276 to R. M. G. J. H., D. W. D., N. A. M.); the European Research 
Council Starting Grant (action number 757699 to R. M. G. J. H.); and the 
National Institutes of Health (grant number R01 AI112438-01 to N. A. M.).

Potential conflicts of interest.  S. S.  is employed by the Foundation 
for Innovative New Diagnostics (FIND), a nonprofit foundation whose 
mission is to find diagnostic solutions to overcome diseases of poverty 
in low- and middle-income countries (LMICs). It works closely with the 
private and public sectors and receives funding from some of its industry 
partners. It has organizational firewalls to protect it against any undue 
influences in its work or the publication of its findings. All industry 
partnerships are subject to review by an independent scientific advisory 
committee or another independent review body, based on due diligence, 
Target Product Profiles, and public sector requirements. FIND catalyzes 
product development, leads evaluations, takes positions, and accelerates 
access to tools identified as serving its mission. It provides indirect sup-
port to industry (eg, access to open specimen banks, a clinical trial plat-
form, technical support, expertise, laboratory capacity strengthening in 
LMICs) to facilitate the development and use of products in these areas. 
FIND also supports the evaluation of publicly prioritized TB assays and 
the implementation of WHO-approved (guidance and prequalification) 
assays using donor grants. To carry out test evaluations, FIND has prod-
uct evaluation agreements with several private sector companies for TB 
and other diseases, which strictly define its independence and neutral-
ity vis-a-vis the companies whose products get evaluated and describe 
roles and responsibilities. All other authors report no potential conflicts. 
All authors have submitted the ICMJE Form for Disclosure of Potential 
Conflicts of Interest. Conflicts that the editors consider relevant to the 
content of the manuscript have been disclosed.

References
1.	 Uplekar M, Weil D, Lonnroth K, et al. WHO’s new end TB strategy. Lancet 2015; 

385:1799–801.
2.	 StopTB Partnership. Global plan to end TB 2016–2020—the paradigm shift. 

Geneva, Switzerland: Stop TB Partnership, 2015.
3.	 Global Fund Against AIDS, Tuberculosis and Malaria. Stop TB and Global Fund 

deepen cooperation to find missing cases of TB. 2017. Available at: https://www.
theglobalfund.org/en/news/2017-12-18-stop-tb-and-global-fund-deepen-coop-
eration-to-find-missing-cases-of-tb/. Accessed 1 March 2018.

4.	 Dorman SE, Schumacher SG, Alland D, et al. Xpert MTB/RIF Ultra for detection 
of Mycobacterium tuberculosis and rifampicin resistance: a prospective multi-
centre diagnostic accuracy study. Lancet Infect Dis 2018; 18:76–84.

5.	 Arend SM, van Soolingen D. Performance of Xpert MTB/RIF Ultra: a matter of 
dead or alive. Lancet Infect Dis 2018; 18:8–10.

6.	 Global Fund Against AIDS, Tuberculosis and Malaria. Modular framework hand-
book. Geneva, Switzerland: Global Fund, 2017.

7.	 World Health Organization. Global tuberculosis report 2017. Geneva, 
Switzerland: WHO, 2017.

8.	 World Health Organization. Systematic screening for active tuberculosis: princi-
ples and recommendations. Geneva, Switzerland: WHO, 2013.

9.	 Frick M, von Delft D, Kumar B. End stigmatizing language in tuberculosis 
research and practice. BMJ 2015; 350:h1479.

10.	 StopTB Partnership. United to end TB—every word counts. Geneva, Switzerland: 
Stop TB Partnership, 2015.

11.	 Vassall A, van Kampen S, Sohn H, et al. Rapid diagnosis of tuberculosis with the 
Xpert MTB/RIF assay in high burden countries: a cost-effectiveness analysis. 
PLoS Med 2011; 8:e1001120.

https://www.theglobalfund.org/en/news/2017-12-18-stop-tb-and-global-fund-deepen-cooperation-to-find-missing-cases-of-tb/
https://www.theglobalfund.org/en/news/2017-12-18-stop-tb-and-global-fund-deepen-cooperation-to-find-missing-cases-of-tb/
https://www.theglobalfund.org/en/news/2017-12-18-stop-tb-and-global-fund-deepen-cooperation-to-find-missing-cases-of-tb/


156  •  CID  2019:68  (1 January)  •  Houben et al

12.	 McDowell A, Pai M. Treatment as diagnosis and diagnosis as treatment: empirical 
management of presumptive tuberculosis in India. Int J Tuberc Lung Dis 2016; 
20:536–43.

13.	 Tostmann A, Boeree MJ, Aarnoutse RE, de Lange WC, van der Ven AJ, Dekhuijzen 
R. Antituberculosis drug-induced hepatotoxicity: concise up-to-date review. J 
Gastroenterol Hepatol 2008; 23:192–202.

14.	 Laurence YV, Griffiths UK, Vassall A. Costs to health services and the patient of 
treating tuberculosis: a systematic literature review. Pharmacoeconomics 2015; 
33:939–55.

15.	 Tanimura T, Jaramillo E, Weil D, Raviglione M, Lönnroth K. Financial burden for 
tuberculosis patients in low- and middle-income countries: a systematic review. 
Eur Respir J 2014; 43:1763–75.

16.	 Munro SA, Lewin SA, Smith HJ, Engel ME, Fretheim A, Volmink J. Patient adher-
ence to tuberculosis treatment: a systematic review of qualitative research. PLoS 
Med 2007; 4:e238.

17.	 Blount R, Davis J, Cattamanchi A, et al. The effect of false positive and false neg-
ative microscopy results on mortality among HIV-infected ugandans undergoing 
evaluation for TB, 2010; 2257.

18.	 Singh VK, Chandra S, Kumar S, Pangtey G, Mohan A, Guleria R. A common 
medical error: lung cancer misdiagnosed as sputum negative tuberculosis. Asian 
Pac J Cancer Prev 2009; 10:335–8.

19.	 Thornsberry C, Hill BC, Swenson JM, McDougal LK. Rifampin: spectrum of anti-
bacterial activity. Rev Infect Dis 1983; 5(Suppl 3):S412–7.

20.	 Moreira J, Bisig B, Muwawenimana P, et al. Weighing harm in therapeutic decisions 
of smear-negative pulmonary tuberculosis. Med Decis Making 2009; 29:380–90.

21.	 Theron G, Zijenah L, Chanda D, et al; TB-NEAT Team. Feasibility, accuracy, and 
clinical effect of point-of-care Xpert MTB/RIF testing for tuberculosis in pri-
mary-care settings in Africa: a multicentre, randomised, controlled trial. Lancet 
2014; 383:424–35.

22.	 Churchyard GJ, Stevens WS, Mametja LD, et al. Xpert MTB/RIF versus sputum 
microscopy as the initial diagnostic test for tuberculosis: a cluster-randomised 
trial embedded in South African roll-out of Xpert MTB/RIF. Lancet Glob Health 
2015; 3:e450–7.

23.	 Durovni B, Saraceni V, van den Hof S, et al. Impact of replacing smear microscopy 
with Xpert MTB/RIF for diagnosing tuberculosis in Brazil: a stepped-wedge clus-
ter-randomized trial. PLoS Med 2014; 11:e1001766.

24.	 Cox HS, Mbhele S, Mohess N, et al. Impact of Xpert MTB/RIF for TB diagnosis 
in a primary care clinic with high TB and HIV prevalence in South Africa: a prag-
matic randomised trial. PLoS Med 2014; 11:e1001760.

25.	 Kendall EA, Schumacher SG, Denkinger CM, Dowdy DW. Estimated clinical 
impact of the Xpert MTB/RIF Ultra cartridge for diagnosis of pulmonary tuber-
culosis: a modeling study. PLoS Med 2017; 14:e1002472.

26.	 Ukwaja KN, Alobu I, Lgwenyi C, Hopewell PC. The high cost of free tuberculosis 
services: patient and household costs associated with tuberculosis care in Ebonyi 
State, Nigeria. PLoS One 2013; 8:e73134.

27.	 McIntyre D, Thiede M, Dahlgren G, Whitehead M. What are the economic con-
sequences for households of illness and of paying for health care in low- and mid-
dle-income country contexts? Soc Sci Med 2006; 62:858–65.

28.	 Trauer JM, Achar J, Parpieva N, et al. Modelling the effect of short-course multi-
drug-resistant tuberculosis treatment in Karakalpakstan, Uzbekistan. BMC Med 
2016; 14:187.

29.	 Menzies NA, Gomez GB, Bozzani F, et al. Cost-effectiveness and resource impli-
cations of aggressive action on tuberculosis in China, India, and South Africa: a 
combined analysis of nine models. Lancet Glob Health 2016; 4:e816–26.

30.	 Sumner T, Bozzani F, Mudzengi D, et al. Incorporating resource constraints into 
mathematical models of TB: an example of case finding in South Africa, 2017.

31.	 World Health Organization. Global tuberculosis report 2017. Technical appendix: 
methods to estimate the global burden of disease. Geneva, Switzerland: WHO, 
2017.

32.	 Global Burden of Disease Study Tuberculosis Collaborators. The global burden of 
tuberculosis: results from the Global Burden of Disease Study 2015. Lancet Infect 
Dis 2018; 18:261–84.

33.	 Vickers AJ, Van Calster B, Steyerberg EW. Net benefit approaches to the evalu-
ation of prediction models, molecular markers, and diagnostic tests. BMJ 2016; 
352:i6.

34.	 Van den Ende J, Mugabekazi J, Moreira J, et  al. Effect of applying a treatment 
threshold in a population. An example of pulmonary tuberculosis in Rwanda. J 
Eval Clin Pract 2010; 16:499–508.

35.	 Basinga P, Moreira J, Bisoffi Z, Bisig B, Van den Ende J. Why are clinicians reluc-
tant to treat smear-negative tuberculosis? An inquiry about treatment thresholds 
in Rwanda. Med Decis Making 2007; 27:53–60.

36.	 Schumacher SG, van Smeden M, Dendukuri N, et  al. Diagnostic test accuracy 
in childhood pulmonary tuberculosis: a Bayesian latent class analysis. Am J 
Epidemiol 2016; 184:690–700.

37.	 Onozaki I, Law I, Sismanidis C, Zignol M, Glaziou P, Floyd K. National tubercu-
losis prevalence surveys in Asia, 1990–2012: an overview of results and lessons 
learned. Trop Med Int Health 2015; 20:1128–45.

38.	 Yoon C, Semitala FC, Atuhumuza E, et al. Point-of-care C-reactive protein-based 
tuberculosis screening for people living with HIV: a diagnostic accuracy study. 
Lancet Infect Dis 2017; 17:1285–92.

39.	 Lawn SD, Kerkhoff AD, Burton R, et al. Diagnostic accuracy, incremental yield 
and prognostic value of determine TB-LAM for routine diagnostic testing for 
tuberculosis in HIV-infected patients requiring acute hospital admission in South 
Africa: a prospective cohort. BMC Med 2017; 15:67.


