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CHAPTER 1 

 
BACKGROUND 

 

Tuberculosis: Worldwide and in Brazil 

Tuberculosis (TB) is one of the top ten causes of death worldwide and a leading cause of 

death from an infectious agent, ranking above HIV/AIDS. In 2019, an estimated 10 million 

people developed TB disease and 1.4 million people died from TB globally, despite widespread 

availability of curative treatment.1 Whereas most high-income counties have an estimated TB 

incidence less than 10 per 100,000 population each year, the 30 high-burden TB countries, 

consisting mainly of low-income and middle-income countries, account for almost 90% of new 

TB cases annually, with a combined incidence between 156 and 198 per 100,000 population in 

2019.1 Although global TB incidence is declining, the rate at which it is declining, 9% between 

2015 and 2019 and 2.3% between 2018 and 2019, is far from the World Health Organization’s 

(WHO) End TB Strategy target of a 4-5% yearly incidence decline by 2020 and then 10% per 

year by 2025.1,2  

In Brazil, one of the 30 highest TB-burdened countries, around 100,000 people developed 

TB and close to 7,000 died of TB in 2019.3 A recent study found that between 2015 and 2019 

only 67% of TB patients reported to the Brazilian National TB Program Notifiable Disease 

Information System (SINAN) were successfully treated, whereas 20% were lost to follow-up or 

transferred out, 9% died, 2% failed TB treatment, and 2% relapsed after treatment, which far 

exceeds the WHO recommendation for <5% treatment dropouts.2,4 High rates of treatment 

dropout and low cure rates may fuel sustained M. tuberculosis transmission and poor treatment 

outcomes. To meet the WHO End TB Strategy goal of reducing TB deaths by 75% and incidence 
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by 50% before 2025 (compared to 2015), clinicians and researchers must identify factors that 

sustain TB transmission and cause TB-related deaths in high-burden TB countries like Brazil.2  

Further, the first pillar of the End TB Strategy promotes patient-centered care. However, 

despite frequent use of the term, little information exists to define what that means or how it can 

best be delivered.2,5 Furin et al. suggest that, ideally, this means that services and support for TB 

care should be focused on TB patients and their needs, rather than the needs of the health system. 

This can include a range of programs, such as individualized treatment plans, socioeconomic 

support, cash transfer programs, or integrated care for comorbidities such as HIV, diabetes, and 

substance use.5 Although all persons with TB would benefit from such programs, it is important 

to recognize their cost, and target intervention efforts at TB patients who are at highest risk for 

poor treatment outcomes and in need of the most support throughout TB treatment. 

Alternatively, a stratified medicine approach in which individuals with low risk of unsuccessful 

outcome receive shorter treatment regimens may be effective.6 Overall, patient-centered 

approaches that use multiple metrics to predict TB treatment outcomes at the time of TB 

treatment initiation can be used to inform future interventions and treatment strategies to 

maximize their social, economic, and public health impact. 

TB treatment and outcomes 

Heeding early recognition that M. tuberculosis develops resistance rapidly in response to 

single-drug therapy, TB has been treated with combination therapy for more than 50 years.7 A 

standard first-line treatment regimen for drug-susceptible TB lasts 6 months, including 2 months 

of intensive phase treatment with isoniazid, rifampin, pyrazinamide, and ethambutol, followed 

by 4 months of continuation phase treatment with isoniazid and rifampin. Isoniazid is the drug 

with highest bactericidal activity, while rifampicin, has the highest sterilizing activity, which 
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justifies their use for the entire 6-month duration of treatment. Certain manifestations of extra-

pulmonary TB (i.e., TB meningitis and TB in bones and joints) and drug-resistant TB (drug-

resistance to at least one first-line TB drug) require longer duration of treatment, ranging from 9-

12 months in most cases.8 For this project, I focus on patients with drug-susceptible TB, who 

were prescribed a standard treatment regimen.   

As defined by the WHO, TB treatment outcomes include treatment completion, cure, 

treatment success, treatment failure, death, treatment incomplete (sometimes referred to as lost to 

follow-up, default, or treatment abandonment), and not evaluated (Table 1.1). The WHO 

definitions of TB treatment outcomes inherently lend themselves to the following dichotomy: 

successful outcomes are defined as the composite of cure and treatment completion, and 

unsuccessful outcomes defined as the composite of treatment failure, death, treatment incomplete 

(also known as lost to follow-up), and not evaluated. Despite the recommended dichotomy, 

studies often use inconsistent definitions of “unsuccessful” treatment outcome. Some studies 

independently examine the outcomes of death, treatment failure, treatment incomplete, and not 

evaluated, whereas other studies employ a composite outcome definition. Of studies using 

composite outcome definitions, some use the recommended convention of treatment failure, 

death, treatment incomplete, and not evaluated,9,10  whereas others consider unsuccessful TB 

treatment outcome as the combination of death and failure (excluding participants who did not 

complete treatment or were not evaluated).11,12 At least one study defined unsuccessful outcome 

as the combination of treatment failure, death, and treatment incomplete, but excluded patients 

who were not evaluated (i.e. transferred care or were presumed to be non-informatively lost to 

follow-up). 13 Because there can be undetected deaths and treatment failures in the patients who 

do not complete treatment or are not evaluated, studies note difficultly in discerning whether 
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they should be considered an unsuccessful outcome or excluded.13,14 This project later details the 

plan to include treatment incomplete and not evaluated in the composite definition of 

unsuccessful TB treatment outcome, but sensitivity analyses in Appendix B will explore how 

varying the outcome definition influences results.  

Table 1.1. World Health Organization definition of treatment outcomes for TB patients 

 

The ongoing search for predictors of TB treatment outcomes  

Due to the long duration of TB treatment, it is essential for TB outcome studies to 

identify cost-effective, early treatment predictors of unsuccessful TB treatment outcomes to 

identify patients who could benefit from of tailored treatment approaches, such as directly 

observed therapy (DOT), modified treatment duration or intensity.  

Research suggests that HIV co-infection, age, undernutrition, diabetes, disease severity, 

extrapulmonary TB, previous history of TB, poor adherence, and adverse drug reactions, among 

other factors, are associated with unsuccessful TB treatment outcomes, but results vary by setting 

and patient population.15–17 The predictive ability of any single factor is unclear. Additionally, 

Outcome Definition 

Treatment completion 
Completion of treatment without evidence of failure, but without documentation 
of a negative sputum smear or culture in the last month of treatment and/or on at 
least one previous occasion, either because tests were not done or because results 
are unavailable 

Cure Bacteriologic confirmation of a negative smear or culture at the end of TB 
treatment and on at least one previous occasion 

Treatment success Composite of cured and treatment completed 
Treatment failure Sputum smear or culture is positive at month 5 or later during treatment 

Death TB patient who dies for any reason before starting or during the course of 
treatment 

Treatment incomplete 
(lost to follow-up, 
default, treatment 
abandonment) 

TB patient who did not start treatment or whose treatment was interrupted for 2 
consecutive months or more 

Not evaluated (transfer 
out) 

TB patient for whom no treatment outcome was assigned, which includes cases 
who “transferred out” to another treatment unit as well as cases for whom the 
treatment outcome is unknown to the reporting unit 
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disparate composite definitions of “unsuccessful treatment outcome” or examination of each 

independently, especially without appropriate censoring, compromises their comparability. 

Despite extensive epidemiologic, clinical, and microbiologic examination of predictors of TB 

treatment outcomes, there remains a lack of consensus about how to best define and predict 

successful and unsuccessful outcomes of TB treatment.  

The complex relationship between TB and HIV 

TB-HIV co-infection poses a substantial challenge to TB control and impacts TB 

treatment outcomes. The global burden of TB is augmented by significant geographic and 

clinical overlap with HIV. HIV is the strongest risk factor for progression to active TB disease, 

and is associated with worse TB treatment outcomes, including higher rates of toxicity, treatment 

failure, and recurrence (due to re-infection).  

Persons living with HIV (PLWH) have about 30 times higher risk of active TB than HIV-

negative individuals prior to the initiation of anti-retroviral therapy (ART). Though the risk 

declines with increasing duration of ART use, it still remains 2-3 times higher than the general 

population despite long-term ART use.18–20 HIV infection accounted for approximately 9% of 

incident TB disease cases but 18% of TB deaths in 2019.1 In Brazil, more than 11% of TB cases 

were co-infected with HIV, and PLWH accounted for 28% of TB deaths in 2019, even higher 

than the global average.1  

In addition, factors such as poverty, undernutrition, poor access to health care services, 

and crowded living conditions interact with both TB and HIV to fuel worse treatment outcomes 

for both conditions.21 Concomitant treatment of TB and HIV is difficult due to drug-drug 

interactions, increased pill burden, and high drug costs in some settings.22,23 Due to complexities 
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of treating TB and HIV concomitantly, HIV must be thoughtfully considered in associational and 

predictive studies of TB treatment outcomes. 

Prediction model overview 

Prediction models are defined as any combination of 2 or more predictors, such as 

demographics, medical history, physical examination, and lab tests, used for estimating an 

individualized probability or risk of a specific endpoint within a defined period of time.24 The 

term prediction model is often used interchangeably with ‘prognostic model’, ‘prediction rule’, 

or ‘risk score’. Additionally, terms such as ‘clinical prediction model’, ‘clinical decision tool’, 

and ‘clinical prediction rule’ are frequently used in reference to a prognostic model that was 

developed to predict a clinical condition or outcome.25 Some researchers go even farther to 

distinguish between prediction models and prediction rules. The former yields a continuous 

measure of the predicted probability along a continuum from impossible (predicted 

probability=0) to absolute certainty (predicted probability=1), whereas the latter is a 

categorization of predicted risk, which classifies patients into ‘risk groups’ by applying some 

clinical relevant cut-off that take into account a risk-benefit balance beyond a certain threshold. 

The main focus of this project is on clinical prediction/prognostic models that generate a 

continuous measure of predicted outcome probability. 

  Clinical prediction models can be used to assist healthcare professionals and their 

patients in making decisions about what type or duration of treatment or intervention is best 

suited for that individual, given their risk of a future specified outcome.24 Across clinical fields, 

prediction models are being increasingly used to predict clinical outcomes in support of the 

movement toward personalized medicine. Within personalized medicine, decisions about 

treatment choices are influenced by an individual’s profile of prognostic factors, which can be 
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considered collectively to make informed decisions about potential outcomes. For some 

conditions, numerous, sometimes even hundreds, of prediction model studies have been 

published.25 A 2014 publication that documents guidance on critical appraisal and data extraction 

for systematic reviews of prediction modelling studies (the CHARMS checklist) notes several 

examples:26 over 100 models for predicting outcome after brain trauma,27 over 60 models 

predicting breast cancer outcomes,28 at least 45 models for incident cardiovascular events after 

diabetes diagnosis,29 and over 40 models for predicting prevalent and incident Type 2 diabetes.30  

The abundance of prediction model studies in the medical literature and the increasing 

focus on personalized medicine inspired establishment of several expert groups that provide 

comprehensive guidance of principles and methods for prognostic research, including the 

PROGRESS (Prognosis Research Strategy) research group and Cochrane Prognosis Methods 

Group (PMG).24,31,32 The online resources and publications arising from these groups share an 

overall goal of improving the rigor of prognostic research. PROGRESS and the PMG provides 

an abundance of online resources to aid researchers in the development and testing of novel 

methods and tools to design, conduct, synthesize, and report systematic reviews of prognosis 

studies.32,33  

Performance measures in prediction models 

  For prediction models to be effective, their performance must be rigorously evaluated and 

quantified. Common prediction model performance metrics include discrimination and 

calibration. Discrimination is a prediction model’s ability to distinguish between patients who do 

and do not develop an outcome. It is typically quantified with a concordance statistic (c-statistic), 

also known as area under the receiver operating characteristics (AUROC) curve from logistic 
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regression models. The c-statistic or AUROC ranges from 0 to 1 with 0.5 indicating no 

discriminative ability beyond chance and 1 indicating perfect discriminative ability.  

Calibration is a model’s accuracy of predicted risk probabilities, which quantifies 

agreement between expected outcomes obtained from the prediction model and observed 

outcomes from the actual data. Calibration, argued by some as the most important measure of 

model performance, is best presented graphically with a calibration plot (expected outcome 

probability vs. observed outcome frequency), but can also be quantified with calibration 

intercept, calibration slope, and tested using Hosmer-Lemeshow goodness-of-fit test.34,35  

Classification measures, including sensitivity, specificity, positive predictive value, and 

negative predictive value, are commonly reported in prediction model studies. However, because 

they require categorization of predicted risks, which leads to information loss and bias, they 

should be reported and interpreted with caution.36  

Overall, prediction model studies typically report different measures of performance, 

limiting their comparability. Experts in prognostic research, such as those affiliated with 

PROGRESS or the PMG, call for improvements in systematic reporting and justification for 

selected performance measures in prediction model studies in order to enable more efficient 

comparison between studies and promote overall rigor in prognostic research. 

Prediction models for TB treatment outcomes  

With increasing focus on personalized medicine, researchers and clinicians across fields 

turn to prediction models to inform and guide patient care; TB research is no different. In the 

past 15 years, numerous models for predicting TB outcomes in diverse geographic settings have 

been published with varying parameters considered, outcomes predicted, methods employed, and 

performance metrics reported.9–12,17,37–41 The sheer number of prediction models for TB 
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outcomes highlights a common desire to identify TB patients at greatest risk of an unsuccessful 

treatment outcome in order to appropriately tailor treatment and promote cure. However, prior to 

this project, there had not yet been a formal evaluation or quality assessment of the existing 

prediction models for TB treatment outcomes, which is essential to inform clinical practice and 

guide future use of existing models and new model development. Additionally, none of the 

existing models were developed in Brazil, which is a focus region for TB research and an 

important high-burden TB setting.  

While many factors from existing TB prediction models likely play an important role in 

TB treatment outcomes in Brazil and could be useful in a prediction model, it is hard to define 

their utility without first appraising the quality of evidence from existing models. From literature 

review preliminary to this project, several areas for improvement in TB prediction models were 

apparent. In general, there was poor documentation of variable selection or reliance on 

univariable-based variable selection, lack of appropriate methods to address missing data, failure 

to consider HIV-related disease severity measures, and limited reporting of model performance 

and validation. Taken together, these points demonstrated the need for a rigorous systematic 

review of prediction models for TB treatment outcomes, which could then be used to inform 

development of a new, more rigorously developed, prediction model in a Brazilian population. 

Pharmacogenomic determinants of TB drug exposure 

  Genetic factors account for between 20% and 95% of variation in drug absorption, 

distribution, metabolism, and elimination (ADME).42 Pharmacogenomic studies aim to uncover 

genetic variation underlying drug treatment outcomes, which can be broadly classified into 

toxicity and efficacy endpoints. For this project, the focus was on efficacy (the ability of the drug 
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to cure disease), while recognizing that optimum treatment maximizes efficacy while minimizing 

toxicity.  

Several variants in ADME genes characterize TB drug responses and may help define the 

effect of human genetics on TB treatment toxicity and efficacy.43–60 The most widely researched 

genetic variants impacting TB therapy comprise seven coding variants (rs1208, rs1041983, 

rs1799929, rs1799930, rs1799931, rs1801279, rs1801280) of N-acetyl transferase 2 (NAT2). 

Research on other ADME variants impacting TB drug metabolism remains largely 

inconsistent.46,49,61–64  

NAT2 affects metabolism of isoniazid, which is a pivotal agent for treatment of TB. 

Differences in enzyme activity of an individual based on genetic variants in NAT2 can be used to 

categorize individuals as rapid, intermediate, and slow acetylators. Rapid acetylators achieve 

significantly lower serum concentrations of isoniazid than slow acetylators, despite identical 

drug dosing. Thus, they may be at higher risk for therapeutic failure, while slow acetylators are 

at increased risk for higher drug levels and isoniazid-induced hepatotoxicity (liver injury).65,66 

Intermediate acetylators have therapeutic responses that fall somewhere between fast and slow 

acetylators.46 Using acetylation status, it may be possible to identify TB patients at increased risk 

of unsuccessful treatment outcomes due to differences in metabolism of isoniazid, a key TB 

drug.67 However, within the realm of TB treatment outcomes research, pharmacogenomic 

research and predictive modeling often operate as two distinct fields of research, whereas their 

value and impact could be quantified and optimized with a combined approach.68–70  
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CHAPTER 2 

MOTIVATION AND SPECIFIC AIMS 
Motivation 

Globally, TB treatment outcomes are sub-optimal, particularly among PLWH, despite 

widespread availability of curative treatment.1 The WHO estimates that 10 million people 

developed TB disease (9% had HIV) and approximately 1.4 million people died from TB (18% 

had HIV) in 2019.1 Global treatment success (cure and treatment completion vs. death, failure, 

treatment incomplete, not evaluated) was 85% for all new and relapse TB patients and 75% for 

HIV-associated TB, respectively, far from the End TB Strategy target of ≥90% treatment 

success. Such data highlight disconcerting synergy between TB and HIV, resulting in faster 

progression of illness and increased likelihood of death.71 To curtail TB morbidity and mortality, 

the National Institute for Allergy and Infectious Disease (NIAID) Strategic Plan prioritizes 

improving fundamental TB knowledge and addressing co-infections of greatest significance, 

including HIV.  

The WHO and other TB guidelines authorities recommend a standardized approach for 

treatment of almost all TB patients. Aside from weight-based dosing, the current paradigm is a 

“one size fits all” approach. Such standardization may present an over-simplification of 

treatment practices and overlook individual-level factors that impact TB treatment outcomes. 

Clinical prediction modeling offers a platform for patient-focused clinical decision making using 

readily available and easily implemented methods, which can lay the groundwork for strategies 

to optimize TB treatment outcomes. However, existing prediction models for TB treatment 

outcomes have yet to be rigorously evaluated. Additionally, HIV-related characteristics, such as 

CD4 count, HIV-1 RNA plasma viral load, and timing of antiretroviral therapy (ART) initiation, 

play an important role in TB treatment outcomes because they quantify the severity of HIV and 
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characterize overall immune function.72,73 Thus, these HIV-related characteristics should be 

thoughtfully considered in prediction models for TB treatment outcomes, but previous research 

has mostly used a binary variable to simply indicate history of HIV. 

Finally, pharmacogenomics play an important role in anti-tuberculosis drug levels, and 

therefore TB treatment outcomes.46 Polymorphisms of NAT2, a gene involved in metabolism of 

isoniazid (one of four first-line anti-TB drugs), characterizes the speed of isoniazid acetylation. 

NAT2 acetylator status describes individual-level variability in isoniazid metabolism and impacts 

drug-induced hepatotoxicity and treatment efficacy. However, it remains unclear how this 

impacts longer-term TB treatment outcomes, such as mortality and treatment failure. NAT2 

acetylator status or other single nucleotide polymorphisms associated with drug metabolism and 

drug levels are potentially useful as point-of-care indications for the safest and most effective 

drug dosing for TB patients. Prior to this project, no TB outcome prediction models had 

integrated pharmacogenomic data.    

Specific Aims 

To address these knowledge gaps, I performed a systematic review of published 

prediction models for TB treatment outcomes, focusing on their risk of bias and characterization 

of HIV-related characteristics. Then, building on those results, I used data from the Regional 

Prospective Observational Research for TB (RePORT) Brazil cohort to develop a prediction 

model for unsuccessful TB treatment outcome. RePORT Brazil collects high-quality clinical, 

epidemiologic, and pharmacogenomic data. This study includes 944 culture-confirmed, drug-

susceptible, pulmonary TB patients (approximately 20% with HIV) from three ethnically diverse 

regions of Brazil. With oversight from a team of experts in TB care and epidemiology, prediction 

modeling, and pharmacogenomics, I proposed the following: 
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Aim 1: Systematically review published prediction models for predicting TB treatment outcomes 

and evaluate their risk of bias and applicability to other populations. I conducted a 

systematic review to identify and appraise studies that developed prediction models for 

TB treatment outcomes, including treatment failure, relapse, death, treatment incomplete, 

and not evaluated, using the Prediction model Risk Of Bias ASessment Tool 

(PROBAST). PROBAST standardizes quality assessment for prediction models, and was 

developed for specific use in systematic reviews of prediction model studies.31 I 

additionally focused on summarizing how each study operationalized its outcome 

definition and HIV status.  

Aim 2: Develop and validate a predictive model for TB treatment outcomes, incorporating HIV 

status and severity in RePORT-Brazil. Building on the results of the systematic review, I 

developed a model to predict the probability of unsuccessful clinical TB treatment 

outcome, defined by a modified WHO definition, including death, treatment failure, 

regimen switch, treatment incomplete, and not evaluated. I considered the influence of 

HIV-related disease severity characteristics (CD4 count, HIV-1 RNA viral load, timing 

of ART initiation) on TB treatment outcomes by incorporating interaction terms between 

HIV status and each of the HIV-related disease severity characteristics. I first developed a 

model that included only binary HIV status (base model) and compared the performance 

of the base model to separate models that additionally included interactions between HIV 

status and HIV-related disease severity characteristics (CD4 count, HIV-1 RNA viral 

load, timing of ART initiation).  

Aim 3: Quantify the added value of incorporating NAT2 acetylator status, which describes 

isoniazid metabolism, in the best performing prediction model from Aim 2. I 
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characterized the patterns of NAT2 acetylator status (rapid, intermediate, and slow 

acetylator), defined by several NAT2 alleles. I added acetylation status to the prediction 

model from Aim 2, and compared the performance of the models using variation 

metrics.68 I additionally examined whether the NAT2 acetylator status varied by HIV 

status. 

In summary, this project will set the groundwork for developing personalized approaches to 

improve TB treatment outcomes and, therefore, contribute to mitigating the burden of TB in 

Brazil and around the world. Adding additional rigor to prediction modeling of TB treatment 

outcomes, such as inclusion of HIV-related characteristics and TB pharmacogenomics, will not 

only help identify people who are most likely to have unsuccessful TB treatment outcomes, but 

can also inform future data collection by allowing investigators to consider the relative 

importance of predictors. With similar data being collected in other RePORT sites (China, India, 

Indonesia, Philippines, and South Africa), future work can externally validate this model in other 

populations. The methods proposed are not only relevant to TB research in Brazil, but can apply 

to the broader community of TB researchers and can be used around the world, including in the 

U.S.   
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CHAPTER 3 

 
SYSTEMATIC REVIEW OF PREDICTION MODELS 

*Portions of this chapter were published74 

Introduction 

 Tuberculosis (TB) is one of the top ten causes of death worldwide and a leading cause of 

death from an infectious disease. In 2018, 10 million people developed TB and 1.45 million 

people died from it globally, despite widespread availability of curative treatment. 1 Global 

treatment success was 85% for all new and relapse TB patients in 2018.  For HIV-associated TB, 

it was 75%. These proportions are lower than the End TB Strategy target of ≥90% treatment 

success.2 

 Heeding early recognition that Mycobacterium tuberculosis develops resistance rapidly in 

response to single-drug therapy, TB has been treated with combination therapy for more than 50 

years.7 Aside from weight-based dosing, the World Health Organization (WHO) and other TB 

guidelines authorities recommend a standardized, “one-size-fits-all”, approach for treatment of 

most drug-susceptible TB patients.8,75,76 The current recommendation for treatment of drug-

susceptible TB includes 2 months of isoniazid, rifampin, pyrazinamide, and ethambutol, 

followed by 4 months of isoniazid and rifampin. However, actual treatment regimens may vary 

due to differences in drug tolerability, and other individual-level factors that can affect TB 

treatment outcomes. 

 Due to the long duration of TB treatment, it would be beneficial for TB outcome studies 

to identify early treatment predictors of unsuccessful TB treatment outcomes to identify patients 

needing tailored treatment approaches, such as directly observed therapy (DOT) or modified 

treatment duration. Research suggests that individual characteristics, such as  HIV, age, 
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undernutrition, diabetes, TB disease severity, extrapulmonary TB, history of TB, adherence, 

alcohol use, and adverse drug reactions, are associated with unsuccessful TB treatment 

outcomes, but results vary by setting and patient population.15–17,77  

 Prediction models are defined as any combination or equation of two or more predictors, 

such as demographic factors, medical history, physical examination, and lab tests, used for 

estimating an individualized probability of a specific endpoint within a defined period of time.24 

The large number of prediction models for TB outcomes published in recent years highlights a 

common desire to identify TB patients at greatest risk of an unsuccessful treatment outcome in 

order to tailor treatment strategies and promote cure. However, to date, there had not been a 

formal synthesis or quality assessment of existing prediction models for TB treatment outcomes, 

which is essential to determine which models should inform clinical practice. This could also 

guide development of future models. Thus, we conducted a systematic review to identify, 

describe, compare, and synthesize clinical prediction models designed to predict TB treatment 

outcomes among persons with pulmonary TB.  

Methods 

All steps of the systematic review were carried out according to guidelines set by the 

Cochrane Prognosis Methods Group (PMG) and the PROGnosis RESearch Strategy 

(PROGRESS) partnership.32,33,35 Reporting adhered to the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (Appendix A1). This study was pre-registered on Open 

Science Framework (OSF) (https://osf.io/rz3wp) and the international prospective register of 

systematic reviews (PROSPERO; CRD42020155782). 
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Study eligibility criteria 

The review question was defined according to the PICOTS framework (Table 3.1). In brief, the 

goal was to identify prognostic models developed to predict TB treatment outcomes among 

pulmonary TB cases. The main outcome was unsuccessful TB treatment outcome, defined by the 

WHO as the combination of death, treatment failure, loss to follow-up, and/or not evaluated, as 

compared to successful TB treatment outcome, defined as the combination of cure or treatment 

completion (Table 1.1). Loss to follow-up was sometimes referred to as treatment incomplete or 

default.  

Table 3.1. PICOTS System 

Population Pulmonary tuberculosis cases 

Intervention 
Any prognostic model developed to predict tuberculosis treatment outcome. 
This includes model development studies with and without external 
validation  

Comparator Models will be compared to each other, as there is no other relevant 
comparator for this systematic review 

Outcome 

TB treatment outcome. The primary outcome of interest is the probability of 
unsuccessful TB treatment outcome, defined by the WHO as the combination 
of death, treatment failure, default, and/or not evaluated, as compared to 
successful TB treatment outcome, defined as the combination of cure and 
treatment completion. Included studies should evaluate at least one of the 
following outcomes: cure, treatment completion, death, treatment failure, 
default, and not evaluated. Default and not evaluated are sometimes referred 
to collectively as lost to follow-up. Some prediction models will look at only 
single endpoints, whereas other look at composite outcomes. 

Timing 
The timespan of prediction may vary between studies, depending on the 
duration of treatment and follow-up, but we expect most studies will evaluate 
endpoints around 6-9 months.  

Setting 
Model designed for use in clinical or hospital setting at the time of TB 
treatment initiation to aid in targeted treatment or programmatic support for 
individuals at greatest risk for unsuccessful TB treatment outcomes. 

 

 Inclusion criteria were: 1) prognostic model studies with or without external validation;31 

2) study population included adult, drug-susceptible, pulmonary, TB cases; 3) written in English, 

Spanish, Portuguese, and French; 4) published between January 1, 1995 and January 9, 2020; 5) 
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treatment outcome was one of the following: cure, treatment completion, death, treatment failure, 

loss to follow-up, or not evaluated. 

 Exclusion criteria were: 1) predictive value of more than one variable was evaluated but 

not combined in a prediction model; 2) study population was only multi-drug resistant (MDR) 

TB cases, only extrapulmonary TB cases, or only children (< 18 years-old); 3) outcome was 

evaluated during treatment such as: two-month smear/culture conversion, acquired resistance, 

adverse events, quality of life; 4) long-term outcomes, such as relapse, recurrence, or post-

treatment mortality.  

 The decision to include only articles in English, Spanish, Portuguese, and French was 

based on study team capabilities. The dates reflect modern TB treatment practice; first-line TB 

treatment regimens were not available until the early 1990s.78,79 Articles that included a 

combination of drug-susceptible and drug-resistant cases, or a combination of children and adults 

were included. 

Search strategy and selection criteria 

The following electronic databases were searched on January 9, 2020: PubMed, Embase, 

Web of Science, and the first 200 references from Google Scholar. This combination of 

databases achieved best overall recall for systematic reviews in a recent study.80 

Clinicaltrials.gov and retractiondatabase.org were also searched for unpublished research. 

Reference lists of retrieved articles were checked to identify eligible studies.  

Search terms relating to the “prediction model” component of the search were adapted 

from a PubMed search strategy that captured prediction model studies with sensitivity of 98%.81 

That component was combined with terms relating to TB treatment outcomes. The search 
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strategy, developed in PubMed, was adapted for all other databases with assistance from a 

reference librarian (Table 3.2). 

Table 3.2. Search strategy 

Database Search terms 

PubMed 

1. ((validat*[tiab] OR predict*[ti] OR rule*[tiab])  
OR (predict*[tiab] AND (outcome*[tiab] OR risk*[tiab] OR model*[tiab]))  
OR ((history[tiab] OR variable*[tiab] OR criteria[tiab] OR scor*[tiab] OR 
characteristic*[tiab] OR finding*[tiab] OR factor*[tiab]) AND (predict*[tiab] OR 
model*[tiab] OR decision*[tiab] OR identif*[tiab] OR prognos*[tiab]))  
OR (decision*[tiab] AND (model*[tiab] OR clinical*[tiab] OR “Logistic 
Models”[Mesh]))  
OR (prognostic[tiab] AND (history[tiab] OR variable*[tiab] OR criteria[tiab] OR 
scor*[tiab] OR characteristic*[tiab] OR finding*[tiab] OR factor*[tiab] OR 
model*[tiab])) 

2. (stratification[tiab] OR "ROC Curve"[Mesh] OR discrimination[tiab] OR 
discriminate[tiab] OR “c‐statistic”[tiab] OR “c statistic”[tiab] OR “area under the 
curve”[tiab] OR AUC[tiab] OR calibration[tiab] OR indices[tiab] OR algorithm[tiab] 
OR multivariable[tiab]) 

3. (tuberculosis[Mesh] OR tuberculosis[tiab])  
4. (outcome*[tiab] OR mortality*[tiab] OR death*[tiab] OR fail*[tiab] OR recur*[tiab] 

OR relapse*[tiab] OR default*[tiab] OR abandon*[tiab] OR loss*[tiab] OR cure*[tiab] 
OR success*[tiab] OR unsuccess*[tiab] OR die[tiab] OR died[tiab] OR dies[tiab]))  

5. 1 OR 2 
6. 3 AND 4 
7. 5 AND 6 AND (humans[Filter]) AND ("1995"[Date - Publication] : "3000"[Date - 

Publication]) 

Embase 

1. (validat$ or predict$ or rule$).ti.  
OR (predict$ and (outcome$ or risk$ or model$)).ti,ab.  
OR ((history or variable$ or criteria or scor$ or characteristic$ or finding$ or factor$) 
and (predict$ or model$ or decision$ or identif$ or prognos$)).ti,ab.  
OR (decision$.ti,ab. and ((model$ or clinical$).ti,ab. or "statistical model"/))  
OR (prognostic and (history or variable$ or criteria or scor$ or characteristic$ or 
finding$ or factor$ or model$)).ti,ab. 

2. (stratification or discrimination or discriminate or c-statistic or "c statistic" or "area 
under the curve" or AUC or calibration or indices or algorithm or multivariable).ti,ab. 
or "receiver operating characteristic"/ 

3. tuberculosis/ or tuberculosis.ti,ab 
4. (outcome$ or mortality$ or death$ or fail$ or recur$ or relapse$ or default$ or 

abandon$ or loss$ or cure$ or success$ or unsuccess$ or die or died or dies).ti,ab. 
5. 1 or 2 
6. 3 and 4 
7. 5 and 6 
8. limit 7 to (human and yr="1995 -Current") 
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Web of 
Science 

1. TI=(validat* or predict*. or rule*)  
OR TS=(predict* and (outcome* or risk* or model*))  
OR TS=((history or variable* or criteria or scor* or characteristic* or finding* or 
factor*) and (predict* or model* or decision* or identif* or prognos*))  
OR TS=(decision* and ((model* or clinical*). or "statistical model"))  
OR TS=(prognostic and (history or variable* or criteria or scor* or characteristic* or 
finding* or factor* or model*)) 

2. TS=(stratification or discrimination or discriminate or c-statistic or "c statistic" or "area 
under the curve" or AUC or calibration or indices or algorithm or multivariable or 
"receiver operating characteristic”) 

3. TS=(tuberculosis) 
4. TS=(outcome* or mortality* or death* or fail* or recur* or relapse* or default* or 

abandon* or loss* or cure* or success* or unsuccess* or die or died or dies) 
5. 1 or 2 
6. 3 and 4 
7. 5 and 6; IC Timespan=1995-2019 

Google 
scholar 

tuberculosis treatment outcome prediction prognostic model development validation 

 

 Article selection was conducted in three stages. The first stage was automatic de-

duplication and title screening, carried out using revtools in RStudio (version 1.2).82 Remaining 

articles were imported into Covidence, a web-based software platform that streamlines 

systematic reviews, where abstracts (Stage 2) and full text (Stage 3) were manually screened.83 

Stages 2 and 3 were carried out by two independent reviewers (LSP and FMR). Discordance was 

discussed between reviewers, and if consensus was not reached, a third party arbitrated (one of 

TRS, VCR, PFR, DL). In stage 3, reasons for exclusion were documented according to Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA; Appendix A1).  

Data analysis 

 Data from selected studies were recorded using a database designed in REDCap 

(Vanderbilt University).84,85 Data extraction was informed by the CHecklist for critical Appraisal 

and data extraction for systematic Reviews of prediction Modelling Studies (CHARMS) and the 
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Prediction Model Risk of Bias Assessment Tool (PROBAST).26,31,36 CHARMS checklist and 

PROBAST are in Appendix A2 and A3, respectively.  

 Quality assessment and applicability of included studies was assessed using PROBAST 

by dual independent review.31,36 PROBAST was specifically designed to assess risk of bias of 

prediction model studies, which included identifying deficiencies in study design, conduct, or 

analysis that led to inaccurate estimates of predictive performance. PROBAST has 4 domains: 

participants, predictors, outcome, and analysis with 20 total signaling questions. Each question 

was answered on the scale: yes, probably yes, no, probably no, no information. Domains were 

scored as low, high, and unclear risk of bias. PROBAST also guides assessment of applicability 

of participants, predictors, and outcomes from each included study to the review question.  

Results were summarized narratively and in tables and figures. Meta-analysis was not 

possible due to lack of external validation and use of disparate predictors, outcome definitions, 

and modeling methods. For studies that presented multiple models with the same set of 

predictors and outcomes, but different methods, the best-performing method was included in data 

synthesis. For studies presenting multiple models with different sets of predictors (i.e. baseline 

data vs. longitudinal data), the model developed using only baseline data was included. If studies 

developed multiple models for different outcomes or with different populations, all models were 

included. To further evaluate the impact of study population heterogeneities on prediction model 

performance, we additionally examined results after stratifying studies by inclusion/exclusion of 

MDR and younger age groups. 
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Results 

Study selection 

The search identified 14,739 unique studies. After excluding irrelevant titles, 6,426 

abstracts were screened, 536 articles underwent full-text review, and 33 model development 

studies presenting 37 prediction models were included (Figure 3.1).  

Figure 3.1. PRISMA (preferred reporting items for systematic reviews and meta-analyses) 

flow chart of inclusion process 
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Study characteristics 

Of the 33 studies, most were retrospective cohorts (n=25, 76%), three (9%) were 

prospective cohort studies, two (6%) were case-control studies, and three (9%) were nested case-

control studies. Data from nearly half of studies (n=16, 48%) were collected from surveillance 

systems; eleven (33%) studies used a data collection form developed specifically for their study 

and six studies (18%) extracted data from medical records. Median sample size was 803 

(interquartile range (IQR): 291-4167). Full details on included studies are in Table 3.2.  

Thirteen studies (41%) took place in Asia, eight (25%) in Africa, six (19%) in Europe, 

four (12%) in North America, and one (3%) included sites in Europe and Argentina. Fewer than 

half (n=14, 45%) of the studies took place in high-burden TB settings.1 One study did not report 

study location. (Tables 3.3 and 3.4).  

Reporting of population characteristics varied by study (Table 3.5). Among 18 studies 

that reported a measure of central tendency (mean or median) for age, the median of those 

measures of central tendency was 41 years (IQR: 37-49).  Of 17 studies that reported the 

minimum age of participants, seven (41%) had a minimum age of 15, one (6%) had a minimum 

age of 16, one (6%) had a minimum age of 17, and the remainder had minimum age of 18. 

Eighteen studies reported including persons living with HIV (PLWH); 5 of these included only 

TB/HIV patients. Twelve studies reported including persons with diabetes; one of which 

includes only TB/DM. Eight studies reported including some participants with MDR, though 

prevalence of MDR was low in all studies. Ten studies included only hospitalized patients, and 

in 14 studies, all participants were on directly observed therapy (DOT).  
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Table 3.3. Characteristics of included studies 

First author, year Population Study years Study design Location Validation 
No. with 

outcome / 
sample size  

(%) 
Predictors in final model Performance measures Model 

presentation 

Risk of 
bias 

(population, 
predictor, 
outcome, 
analysis) 

Death           

Abdelbary17 / 2017  TB cases 2006 - 2013 
Retrospective 

cohort 
Mexico 

Internal 

(split-sample) 

Development: 
261/4216 (6%) 

Validation: 
260/4215 (6%) 

Age (<41, 41-65, ≥65), sex, MDR, HIV, malnutrition, 

alcoholism, diabetes, pulmonary TB 

c-statistic = 0.70 

Sn/Sp = 60% / 71% 
Risk score 

Low, 

High, 

Low, 

High 

Abdelbary17 / 2017 

(TB-DM)  
TB-DM cases 2006 - 2013 

Retrospective 

cohort 
Mexico None 88/2121 (4%) 

Sex, malnutrition, BCG vaccinated, AFB smear (positive vs. 

negative) 
c-statistic = 0.68 Risk score 

Unclear, 

High, 

Low, 

High 

Aljohaney86 / 2018  
Hospitalized TB 

patients 

Dec 2011 – 

Dec 2016 

Retrospective 

cohort 

Saudi 

Arabia 
None 41/291 (14%) 

Clinical model: Age, congestive heart failure 

Clinical + lab model:* Age > 65, congestive heart failure, 

bilateral disease on chest x-ray 

Clinical model: Accuracy 

= 86% 

Clinical & lab model:* 

Accuracy = 90% 

Odds ratios 

Unclear, 

Unclear, 

Unclear, 

High 

Bastos37 / 2016  

Inpatient and 

outpatient TB cases 

on DOT 

2007 - 2013 
Retrospective 

cohort 
Portugal 

External  

(setting) 

Development:  
121/681 (18%)  

Validation:  
24/103 (23%) 

Hypoxemic respiratory failure, age (≥50 vs. <50), bilateral 

involvement, comorbidities (at least one of HIV, diabetes, liver at 

least one of: HIV, diabetes, liver failure/cirrhosis, congestive 

heart failure,  chronic respiratory disease), hemoglobin (<12 vs. 

≥12) 

AUROC = 0.84  

(95% CI: 0.76-0.93) 

Sn/Sp = 41.8% / 92.1% 

Risk score 

Low, 

Unclear, 

Low, 

High 

Gupta-Wright 87 / 

2019  

Hospitalized TB-

HIV patients 

Oct 2015 – 

Sept 2017 

Retrospective 

cohort 

Malawi and 

South 

Africa 

External  

(setting) 

Development: 
 94/315 (30%) 

Validation:  
147/644 (23%) 

Sex, age 55+, currently taking ART, ability to walk unaided, 

severe anemia, positive TB-LAM 

c-statistic = 0.68 

(95% CI: 0.61-0.74) 

HL test: p=0.13 

Calibration plot 

Risk score 

Low, 

Low, 

Low, 

High 

Horita38 / 2013  
Hospitalized TB 

patients 

Jan 2008 – 

Jul 2011 

Retrospective 

cohort 
Japan 

External  

(setting) 

Development:  
36/179 (20%)   

Validation:  
48/244 (20%) 

Age, oxygen requirement, albumin, activities of daily living 
AUROC = 0.893 

Sn/Sp = 0.92 / 0.73 
Risk score 

Low, 

Low, 

Low, 

High 

Koegelenberg88 / 

2015  

Hospitalized TB 

patients 

Jan 2012 – 

May 2013 

Retrospective 

cohort 

South 

Africa 
None 38/83 (46%) 

Septic shock, HIV with CD4 < 200, creatinine > 140 (male) or 

>120 (female), P:F O2 ratio < 200, chest radiograph showing 

miliary pattern/parenchymal infiltrates, absence of TB treatment 

at admission 

Mean score in survivors:  

2.27 (SD=1.47) 

Mean score in non-

survivors: 

 3.58 (SD=1.08) 

Risk score 

Low, 

Low, 

Low, 

High 

Nguyen39 (general 

pop) / 2018  
TB cases 

Jan 2010 – 

Dec 2016 

Retrospective 

cohort 
Texas 

Internal  

(split-sample) 

Development:  
253/3378 (7%)  

Validation:  
270/3377 (8%) 

Age group (15-44, 44-64, >64), US born, homeless, resident of 

long-term care facility, chronic kidney failure, meningeal TB, 

miliary TB, HIV positive, HIV unknown 

AUROC = 0.80  

(95% CI: 0.77-0.82) 

HL test:Χ²=6.3,  p=0.613 

Risk score 

Low, 

Unclear, 

Unclear, 

High 

Nguyen89 (TB-DM) 

/ 2019  
TB-DM patients 

Jan 2010 – 

Dec 2016 

Retrospective 

cohort 
Texas 

Internal 

(bootstrap) 
112/1227 (9%) 

Age ≥65, US-born, homeless, injection drug use, chronic kidney 

failure, TB meningitis, Miliary TB, AFB positive smear, HIV 

positive 

AUROC = 0.82  

(95% CI: 0.78-0.87) 

HL test: Χ²=4.54, p=0.81 

Brier score=0.07 

Risk score 

Unclear, 

Unclear, 

Unclear, 

High 

Nguyen90 (TB-

HIV) / 2018  
TB-HIV patients 

Jan 2010 – 

Dec 2016 

Retrospective 

cohort 
Texas 

Internal 

(bootstrap) 
57/450 (13%) 

Age ≥ 45, resident of long-term care facility, meningeal TB, 

abnormal chest x-ray, diagnosis confirmed by positive culture of 

nucleic acid amplification, culture not converted or unknown 

AUROC = 0.79  

(95% CI 0.70-0.87) 

HL test: Χ²=4.25, p=0.51 

Brier score: 0.09 

Risk score 

Low, 

High, 

Unclear, 

High 

Pefura-Yone40 / 

2017  
TB patients 

Jan 2012 – 

Dec 2013 

Retrospective 

cohort 
Cameroon 

Internal 

(bootstrap) 
213/2250 (9%) 

Age, adjusted BMI, clinical form (smear-positive pulmonary TB, 

smear-negative pulmonary TB, extrapulmonary TB), HIV 

C-statistic: 0.808 

HL test: Χ²=6.44, p=0.60 

Sn/Sp = 80.7% / 68.2% 

Calibration plot 

Model 

coefficients 

Low, 

Low, 

Low, 

High 

Podlekareva91 / 

2013  
TB/HIV patients 

Jan 2004 – 

Dec 2006 

Retrospective 

cohort 

52 cities in 

Europe and 

Argentina 

None 995† 

Drug susceptibility testing performed, treatment with 

rifamycin+isoniazid+pyrazinamide, and combination ART 

at/near TB diagnosis 

Crude RH = 0.62  

(95% CI: 0.64-0.84) 
Risk score 

Low, 

Unclear, 

Low, 

High 

Valade92 / 2012  
Hospitalized TB 

patients 

Mar 2000 – 

Jul 2009 

Retrospective 

cohort 
France 

Internal 

(bootstrap) 
20/53 (38%) 

Miliary TB, catecholamine infusion, mechanical ventilation on 

admission 

AUROC = 0.92  

(95% CI: 0.85-0.98) 

Brier score = 0.13 

Optimism = 0.03 

Risk score 

Unclear, 

Low, 

Low, 

High 
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Accuracy = 85% 

Sn/Sp = 75% / 91% 

Wang93 / 2019  

HIV-negative, 

culture-confirmed, 

pulmonary TB cases 

Jan 2014 – 

Dec 2016 

Prospective 

cohort 
China 

External  

(setting) 

Development:  
36/287 (13%)  

Validation:  
15/104 (14%) 

Age, cavitary lesion, pleural effusion, drug resistance, 

disseminated, albumin, c-reactive protein, white blood cell count, 

IL-6, migration inhibitory factor 

AUROC = 0.85 ± 0.028 Odds ratios 

Low, 

Low, 

Low, 

High 

Wejse94 2008  
Pulmonary TB 

patients on DOT 
1996 - 2001 

Retrospective 

cohort 

Guinea 

Bissau 
None 100/698 (14%) 

Cough, hemoptysis, dyspnea, chest pain, night sweating, anemia 

conjunctivae, tachycardia, positive funding at lung auscultation, 

temperature >37, BMI <18, BMI<16, mid-upper arm 

circumference (MUAC)<220, MUAC<200 

AUROC = 0.65  

(95% CI: 0.6-0.7) 

Sn/Sp = 0.45 / 0.75 

Risk score 

Low, 

High, 

Low, 

High 

Zhang95 / 2019  

 

TB/HIV patients at 

end stage of AIDS 

Aug 2009 – 

Jan 2018 

Retrospective 

cohort 
China 

Internal  

(split-sample) 

Development:  
157/807 (19%)  

Validation:  
40/200 (20%) 

Anemia, TB meningitis, severe pneumonia, hypoalbuminemia, 

unexplained infection or space-occupying lesions, malignancy 

AUROC = 0.867  

(95% CI: 0.832-0.902) 

Sn/Sp = 79.6% / 82.9% 

Risk score 

Low, 

Low, 

Low, 

High 

Treatment failure           

Abdelbary17 / 2017  TB cases 2006 - 2013 
Retrospective 

cohort 
Mexico 

Internal  

(split-sample) 

Development: 
2109† 

Validation:  
6322† 

Education (no or low vs. higher than primary school), MDR, 

AFB smear (>+2, +1, negative) 

c-statistic = 0.65 

Sn/Sp = 52% / 66% 
Risk score 

Low, 

High, 

Low, 

High 

Kalhori96 (logistic) 

/ 2010  

TB cases at DOTS 

registration 
2005 

Retrospective 

cohort 
Iran 

Internal  

(split-sample) 

Development:  
828/4836 (17%)   

Validation:  
2418† 

Gender, age, weight nationality, prison, case type 

AUROC = 0.70 

Accuracy = 81.64% 

HL test: Χ²=11.935, df=8, 

p=0.154 

Model 

coefficients 

Unclear, 

Unclear, 

Unclear, 

High 

Keane97 / 1997  

Smear-positive TB 

patients on standard 

first-line regimen 

with DOT 

1990 - 1995 
Non-nested 

case control 
Vietnam None 130/803 (16%) 

3-month model: Extensive lesions, mediastinal shift, average 

smear score 3rd month, weight, progressive x-ray, any previous 

treatment 

Baseline model: Mediastinal shift, average smear score, extensive 

lesions, any previous treatment, cavities, weight 

3 month: 

Sn/Sp = 80%/ 80% 

Baseline: 

Sn/Sp = 70% / 80% 

Model 

coefficients 

High, 

Unclear, 

Unclear, 

High 

Luies98 / 2017  

Smear-positive 

pulmonary TB cases 

on DOT 

May 1999 – 

Jul 2002 

Nested case-

control 

South 

Africa 

Internal  

(cross-validation) 
10/31 (32%) 

3,5,-Dihydroxybenzoic acid, (3-(4-Hydroxy-3-methoxyphenyl) 

propionic acid 

AUROC = 0.89  

(95% CI: 0.7-1.00) 

Model 

coefficients 

High, 

Unclear, 

Unclear, 

High 

Mburu99 / 2018  
Smear-positive TB 

patients 

Feb 2014 – 

Aug 2015 

Prospective 

cohort 
Kenya 

Internal  

(cross-validation) 
13/321 (4%) 

HbA1c, regimen (retreatment), age, weight, random blood 

glucose, BMI, blood urea nitrogen, HIV positive result, ever 

smoker, creatinine 

AUROC = 0.56 ± 0.07 
Relative 

score 

Low, 

Low, 

Low, 

High 

Default           

Thompson100 / 2017  

HIV uninfected 

adults with newly 

diagnosed 

pulmonary TB 

Apr 2010 – 

Apr 2013 

Retrospective 

cohort 

South 

Africa 

Internal  

(cross-validation) 

and external 

(setting) 

6/99 (6%) 18 splice junctions and 13 genes 
AUROC (internal) = 0.87 

AUROC (external) = 0.63 

Heatmap of 

differentially 

expressed 

genes 

Low, 

Low, 

Low, 

High 

Abdelbary17 / 2017 

(TB-DM)  
TB cases 2006 - 2013 

Retrospective 

cohort 
Mexico None 93/2121 (4%) Age (<40 vs. ≥40), sex, HIV c-statistic= 0.62 Risk score 

Unclear, 

High, 

Unclear, 

High 

Belilovsky101 / 

2010  

Hospitalized TB 

patients 
1993 - 2002 

Retrospective 

cohort 
Russia 

External 

(geographical) 

Development:  
1326/3904 

(34%)  

Validation:  
4662/12803 

(36%) 

Sex, unemployment, retreatment case, alcohol abuse (yes, no, no 

data), severe TB form, residence (urban vs. rural), age (25-50 vs. 

other), pulmonary TB (vs extrapulmonary), prison history 

Belgrood: AUROC = 0.75 

Orel: AUROC = 0.75 

Pskov: AUROC = 0.78 

Yaroslavi: AUROC = 0.75 

Calibration table 

Model 

coefficients 

Unclear, 

High, 

High, 

High 

Chang102 / 2004  
All tuberculosis 

patients 

Jan 1999 – 

Mar 1999 

Nested case-

control 
China None 102/408 (25%) 

Baseline:* Ever smoker (current, former, never), retreatment 

(history of default, no history of default, not) 

Longitudinal: Smoking status (current, former, never), 

retreatment (with history of default, without history of default, 

never), unsatisfactory adherence in first two months (good, poor, 

fair, unknown), subsequent hospitalization, treatment side effects 

in last month of treatment 

Baseline:* 

AUROC = 0.70 (95% CI: 

0.63-0.76) 

HL test: Χ² = 1.448, df=5, 

p=0.919 

Longitudinal: 

AUROC = 0.85 (95% CI: 

0.80-0.90) 

HL test: Χ² = 5.887, df=6, 

p=0.436 

Odds ratios 

High, 

High, 

Low, 

High 
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Chee103 / 2000  TB cases 1996 
Nested case-

control 
Singapore None 38/71 (54%) Chinese race, extent of family support, treatment duration Accuracy = 74.6% 

Model 

coefficients 

High, 

Unclear, 

High, 

High 

Cherkaoui104 / 2014  

TB patients with 

definite or probable 

pulmonary or 

extrapulmonary TB 

Jun 2010 – 

Oct 2011 

Non-nested 

case-control 
Morocco None 91/277 (33%) 

Age <50, work interfering with ability to take TB treatment, 

retreatment regimen, daily DOT, moderate or severe side effects, 

told friends about TB, current smoker, never smoker, symptom 

resolution in <2 months, knowledge of TB treatment duration 

AUROC =  0.85  

(95% CI: 0.80-0.90) 

Sn/Sp = 82.4% / 87.6% 

HL test: Χ²=0.77, p-

value=1.00 

Survey tool 

High, 

High, 

High, 

High 

Rodrigo105 / 2012  New TB cases 
Jan 2006 – 

Dec 2009 

Prospective 

cohort 
Spain 

Internal  

(split-sample) 

Development:  
92/1490 (6%)   

Validation:  
103/1589 (6%) 

Immigrant, living alone, living in an institution, previous TB 

treatment, linguistic barriers (poor understanding), intravenous 

drug use, unknown intravenous drug use 

AUROC = 0.67 (95% CI: 

0.65-0.70) 

Sn/Sp = 65.05% / 67.36% 

Risk score 

Low, 

Low, 

Low, 

High 

Unfavorable 

outcome 
          

Kalhori106 

(predicting) / 2009†  

TB patients at DOT 

registration 
2005 

Retrospective 

cohort 
Iran 

Internal  

(split-sample) 

Development: 
6920†  

Validation: 
 2966† 

Age, gender, nationality, prison, area, weight 
Classification rate = 89.8% 

R2 = 0.45 

Model 

coefficients 

Unclear, 

Unclear, 

Unclear, 

High 

Sauer11 / 2018†  TB cases 

Data 

available 

through 

March 2018 

Retrospective 

cohort 

Azerbaijan, 

Belarus, 

Georgia, 

Moldova, 

Romania 

Internal  

(split-sample) 

Development:  
103/411 (25%) 

Validation:  
44/176 (25%) 

Forward selection (FS):*  

Drug sensitivity, employment status, smear microscopy, 

dissemination 

Backwards elimination (BE):  

Drug sensitivity, employment status, smear microscopy, 

dissemination 

Stepwise selection (SS): 

Drug sensitivity, employment status, smear microscopy, 

dissemination 

Lasso:  

Country, employment, extrapulmonary, cavity size, decrease in 

lung capacity, smear microscopy, drug sensitivity, chest imaging 

Random forest (RF):  

Top 5 by mean decrease accuracy: lung cavity size, type of 

resistance, employment status, country, total cavities 

Top 5 by mean decrease Gini index: Age of onset, drug regimen, 

lung cavity size, number of daily contacts, culture 

FS:* 

AUROC = 0.74  

(95% CI: 0.66-0.82) 

Sn/Sp = 0.36 / 0.89 

BE:  

AUROC = 0.73  

(95% CI: 0.65-0.81) 

Sn/Sp = 0.3 

Specificity = 0.88 

SS: 

AUROC = 0.73  

(95% CI: 0.65-0.81) 

Sn/Sp = 0.30 / 0.88 

Lasso: 

AUROC = 0.72  

(95% CI: 0.64-0.80) 

Sn/Sp = 0.21/ 0.96 

RF: 

AUROC = 0.73  

(95% CI: 0.65-0.81) 

Sn/Sp = 0.30 / 0.88 

SVM linear: 

AUROC = 0.69  

(95% CI: 0.60-0.77) 

Sn/Sp = 0.21/ 0.94 

SVM polynomial: 

AUROC = 0.69  

(95% CI: 0.60-0.77) 

Sn/Sp = 0 / 1 

List 

Unclear, 

Unclear, 

Unclear, 

High 

Baussano9 / 2008§  Pulmonary TB cases 2001 - 2005 
Retrospective 

cohort 
Italy 

Internal 

(bootstrap) 
576/1242 (46%) 

Residency (residential vs. homeless), sex, geographic origin 

(non-EU vs. EU), case definition (other than definite vs. definite), 

treatment setting (inpatient and unknown vs. outpatient), age 

(continuous) 

AUROC= 0.75 

Calibration slope =  0.98 

R2 = 0.24 

Nomogram 

Low, 

Unclear, 

Low, 

High 

Costa-Veiga 10 / 

2017§  
Pulmonary TB cases  2000 - 2012 

Retrospective 

cohort 
Portugal 

External 

(temporal) 

Development:  
1152/10766 

(11%)  

Validation:  
4714† 

HIV, previous treatment, age class (25-44, 15-24, 45-64, >64), IV 

drug use, pathologies (other disease comorbidity) 

AUROC= 75.9%  

(95% CI: 74.1-77.7) 

Sn/Sp = 71% /  73% 

Nomogram 

Low, 

Low, 

Low, 

High 

Killian107 / 2019§  
TB patients 

(99DOTS program) 

Feb 2017 – 

Sep 2018 

Retrospective 

cohort 
India None 433/4167 (10%) 

Lstm rEal-time Adherence Predictor (LEAP):* 2 input layers, 

LSTM with 64 hidden units and a dense layer with 48 units for 

the dense layer and 4 units for the penultimate layer 

w-misses: missed doses in last week  

t-misses: total missed doses in 35 days units and a dense layer 

with 48 units for the dense layer and 4 units for the penultimate 

layer  

LEAP* 

AUROC = 0.743 

lw-misses: 

AUROC = 0.607 

t-misses: 

AUROC = 0.630 

Random forest: 

None 

High, 

High, 

Unclear, 

High 
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Random forest: 150 trees and no max depth based on DAT from 

first 35 day 

AUROC = 0.722 

 

Madan41 / 2018§  

TB-HIV patients on 

DOT with first-line 

TB treatment 

2015 
Retrospective 

cohort 
India None 78/448 (17%) 

Sputum smear grade, previous TB,; disease classification,  HIV 

status, ART status, CD4 cell count, sex and age group (with 

interaction terms between age group and sex; sputum smear 

status and type of TB; HIV status at TB diagnosis and CD4 cell 

category). 

AUROC = 0.783 

HL test p-value = 0.149 

Model 

coefficients 

Low, 

Low, 

Low, 

High 

Mburu99 / 2018§  
Smear-positive TB 

patients 

Feb 2014 – 

Aug 2015 

Prospective 

cohort 
Kenya 

Internal  

(cross-validation) 
32/340 (9%) 

HbA1c, treatment regimen (retreatment), creatinine, BMI, blood 

urea nitrogen, weight, age, random blood glucose, HIV positive 

result, male gender 

AUROC = 0.65 ± 0.06 
Relative 

score 

Low, 

Low, 

Low, 

High 

Other outcome           

Kalhori108 (fuzzy) / 

2009¶  
TB patients at DOTS 

registration 
2005 

Retrospective 

cohort 
Iran 

Internal  

(split-sample) 

Development: 
7254†  

Validation:  
2418† 

Case type, treatment category, risky sex, prison, sex, recent TB 

infection, diabetes, low body weight, TB type, length, previous 

imprisonment, age, area, HIV 

Mean absolute percentage 

error = 1.24 

Learned 

parameters 

Unclear, 

Unclear, 

High, 

High 

 

Hussain109 / 2019|| 

Pulmonary and 

extrapulmonary TB 

patients  

(TB Reach) 

2011 - 2014 
Retrospective 

cohort 
Unknown 

Internal  

(split-sample) 

Development: 
3371† 

Validation:  
842† 

Random forest*, artificial neural networks, and SVM 
Random forest:*  

Accuracy = 76.32% 
None 

Unclear, 

Unclear, 

Unclear, 

High 

 

Abbreviations: AFB=acid-fast bacilli, AUROC=Area under receiver operating characteristic; BCG=Bacillus Calmetta-Guerin; BMI=body mass index; c-statistic=concordance 
statistic; DM=diabetes mellitus; DOTS=Directly Observed Therapy, FS=forward selection; HbA1c=hemoglobin A1c, HL=Hosmer-Lemeshow; MDR=multi-drug resistance; 
Sn/Sp = Sensitivity / Specificity; TB=Tuberculosis. 
*Indicates best performing/most relevant model, which is included throughout the manuscript (see methods section for details). Performance measures are reported for highest level 
of validation performed (ranked from strongest to weakest: external validation, internal validation, no validation). If internal and external validation were performed, both are 
reported.  
†Outcome number unknown 
‡Outcome is composite of death and treatment failure (losses to follow-up and not evaluated (unknown) outcomes were excluded) 
§Outcome is composite of death, treatment failure, loss to follow-up, and not evaluated 
¶Outcome is a value from 1 to 5 (1= patient completed the treatment course in frame of DOTS, 2=cured, 3= quit treatment, 4=failed treatment and 5=death) 
||Outcome is treatment completion  
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Table 3.4. Study characteristics  

Characteristic Studies 
reporting 

characteristic, 
n (% of total) 

Categories N(%) or Median 
[IQR] 

Sample size 33 (11) - 803 [291, 4167] 
Study duration, years 32 (97) - 4 [2,7] 
Study design 33 (100) Prospective cohort 3 (9) 
  Retrospective cohort 25 (76) 
  Nested case-control 3 (9) 
  Non-nested case-control 2 (6) 
Data source 33 (100) Medical record 6 (18) 
  National registry or surveillance 

system 
13 (39) 

  Local registry or surveillance system 1 (3) 
  Regional registry or surveillance 

system  
2 (6) 

  Data collect form for study purposes 11 (33) 
Study region 32 (97) Africa 8 (25) 
  Asia 13 (41) 
  Europe 6 (19) 
  North America 4 (12) 
  South America 0 (0) 
  Global 1 (3) 
High burden TB 
setting* 

31 (94) All 143(42) 

  Some 1 (3) 
  None 17 (55) 
Missing data  18 (54) Complete case-analysis 9 (50) 
  Missing indicator method 4 (22) 
  Heckman’s method 1 (6) 
  Simple imputation 2 (12) 
  Sensitivity analysis with imputation 1 (6) 
  Other 1 (5) 
Number of models 
developed 

33 (100) 1 25 (76) 

  2 4 (12) 
  3 1 (3) 
  4 2 (6) 
  7 1 (3) 
Reasons for multiple 
models developed 

8 (24) Different outcomes 1 (12) 

  Different predictors considered 4 (50) 
  Different methods 2 (25) 
  Different outcomes 1 (12) 
  Different populations and outcomes 1 (12) 

*Determined based on study location and WHO list of 30 high-burden TB countries in the 2019 Global Tuberculosis 
Report  
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Table 3.5. Study population characteristics of 33 included studies  

 Included?  
Characteristic Yes No Unknown Median [IQR]‡, n 

Age* - - 15 41 [37, 49], n=18 
HIV 18 7 8 23% [10-100], n=17 

Diabetes 12 2 19 12% [5-21], n=11 
MDR 8 7 18 1% [1-3], n=8 

Other drug resistance 12 1 20 6% [4-12], n=10 
Extrapulmonary TB† 22 4 7 11% [4-17], n=16 

Previous TB 20 1 12 19% [9-30], n=17 
DOT 14 0 19 100% [100-100], n=14 

Hospitalized patients 13 1 19 100% [100-100], n=10 
Abbreviations: DOT=directly observed therapy; IQR=interquartile range; MDR=multi-drug resistance; 
TB=tuberculosis 
*Based on the measure of central tendency reported in the study (mean: n=11; median: n=7) 
†Forms of extrapulmonary TB differ by study but included some of the following: Miliary, meningeal, pleural, 
peritoneal, disseminated, blood/bone, abdominal 
‡Other than age (which is reported in years), this is the percentage of the population that has the characteristic 
among studies that include patients with the characteristic. For example, among the 18 studies that include persons 
with HIV, 17 report how many people had HIV and among those, the median percentage of the population with HIV 
is 23%.  

 

Model characteristics 

Model outcomes included death (n=16, 43%), treatment failure (n=6, 16%), default (n=6, 

16%) or a composite outcome (n=9, 25%) (Tables 3.3 and 3.6). The complete outcome 

definition for all included studies is in Appendix A4.  

Most models were developed using clinical/epidemiologic predictors (n=34, 92%), two 

(6%) used multiple biomarkers, and one (3%) used adherence data. The most common candidate 

predictors were age, sex, extrapulmonary TB, smear result, BMI, x-ray findings, and previous 

TB. The most common predictors retained in the final models were age, sex, extrapulmonary TB, 

BMI, chest x-ray results, previous TB, and HIV (Figure 3.2).  

Only three models (8%) used survival analysis; most models used logistic regression 

(n=29, 78%) and five (14%) used a machine learning approach. More than half of studies (n=19, 
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51%) considered variables for inclusion in the multivariable model based on unadjusted 

associations with the outcome. Model building methods varied widely between models (Table 

3.6). 

Only 19 (51%) models were internally validated, including ten (53%) split-sample 

validation, five (26%) bootstrap resampling, and four (21%) cross-validation. Six (16%) models 

were externally validated. 

Many models (n=30, 81%) reported discrimination with c-statistic (concordance statistic) 

or area under the receiver operating characteristic (AUROC), which are equivalent and quantify 

the ability of the model to distinguish between patients who do and do not develop an outcome. 

Only 17 (46%) reported calibration, the agreement between observed and predicted outcomes. 

Most studies assessed calibration with Hosmer-Lemeshow tests (n=13, 77%); only two studies 

provided a calibration plot, the preferred reporting method for prediction model studies,31,110,111 

and one reported the calibration slope (Table 3.5). Models were presented a variety of ways, the 

most common of which was a weighted risk score (n=16, 43%); details on model presentation 

are in Appendix A5. 

Quality assessment 

 Grading of PROBAST signaling questions is summarized in Figure 3.3, and the 

summary risk of bias for the participants, predictors, outcome, and analysis domains and 

assessment of applicability are shown in Figure 3.4. More than half of the studies were at low 

risk of bias for the population and outcomes domains, but all studies were at high risk of bias in 

the analysis domain.  

Common sources of population bias included use of non-nested case-control design97,104, 

nested case-control design without proper estimation of baseline risk,102,103 or inappropriate 
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inclusion/exclusion criteria.98,107 Sources of predictor bias included lack of standardized 

assessment of key predictors (i.e. HIV, diabetes, chest x-ray scoring),17,94,101,102,104,107 or timing of 

data collection/availability that would limit the intended use of the model.17,89,104 Within the 

outcomes domain, sources of bias included subjective101 or non-standard103,108 outcome measures 

and inconsistent outcome ascertainment.104  

Bias in the analysis domain was widespread. More than half of the models included were 

likely overfit due to low events per variable (EPV) ratios (Table 3.6). Only 6 studies handled 

continuous and categorical variables appropriately (i.e., didn’t dichotomize continuous variables, 

considered non-linearity of continuous variables).88,92,93,102,112,113  Most studies used complete 

case-analysis or did not mention missing data; no study used multiple imputation in their main 

analysis. Only one study, with low amounts of missing data (<5%), conducted sensitivity 

analysis with multiple imputation.87 A different study excluded only two people out of a total 

sample size of 1007 with missing data, which would have little impact on model performance.95 

Fewer than half (n=14) of studies avoided univariable predictor selection, and only three studies 

used survival analysis, appropriately accounting for censoring.94,95,114  Performance measures 

were appropriately reported (i.e. calibration assessed with plot and discrimination assessed with 

c-statistic/AUROC) in three studies.9,87,113 Only two studies estimated optimism (degree to which 

data are overfit) or accounted for potential overfitting with penalization of model 

parameters.101,113 Ten studies appropriately presented their model with model coefficients or 

nomograms, which prevents bias from rounding or transforming model coefficients to generate a 

risk score.9,10,39–41,89,90,95–98,101,105,106,108 

 About half of the models (n=19, 51%) were applicable to the review question in all 

domains. However, unclear reporting of target population or predictor and outcome definitions 
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limited assessment of applicability for several studies.11,96,106,108,109 Additionally, studies that 

included only hospitalized patients with specific laboratory parameters may not be routinely 

available in the clinical setting.88,92,112 Results from analyses stratified by inclusion of patients 

with MDR and minimum age <18 are presented in Appendix A6. 

Table 3.6. Methods reported for the 37 models of the 33 included studies with prediction 

models tuberculosis outcomes.  

Characteristic Studies 
reporting 

characteristic, 
n (%) 

Categories N(%) or 
median [IQR] 

Type of outcome 37 (100) Single 28 (75) 
  Composite 9 (25) 
Outcome 37 (100) Death 16 (43) 
  Treatment failure 6 (16) 
  Default, Loss to follow-up, or 

treatment interruption 
6 (16) 

  Unfavorable outcome 6 (16) 
  Treatment success  2 (6) 
  Other‡ 1 (3) 
Number - prevalence of 
outcome* 

32 (87) - 94 [38-171] 
15% [9-26] 

Events per candidate variable† 30 (81) - 6 [3-11] 
Events per variable (in final 
model) 

29 (78) - 14 [9-26] 

Predictor types  Clinical/epidemiologic 34 (92) 
  Adherence 1 (3) 
  Biomarker 2 (5) 
Analysis 37 (100) Logistic regression 29 (78) 
  Survival analysis 3 (8) 
  Machine learning 5 (14) 
Method for considering 
predictors in multivariable 
models 

36 (97) All candidate predictors 12 (32) 

  Based on unadjusted 
association with outcome 

19 (51) 

  Based on clinical relevance  1 (3) 
  Other§ 4 (14) 
Selection of predictors during 
modeling 

31 (84) Full model approach 2 (6) 

  Forward selection 7 (23) 
  Backwards elimination 5 (16) 
  Stepwise selection 8 (26) 
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  Random Forest 1 (3) 
  Hosmer-Lemeshow model 

building criteria 
4 (13) 

  Bayesian model averaging 3 (10) 
  Pairwise selection 1 (3) 
P-value for consideration in 
model 

17 (46) 0·01 2 (12) 

  0·05 3 (18) 
  0·11 1 (6) 
  0·2 6 (35) 
  0·25 5 (29) 
P-value for retention in MV 
model 

20 (54) 0·05 9 (45) 

  0·1 9 (45) 
  0·15 1 (5) 
  0·2 1 (5) 
Internal validation 19 (51) Split-sample 10 (53) 
  Bootstrap 5 (26) 
  Cross-validation 4 (21) 
External validation 6 (16) Temporal 1 (17) 
  Geographic 1 (4) 
  Setting 4 (67) 
Calibration 17 (46) Calibration plot¶ 2 (12) 
  Calibration slope¶ 1 (6) 
  Hosmer-Lemeshow goodness 

of fit p-value¶ 
13 (77) 

0·51 [0·20, 
0·79] 

  Calibration table¶ 2 (12) 
  Mean absolute error¶ 1 (6) 
Discrimination 30 (81) C-statistic (AUROC) ¶ 30 (100) 

0·75 [0·68-
0·84] 

  Log rank test¶ 2 (5) 
Classification 18 (49) Sensitivity||  14 (78) 

70 [54, 78] 
  Specificity|| 13 (72) 

75 [71, 88] 
  Accuracy 2 (11) 
  Other** 2 (11) 
Model presentation 34 (92) Risk score 16 (43) 
  Model coefficient 8 (22) 
  Nomogram 2 (6) 
  Odds ratios/relative scores 4 (12) 
  Survey tool 1 (3) 

Abbreviations: AUROC=area under receiver operating characteristic; c-statistic=concordance statistic 
*Prevalence of outcome in the population used to develop the prediction model (i.e. derivation/development subset if 
split-sample technique was used or full sample if the model was not validated or if bootstrap/cross-validation was 
used) 
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†Only 5 studies report the exact number of predictors considered. Otherwise, the number of candidate predictors was 
estimated from the provided tables or lists of candidate predictors in the source paper. 
‡Outcome is a value from 1 to 5 (1= patient completed the treatment course in frame of DOTS, 2=cured, 3= quit 
treatment, 4=failed treatment and 5=death) 
§Other methods of determining which variables to consider for prediction model include: principal components 
analysis (n=1), screening for multi-collinearity via correlation coefficient (n=1), one study used a combination of a 
priori and selection via univariable association, and the other used machine learning pre-processing (n=1) 
¶Sums to more than 100%, because some studies report multiple measures of calibration or discrimination 
||Based on the following cut-off methods: Youden (n=4) concordance probability (n=1), estimated at nearest 0,1 for 
studies that present a range of sensitivity and specificity in a table or figure (n=4), or unknown (n=5) 
**Other includes one study that reports false positive rate and one study that includes a graph of sensitivity vs. 
specificity.  
 
  



 

  35 

Figure 3.2. Most common predictors considered and included across the 37 models  

 

Figure 3.2 legend: 
Considered: the predictor as evaluated as a candidate predictor prior to multivariable modeling 
Included: the predictor was considered and subsequently included in the final multivariable model 
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Figure 3.3. Heatmap of signaling questions from risk of bias assessment with PROBAST 

 

Figure 3.3 legend: 
Participants 1: What study design was used and was it appropriate? 
Participants 2: Were all inclusion and exclusion criteria appropriate? 
Predictors 1: Were predictors defined as assessed the same way for all participants? 
Predictors 2: Were predictor assessments made without knowledge of data outcome? 
Predictors 3: Are all predictors available at the time the model was intended to be used?  
Outcome 1: Was the outcome determined appropriately?  
Outcome 2: Was the outcome pre-specified or standard? 
Outcome 3: Were predictors excluded from outcome definition? 
Outcome 4: Was the outcome defined and determined in a similar way for all participants? 
Outcome 5: Was the outcome determined without predictor information?  
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Outcome 6: Was the time interval between predictor assessment and outcome determination appropriate?  
Analysis 1: Were there a reasonable number of participants with the outcome? 
Analysis 2: Were continuous and categorical variables handled appropriately? 
Analysis 3: Were all enrolled participants included in the analysis? 
Analysis 4: Were participants with missing data handled appropriately?  
Analysis 5: Was selection of predictors based on univariable analysis avoided?  
Analysis 6: Were complexities in data (censoring, competing risks, sampling of control participants) accounted for 
appropriately?  
Analysis 7: Were relevant model performance measures evaluated appropriately?  
Analysis 8: Were model overfitting, underfitting, and optimism in the model performance accounted for?  
Analysis 9: Do predictors and their assigned weights in the final model correspond to the results from the 
multivariable analysis?  
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Figure 3.4. Summary of risk of bias and applicability assessment with PROBAST  
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Discussion 

 In this comprehensive, systematic review of prediction models for pulmonary TB 

treatment outcomes, we identified 33 model development studies presenting 37 prediction 

models. Although diagnostic prediction models for prevalent TB were previously systematically 

reviewed, this was the first systematic review of TB treatment outcomes.115 The included   

prediction models were developed for predicting death, treatment failure, default, or a composite 

unfavorable outcome during TB treatment. Most models reported good performance (c-

statistic/AUROC>0.7), but all were evaluated to have high risk of bias due to poor reporting, 

exclusion of missing data, weak methodologic approaches, lack of calibration assessment, and 

limited validation. Predictor and outcome definitions varied by study and limited comparisons 

between models.   

 More than half of the models included in the review were developed in low burden TB 

settings, and none were developed specifically in South America. Prediction of TB treatment 

outcome is especially important in high burden TB settings, where resources may be limited, and 

risk assessment can guide resource allocation toward patients who need the most involved care 

protocols.  

 Common risk factors included in the models were consistent with well-established risk 

factors for poor TB treatment outcomes, including age, sex, HIV, extrapulmonary TB, baseline 

smear results, and previous TB treatment. Among studies that included PLWH, only three 

considered factors related to management/severity of HIV, such as receipt of antiretroviral 

therapy, CD4 cell count, or viral load, which likely impact TB treatment outcomes.41,88,114 

Laboratory values or metabolic biomarkers, such as hemoglobin, hemoglobin A1c or random 

blood glucose, may also be associated with treatment outcome and worth considering as 
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candidate predictors. There is increasing evidence that diabetes impacts TB treatment outcomes, 

but caution is warranted about how to best define diabetes in the context of a prediction model to 

ensure consistency and reproducibility across studies.116 Behavioral characteristics, such as 

tobacco use, alcohol use, and drug use were rarely included in final prediction models and are 

difficult to collect objectively, suggesting their role in prediction models for TB treatment 

outcomes may be limited.  

 Additionally, several studies excluded participants with HIV, diabetes, extrapulmonary 

TB, or MDR TB, because these factors negatively influence treatment outcomes. However, 

careful consideration should be given to inclusion/exclusion criteria in prediction model studies. 

Information necessary to carry out inclusion/exclusions should be available at the of intended use 

of the model, which may not always hold for these aforementioned factors.117  This point is 

especially questionable for MDR, given that conventional drug-susceptibility testing results are 

not available for several weeks after TB diagnosis; though more recent advances in rapid 

molecular methods such as GeneXpert or line-probe assays offer rapid screening for drug 

resistance.118 

 TB researchers should thoughtfully consider how to appropriately handle complexities of 

censoring and competing risks in TB outcomes research. Only three studies in this review used 

survival analysis, despite the long duration of TB treatment outcome assessment and relatively 

high rates of losses to follow-up across studies. Losses to follow-up were frequently excluded, 

which can lead to selection bias. Additionally, all studies that included death as the outcome 

considered all-cause mortality. Also, for studies that predict losses to follow-up/default, death 

(even due to TB) is a competing risk. Competing risk analyses are common in cardiovascular 
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research, research in elderly populations, and there are specific recommendations for competing 

risk methods in prognostic research.119,120  

 Though all included studies were at high risk of bias in the analysis domain, we want to 

highlight two studies with some exemplary characteristics.87,113 Pefura-Yone et al.113 provide 

clear explanations of study design, inclusion/exclusion criteria, and data collection procedures; 

TB diagnosis and treatment outcome definitions were standard.121 Non-linearity of continuous 

variables was considered with restricted cubic splines, and no continuous variables were 

categorized or dichotomized; the final model includes four predictors that are easy to collect and 

routinely assessed in most TB control programs, especially those in high burden settings. The 

performance of the model was internally validated with bootstrap validation, and the 

discrimination (c-statistic=0.81) was corrected for optimism. Model calibration was presented 

graphically with calibration plots. The final model was presented as a nomogram with 

instructions for use, which facilitates use in external validation studies. Gupta-Wright and 

colleagues developed and externally validated a clinical risk score to predict mortality in high-

burden, low-resource settings.43 They used clinical trial data with very low amounts of missing 

data for model development, and externally validated the clinical risk score with data collected 

independently from two other studies (a clinical trial and a prospective cohort).  Given high 

amounts (42%) of missing data in the validation cohort, they conducted sensitivity analysis using 

multiple imputation for missing data; the c-statistic differed slightly between complete case and 

multiple-imputation analyses in the validation cohort (0.68 vs. 0.64). Candidate predictors were 

based on a priori clinical knowledge, previous literature, and required variables were objective, 

reproducible, and available in low-resource settings, consistent with recommended 

approaches.36,117,122 Additionally, they reported model performance with the c-statistics and 
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calibration plots for development and validation cohorts, and reported results according to 

TRIPOD (transparent reporting of a multivariable prediction model for individual prognosis or 

diagnosis) guidance.110,111 Regardless, each of these models requires external validation prior to 

use in clinical practice.  

 There are several limitations of this study. First, data extraction was subject to reporting 

the primary study, which varied widely across studies. Most studies reported discrimination, and 

several reported sensitivity and specificity; TRIPOD recommends all studies report, at minimum, 

calibration with a calibration plot and discrimination with c-statistic.111 Measures of sensitivity 

and specificity require dichotomization of risks, which then only pertain to a specific risk 

stratum, rather than quantifying the overall model performance.35,122 We did not include external 

validation studies, which is an essential step for translation to clinical practice. However, several 

studies in the review did not include the full model equation, which inhibits their ability to be 

externally validated. Upon searching for studies that externally validated prediction models in 

this review, we found three studies12,13,123 that evaluated the same model (TBscore).94 Briefly, 

these studies evaluated the ability of TBscore to monitor treatment response in a new setting 13, 

refined the instrument (TBccoreII) using exploratory factor analysis12, and then evaluated 

TBscoreII for use in patients with TB/HIV.123 To our knowledge, no other studies included in the 

review were externally validated by other sources. Finally, we excluded 10 studies that were not 

available in English, Spanish, Portuguese, or French; all abstracts were available in English, and 

none reported model performance metrics, so they likely would have been excluded for different 

reasons regardless.    

 The findings of this review not only serve as a comprehensive overview of existing TB 

outcome prediction models but can act as a resource for future model development and 
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validation of prediction models for TB treatment outcomes. We encourage researchers to focus 

future TB outcome prediction models on easily collected and readily available predictors that are 

widely generalizable. We highlight age, sex, extrapulmonary TB, BMI, chest x-ray results, 

previous TB, and HIV as common predictors of TB treatment outcomes. Additionally, when 

building a new prediction model, it is recommended to first prune the set of considered 

predictors based on expert opinion and previous literature, rather than univariable analysis or 

variable selection processes36,117,122 Future model development or validation studies should 

adhere to the TRIPOD guidelines, which provide a 22-item checklist and aims to improve the 

reporting of prediction model development studies.110,111 We also encourage researchers consider 

the PROBAST criteria when developing their model to limit sources of bias in design and 

conduct of prediction model studies.  

 Prediction models are an important tool in TB management, as they can lay the 

foundation for future intervention studies or clinical decision making by providing risk 

prediction that can aid in targeted treatment, resource allocation, or intensive case management 

at patients who are least likely to achieve cure and most likely to benefit from some form of 

intervention, especially in high-burden and low-resources areas. Use of prediction models can 

potentially help guide tuberculosis treatment practices to achieve the End TB Strategy target of 

>90% treatment success, but methodologic rigor and detailed reporting must be improved. 

Though our findings suggest that none of the existing models are ready for clinical application 

without extensive external validation, we hope they direct future researchers to make use of 

guidelines for development and reporting of prediction models.  
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CHAPTER 4 

 
DEVELOPMENT OF REPORT BRAZIL PREDICTION MODEL 

*Portions of this chapter were submitted for publication 

Introduction 

 Tuberculosis (TB) is a leading cause of death worldwide.1 Despite widespread 

availability of effective drugs, TB treatment outcomes remain suboptimal. The World Health 

Organization (WHO) estimated the global TB treatment success rate was 85% in 2018. 1 A 

recent study in Brazil, a high-burden TB country, found that from 2015-2019 only 67% of TB 

patients reported to the Brazilian National TB Program Notifiable Disease Information System 

(SINAN) were successfully treated, whereas 20% were lost to follow-up or transferred out, 9% 

died, 2% failed treatment, and 2% relapsed after treatment.4 This is well below the End TB 

Strategy goal of 90% treatment success by 2025.1,2   

 Because M. tuberculosis can rapidly develop resistance to single-drug therapy, TB 

treatment requires combination therapy.7 Current treatment for drug-susceptible pulmonary TB 

includes 2 months of isoniazid, rifampin, pyrazinamide, and ethambutol, followed by 4 months 

of isoniazid and rifampin. To improve overall treatment outcomes, clinicians and researchers 

should focus on early identification of patients most likely to have unsuccessful treatment, then 

augment treatment strategies to those in need of additional support.  

 One approach to identify high-risk patients is clinical prediction modeling, which is the 

combination of two or more demographic, clinical, or laboratory predictors, to estimate an 

individual risk of a specific endpoint within a defined period of time. 24 In the systematic review 

presented in Chapter 3, 33 studies presenting 37 prediction models for end-of-treatment TB 

outcomes were identified. All models suffered bias, due to poor reporting of study population 
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and data collection, exclusion of missing data, univariate analysis-based model selection 

procedures, lack of validation, or limited generalizability, and none of the models were 

developed in Brazil.74 

 We sought to develop a robust prediction model for unsuccessful pulmonary TB 

treatment outcomes using widely available predictors. We aimed to develop and internally 

validate such a model among patients with culture-confirmed, drug-susceptible, pulmonary TB 

who were treated with standard anti-TB therapy. Additionally, given the strong effect of HIV-

infection on TB treatment outcomes,71 and the importance of isoniazid metabolism in safety and 

efficacy of TB treatment,124 the analysis evaluated the incremental value of including HIV-

related severity measures and NAT2 acetylator status in the model, to provide insight into the 

importance of collecting these data in routine care.    

Methods 

Study design and population 

 This study used data from The Regional Prospective Observational Research for 

Tuberculosis (RePORT) Brazil cohort.4 RePORT-Brazil is a prospective cohort study that 

enrolled TB patients at five sites across three regions in Brazil: three in Rio de Janeiro (Instituto 

Nacional de Infectologia Evandro Chagas (INI), Clínica de Saúde Rinaldo Delmare (Rocinha), 

Secretaria de Saúde de Duque de Caxias (Caxias), one in Salvador (Instituto Brasileiro para 

Investigação da Tuberculose (IBIT)), and one in Manaus (Fundação Medicina Tropical Dr. 

Heitor Vieira Dourado (FMT-HVD)). Enrollment occurred June 2015 – June 2019 with active 

follow-up through June 2020.   The population of RePORT-Brazil is broadly representative of all 

TB cases in Brazil.4 
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RePORT-Brazil participants with newly diagnosed, culture-confirmed, drug-susceptible 

pulmonary TB, who were ≥18 years-old and started a first-line regimen of anti-TB therapy, were 

included in the study. The study excluded participants who previously received anti-TB 

treatment for ≥7 days, received >7 days of fluoroquinolone antibiotic therapy within 30 days of 

enrollment, were pregnant or breastfeeding, or did not plan to remain in the region during 

follow-up. In Brazil, TB treatment is provided free of charge. Persons living with HIV (PLWH) 

also receive antiretroviral therapy (ART) free of charge. All included patients received standard 

anti-TB therapy, including isoniazid, rifampin or rifabutin, pyrazinamide and ethambutol for two 

months, followed by isoniazid and rifampin for four months.8 

RePORT-Brazil has standardized data and specimen collection.125 Clinical, demographic, 

and outcome information were collected longitudinally at three clinical visits (TB treatment 

initiation (baseline), two months after initiating treatment, and at the end of TB treatment) and 

via telephone follow-up every six months thereafter until 24 months. All data were collected and 

stored in REDCap.85  

The study  was conducted and reported in accordance with the Transparent reporting of a 

multivariable prediction model for individual prognosis or diagnosis (TRIPOD) guidelines 

(Appendix B1). 110,111 

Outcomes and predictors 

  Using modified WHO guidelines (Table 4.1)8, the primary outcome of interest was a 

binary composite of unsuccessful TB treatment outcomes within one year of treatment initiation 

including any of the following: death due to any cause, treatment failure, switch to a second-line 

regimen, treatment incomplete (i.e. loss to follow-up), and not evaluated. Successful treatment 

included bacteriologic cure and treatment completion. Outcomes were mutually exclusive. All 
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participants were followed for up to one year after treatment initiation. Standard TB treatment 

typically lasts 6 months, but we allowed follow-up through one year to ensure completion of 

treatment. 

Table 4.1. Definition of treatment outcomes for TB patients on first-line drug regimen 

1Switches to second-line drug regimens are excluded from the WHO TB treatment outcome definition (Table 1.1) 
but were considered an unsuccessful outcome for this analysis. 
 

Candidate predictors were selected a priori based on TB prediction models identified in a 

systematic review (Chapter 3), with additional clinical input from co-authors. Fifteen baseline 

candidate predictors were considered, including age, sex, self-reported race (non-white vs. 

white), years of formal education, BMI, previous TB, cavitation on chest x-ray, smear positive, 

HIV-positive, diabetes defined using self-reported history of diabetes or glycated hemoglobin 

(HBA1c) ≥ 6.5%,126 hemoglobin, any other chronic disease comorbidity, tobacco use, drug use, 

and alcohol use. All could be routinely collected at TB treatment initiation. Operational 

definitions of all predictors are included in Appendix B2.  

 Unless previously diagnosed with HIV, participants underwent HIV testing at baseline. 

Participants also received chest radiographs per clinical practice to diagnose pulmonary TB 

Outcome Definition 

Treatment completion 

Completion of treatment without evidence of failure, but without 
documentation of a negative sputum smear or culture in the last month of 
treatment and/or on at least one previous occasion, either because tests were 
not done or because results are unavailable 

Cure Bacteriologic confirmation of a negative smear or culture at the end of TB 
treatment and on at least one previous occasion 

Treatment success Composite of cured and treatment completed 
Treatment failure Sputum smear or culture is positive at month 5 or later during treatment 
Regimen switch1 Switch to a second line treatment regimen  
Death TB patient who dies for any reason during the course of treatment 
Treatment incomplete 
(lost to follow-up) TB patient whose treatment was interrupted for 2 consecutive months or more 

Not evaluated  
TB patient for whom no treatment outcome was assigned, which includes 
cases who “transferred out” to another treatment unit as well as cases for 
whom the treatment outcome is unknown to the reporting unit 
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lesions and identify cavitation. Sputum smears for acid-fast bacilli were conducted to quantify 

bacillary burden.  

Model development and validation 

 Model development and validation are detailed in Figure 4.1. Missing values for 

predictors were multiply imputed over 10 iterations using the MICE package in R (version 

4.0.2). Given the limitations of using multiply-imputed data for internal validation and model 

selection, and the low amount of missing data in this study, imputed values from the ten 

imputations were averaged and summarized into one complete dataset, which was used for the 

primary analysis.127 Sensitivity analyses were performed in which all model selection and 

validation steps were repeated in each of the ten imputed datasets and complete case analysis. 

(Appendix B3) 

 Candidate predictors were examined for collinearity with redundancy analysis and 

variable clustering based on Hoeffding D statistic using the Hmisc package.128 These steps aimed 

to identify groups of variables that captured similar clinical information. Non-linearity was 

evaluated with a chunk test using a model with all candidate predictors; restricted cubic splines 

with four knots were used for all continuous predictors (age, BMI, education years, and 

hemoglobin).128 The only variable with evidence of non-linearity was age, which was therefore 

categorized into the following groups (18-24.9, 25-34.9, 35-44.9 45-54.9, and ≥55 years of age) 

for the main analysis, and modeled using a restricted cubic spline with four knots in sensitivity 

analyses. (Appendix B4) 

 The primary model-building process employed bootstrapped backward selection to 

identify the most important set of predictors for unsuccessful TB treatment. Bootstrapped 

backward selection was conducted using 500 bootstraps. Within each bootstrap, a bootstrap 
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dataset was sampled with replacement and backward selection was conducted.129 Variables that 

were selected in ≥ 70% of the bootstraps were included in the final model. This threshold is 

considered to have the best performance-parsimony trade-off.127,130  Sensitivity analyses 

explored a 50% threshold. (Appendix B5) 

Performance of the final model was evaluated with discrimination and calibration. 

Discrimination was quantified with the c-statistic, which is equivalent to the area under the 

receiver operating characteristic (ROC) curve.131 Calibration was graphically assessed using 

calibration plot, quantified using calibration intercept, calibration slope, and tested using the 

Hosmer-Lemeshow goodness-of-fit test.132  Overall model fit was evaluated with the Brier score. 

Internal validation was conducted with bootstrap resampling. Within each bootstrap, the data 

were sampled with replacement to generate a bootstrap sample, the model was fit in the bootstrap 

sample, and then that model was applied to the original sample. Performance measures including 

c-statistic, calibration intercept, and calibration slope are considered optimism-corrected 

performance measures and were used to quantify internal validation.131  
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Figure 4.1. Diagram of main model development and performance steps 

 

Figure 4.1 legend: Schematic representation of each model development step and assessment of model performance. 
First, missing data were imputed across 10 datasets and summarized into an analysis dataset. Next, redundancy 
analysis and linearity assessment were carried out to identify highly correlated sets of variables and variables with 
evidence of non-linearity. Following that, 500 repetitions of bootstrapped backwards selection were used to identify 
the most important predictors of unsuccessful TB treatment outcome, based on those included in at least 70% of 
bootstrap samples. Finally, model performance was evaluated in the original sample (apparent performance) and 
averaged over 2000 bootstrap samples (internal bootstrap validation).  
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Sensitivity analyses 

Coefficients and model performance for the main model building process were compared 

to two additional approaches: model approximation128 and least absolute shrinkage and selection 

operator (LASSO).133 (Appendix B5) 

The model approximation approach first derived an approximated outcome using linear 

predictors from logistic regression model with all candidate variables. Then backward selection 

was used in a linear model against the approximated outcome to select predictors that account for 

90% of variance of the approximated outcome (i.e. R-square of 0.9). The advantage of this 

approach is that it separates prediction and model selection into two steps; thus, it is more robust 

to potential noise in outcomes and predictors. In addition, it controls how well the variables 

included in the final model can explain the full model, automatically reflecting a correction for 

overfitting.128  

LASSO used 10-fold cross-validation to select the value of lambda, based on minimizing 

the cross-validated sum of squared residuals. LASSO imposes a penalty on the absolute sum of 

regression coefficients based on the log-likelihood of the model, which can lead coefficients to 

essentially shrink to zero and be dropped from the model.133  

Model use and risk stratification 

When applying this prediction model to new populations, it is recommended that 

coefficients are corrected for overfitting to improve prediction.134 Thus, predictions from final 

model account for shrinkage according to the heuristic shrinkage factor. The heuristic shrinkage 

factor was estimated as χ2
model – df / χ2

model, where χ2
model is the model chi-square and df is the 

number of degrees of freedom. 
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Future use of prediction model to inform risk-based alternative treatment regimens or 

interventions depends on the net-benefit of using that prediction model to guide clinical 

decisions, compared to a default strategy of treating or intervening on all or no patients. 

Therefore, we conducted decision curve analysis across a range of threshold probabilities.135 

(Appendix B6) We additionally suggest cut-offs for three risk groups based on clinical relevance 

and potential utility in future studies, including their respective sensitivity, specificity, positive 

predictive value and negative predictive value. 

Comparison with existing TB outcome prediction models 

Our systematic review found 33 studies presenting 37 prediction models for TB treatment 

outcomes (Chapter 3).74 Of these, only one could be externally validated within the existing 

dataset due to unavailability of predictors and differences in study population (e.g., inclusion of 

participants with MDR-TB or extrapulmonary TB) (Appendix B7)  

For the model that could be externally validated, definitions of predictors were matched 

as well as possible. Missing data were imputed and summarized across ten imputed datasets as 

described above. External validation proceeded with two methods. First, original model 

coefficients were applied to our study cohort. Next, coefficients for the model were updated by 

fitting a new model with each of the included predictors; this step is referred to as model 

updating.136 Discrimination and calibration of the model were evaluated with c-statistics and 

calibration plots, including calibration slope and intercept, respectively.  

Added value analysis 

 An a priori decision was made to evaluate to the added value of HIV-related disease 

severity, given that these data are not routinely collected as part of TB programs, but may be 

important for TB treatment outcome. Three HIV-related disease severity characteristics – CD4 
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T-cell count <200 cells/mm3, plasma HIV-1 RNA >200 copies/mL, and ART experience 

(experienced vs. naïve) – were added to the final model. Each of their added values were 

quantified using likelihood-based measures, the net-reclassification index, and the integrated 

discrimination index. 68,137 

There exists much debate over how to evaluate added value of new biomarkers in 

prediction models. Because there are clear advantages and disadvantages to all methods, we 

present a number of model comparison metrics to quantify the incremental increase in value 

between models where an additional covariate (CD4<200, VL≥200, and prior ART use) was 

included.68  For all added value analyses, a model including each covariate listed above was 

individually compared to the final model from model development in this chapter (hereafter 

referred to as the base model).  

First, we used a likelihood ratio test to compare model fit between the base model and 

added value model. The likelihood ratio test compares the likelihood ratio Χ2 value, a measure of 

how well the observed data can be explained by the model, between the two models. The 

resulting p-value quantifies the comparability between the two models, assuming all model 

assumptions are correct, including the test hypothesis that the models are equal. A low p-value 

suggests that the added value model fits the data better than the base model, whereas a high p-

value suggests the models are comparable in terms of their model fit and ability to predict the 

outcome.128   

Next, we used the net reclassification improvement (NRI), which provides a summary 

measure of the net percentage change of correctly classifying persons with and without the event 

of interest. It is a sum of the net percentage change among persons with the event of interest 

being correctly classified upward (higher risk of outcome) and net percentage change of persons 
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without the event being correctly classified downward (lower risk of outcome). Higher values 

indicate increasingly improved performance.138 However, similar to controversy around 

measuring predictive performance with discrimination, the main disadvantage of the NRI is that 

it depends on the number of categories and cut points used. Additionally, the individual 

components of the NRI (i.e. net percentage change among persons with event of interest and the 

net percentage change among persons without the event of interest) can be interpreted as 

percentages, but the summary measure cannot, because it is weighted by the event rate.68,138  

 The integrated discrimination improvement (IDI) integrates the NRI over all levels of risk 

and is related to differences in model R2, or relative explained variation by the model. 139 

However, similar to the NRI, it is highly dependent on event rate and values tend to be low, 

making them difficult to interpret. 68 

Lastly, we used three different, but related, measures of fraction of new information 

(FNI) gained comparing the added value model and base model. In general, FNI measures how 

much predictive information (relative explained variation) was added by including the additional 

covariate beyond the base model. The three measures we present are the FNILR, which is the FNI 

calculated by comparing model likelihood ratios, FNIVar, which is the FNI calculated by 

comparing the ratio of variances explained by the model, and FNIRisk, which is the FNI 

calculated by comparing variance of predicted risk to the sum of variance of predicted risk and 

average risk.137 

R version 4.0.1 with the tidyverse, mice, rms, hmisc, pROC, and glmnet packages was 

used for analysis. Full code for the analysis is available at https://github.com/lspeetluk/report-tb-

pm.  
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Results 

 The study included 944 culture-confirmed, drug-susceptible pulmonary TB patients who 

started standard anti-TB therapy. Median age of the population was 35 years (interquartile range 

(IQR): 25-49), 34% were female, 80% were non-white, and 19% were PLWH (Table 4.2).  

 Of the 944 participants, 191 (20%) had an unsuccessful outcome, including 29 deaths, 29 

treatment failures, 14 regimen switches, 56 with incomplete treatment, and 63 not evaluated. 

Median time to unsuccessful outcome was 107 days (IQR: 41-176 days), compared to median 

time to successful outcome of 186 days (IQR: 179-205 days). Overall, 914 (97%) of 944 

participants had complete data for every predictor.  

Table 4.2. Characteristics of the RePORT-Brazil study population 

Characteristic N N (%) or Median [IQR] 
Age, years 944 35 [25, 49] 
Female sex 944 317 (34) 
Non-white race 943 751 (80) 
Education, years 943 9.0 (6.0, 12.0) 
BMI, kg/m2 944 20.2 [18.3, 22.5] 
Previous TB 935 142 (15) 
Cavitation on chest x-ray 937 468 (50) 
Smear positive 943 768 (81) 
Diabetes 945 235 (25) 
HIV 938 182 (19) 
   ART experienced 182 71 (39) 

CD4 count, cells/mm3  175 126 [54, 274] 
CD4 count <200 175 116 (66) 

   Viral load, copies/mL 169 32,183 [309, 205,226] 
   Viral load ≥ 200 169 130 (77%) 
Hemoglobin 939 12.10 [10.7, 13.3] 
Any disease comorbidity* 944 143 (15) 
Alcohol use 944 

 

Current 
 

426 (45) 
Former 

 
366 (39) 

Never 
 

152 (16) 
Drug use 943 

 

Current 
 

117 (12) 
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Former 
 

203 (22) 
Never 

 
623 (66) 

Tobacco use 944 
 

Current 
 

216 (23) 
Former 

 
273 (29) 

Never 
 

455 (48) 
NAT2 acetylator status 944  

Rapid  78 (8%) 
Intermediate  382 (40%) 
Slow  484 (51%) 

Treatment outcome category 944  
Cure  386 (41) 
Treatment completion  367 (39) 
Death  29 (3) 
Treatment failure  29 (3) 
Regimen switch  14 (1) 
Treatment incomplete  56 (6) 
Not evaluated  63 (7) 

Unsuccessful outcome  191 (20) 
Italics indicate non-mutually exclusive groups, describing characteristics only among persons living with 
HIV 
*Excluding diabetes and HIV 
 

 Bootstrap inclusion frequencies and final model results are presented in Table 4.3. After 

500 replications of bootstrapped backward selection, the most important predictors of 

unsuccessful treatment (i.e. those included in at least 70% of the bootstrap replications) were 

hemoglobin levels, HIV-positivity, drug use, diabetes, age group, education, and tobacco use.  

The model demonstrated good discrimination with a c-statistic of 0.77 (95% confidence interval 

(CI): 0.73-0.80) (Figure 4.2A), reasonable accuracy with Brier score of 0.14, and good 

calibration, with calibration curve close to diagonal at predicted risks below 0.40 (Figure 4.2B). 

The departure from diagonal at predicted risks above 0.4 is likely due to the lack of very high-

risk patients. There were 107 patients with predicted risk above 0.4, among whom 53 had 

unsuccessful treatment. The Hosmer-Lemeshow goodness-of-fit test indicates decent fit (p=0.1). 

The model showed good internal validation with optimism-corrected c-statistic of 0.75 (95% CI: 
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0.71-0.78), and optimism-corrected calibration intercept and slope were -0.12 and 0.89, 

respectively.  

Table 4.3. Results from bootstrapped backwards selection (x500) and final model (70% 

inclusion frequency) after imputation for missing values (N=944) 

 Bootstrap inclusion 
frequency (%) Coefficient Standard error 

Intercept 100.00 0.66 0.63 
Hemoglobin 98.40 -0.18 0.05 

HIV 97.00 0.71 0.22 
Former drug use 96.80 0.50 0.24 
Current drug use 96.80 1.19 0.28 

Diabetes 95.60 0.65 0.21 
Age group 25-35 88.60 -0.48 0.25 
Age group 35-45 88.60 -0.71 0.27 
Age group 45-55 88.60 -1.09 0.33 
Age group 55+ 88.60 -0.46 0.32 

Years of education 83.00 -0.06 0.02 
Former smoker 82.40 0.63 0.23 
Current smoker 82.40 0.56 0.25 

Female sex 60.80 - - 
BMI 57.40 - - 

Smear positive 53.00 - - 
Non-white race 52.00 - - 

Other comorbidity 34.40 - - 
Previous TB 34.20 - - 

Former alcohol use 22.40 - - 
Current alcohol 

use 22.40 - - 
Chest x-ray 
cavitation 18.00 - - 
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Figure 4.2. Graphical representation of model performance 

A. ROC Curve 

 
 

B. Calibration plot 

 
 
Figure 4.2 legend: A) The receiver operating characteristic (ROC) curve measures discrimination of the model – 
how well the model can differentiate between those with and without an outcome. The blue error bars represent the 
95% confidence intervals for across the ROC curve, using 2000 stratified bootstrap samples. The area under the 
ROC curve, which is equivalent to the c-statistic, is 0.77 (95% CI: 0.73-0.80). B) The calibration plot displays 
agreement between observed and predicted outcome probabilities across deciles of outcome risk. An ideal 
calibration curve has an intercept of 0 and a slope of 1 (dashed line). The apparent calibration (dotted line) is 
calibration of the model in the original data, and the bias-corrected line is corrected for overfitting using 200 
bootstrap samples. The bias-corrected calibration intercept and slope were -0.12 and 0.89, respectively. The top of 
the plot displays a histogram of the distribution of predicted probabilities of unsuccessful outcome for the 944 
culture-confirmed, drug-susceptible, pulmonary TB patients included in the study. 
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 Variable selection and model performance results were consistent across sensitivity 

analyses using complete case analysis and within each imputed dataset (Appendix B3),  as well 

as in sensitivity analyses that used a spline for age (Appendix B4). Model performance was 

similar using a 50% inclusion threshold, model approximation, and LASSO. (Appendix B5). 

 After applying the heuristic shrinkage factor of 0.91, predicted risks from the final model 

can be applied to new populations using a nomogram (Figure 4.3), web-based application 

(https://lauren-peetluk.shinyapps.io/tb_outcome_risk_calculator), or the following formula:  

Probability(unsuccessful=1) = 1/(1+exp(-Χβ*0.91)), where Χβ = 

 0.66 – 0.18*[hemoglobin] + 0.71*[HIV] + 0.50*[former drug use]  

 + 1.19*[current drug use] + 0.65*[diabetes] – 0.48*[age 25-35] – 0.71*[age 35-45]  

 – 1.09*[age 45-55] – 0.46*[age 55+] – 0.06*[years of education]  

 + 0.63*[former smoker] + 0.56*[current smoker]  
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Figure 4.3. Nomogram for final model implementation 

 
 
Figure 4.3 legend: The nomogram above can be used in clinical settings to estimate individual risk of an 
unsuccessful TB outcome. For example, for an individual who is 50-years old with diabetes as their only 
comorbidity, hemoglobin of 13 g/dL, 12 years of education, never drug use, and current tobacco use, their risk is 
calculated as: hemoglobin=78 points, HIV-infection=0 points, drug use=0 points, diabetes=12 points, age=0 points, 
education=7 points, and tobacco use=10 points. Total points = 107, which equates to approximately 11% risk of an 
unsuccessful outcome. This is equivalent to what one would get when using the formula provided in the text: 
1/(1+exp(-Χβ*0.91)), where Χβ = 0.66 – 0.18*[13] + 0.71*[0] + 0.50*[0]  + 1.19*[0] + 0.65*[1] – 0.48*[0] – 
0.71*[0] – 1.09*[1] –0.46*[0 – 0.06*[12] + 0.63*[0] + 0.56*[1] = -2.28. Then risk = 1/(1+exp(-(-2.28)*0.91) = 
11%. This is also consistent with the calculation from the web app.  
 
 

Application of the model to inform risk-based interventions is recommended when the 

cost-benefit ratio of the intervention under consideration is between 1:9 and 2:3 (Appendix B6). 

Sensitivity, specificity, positive predictive value, and negative predictive value across the three 

potential risk groups are in Table 4.4.  

  



 

  61 

Table 4.4. Risk groups and classification measures at two proposed cut-offs 

Risk groups 

Risk group Predicted risk 
thresholds 

N observed unsuccessful 
outcomes / N in group (%) 

Low  <10% 13/307 (4%) 
Medium  10-20% 47/277 (17%) 

High ≥20% 131/360 (36%) 
Classification measures 

Risk groups (cut-off) Sensitivity Specificity PPV NPV 
Medium and high risk (≥10%) 0.93 0.39 0.28 0.96 

High risk (>20%)  0.69 0.69 0.36 0.90 

 

Three risk groups were considered: low risk (predicted outcome risk <10%), medium risk 

(predicted outcome risk between 10% and 20%), and high risk (predicted outcome risk ≥20%). 

Classification measures are shown considering two cut-offs: ≥10% outcome risk (medium and 

high risk), and ≥20% outcome risk (high risk alone). The true positives are calculated 

considering true positives as individuals who experienced an unsuccessful outcome at or above 

the selected risk group, true negatives are individuals who experienced a successful outcome 

below the selected risk group, false positives are individuals who experienced a successful 

outcome but are at or above the selected risk group, and false negatives are individuals who 

experienced an unsuccessful outcome but are below the selected risk group. The intention of this 

table is to provide a range of estimates that can serve as clinical cut-points in future studies or 

clinical practice. For example, if shorter treatment regimens were targeted at individuals in the 

low risk group (n=307), only 13 people (7% of all unsuccessful outcomes) would be mistakenly 

treated with shorter regimens. Alternatively, we could target adherence interventions at 

individuals in the high-risk group (n=360), which comprises 38% of the population but 69% of 

all unsuccessful outcomes. The sensitivity is relatively high when considering a ≥10% cut-off to 

determine treatment/intervention strategies, but at the expense of specificity (a high number of 
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successful outcomes would be unnecessarily treated/intervened), whereas the high risk threshold 

(≥20%) has moderate sensitivity and specificity.  

The risk prediction model developed in this study performed well compared to external 

validation of the Costa-Veiga model, which had, at best, a c-statistic of  0.68 (95% CI: 0.64-

0.71)10 (Appendix B7). Of the HIV-related severity measures, only ART experience added 

notable value to the final prediction model with a net reclassification index of 0.24 and about 3% 

new information gained (Table 4.5). 

Table 4.5. Added value of HIV-related disease severity  

Metric ART experienced CD4 < 200 VL ≥ 200 

LR test p-value 0.03 0.81 0.47 
NRI 0.24 0 0.16 
IDI 0.01 <0.01 <0.01 

FNILR 0.03 <0.01 <0.01 
FNIVar 0.03 <0.01 <0.01 
FNIRisk 0.03 <0.01 <0.01 

NRI=net reclassification index; IDI=integrated discrimination improvement, FNILR=fraction of new information 
based on comparison of model likelihood ratios, FNIVar=fraction of new information based on ratio of the variances 
explained by the models; FNIRisk=fraction new information based on variance of predicted risk to the sum of the 
variance of predicted risk and the average risk 
 

Discussion 

 This analysis describes the development and internal validation of a prognostic tool to 

predict unsuccessful outcome in a prospective cohort of 944 Brazilian patients with culture-

confirmed, drug-susceptible, pulmonary TB. The prediction model combined seven variables, 

including demographics, clinical characteristics, and a single laboratory parameter, which are all 

available in clinical settings at the time of TB diagnosis or treatment initiation. Results were 

robust to different methods of handling non-linearity of age, missing data, and were consistent 

across several variable selection techniques. The model performed well compared to an existing 

prediction model,10 with improved discrimination and calibration. Internal bootstrap validation 
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indicated slight overfitting of the model, but external validation is necessary prior to model 

implementation in any new setting.128 Individual risk from the model developed here can be 

easily calculated in clinical settings at treatment initiation with the provided nomogram, risk 

formula, or an online calculator. 

 In the model, hemoglobin, HIV-infection, drug use, and diabetes were the strongest 

predictors of unsuccessful outcome. These factors have been consistently reported as associated 

with unsuccessful TB outcome. Anemia is linked to worse prognosis and elevated mortality 

following TB diagnosis.140 It has also been suggested as an alternative to CD4 T-cell counts in 

TB/HIV co-infected populations, given it is low cost, wide availability, and possibly similar 

predictive value.141  

 There are clear clinical implications of TB-HIV co-infection, including the effect of HIV 

on TB outcomes. Globally, 9% of incident TB cases in 2019 were co-infected with HIV, yet 

PLWH accounted for 18% of TB deaths. In Brazil, 11% of TB cases were co-infected with HIV, 

yet PLWH accounted for 28% of TB deaths.1 Factors such as poverty, undernutrition, poor 

access to healthcare services, and crowded living conditions additionally interact with both TB 

and HIV to fuel worse treatment outcomes for both, and concomitant treatment of TB and HIV is 

difficult due to drug-drug interactions and increased pill burdens.23 Due to these complexities, 

HIV-infection must be thoughtfully considered when treating TB and predicting outcomes. This 

study evaluated whether factors such as ART, baseline CD4 cell count, and baseline viral load 

added value to predicting TB treatment outcomes. The only factor that added minor predictive 

value was ART experience, but the power to detect differences in the models may have been 

limited by sample size.  
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 Research has additionally suggested a synergistic relationship between TB and diabetes; 

diabetes increases risk of TB and impacts TB treatment outcomes.142 The definition of diabetes 

used in this study was based on self-reported history of diabetes and baseline hyperglycemia 

(HbA1c ≥6.5), which may have influenced observed results. Several recent studies have 

suggested that TB causes dysregulation in blood glucose levels, which can manifest as transient 

pre-diabetes or diabetes mellitus. Though this resolves with treatment in some patients, it may 

still confer increased risk of unsuccessful TB outcomes.143  

 The impact of behavioral factors, such as drug use, alcohol use, and tobacco use, on TB 

treatment outcomes have long been explored. Most studies suggest that drug use and alcohol use 

contribute to poor adherence, treatment discontinuation, and losses to follow-up.144 However, 

mechanistic effects, such as compromising the immune system, may also play a role in treatment 

outcomes.145 In an analysis where a composite endpoint is used, it is not possible to discern 

whether drug use affects TB treatment outcomes by way of poor retention in care or due to 

biologic reasons, but regardless, it was an important predictor of TB treatment outcome.  

 There were several limitations of this study. First, the model used a composite endpoint, 

including deaths, treatment failures, regimen switches, incomplete treatment, and not evaluated. 

This reflects the commonly used TB treatment outcome definition recommended by the WHO, 

and provides a general risk estimate for unsuccessful outcome. However, there may be 

heterogenous predictors for biologic (death, treatment failure, regimen switch) and behavioral 

outcomes (incomplete treatment, not evaluated), and analytic methods that account for 

competing risks or multiple outcomes should be considered in future studies.146 Supplemental 

exploratory analyses presented in Appendix B8 explore the association between factors retained 

in the final prediction model using a multinomial outcome definition. Second, multiple 



 

  65 

imputation was not used to account for missing data. There exists debate about how to develop 

and validate prediction models with multiply imputed data; some recommended approaches 

suggest using stacked datasets or weighting methods, which were not explored in this study due 

to complexities in using them together with bootstrapped backward selection.134,147 However, 

given low amounts of missing data and consistency of the current approach with each 

individually imputed dataset and in complete case analysis, there is confidence in the current 

approach. Third, some of the variables included in the model may not be available in all settings, 

such as surveillance data, which do not typically collect laboratory parameters. Fourth, only one 

existing prediction model could be externally validated with data from RePORT Brazil. Though 

several others may apply to this setting, they could not be externally validated because some 

predictors were not available in the RePORT-Brazil dataset. Fifth, external validation of the 

developed prediction model was not performed due to lack of data availability for a validation 

population. However, we conducted comprehensive internal validation with the bootstrap.128 

Finally, thus far, we did not consider the role of pharmacogenomic factors, such as isoniazid 

acetylation status informed by NAT2, which may also influence prediction of clinical TB 

treatment outcomes. This will be explored further in Aim 3 (Chapter 5). 

Notable strengths of the study include that RePORT Brazil is a moderately-sized 

prospective cohort study of primarily drug-susceptible TB patients in Brazil, who are 

representative of cases throughout Brazil.4 All variables included are easily collected and can be 

readily available at time of TB treatment initiation. The steps of prediction model development 

adhered to best practice guidelines for developing prognostic models, and sensitivity analyses 

confirmed the robustness of results. The bootstrapped backwards selection strategy is a preferred 

alternative to univariable stepwise modeling approaches.129,130 The proportion of times a variable 
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was retained in the model provides information about the importance of that predictor; variables 

included more frequently likely have a stronger independent association with the outcome than 

variables included less often. Performance measures were corrected for overfitting using 

bootstrapped internal validation, and final model coefficients were multiplied by a heuristic 

shrinkage factor, which both aimed to correct for overfitting and improve performance in future 

datasets.128,136 Additionally, the model performed favorably compared to an existing prediction 

model with good discrimination, calibration, and performance. 

 In terms of implementation, this model may be useful to target interventions to 

individuals at highest risk of unsuccessful outcome (risk >20%), or to target shorter treatment 

regimens towards those with the lowest risk of unsuccessful outcome (risk <10%). The 

practicality and acceptability of these approaches are context-specific. Several recent systematic 

reviews and meta-analyses have evaluated the impact of interventions on TB treatment 

outcomes, including DOT, digital health technologies, patient education and counseling, and 

cash transfer programs or other financial support, all of which show potential to improve 

treatment outcomes and could be considered in future risk-based intervention studies.148  

 In conclusion, this paper details the development and internal validation of a 

straightforward and easy-to-use clinical prediction model that combines seven routinely available 

predictors to estimate individual risk of an unsuccessful TB treatment outcome among drug-

susceptible, pulmonary TB patients on standard therapy. The model can be implemented with 

pen and paper, a nomogram, or using a web application. Though the model requires external 

validation prior to widespread implementation in any new setting, the individual risks derived 

from the model may be useful in future studies to allocate resources or target interventions to 

patients at the highest risk of unsuccessful outcome.   
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CHAPTER 5 

 
ADDED VALUE OF NAT2 

Introduction 

Pharmacogenomics, defined as the study of how genes affect individual drug response, 

play an important role in anti-tuberculosis drug levels, and therefore tuberculosis treatment 

efficacy.46 Single nucleotide polymorphisms (SNP) of N-acetyl transferase 2 (NAT2), a gene 

involved in metabolism of isoniazid, are an extensively studied pharmacogenomic concept of TB 

treatment. Isoniazid, one of four first-line anti-TB drugs that is taken during all six months of 

treatment, is particularly important for killing Mycobacterium tuberculosis, the bacillus that 

causes TB.124 Variability in the expression of NAT2 caused by several polymorphisms influences 

individual acetylation of isoniazid, impacting metabolism, drug-induced hepatotoxicity, and 

treatment efficacy. Several studies in Brazil show consistent associations between slow 

acetylation and drug-induced hepatotoxicity.44,149–151  Additional research suggests that fast 

acetylators of isoniazid may metabolize isoniazid too rapidly to reach the key bactericidal 

activity, resulting in therapeutic failure or relapse.124,152,153 However, to date, prediction models 

have not considered whether isoniazid acetylation status, informed by polymorphisms of NAT2, 

can improve prediction of clinical TB outcomes. Thus, we sought to evaluate whether adding 

NAT2 acetylator status would improve the performance of the prediction model developed in 

Chapter 4.  

Methods 

Based on extensive pharmacogenomic literature and previous work in Brazil, the group at 

Vanderbilt’s Technologies for Advanced Genomics (VANTAGE) Core targeted functional 

genetic variants of NAT2 known to affect metabolism of isoniazid in accordance with the 
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protocol of the TB/HIV R01.154 As explained in Chapter 4, genotyping of NAT2 to characterize 

isoniazid metabolism (NAT2 acetylator status) was performed at VANTAGE (Vanderbilt 

Technology for Advanced Genomics) using MassARRAY iPLEX Gold (Agena Bioscience, 

California, USA) and Taqman (ThermoFisher Scientific, Massachusetts, USA). NAT2 acetylator 

status was divided into 3 standard groups: slow, intermediate, or fast. Based on combinations of 

rs1801280 (NAT2*5), rs1799930 (NAT2*6), rs1799931 (NAT2*7), and rs1801279 (NAT2*14),  

slow acetylators were identified as homozygous for the variant allele at any locus or 

heterozygous at two or more loci, intermediate acetylators were heterozygous at a single locus, 

and rapid acetylators did not contain a variant allele at any loci.155  

Quality control included comparing estimates of allele frequency against 1000 Genomes 

reference estimates, calculation of Hardy-Weinberg Equilibrium p-values, and removal of 

samples and genotype call rates <95%, all of which were carried out with PLINK.156 The 

pharmacogenomic data for the study – NAT2 genotyping – were performed as part of the 

TB/HIV R01 (R01 A1120790) and with additional support to Dr. David W. Haas (AI077505, 

AI110527, AI120790 and TR002243) 

The added value analysis used the same data from RePORT-Brazil, detailed in Chapter 4. 

In brief, the study population included 944 culture-confirmed, pulmonary TB cases enrolled in 

RePORT-Brazil. The final model from Chapter 4 was considered the base model for this 

analysis. Predicted risks from the model incorporating acetylation status were calculated by 

fitting logistic regression with the linear predictor from the model developed in Chapter 4 as an 

offset term and acetylation status as the predictor. Predicted risks from this model were 

compared to the predicted risks the model developed in Aim 2 to assess added value. Several 
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methods were used to quantify the added value in predictive models, including the likelihood 

ratio test, NRI, IDI, and FNI metrics.70,137 Details on each method is available in Chapter 4.  

Results 

 Overall, 78 (8%) of participants were fast acetylators, 382 (40%) were intermediate 

acetylators, and 484 (51%) were slow acetylators. The distribution of NAT2 acetylator status was 

similar across HIV-infection and outcome (Table 5.1) 

Table 5.1. Distribution of isoniazid acetylator status by HIV and outcome 

 NAT2 acetylator status 
Characteristic Fast  

(n=78, 8%) 
Intermediate 

 (n=382, 40%) 
Slow  

(n=484, 51%) 
HIV test result    
     Negative 61 (8) 307 (40) 394 (52) 
     Positive 17 (9) 75 (41) 90 (49) 
Outcome    
     Successful  62 (8) 306 (41) 385 (51) 
     Unsuccessful 16 (8) 76 (40) 99 (52) 
Outcome category    
     Cure 34 (9) 152 (39) 200 (52) 
     Treatment complete 28 (8) 154 (32) 185 (50) 
     Death 2 (7) 13 (45) 14 (48) 
     Treatment failure 2 (7) 10 (34) 17 (59) 
     Regimen switch 0 (0) 8 (57) 6 (43) 
     Treatment incomplete 3 (5) 21 (38) 32 (57) 
     Not evaluated 9 (14) 24 (38) 30 (48) 

 

Upon, adding acetylation status to the final model in Chapter 4, there were no improvements in 

model performance, evidenced by a likelihood ratio p-value of 0.88, an NRI of 0.14, an IDI 

<0.01 and all FNI metrics were <0.01.  

Discussion 

We did not observe any association between NAT2 acetylator status and unsuccessful TB 

treatment outcome, resulting in no additional value added when included in the final model from 
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Chapter 4. Although NAT2 acetylator status has been consistently reported as associated with 

drug metabolism and toxicity, there exists limited research on its association with clinical 

treatment outcome.124,155   

These results do not support a need for genotyping of NAT2 in order to predict end of 

treatment TB outcomes. However, we did not evaluate the association between NAT2 acetylator 

status and toxicity endpoints, which may be more informative for informing early treatment 

outcomes, dosing recommendations, and the relationship between NAT2 acetylator status, drug 

levels, and metabolism. Participants with treatment-associated toxicity may have dose alterations 

without complete regimen modification or treatment failure and would not have been captured as 

unsuccessful outcomes in this study.  Further, we only evaluated acetylation status of isoniazid, 

which is the most highly researched metabolic profile in TB treatment. Variants associated with 

metabolism of other anti-TB drugs, including SLC1B1 which typically defines rifampin 

acetylation status, may play a role in TB treatment outcomes, and more research in the area is 

warranted. Forthcoming work from RePORT-Brazil and the TB/HIV R01 will provide context to 

these remaining questions.  
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CHAPTER 6 

CONCLUSIONS AND FUTURE DIRECTIONS 
 

For decades, TB has been a leading cause of death. Despite widespread availability of 

curative treatment, treatment success rates remain well below WHO targets. The minimum six-

month duration of standard treatment poses a challenge in many countries, resulting in high rates 

of non-adherence and losses to follow-up. Understanding the drivers of unsuccessful treatment 

outcomes and developing strategies to improve treatment success rates is a key research focus.2 

Clinical prediction models for tuberculosis treatment outcomes, which summarize several factors 

into a single predicted outcome risk, may help inform resource allocation, intervention delivery, 

and duration of treatment pending advances in and availability of shorter TB treatment regimens. 

However, our systematic review of existing TB outcome prediction models identified multiple 

sources of bias, including poor reporting of study population and methods, exclusion of missing 

data, lack of calibration assessment, and limited validation. Additionally, none of the prediction 

models were developed for use in Brazil, which is a high-burden TB country with subpar 

treatment success rates.1,4 The systematic review findings set a strong foundation for the new 

prediction model developed using data from RePORT-Brazil.  

 In a reasonably-sized, diverse, and representative sample of adult, culture-confirmed, 

drug-susceptible, pulmonary TB cases in Brazil, a prediction model for unsuccessful TB 

treatment outcomes was developed. The model performed well in terms of discrimination and 

calibration. All methods were reported according to TRIPOD guidelines110,111 and adhere to 

recommendations by the PROGRESS partnership;24 candidate predictors were informed by 

previous research and clinician input, missing data were imputed, continuous variables were 

evaluated for non-linearity, predictor selection was not based solely on univariable methods, 
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calibration was evaluated with a calibration plot, data were internally validated with bootstrap 

resampling, and a shrinkage factor was applied to improve prediction in external or future data. 

The relative importance of variables was enumerated, defined by the number of times a variable 

was included after model selection over 500 bootstrap resamples. The final model included seven 

factors that were selected in at least 70% of bootstrap resamples, including hemoglobin, HIV-

infection, drug use, diabetes, age, years of education, and tobacco use. The added value of HIV-

related disease severity measures – ART therapy use, CD4 cell count, and HIV-1 RNA viral load 

– and NAT2 acetylator status, describing isoniazid metabolism, was additionally evaluated. Only 

baseline ART use among PLWH added any notable improved prediction to the final model. We 

conjecture about several potential reasons for this in the conclusions of Chapter 4 and Chapter 5, 

but more research in this area is required to better understand the complex role of HIV-related 

factors and NAT2 acetylator status in TB treatment outcomes. 

These findings may be useful to inform future intervention studies to determine the 

feasibility and impact of targeted interventions or altered duration of therapy directed towards 

TB patients with the greatest risk (or lowest risk) of unsuccessful treatment outcomes. The 

results can also serve as reference to future data collection in observational settings by 

quantifying the importance of clinical, demographic, epidemiologic, and pharmacogenomic data.  

These study results provide further evidence for the combined influence of clinical and 

behavioral characteristics in predicting unsuccessful TB treatment outcomes. The observed 

importance hemoglobin, HIV, and diabetes are consistent with previous research on predictors 

for unsuccessful TB treatment outcomes, primarily death and treatment 

failure.71,116,123,140,143,157,158 Whereas factors such as education, drug use, and tobacco use may be 

more related to nonadherence, lack of treatment completion, and losses to follow-up.144,159–162 
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The grouping of “biologic” and “behavioral” variables and the hypothesized different 

mechanisms by which they influence TB treatment outcomes were confirmed by analyses 

presented in Appendix B, where prediction models were developed separately for 1) death, 

treatment failure, and regimen switches (excluding individuals who did not completed treatment 

or were not evaluated) and 2) treatment incomplete and not evaluated (excluding individuals who 

died during treatment, failed treatment, or switched regimens). The relationship between 

predictive factors and individual TB treatment outcomes is complex and highly dependent 

outcome definition. Additional research on how to best define TB treatment outcomes, including 

how to handle informative censoring and proxy outcomes is necessary.163,164 

One of the main strengths of this study was robust attention to recent, rigorous guidelines 

for critically appraising and evaluating bias in systematic reviews prediction model studies, as 

well standards for reporting on development and validation of new prediction models.26,36,110 

Upon developing our prediction model for unsuccessful TB treatment outcomes in Brazil, we 

considered many steps that were often overlooked in previous models. We imputed missing data, 

using a summarized dataset for the main analysis, but finding consistent results when comparing 

variable selection and performance across each of the ten imputed datasets. We evaluated non-

linearity of continuous variables, resulting in a group-level clinical decision to use five age 

categories in the main analysis, though results were consistent with supplemental analyses that 

employed age using a restricted cubic spline with four knots.165  We did not rely strictly on 

univariable-based variable selection, and, instead, used bootstrapped backwards selection to 

enumerate the relative importance of all candidate variables across 500 bootstrap samples, and 

included only those that were selected in more than 70% of the models in the final model.129,130 

Model performance and variables included were similar to several other variable selection 
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methods, including model approximation and LASSO. We used bootstrap resampling for internal 

validation, which is a more efficient use of data, compared to split-sample validation, because it 

makes use of all data.166 We evaluated discrimination and calibration using recommended 

metrics, including presenting an ROC curve and calibration plot.35,35,132 We calculated a heuristic 

shrinkage factor based on model parameters, and supplied it alongside the full model formula to 

enable efficient calculation of individual predicted risks and improve prediction in other samples. 

The final prediction model is also available via a web-based tool.  

Another major strength of the study is that the data used to generate the model were 

collected prospectively using uniform data collection procedures and rigorous quality assurance 

in a relatively large and representative sample of TB patients in Brazil.4 Because Brazil has an 

ethnically diverse population, results may be generalizable to other countries as well. All 

variables included in the final model are readily available and easily-assessed at the time of TB 

treatment initiation and are consistent with many recognized predictors of unsuccessful TB 

treatment outcomes.  

We additionally evaluated importance of HIV-related severity measures and NAT2 

acetylator status, which had not been explored previously. Only ART use improved the 

performance slightly, though likely not enough to warrant inclusion in the final model, whereas 

CD4 cell count, viral load, and NAT2 acetylator status were largely unhelpful beyond the final 

model for predicting unsuccessful TB treatment outcomes. 

There are, however, several limitations to consider for this project. In Chapter 3, quality 

assessment and data synthesis were limited by poor reporting in primary studies. The review 

aimed to evaluate prediction models for adult, drug-susceptible, pulmonary TB treatment 

outcomes, but many studies did not provide detail about the distribution of factors such as age, 
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drug resistance, and extrapulmonary TB assessment. Thus, population heterogeneities may have 

played some role in observed differences between model performance and predictors across 

studies. In Chapter 4, we attempted to externally validate some of the prediction models 

discovered in Chapter 3, but due to lack of predictor availability and differences in study 

population in most of the original studies, only one model was able to be externally validated 

with data from RePORT-Brazil.10 

Another important consideration in Chapter 4 is that the included study population was 

restricted to drug-susceptible, culture-confirmed, pulmonary TB cases, who were started on a 

first line tuberculosis treatment regimen. The model developed does not apply to multi-drug 

resistant TB cases or extrapulmonary TB cases requiring more than six months of treatment. 

PLWH made up 20% of study population, so our inability to detect improved model performance 

with the addition of HIV-related factors may have been limited by sample size. Further, primary 

analyses used a composite outcome, grouping together death during TB treatment, treatment 

failure, regimen switches, treatment incomplete, and not evaluated. As we show in Appendix B, 

factors predictive of “biologic” endpoints (death, treatment failure, and regimen switch) are 

different than factors predictive of “behavioral” endpoints (treatment incomplete and not 

evaluated). However, the prediction model for a composite unsuccessful outcome is perhaps 

most informative at the start of TB treatment to identify individuals with a high risk of any 

unsuccessful outcome, regardless of which specific outcome is experienced. Future interventions 

and research studies should consider addressing competing risks and informative censoring when 

evaluating factors associated with these mechanistically different outcomes.163,164,167 Depending 

on how the model is deployed, different outcome definitions may need to be considered, and 

efforts to ensure the intervention or treatment strategies informed by the model should closely 
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align with a well-defined outcome. Finally, though we performed thorough internal validation, 

we did not externally validate our model, given lack of available external validation data at the 

time of the study. External validation is a key step in prediction modeling and required prior to 

use of a prediction model in any new setting.168  

Future directions 

The work presented in this project addressed many gaps in prognostic research focused 

on predicting unsuccessful TB treatment outcomes, but many additional questions remain. 

Notably, future studies should consider how to best implement the model in clinical practice. It 

might be useful to target shorter treatment regimens at individuals with the lowest risk of 

unsuccessful outcome. Alternatively, adherence interventions, enhanced or more intensive 

treatment regimens, or more attentive treatment plans could be beneficial for high-risk 

individuals. Additionally, the results can inform data collection processes of future studies by 

highlighting what data is important in predicting TB treatment outcomes.  

Further, given that this model was developed in just a subset of cohort participants in 

Brazil, external validation in other countries or with a larger group of TB patients in Brazil may 

provide important information. There are plans to develop a slightly revised model using only 

parameters that are available in SINAN, which could be applied across Brazil. Additionally, 

external validation other RePORT site in as China, India, Indonesia, the Philippines, and South 

Africa, may be possible given that similar data are collected and will be harmonized across all 

settings.  

Summary 

There is pressing need for improvement of TB treatment outcomes worldwide and in 

Brazil. Prediction models for TB treatment outcomes may help inform resource allocation, 
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treatment strategies, and intervention efforts. However, we found that existing prediction models 

were lacking due to poor reporting of study population and methods, exclusion of missing data, 

lack of calibration assessment, and limited validation. We developed a new prediction model 

with prospective data from RePORT-Brazil, a representative sample of adult, culture-confirmed, 

drug-susceptible, pulmonary TB cases in Brazil. The final model used seven easily collected 

predictors – hemoglobin, HIV-infection, drug use, diabetes, age, years of education, and tobacco 

use – that are all readily available at the time of TB treatment initiation. The model performed 

well in internal validation but requires external validation. Future external validation and 

implementation studies will provide additional insight into how well this model performs and 

can be used across settings. 
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Appendix A - Chapter 3 Appendix 

Appendix A1. PRISMA Checklist 

Section/topic  # Checklist item  Reported 
on page #  

TITLE  

Title  1 Identify the report as a systematic review, meta-analysis, or both.   

ABSTRACT  
Structured 
summary  

2 Provide a structured summary including, as applicable: background; 
objectives; data sources; study eligibility criteria, participants, and 
interventions; study appraisal and synthesis methods; results; limitations; 
conclusions and implications of key findings; systematic review 
registration number.  

 

INTRODUCTION  

Rationale  3 Describe the rationale for the review in the context of what is already 
known.  

 

Objectives  4 Provide an explicit statement of questions being addressed with 
reference to participants, interventions, comparisons, outcomes, and 
study design (PICOS).  

 

METHODS  
Protocol and 
registration  

5 Indicate if a review protocol exists, if and where it can be accessed (e.g., 
Web address), and, if available, provide registration information 
including registration number.  

 

Eligibility criteria  6 Specify study characteristics (e.g., PICOS, length of follow-up) and 
report characteristics (e.g., years considered, language, publication 
status) used as criteria for eligibility, giving rationale.  

 

Information 
sources  

7 Describe all information sources (e.g., databases with dates of coverage, 
contact with study authors to identify additional studies) in the search 
and date last searched.  

 

Search  8 Present full electronic search strategy for at least one database, including 
any limits used, such that it could be repeated.  

 

Study selection  9 State the process for selecting studies (i.e., screening, eligibility, 
included in systematic review, and, if applicable, included in the meta-
analysis).  

 

Data collection 
process  

10 Describe method of data extraction from reports (e.g., piloted forms, 
independently, in duplicate) and any processes for obtaining and 
confirming data from investigators.  

 

Data items  11 List and define all variables for which data were sought (e.g., PICOS, 
funding sources) and any assumptions and simplifications made.  

 

Risk of bias in 
individual studies  

12 Describe methods used for assessing risk of bias of individual studies 
(including specification of whether this was done at the study or 
outcome level), and how this information is to be used in any data 
synthesis.  

 

Summary 
measures  

13 State the principal summary measures (e.g., risk ratio, difference in 
means).  
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Synthesis of 
results  

14 Describe the methods of handling data and combining results of studies, 
if done, including measures of consistency (e.g., I2) for each meta-
analysis.  

 

Risk of bias 
across studies  

15 Specify any assessment of risk of bias that may affect the cumulative 
evidence (e.g., publication bias, selective reporting within studies).  

 

Additional 
analyses  

16 Describe methods of additional analyses (e.g., sensitivity or subgroup 
analyses, meta-regression), if done, indicating which were pre-specified.  

 

RESULTS  

Study selection  17 Give numbers of studies screened, assessed for eligibility, and included 
in the review, with reasons for exclusions at each stage, ideally with a 
flow diagram.  

 

Study 
characteristics  

18 For each study, present characteristics for which data were extracted 
(e.g., study size, PICOS, follow-up period) and provide the citations.  

 

Risk of bias 
within studies  

19 Present data on risk of bias of each study and, if available, any outcome 
level assessment (see item 12).  

 

Results of 
individual studies  

20 For all outcomes considered (benefits or harms), present, for each study: 
(a) simple summary data for each intervention group (b) effect estimates 
and confidence intervals, ideally with a forest plot.  

 

Synthesis of 
results  

21 Present results of each meta-analysis done, including confidence 
intervals and measures of consistency.  

 

Risk of bias 
across studies  

22 Present results of any assessment of risk of bias across studies (see Item 
15).  

 

Additional 
analysis  

23 Give results of additional analyses, if done (e.g., sensitivity or subgroup 
analyses, meta-regression [see Item 16]).  

 

DISCUSSION  

Summary of 
evidence  

24 Summarize the main findings including the strength of evidence for each 
main outcome; consider their relevance to key groups (e.g., healthcare 
providers, users, and policy makers).  

 

Limitations  25 Discuss limitations at study and outcome level (e.g., risk of bias), and at 
review-level (e.g., incomplete retrieval of identified research, reporting 
bias).  

 

Conclusions  26 Provide a general interpretation of the results in the context of other 
evidence, and implications for future research.  

 

FUNDING  

Funding  27 Describe sources of funding for the systematic review and other support 
(e.g., supply of data); role of funders for the systematic review.  

 

 
From:  Moher D, Liberati A, Tetzlaff J, Altman DG, The PRISMA Group (2009). Preferred Reporting Items for Systematic Reviews and Meta-
Analyses: The PRISMA Statement. PLoS Med 6(7): e1000097. doi:10.1371/journal.pmed1000097  
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Appendix A2. CHARMS Checklist 

 
Domain 

 
Key items 

Reported 
on page 
# 

SOURCE OF DATA Source of data (e.g., cohort, case-control, randomized trial participants, or 
registry data) 

 

 

 

PARTICIPANTS 

Participant eligibility and recruitment method (e.g., consecutive 
participants, location, number of centers, setting, inclusion and exclusion 
criteria) 

 

Participant description  
Details of treatments received, if relevant  
Study dates  

 

 

OUTCOME(S) TO 

BE PREDICTED 

Definition and method for measurement of outcome  
Was the same outcome definition (and method for measurement) used in all 
patients? 

 

Type of outcome (e.g., single or combined endpoints)  
Was the outcome assessed without knowledge of the candidate predictors 
(i.e., blinded)? 

 

Were candidate predictors part of the outcome (e.g., in panel or consensus 
diagnosis)? 

 

Time of outcome occurrence or summary of duration of follow-up  
 

 

CANDIDATE 

PREDICTORS 

(OR INDEX TESTS) 

Number and type of predictors (e.g., demographics, patient history, 
physical examination, additional testing, disease characteristics) 

 

Definition and method for measurement of candidate predictors  
Timing of predictor measurement (e.g., at patient presentation, at diagnosis, at 
treatment initiation) 

 

Were predictors assessed blinded for outcome, and for each other (if 
relevant)? 

 

Handling of predictors in the modelling (e.g., continuous, linear, non-linear 
transformations or categorized) 

 

SAMPLE SIZE Number of participants and number of outcomes/events  
Number of outcomes/events in relation to the number of candidate predictors 
(Events Per Variable) 

 

 

MISSING DATA 

Number of participants with any missing value (include predictors and 
outcomes) 

 

Number of participants with missing data for each predictor  
Handling of missing data (e.g., complete-case analysis, imputation, or other 
methods) 

 

 

 

 

MODEL 

DEVELOPMENT 

Modelling method (e.g., logistic, survival, neural network, or machine 
learning techniques) 

 

Modelling assumptions satisfied  
Method for selection of predictors for inclusion in multivariable 
modelling (e.g., all candidate predictors, pre-selection based on 
unadjusted association with the outcome) 

 

Method for selection of predictors during multivariable modelling 
(e.g., full model approach, backward or forward selection) and criteria 
used (e.g., p-value, Akaike Information Criterion) 

 

Shrinkage of predictor weights or regression coefficients (e.g., no 
shrinkage, uniform shrinkage, penalized estimation) 
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MODEL 

PERFORMANCE 

Calibration (calibration plot, calibration slope, Hosmer-Lemeshow 
test) and Discrimination (C-statistic, D-statistic, log-rank) 
measures with confidence intervals 

 

Classification measures (e.g., sensitivity, specificity, predictive values, net 
reclassification improvement) and whether a-priori cut points were used 

 

 

 

MODEL 

EVALUATION 

Method used for testing model performance: development dataset only 
(random split of data, resampling methods e.g. bootstrap or cross-validation, 
none) or separate external validation (e.g. temporal, geographical, different 
setting, different investigators) 

 

In case of poor validation, whether model was adjusted or updated (e.g., 
intercept recalibrated, predictor effects adjusted, or new predictors 
added) 

 

 

 

RESULTS 

Final and other multivariable models (e.g., basic, extended, 
simplified) presented, including predictor weights or regression 
coefficients, intercept, baseline survival, model performance 
measures (with standard errors or confidence intervals) 

 

Any alternative presentation of the final prediction models, e.g., sum score, 
nomogram, score chart, predictions for specific risk subgroups with 
performance 

 

Comparison of the distribution of predictors (including missing data) for 
development and validation datasets 

 

INTERPRETATION 

AND DISCUSSION 

Interpretation of presented models (confirmatory, i.e., model useful for 
practice versus exploratory, i.e., more research needed) 

 

Comparison with other studies, discussion of generalizability, strengths and 
limitations. 
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Appendix A3. Prediction model Risk Of Bias Assessment Tool (PROBAST)  

Link to full explanation and elaboration document36 
 

Domain 1: Participants 
The overall aim for prediction models is to generate absolute risk predictions that are correct in new individuals. Certain data sources or designs are not suited 
to generate absolute probabilities. Problems may also arise if a study inappropriately includes or excludes participant groups from entering the study 

 Signaling question Yes/probably yes No/probably no No information 

1 
 What study design was 
used and was it 
appropriate? 

Yes: If a cohort design (including RCT 
or proper registry data) was used and 
you have confidence in data quality 
and participant enrollment is clearly 
described 
 
Probably yes: a nested case–control or 
case–cohort design (with proper 
adjustment of the baseline risk/hazard 
in the analysis) has been used or a 
cohort design was used but participant 
enrollment was data quality is unclear 

No: If a non-nested case–control 
design has been used  
 
Probably no: a nested case-control 
study was used without proper 
adjustment of baseline risk/hazard 

If the method of participant sampling 
is unclear. 

2 
Were all inclusion and 
exclusion criteria 
appropriate? 

Yes: Inclusion and exclusion are clear 
and selection participants was 
appropriate, so participants correspond 
to unselected participants of interest 
(i.e. the target population). 
 
Probably yes: Inclusion and exclusion 
criteria are not entirely clear, but it 
seems like the population is 
representative of the target population 

No: If participants are included who 
would already have been identified as 
having the outcome and so are no 
longer at risk of developing outcome, 
or if specific subgroups are excluded 
that may have altered the performance 
of the prediction model for the 
intended target population. 
 
Probably no: inclusion and exclusion 
criteria are unclear, and it seems 
possible that there was bias in selection 
of participants that could lead to the 
model being applied to a population 
that is unrepresentative of the target 
population.  

When there is no information on 
whether inappropriate inclusions or 
exclusions took place. 

 
Low risk of bias High risk of bias Unclear risk of bias 
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If the answer to all signaling questions is “Yes” or 
“Probably yes,” then risk of bias can be considered low. 
If ≥1 of the answers is “No” or “Probably no,” the 
judgment could still be “Low risk of bias” but specific 
reasons should be provided why the risk of bias can be 
considered low. 

If the answer to any of the signaling questions is 
“No” or “Probably no,” there is a potential for 
bias, except if defined at low risk of bias above. 

If relevant information is missing for some 
of the signaling questions and none of the 
signaling questions is judged to put this 
domain at high risk of bias. 

 
 

Domain 2: Predictors  
Bias in model performance can occur when the definition and measurement of predictors is flawed. Predictors are the variables evaluated for their 
association with the outcome of interest. Bias can occur, for example, when predictors are not defined in a similar way for all participants or knowledge of 
the outcome influences 

 Signaling question Yes/probably yes No/probably no No information 

1 
Were predictors defined and 
assessed in a similar way for all 
participants? 

Yes: It is clear that definitions of 
predictors and their assessment were 
similar for all participants. 
 
Probably yes: Some predictors were 
based off subjective judgement but 
carried out by persons with the 
necessary skills to evaluate the 
predictor, or if data from multiple 
sources was used but predictor 
definitions were standardized between 
sources. 

 

No: If different definitions were used 
for the same predictor or if predictors 
requiring subjective interpretation 
were assessed by differently 
experienced assessors 
 
Probably no: Data from multiple 
sources was used and it’s unclear 
whether definitions were standardized 
between sources or if subjective 
measurements were likely not carried 
out by persons with appropriate 
training.  

If there is no information on how 
predictors were defined or assessed. 

2 
 Were predictor assessments 
made without knowledge of 
data outcome? 

Yes: If outcome information was 
stated as not used during predictor 
assessment or was clearly not (yet) 
available to those assessing predictors 
(i.e. prospective data collection). 
 
Probably yes: If it is likely that 
outcome information was not used 
during predictor assessment, but not 
entirely clear (retrospective data 
collection/surveillance data) 

If it is clear that outcome information 
was used when assessing predictors. 

No information on whether 
predictors were assessed without 
knowledge of outcome information. 
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3 
Are all predictors available at 
the time the model was 
intended to be used? 

 All included predictors would be 
available at the time the model is 
intended to be used for prediction 

 Predictors would not be available at 
the time the model is intended to be 
used for prediction. 

No information on whether 
predictors would be available at the 
time the model is intended to be 
used for prediction. 

 
Low risk of bias High risk of bias Unclear risk of bias 

If the answer to all signaling questions is “Yes” or 
“Probably yes,” then risk of bias can be considered low. If 
≥1 of the answers is “No” or “Probably no,” the judgment 
could still be “Low risk of bias” but specific reasons 
should be provided why the risk of bias can be considered 
low. 

If the answer to any of the signaling questions 
is “No” or “Probably no,” there is a potential 
for bias, except if defined at low risk of bias 
above. 

If relevant information is missing for some of 
the signaling questions and none of the 
signaling questions is judged to put this 
domain at high risk of bias. 

 
 

Domain 3: Outcome 
Bias in model performance can occur when methods used to determine outcomes incorrectly classify participants with or without the outcome. Bias in 
methods of outcome determination can result from use of suboptimal methods, tests, or criteria that lead to unacceptably high levels of errors in outcome 
determination, when methods are inconsistently applied across participants, or when knowledge of predictors influence outcome determination. Incorrect 
timing of outcome determination can also result in bias. 
 Signaling question Yes/probably yes No/probably no No information 

1 Was the outcome determined 
appropriately? 

If a method of outcome determination 
has been used which is considered 
optimal or acceptable by guidelines or 
previous publications on the topic 
Note: This is about level of 
measurement error within the method 
of determining the outcome (see 
concerns for applicability about 
whether the definition of the outcome 
method is appropriate). 

If a clearly suboptimal method has 
been used that causes unacceptable 
error in determining outcome status in 
participants 

No information on how outcome 
was determined 

2 Was the outcome pre-specified 
or standard? 

Yes: If the method of outcome 
determination is objective, or if a 
standard outcome definition is used, or 
if prespecified categories are used to 
group outcomes. (i.e. outcome 
assessment is based on previously 
published studies, published study 
protocol, or clinical guidelines) 
 

No: If the outcome definition was not 
standard and not prespecified 
 
Probably no: a non-standard or non-
prespecified outcome was used, and it 
is unclear whether the outcome 
definition could introduce bias.   
 

No information on whether the 
outcome definition was 
prespecified or standard  
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Probably yes: The outcome 
determination is not clearly based on 
guidelines or previous research, but 
outcome assessment is objective and 
would not inadvertently alter study 
results 

*Caution with composite outcomes 
that favor a better model by excluding 
typical outcome components or 
including atypical events 

3 Were predictors excluded from 
outcome definition? 

Yes: None of the predictors are 
included in the outcome definition 
(clearly stated) 
 
Probably yes: None of the predictors 
are included in the outcome definition 
(assumed)  

If ≥1 of the predictors forms part of the 
outcome definition 

No information on whether 
predictors are excluded from the 
outcome definition 

4 
 Was the outcome defined and 
determined in a similar way for 
all participants? 

Yes: If outcomes were defined and 
determined in a similar way for all 
participants (clearly stated) 
 
Probably yes: If outcomes were 
defined and determined in a similar 
way for all participants (assumed) 

If outcomes were clearly defined and 
determined in a different way for some 
participants 

No information on whether 
outcomes were defined or 
determined in a similar way for all 
participants 

5  Was the outcome determined 
without predictor information 

Yes: If predictor information was not 
known when determining the outcome 
status, or outcome status determination 
is clearly reported as determined 
without knowledge of predictor 
information. 
 
Probably yes: predictor information 
might have been available at time of 
outcome assessment, but outcome 
definition is objective and knowing 
information about predictors would not 
influence outcome assessment (i.e., 
death, treatment failure based on 
culture results, etc.) 

No: If it is clear that predictor 
information was used when 
determining the outcome status 
 
Probably no: it is likely predictor 
information was available at the time 
of outcome assessment, and outcome 
definition is subjective, and knowledge 
of predictors could influence outcome 
determination.  

No information on whether 
outcome was determined without 
knowledge of predictor 
information 

6 

Was the time interval between 
predictor assessment and 
outcome determination 
appropriate 

If the time interval between predictor 
assessment and outcome determination 
was appropriate to enable the correct 
type and representative number of 
relevant outcomes to be recorded, or if 

If the time interval between predictor 
assessment and outcome determination 
is too short or too long to enable the 
correct type and representative number 
of relevant outcomes to be recorded. 

If no information was provided on 
the time interval between predictor 
assessment and outcome 
determination. 
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no information on the time interval is 
required to allow a representative 
number of the relevant outcome occur 
or if predictor assessment and outcome 
determination were from information 
taken within an appropriate time 
interval.  

 

 
Low risk of bias High risk of bias Unclear risk of bias 

If the answer to all signaling questions is “Yes” or “Probably 
yes,” then risk of bias can be considered low. If ≥1 of the 
answers is “No” or “Probably no,” the judgment could still 
be “Low risk of bias” but specific reasons should be 
provided why the risk of bias can be considered low. 

If the answer to any of the signaling questions 
is “No” or “Probably no,” there is a potential 
for bias, except if defined at low risk of bias 
above. 

If relevant information is missing for some 
of the signaling questions and none of the 
signaling questions is judged to put this 
domain at high risk of bias. 

 
 

Domain 4: Analysis 
Statistical analysis is a critical part of prediction model development and validation. The use of inappropriate statistical analysis methods increases the 
potential for bias in reported model performance measures. Model development studies include many steps where flawed methods can distort results. We 
recommend reviewers seek statistical advice when completing 
 Signaling question Yes/probably yes No/probably no No information 

1 
Were there a reasonable number 
of participants with the 
outcome? 

For model development studies, if the 
number of participants with the outcome 
relative to the number of candidate predictor 
parameters is ≥20 (EPV ≥20).* 
 
For model validation studies, if the number 
of participants with the outcome is ≥100. 
 

For model development studies, if 
the number of participants with the 
outcome relative to the number of 
candidate predictor parameters is 
<10 (EPV <10).* 
 
For model validation studies, if the 
number of participants with the 
outcome is <100. 

For model development studies, 
no information on the number 
of candidate predictor 
parameters or number of 
participants with the outcome, 
such that the EPV cannot be 
calculated. 
 
For model validation studies, 
no information on the number 
of participants with the 
outcome. 

  
* For EPVs between 10 and 20, the item should be rated as either probably yes or probably no, depending on the 
outcome frequency, overall model performance, and distribution of the predictors in the model. For more guidance, 
see references 145 to 147. 

2 
Were continuous and categorical 
predictors handled 
appropriately? 

Yes: If continuous predictors are kept as 
continuous or if continuous predictors are 
examined as linear or non-linear using 

No: For model development 
studies, if continuous predictors are 

No information on whether 
continuous predictors are 
examined for nonlinearity and 
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restricted cubic splines or fractional 
polynomials.  
 
Probably yes: If continuous predictors are 
not converted into >2 categories when 
included in the model (i.e., dichotomized or 
categorized) using a prespecified method or 
in a way that avoids sparse data/would not 
intentionally improve statistical significance.  
 
For model validation studies, if continuous 
predictors are included using the same 
definitions or transformations, and 
categorical variables are categorized using 
the same cut points, as compared with the 
development study. 

converted into 2 categories when 
included in the model. 
 
Probably no: If categorical 
predictor group definitions do not 
use a prespecified method or 
continuous variables were split into 
>2 groups, but the decision of how 
to split variables is unclear. 
 
For model validation studies, if 
continuous predictors are included 
using different definitions or 
transformations, or categorical 
variables are categorized using 
different cut points, as compared 
with the development study. 

no information on how 
categorical predictor groups are 
defined. 
 
For model validation studies, 
no information on whether the 
same definitions or 
transformations and the same 
cut points are used, as 
compared with the 
development study. 

3  Were all enrolled participants 
included in the analysis? 

If all participants enrolled in the study are 
included in the data analysis. 

If some or a subgroup of 
participants are inappropriately 
excluded from the analysis 
(because they were missing data, 
unknown outcome, outliers) 

No information on whether all 
enrolled participants are 
included in the analysis. 

4 Were participants with missing 
data handled appropriately? 

Yes: If there are no missing values of 
predictors or outcomes and the study 
explicitly reports that participants are not 
excluded on the basis of missing data, or if 
missing values are handled using multiple 
imputation. 
 
Probably yes: If a small percentage of 
persons with missing data were excluded 
and authors provide comparison of included 
vs. excluded participants or if sensitivity 
analysis with imputation methods are 
convincing that bias is low 

No: If participants with missing 
data are omitted from the analysis, 
or if the method of handling 
missing data is clearly flawed, e.g., 
missing indicator method or 
inappropriate use of last value 
carried forward, or if the study had 
no explicit mention of methods to 
handle missing data.  
 
Probably no: If authors provide 
comparison of included vs. 
excluded participants or if 
sensitivity analysis with imputation 
methods are reported, but the 
results are not convincing to rule 
out bias from excluding missing 
data 

If there is insufficient 
information to determine if the 
method of handling missing 
data is appropriate 
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5 
Was selection of predictors 
based on univariable analysis 
avoided? 

If the predictors are not selected on the basis 
of univariable analysis prior to multivariable 
modeling.  
 

If the predictors are selected on the 
basis of univariable analysis prior 
to multivariable modeling. 

If there is no information to 
indicate that univariable 
selection is avoided. 

6 

Were complexities in the data 
(censoring, competing risks, 
sampling of control participants) 
accounted for appropriately? 

If any complexities in the data are accounted 
for appropriately, or if it is clear that any 
potential data complexities have been 
identified appropriately as unimportant.  
 

If complexities in the data that 
could affect model performance are 
ignore. For example, case-control 
studies that do not estimate baseline 
risk or studies with censoring or 
competing risks that do not use 
survival analysis or other 
appropriate methods. 

No information is provided on 
whether complexities in the 
data are present or accounted 
for appropriately if present. 

7 
Were relevant model 
performance measures evaluated 
appropriately? 

Yes: If both calibration (via calibration plot) 
and discrimination (c-index) are evaluated 
appropriately (including relevant measures 
tailored for models predicting survival 
outcomes).  
 
Probably yes: if authors present a table of 
predicted probabilities with confidence 
intervals and corresponding outcome 
frequencies across subgroups  

If both calibration and 
discrimination are not evaluated, or 
if only goodness-of-fit tests 
(Hosmer-Lemeshow test), are used 
to evaluate calibration or if for 
models predicting survival 
outcomes performance measures 
accounting for censoring are not 
used, or if classification measures 
(like sensitivity, specificity, or 
predictive values) were presented 
using predicted probability 
thresholds derived from the data set 
at hand, but calibration is not 
otherwise evaluated. 
  

Either calibration or 
discrimination are not reported, 
or no information is provided 
as to whether appropriate 
performance measures for 
survival outcomes are used 
(e.g., references to relevant 
literature or specific mention of 
methods, such as using 
Kaplan–Meier estimates), or no 
information on thresholds for 
estimating classification 
measures is given. 

8 

Were model overfitting, 
underfitting, and optimism in 
model performance accounted 
for? 

Yes: If internal validation techniques 
(bootstrapping and cross-validation) 
including all model development 
procedures, were used to account for any 
optimism in model fitting, and subsequent 
adjustment of the model performance 
estimates were applied.  
 
Probably yes: If internal validation was used 
and optimism was estimated as very low, 
and then optimism-corrected performance 
measures were not appropriately calculated 

No: If no internal validation has 
been performed, or if internal 
validation consists only of a single 
random split-sample of participant 
data, 
 
Probably no: Internal validation 
with bootstrapping or cross-
validation was conducted but did 
not include all model development 
procedures including any variable 
selection or were not used to 

No information: No 
information is provided on 
whether internal validation 
techniques, including all model 
development procedures, have 
been applied. 
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(accounting for all model development 
procedures) 

correct model performance 
measures. 
 

9 

Do predictors and their assigned 
weights in the final model 
correspond to the results from 
the reported multivariable 
analysis? 

 If the predictors and regression coefficients 
in the final model correspond to reported 
results from multivariable analysis. 
  

If the predictors and regression 
coefficients in the final model do 
not correspond to reported results 
from multivariable analysis. (i.e. 
rounding of model coefficients to 
create a “risk score” are 
inappropriately determined).  

If it is unclear whether the 
regression coefficients in the 
final model correspond to 
reported results from 
multivariable analysis. 

 
Low risk of bias High risk of bias Unclear risk of bias 

If the answer to all signaling questions is “Yes” or “Probably yes,” 
then risk of bias can be considered low. If ≥1 of the answers is “No” 
or “Probably no,” the judgment could still be “Low risk of bias” but 
specific reasons should be provided why the risk of bias can be 
considered low. 

If the answer to any of the signaling 
questions is “No” or “Probably no,” there 
is a potential for bias, except if defined at 
low risk of bias above. 

If relevant information is missing for 
some of the signaling questions and 
none of the signaling questions is judged 
to put this domain at high risk of bias. 

 
 

Applicability 

 Domain Low concern High concern Unclear concern 

 

Participants: do you have concern 
that the included participants or 
setting do not match the review 
question? 

Included participants and clinical 
setting match the review question. 

Included participants and clinical 
setting were different from the 
review question. 

If relevant information about the 
participants and clinical setting are 
not reported. 

 

Predictors: does the definition, 
assessment, or timing of 
predictors match the review 
questions? 

Definition, assessment, and timing of 
predictors match the review question. 

Definition, assessment, or timing of 
predictors were different from the 
review question 

If relevant information about the 
predictors is not reported. 

 

Outcome: does the definition, 
timing, or determination of 
outcome match the review 
question?  

Outcome definition, timing, and 
method of determination defines the 
outcome as intended by the review 
question. 

Choice of outcome definition, 
timing, and method of outcome 
determination defines another 
outcome as intended by the review 
question 

If relevant information about the 
outcome, timing, and method of 
determination is not reported. 
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Appendix A4. Model outcome definitions 

Study ID 
Outcome 
category Full outcome definition from the source paper 

Hussain / 2019 

Treatment 

completion 

The target variable TreatmentComplete consists of 64.37% positive (treatment 

complete) and 35.62% negative (treatment incomplete) 

Abdelbary / 

2017 - Death Death All causes of death (TB or non-TB related) during the course of TB treatment 

Abdelbary / 

2017 - TB-DM 

/ Death Death 

Death included all causes of death (TB and non-TB related) during the course of 

TB treatment 

Aljohaney / 

2018 Death Not defined but seems to be death during hospitalization. 

Bastos / 2016 Death 

Deaths that occurred during the first 6 months after diagnosis were classified as TB 

death 

Gupta-Wright / 

2019 Death The outcome was mortality risk at 2 months after admission. 

Horita / 2013 Death 

'Discharged alive' was defined as being discharged alive and satisfying the 

discharge criteria, i.e., when the patient was receiving effective treatment, showed 

clinical improvement and negative conversion was confirmed. Negative conversion 

was defined as three or more consecutive sputum samples obtained on different 

days being smear-negative for acid-fast bacilli or when appropriate sputum 

sample(s) were culture-negative. 'Died in hospital' was defined as death from any 

cause. 

Koegelenberg / 

2015 Death Patients were categorized as either ICU/hospital survivors or non-survivors. 

Nguyen 

(general pop) / 

2018 Death Documented treatment outcome of 'completed' or 'died' 

Nguyen (TB-

DM) / 2019 Death TB treatment outcome of either 'completed' or 'died' 

Nguyen (TB-

HIV) / 2018 Death 

Given the main purpose of our  study is to predict the mortality during TB 

treatment in HIV-infected patients against the  treatment completion, patients who 

had an outcome coding other than completed or died. 

Pefura-Yone / 

2017 Death 

At treatment completion, patients are ranked into the following mutually exclusive 

categories   1) cured-patient with negative smear at the last month of treatment and 

at least one of the preceding months;   2) treatment completed-patient who has 

completed the treatment and for whom the smear results at the end of the last 

month are not available;   3) failure-patient with positive smear at the 5th month or 

later during treatment;   4) death-death from any cause during treatment;  5) 

defaulter-patient who's treatment has been interrupted for at least two consecutive 

months;   6) transfer-patient transferred to complete his treatment in another center 

and who's treatment outcome is unknown    Cured and treatment completed are 

considered successful treatment 

Podlekareva / 

2013 Death Death within 12 months of TB diagnosis 

Valade / 2012 Death Final outcomes of survival or death were recorded 

Wang / 2019 Death 

The outcome was estimated with all-cause mortality, with the mortality in 12 

months as the primary outcome and the mortality in 3, 6, 9 months as other 

outcome 

Wejse / 2008 Death Mortality: ability to predict death 

Zhang / 2019 Death 

Primary treatment outcome was documented either survival or death when HIV/TB 

co-infected patients left hospital. Patients who survived when discharged received 
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12-month follow-up, and the date of last known alive was documented in 

electronical medical records base on records of last follow-up 

Abdelbary / 

2017 - Failure 

Treatment 

failure 

Treatment failure indicated smear-positive persistence at or after 5 months of 

treatment with first-line anti-TB medications. 

Kalhori 

(logistic) / 

2010 

Treatment 

failure The dependent variable was failing in treatment course completion. 

Keane / 1997 

Treatment 

failure 

Failing to clear the sputum of acid-fast bacilli with standard treatment and having 

to start second line therapy 

Luies / 2017 

Treatment 

failure From the original samples, all treatment failure cases were included. 

Mburu / 2018 - 

Failure 

Treatment 

failure 

The secondary analyses only compared 'cures' versus 'failures' at similar time 

points as is the standard practice when examining chemotherapy efficacy 

Thompson / 

2017 

Treatment 

failure 

Patients' clinical outcomes were classified as 'cured' if they proved and maintained 

sputum culture negativity by month 6 after treatment initiation (M6), 'failed' if the 

M6 culture was still positive, and 'un-evaluable' if contamination caused 

uncertainty in outcome. We note that none of the treatment failures achieved 

culture negativity at any time point during treatment. 

Abdelbary / 

2017 - TB-DM 

/ Default 

Default, 

Abandon, or 

LTF 

(interruption 

>2 months) Never defined 

Belilovsky / 

2010 

Default, 

Abandon, or 

LTF 

(interruption 

>2 months) 

We evaluated TI initiated by the patient (significant noncompliance with the 

doctor's prescribed course of treatment and serious violations of public order in 

hospitals) resulting in inpatient treatment cancellation. 

Chang / 2004 

Default, 

Abandon, or 

LTF 

(interruption 

>2 months) 

Default was defined as failure to collect drugs for 2 months or more after 

registration 

Chee / 2000 

Default, 

Abandon, or 

LTF 

(interruption 

>2 months) 

Defaulter or cases were defined as patients on anti-tuberculosis treatment at the 

TBCU who failed to turn up for their scheduled appointments despite usual 

attempts to recall them by phone or mail, as described below, and from whom at 

least one home visit during the study was recorded 

Cherkaoui / 

2014 

Default, 

Abandon, or 

LTF 

(interruption 

>2 months) 

Treatment default was defined as an interruption in TB treatment for >=2 

consecutive months. 

Rodrigo / 2012 

Default, 

Abandon, or 

LTF 

(interruption 

>2 months) 

Interruption of treatment for any reason for more than 2 months, non-completion of 

treatment within 9 months when the patient is placed on a 6 month regimen. or 

drug intake of <80% the prescribed dose. 

Kalhori 

(predicting) / 

2009 

Treatment 

success (cure 

+ 

completion) 

For each patient dependent variable was recorded whether or not the patient 

finished the treatment course and get cured. 

Sauer / 2018 

Unfavorable 

outcome 

The primary outcome was treatment failure, which we defined as failure of therapy 

or death. 
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(death + 

failure) 

Baussano / 

2008 

Unfavorable 

outcome 

(death, 

failure, LTF, 

NE) 

Treatment interruption or default, treatment  failure, transferred out cases and those 

lost to  follow-up were grouped as 'unsuccessful outcomes 

Costa-Veiga / 

2017 

Unfavorable 

outcome 

(death, 

failure, LTF, 

NE) 

In line with WHO criteria, SVIG-TB categorized a six possible and mutually 

exclusive categories for treatment outcomes, grouped in this study into a binary 

outcome: (i) Successful outcome-if PTB  patients were treated before and declared 

cured, including both negative smear microscopy at the end of treatment at least 

one previous follow-up test and in case of not providing sputum samples, cure is 

declared if treatment completed and absent of disease clinical evidences (categories 

1 and 2). (ii) Unsuccessful outcome-if treatment of PTB patients resulted in failure 

(i.e. remaining smear-positive after 5 months of treatment, cat. 3), default (i.e. 

patients who interrupted their treatment for two consecutive months or more after 

registration, cat. 4), death (cat. 5) or were transferred-out (cat. 6) 

Killian / 2019 

Unfavorable 

outcome 

(death, 

failure, LTF, 

NE) 

We label 'Cured' and 'Treatment Complete' to be favorable outcomes and 'Died', 

'Treatment failed', and 'Lost to follow-up' to be unfavorable outcomes 

Madan / 2018 

Unfavorable 

outcome 

(death, 

failure, LTF, 

NE) 

Favorable treatment outcomes included cure and treatment completed. Unfavorable 

treatment outcomes included death, loss to follow-up, treatment failure, transfer 

out, or a switch to MDR TB treatment. 

Mburu / 2018 - 

Unfavorable 

Unfavorable 

outcome 

(death, 

failure, LTF, 

NE) 

The primary analyses compared favorable versus unfavorable outcomes at end of 

treatment 

Kalhori 

(fuzzy) / 2009 

Other 

composite 

outcome 

The values of outcomes might be any values from 1 to 5 which means different 

outcomes. Value 1 means patient completed the treatment course in frame of 

DOTS, 2 means the patient has been cured, 3 means patients has quitted the course, 

4 means patients has failed and finally 5 is a sign of dead as outcome of TB 

treatment course 
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Appendix A5. Model presentation 

Study ID Final model 

Abdelbary / 2017 

- Death 

2 + 2*(Age 41-65) + 5*(Age>=65) + 2*(Male gender) + 4*(MDR TB) + 3*(HIV) + 

3*(Malnutrition) + 2*(Alcoholism) + 2*(Male*diabetes) + 3*(HIV*pulmonary TB) - 

1*(diabetes) - 1*(pulmonary TB) 

Abdelbary / 2017 

- Failure 8*(No or low education) + 40*(MDR) + 10*(AFB smear +2) + 15*(AFB smear +3) 

Abdelbary / 2017 

- TB-DM / Death 2 + 3*(Male gender) + 3*(Malnutrition) - 1*(BCG vaccinated) - 1*(AFB smear positive) 

Abdelbary / 2017 

- TB-DM / 

Default 2 + 2*(Age<40) + 2*(Male gender) + 4*(HIV) 

Aljohaney / 2018 

Don’t report final model but show the beta coefficients. The coefficients are written as 

predictor (beta-coefficient): age ³ 65 (2.497), congestive heart failure (1.231), bilateral disease 

on chest x-ray (1.192) 

Bastos / 2016 

3*(Hypoxemic respiratory failure) + 2*(Age>=50) + 1*(Bilateral involvement) + 1*(At least 

one of: HIV, diabetes, liver failure/cirrhosis, congestive heart failure,  chronic respiratory 

disease) + 1*(Hemoglobin<12) 

Baussano / 2008 

Nomogram with residency status (residential vs. homeless), sex, geographic origin (non-EU 

vs. EU), case definition (other than definite vs. definite), treatment setting (inpatient and 

unknown vs. outpatient), age (continuous) 

Belilovsky / 

2010 

-3.2 + 0.8*(male gender) + 0.7*(unemployment) + 0.4*(retreatment case) + 1.1*(alcohol 

abuse) + 0.6*(no data about alcohol) + 0.8*(severe TB form) - 0.3*(urban residence) + 

0.4*(age 25-50) + 0.8*(pulmonary TB) + 0.5*(prison history) 

Chang / 2004 

Don’t report final model. Just show odds ratios of predictors but don't report intercept term, 

which are written as predictor (OR) as follows: Current smokers (3.44), ex-smokers (2.48), 

history of default (10.74), no history of default (0.80),  

Chee / 2000 

The OR for each predictor is as follow in the format predictor (OR): Non-Chinese race (8.08), 

Living with family vs. living alone/with friends (0.08), Treatment duration (1.85). Treatment 

duration is categorical as 6 months, 9 months, and >9 months, but only one OR is presented.  

Cherkaoui / 2014 

2 points for yes to the following questions:   Are you younger than 50 years of age?  Do you 

feel work is interfering with your ability to take TB treatment?  Are you taking a retreatment 

regimen for TB?  Do you or doctor think you are having moderate or severe side effects from 

TB treatment  Are you required to get your TB treatment daily?      Have you told your friends 

that you have TB? (1 point for no)  Are you a current smoker (1 point for yes)  Did you TB 

symptoms go away within 2 months of starting TB treatment (1 point for yes)  Do you know 

how long your TB treatment is supposed to last (1 point for no)  Have you ever smoked 

cigarettes (-1 point for no) 

Costa-Veiga / 

2017 

Nomogram with HIV, previous treatment, age class (25-44, 15-24, 45-64, >64), IV drug use, 

pathologies (other disease comorbidity: yes/no) 

Gupta-Wright / 

2019 

9*(Male sex) + 7*(patient aged 55+) + 6*(currently taking ART) + 7*(unable to walk 

unaided) + 7*(hemoglobin <80, severe anemia) + 6*(positive on urine TB-LAM) 

Horita / 2013 

1*Age (years) + 10*(oxygen requirement) - 20*(albumin) + 5*(semi-dependent, ADL) + 

10*(total dependent, ADL) 

Hussain / 2019 None 

Kalhori (fuzzy) / 

2009 

Learned parameters by training set for each predictor written as predictor (learned parameter): 

Case type (0.467), treatment category (-0.079), risky sex (-0.945), prison (0.992), sex (0.400), 

recent TB infection (0.793), diabetes (2.445), low body weight (1.313), TB type (0.950), 

length (-0.235), previous imprisonment (2.398), age (0.237), area (0.8895), HIV (0.731) 

Kalhori (logistic) 

/ 2010 

exp(-0.93 - 0.71*(gender) + 0.02*(age) - 0.02*(weight) + 0.5*(nationality) + 0.99*(prison) + 

0.16*(case type)) 
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Kalhori 

(predicting) / 

2009 

exp(-(1.58 -  0.12*(age) + 0.807*(gender) - 0.039*(nationality) - 0.263*(prison) + 0.15*(area) 

+ 0.021*(weight)) 

Keane / 1997 

Unclear. No constant term provided. Here are the predictor (OR):  Mediastinal shift (2.1), 

average smear score (1.5), extensive lesions (3.6), any previous treatment (2.3), cavities (1.7), 

weight (0.98) 

Killian / 2019 

LEAP = Lstm rEal-time Adherence Predictor with 2 input layers, 1) LSTM with 64 hidden 

units and a dense layer with 48 units for the dense layer and 4 units for the penultimate layer 

Koegelenberg / 

2015 

One point for each parameter: septic shock, HIV with CD4 < 200, creatinine > 140 (male) or 

>120 (female), P:F O2 ratio < 200, chest radiograph showing miliary pattern/parenchymal 

infiltrates, absence of TB treatment at admission 

Luies / 2017 

Written as predictor (OR): 3,5,-Dihydroxybenzoic acid (25.6), 3-(4-Hydroxy-3-

methoxyphenyl) propionic acid (1.3) 

Madan / 2018 

Written as predictor (OR): New TB with 1+ smear grade (5.78), New TB with 2+ smear grade 

(2.69), New TB with 3+ smear grade (1.69), New TB without smear (1.67), New TB with 

smear positive, unknown grade (1.00), Previously treated, smear negative TB (1.35), 

previously treated with scanty smear (4.74), previously treated with 1+ smear grade (1.61), 

previously treated with 2+ smear grade (1.05), previously treated with 3+ smear grade (7.54), 

previously treated with no sputum smear (2.46), previously treated with unknown grade 

(30.37), pulmonary TB (1.83), pulmonary and extrapulmonary TB (5.86), HIV+ on ART with 

CD4 350-500 (8.09), HIV+ on ART with CD4 200-350 (6.14), HIV+ on ART with CD4 50-

200 (16.35), HIV+ on ART with CD4 <50 (38.76), HIV+ not on ART with CD4 350-500 

(53.44), HIV+ not on ART with CD4 200-350 (65.98), HIV+ not on ART with CD4 50-200 

(6.94), HIV+ not on ART with CD4 <50 (49.20), HIV+ diagnosed after TB with CD4>500 

(1.05), HIV+ diagnosed after TB with CD4 350-500 (2.49), HIV+ diagnosed after TB with 

CD4 200-350 (8.88), HIV+ diagnosed after TB with CD4 50-200 (6.79), HIV+ diagnosed 

after TB with CD4 <50 (13.99), Female 25-34 (9.41), Female 35-44 (1.75), Female >= 45 

(4.49), Male 15-24 (10.63), Male 25-34 (2.74), Male 35-44 (2.9), Male >= 45 (3.96) 

Mburu / 2018 - 

Failure 

Present relative scores for each covariate included with scores of 100, 72.61, 69.19, 55.39, 

49.87, 48.74, 48.18, 46.51, 39.69, and 37.69 for hba1c, regimen, age, weight, random blood 

glucose, BMI, BUN, HIV positive result, ever smoker, creatinine, respectively 

Mburu / 2018 - 

Unfavorable 

Present relative scores for each covariate included, not sure if this was how it should be used. 

Relative scores are 100, 79.38, 70.09, 63.93, 62.47, 62.63, 61.63, 55.62, 39.21, 34.48 for 

hba1c, regimen, creatinine, BMI, BUN, weight, age, random blood glucose, HIV positive 

result, male gender, respectively 

Nguyen (general 

pop) / 2018 

6*[Age 45-64] + 12*[Age>65] + 2*[US born] + 2*[Homeless] + 4*[Resident of long-term 

care facility] + 8*[Chronic kidney failure] + 10*[Meningeal TB] + 4*[Miliary TB] + 6*[TB-

chest x-ray] + 6*[HIV positive]  + 6*[HIV unknown] 

Nguyen (TB-

DM) / 2019 

16*[Age >= 65] + 5*[US-born] + 11*[Homeless] + 20*[injection drug use] + 20*[Chronic 

kidney failure] + 20*[TB meningitis] + 13*[Miliary TB] + 6*[AFB positive smear] + 

24*[Positive HIV] 

Nguyen (TB-

HIV) / 2018 

Prognostic score: 5*[Age >= 65] + 12*[Resident of long-term care facility] + 9*[Meningeal 

TB] + 6*[abnormal chest x-ray] + 9*[diagnosis confirmed with positive culture or nucleic 

acid amplification] + 10*[culture not converted or unknown]     

Model: -6.994499 + 1.069024*[Age >= 65] + 2.541147*[Resident of long-term care facility] 

+ 1.998852*[Meningeal TB] + 1.37995*[abnormal chest x-ray] + 1.899108*[diagnosis 

confirmed with positive culture or nucleic acid amplification] + 2.186305*[culture not 

converted or unknown] 

Pefura-Yone / 

2017 

1/(1 + exp(-1.3120 + 0.0474*[age] - 0.1866*[adjusted BMI] + 1.1637*[PTB-] + 

0.5418*[ETB] + 1.3820*[HIV] 

Podlekareva / 

2013 

1*[DST performed] + 2*[Initial treatment with RHZ] + 2*[cART started before or up to 1 

month after TB diagnosis] 
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Rodrigo / 2012 

1*[Immigrant] + 1*[Living alone] + 1*[Living in an institution] + 2*[Previous TB treatment] 

+ 2*[Linguistic barriers] + 4*[IV drug use] + 1*[Unknown IV drug use] 

Sauer / 2018 

Negatively correlated: drug sensitivity (sensitive), employment status (employed), 

microscopy: 1 to 99 acid-resistant bacteria in 100 fields of view when stained by Ziehl-

Nielsen, dissemination (diffuse pulmonary nodules  detected) 

Thompson / 

2017 Heatmap of differentially expressed genes 

Valade / 2012 

Sum of three parameters: military tuberculosis (yes: +1, no: 0), required mechanical 

ventilation on ICU admission (yes: +1, no: 0), and required vasopressor infusion (yes: +1, no: 

0). 

Wang / 2019 Unknown 

Wejse / 2008 

1 point for each variable: cough, hemoptysis, dyspnea, chest pain, night sweating, anemia 

conjunctivae, tachycardia, positive funding at lung auscultation, temperature >37, BMI <18, 

BMI<16, MUAC<220, MUAC<200 

Zhang / 2019 

2*[Anemia (HGB < 90g/L)]+ 2*[Tuberculous meningitis] + 5*[Severe pneumonia] + 

2*[Hypoalbuminemia] + 7* [Unexplained infections  or space-occupying lesions] + 5* 

[Malignancies] 
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Appendix A6. Comparison of model performance and quality by population characteristics  

For each analysis below, results were stratified on the basis of whether the study population included, 

excluded, or did not report on two population characteristics of interest: MDR and younger age group 

(minimum age <18 vs. minimum age ≥18). 

Note: The unit of measure for these analyses is the model (N=37) not the study (N=33), which explains 

differences in numbers between this and Table 3.5. 

A6 Table 1. Results stratified by MDR 

 Included 
(N=11) 

Excluded 
(N= 7) 

Unknown 
(N=19) 

Prevalence of MDR, Median 

[IQR] 
1% [1%-1%] 0% [0%-0%]  

C-statistic, Median [IQR] 0.77 [0.69-0.81] 0.77 [0.73-0.81] 0.75 [0.69-0.85] 
Unknown 1 3 4 

Outcome    
Death 7 (64%) 1 (14%) 8 (42%) 

Treatment failure 2 (18%) 1 (14%) 3 (16%) 
Default, LTF, or treatment 

interruption 1 (9.1%) 2 (29%) 3 (16%) 
Composite outcome*  1 (9.1%) 3 (43%) 5 (26%) 

Risk of Bias (Population)    
Low 6 (55%) 4 (57%) 11 (58%) 
High 0 (0%) 2 (29%) 4 (21%) 

Unclear 5 (45%) 1 (14%) 4 (21%) 
Risk of Bias (Predictors)    

Low 1 (9.1%) 3 (43%) 9 (47%) 
High 5 (45%) 0 (0%) 5 (26%) 

Unclear 5 (45%) 4 (57%) 5 (26%) 
Risk of Bias (Outcomes)    

Low 5 (45%) 4 (57%) 12 (63%) 
High 0 (0%) 1 (14%) 3 (16%) 

Unclear 6 (55%) 2 (29%) 4 (21%) 
Risk of Bias (Analysis)    

Low 0 (0%) 0 (0%) 0 (0%) 
High 11 (100%) 7 (100%) 19 (100%) 

Unclear 0 (0%) 0 (0%) 0 (0%) 
Top 5 predictors included^ Age (7), x-ray findings 

(5), extrapulmonary TB 

(4), HIV (4), other 

comorbidities (4), smear 

result (4) 

Nationality (3), Age 

(2), HIV (2), living 

situation (2), previous 

TB (2), sex (2), 

treatment regimen (2) 

Age (12), previous TB 

(9), BMI (8), 

extrapulmonary TB (6), 

sex (6) 

Abbreviations: BMI=body mass index, LTF=losses to follow-up, MDR=multi-drug resistance, TB=tuberculosis 

*Composite outcome includes unfavorable outcome (combination of death, failure, and default/LTF/treatment 

interruption) or treatment success (combination of cure and treatment completion) 

^Witten as predictor (number of models included in). Top 5 unless there was a tie, in which case more predictors 

were listed. 
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MDR results 

Overall, the study population for 11 models included individuals with MDR, whereas 7 excluded patients 

with MDR, and the inclusion of MDR was unknown in 19 models. In models that included patients with 

MDR, the overall prevalence of MDR was low, with a median 1% prevalence. Model performance, as 

measured by the c-statistic, of studies that included and excluded patients with MDR was comparable and 

both were slightly higher than in studies where the prevalence of MDR was unknown. There were notable 

differences in outcome definition for the studies that included vs. excluded MDR patients, such as most 

studies that included patients with MDR examined death as the primary endpoint, whereas studies that 

excluded patients with MDR were more likely to use a composite outcome or evaluate 

default/LTF/treatment interruptions. Risk of bias assessment for the population and analysis domains 

were similar between all groups, but studies that included patients with MDR seemed to have higher 

amounts of bias in the predictors domain and more unclear risk of bias in the outcomes domain. For all 

groups, age was an important predictor of treatment outcome, but the other frequently included predictors 

varied between groups.   
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A6 Table 2. Results stratified by Age <18 

 Included 
(N=10) 

Excluded 
(N= 11) 

Unknown 
(N=16) 

Minimum age    
15 8 (80%) 0 (0%) - 

16 1 (10%) 0 (0%) - 

17 1 (10%) 0 (0%) - 

18 0 (0%) 10 (91%) - 

20 0 (0%) 1 (9.1%) - 

Age#
, Median [IQR]

 
34 [32-38] 43 [43-50] 44 [40-49] 

Unknown 4 3 8 

C-statistic, Median [IQR] 0.78 (0.65, 0.80) 0.70 (0.68, 0.84) 0.75 (0.74, 0.85) 
Unknown 1 0 7 

Outcome    
Death 5 (50%) 7 (64%) 4 (25%) 

Treatment failure 2 (20%) 1 (9.1%) 3 (19%) 
Default, LTF, or treatment 

interruption 0 (0%) 3 (27%) 3 (19%) 
Composite outcome*  3 (30%) 0 (0%) 6 (38%) 

Risk of Bias (Population)    
Low 10 (100%) 9 (82%) 2 (12%) 
High 0 (0%) 0 (0%) 6 (38%) 

Unclear 0 (0%) 2 (18%) 8 (50%) 
Risk of Bias (Predictors)    

Low 6 (60%) 5 (45%) 2 (12%) 
High 2 (20%) 5 (45%) 3 (19%) 

Unclear 2 (20%) 1 (9.1%) 11 (69%) 
Risk of Bias (Outcomes)    

Low 8 (80%) 9 (82%) 4 (25%) 
High 0 (0%) 1 (9.1%) 3 (19%) 

Unclear 2 (20%) 1 (9.1%) 9 (56%) 
Risk of Bias (Analysis)    

Low 0 (0%) 0 (0%) 0 (0%) 
High 10 (100%) 11 (100%) 16 (100%) 

Unclear 0 (0%) 0 (0%) 0 (0%) 
Top 5 predictors included^ Age (7), HIV (5), BMI 

(4), extrapulmonary TB 

(4),  previous TB (4) 

Age (7), sex (5), 

extrapulmonary TB (4), 

hemoglobin (3), HIV 

(3), MDR (3), other lab 

values (3), x-ray 

findings (3) 

Age (7), nationality 

(5), previous TB (5), 

BMI (4), sex (4), 

treatment regimen (4), 

x-ray findings (4) 

Abbreviations: BMI=body mass index, LTF=losses to follow-up 
#
Based on measure of central tendency reported in the study 

*Composite outcome includes unfavorable outcome (combination of death, failure, and default/LTF/treatment 

interruption) or treatment success (combination of cure and treatment completion) 

^Witten as predictor (number of models included in). Top 5 unless there was a tie, in which case more predictors 

were listed. 
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Age <18 results 

In total, the study population of 10 models included individuals younger than 18, 11 had a minimum age 

of 18, and the minimum age of participants was not reported for 16 models. The age distribution of 

studies that included patients less than 18 was lower than that of studies with a minimum age of 18 or 

unreported minimum age. The c-statistic of studies that included younger patients (minimum age <18) 

was seemingly higher than studies with a minimum age of 18. Treatment outcome definitions varied 

between groups, such that none of the studies including younger patients examined default/LTF/treatment 

interruption as an outcome and none of the studies with age 18 as the minimum age used a composite 

outcome. Risk of bias for the population and predictors domain was somewhat lower for studies with a 

younger age population, and studies with unknown minimum age were more likely to be regarded as 

having unclear risk of bias. Across all groups, age was the most important predictor of outcome, but other 

important predictors varied between groups.  
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Appendix B - Chapter 4 Appendix 

Appendix B1. TRIPOD Checklist 

Section/Topic Item Checklist Item Page 
Title and abstract 

Title 1 
Identify the study as developing and/or validating a multivariable prediction model, 

the target population, and the outcome to be predicted. 
 

Abstract 2 
Provide a summary of objectives, study design, setting, participants, sample size, 

predictors, outcome, statistical analysis, results, and conclusions. 
 

Introduction 

Background 

and objectives 

3a 

Explain the medical context (including whether diagnostic or prognostic) and 

rationale for developing or validating the multivariable prediction model, including 

references to existing models. 

 

3b 
Specify the objectives, including whether the study describes the development or 

validation of the model or both. 
 

Methods 

Source of data 
4a 

Describe the study design or source of data (e.g., randomized trial, cohort, or 

registry data), separately for the development and validation data sets, if 

applicable. 

 

4b 
Specify the key study dates, including start of accrual; end of accrual; and, if 

applicable, end of follow-up.  
 

Participants 
5a 

Specify key elements of the study setting (e.g., primary care, secondary care, 

general population) including number and location of centers. 
 

5b Describe eligibility criteria for participants.   

5c Give details of treatments received, if relevant.   

Outcome 6a 
Clearly define the outcome that is predicted by the prediction model, including 

how and when assessed.  
 

6b Report any actions to blind assessment of the outcome to be predicted.   

Predictors 

7a 
Clearly define all predictors used in developing or validating the multivariable 

prediction model, including how and when they were measured. 
 

7b 
Report any actions to blind assessment of predictors for the outcome and other 

predictors.  
 

Sample size 8 Explain how the study size was arrived at.  

Missing data 9 
Describe how missing data were handled (e.g., complete-case analysis, single 

imputation, multiple imputation) with details of any imputation method.  
 

Statistical 

analysis 

methods 

10a Describe how predictors were handled in the analyses.   

10b 
Specify type of model, all model-building procedures (including any predictor 

selection), and method for internal validation. 
 

10d 
Specify all measures used to assess model performance and, if relevant, to compare 

multiple models.  
 

Risk groups 11 Provide details on how risk groups were created, if done.   

Results 

Participants 

13a 

Describe the flow of participants through the study, including the number of 

participants with and without the outcome and, if applicable, a summary of the 

follow-up time. A diagram may be helpful.  

 

13b 

Describe the characteristics of the participants (basic demographics, clinical 

features, available predictors), including the number of participants with missing 

data for predictors and outcome.  

 

Model 

development  

14a Specify the number of participants and outcome events in each analysis.   

14b 
If done, report the unadjusted association between each candidate predictor and 

outcome. 
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Model 

specification 

15a 

Present the full prediction model to allow predictions for individuals (i.e., all 

regression coefficients, and model intercept or baseline survival at a given time 

point). 

 

15b Explain how to the use the prediction model.  

Model 

performance 
16 Report performance measures (with CIs) for the prediction model.  

Discussion 

Limitations 18 
Discuss any limitations of the study (such as nonrepresentative sample, few events 

per predictor, missing data).  
 

Interpretation 19b Give an overall interpretation of the results, considering objectives, limitations, and 

results from similar studies, and other relevant evidence.  
 

Implications 20 Discuss the potential clinical use of the model and implications for future research.   

Other information 
Supplementary 

information 21 
Provide information about the availability of supplementary resources, such as 

study protocol, Web calculator, and data sets.  
 

Funding 22 Give the source of funding and the role of the funders for the present study.   
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Appendix B2. Definitions of predictors considered for model development 

Candidate predictors  Definition 
Age Continuous, years 

Sex Male vs. female (reference) 

Race White (reference), Non-white (includes Black, Brown, Asian, Indian, Other) 

Education Continuous, years of schooling 

Body mass index (BMI) Continuous, kg/m
2
 

Previous history of TB No (reference) vs. Yes 

Cavitation on chest x-ray 
No (reference) vs. Yes. Impossible to determine by exam were included in the 

reference category.  

Sputum smear result 
From acid-fast bailli sputum smear. Negative (reference) vs. Positive (including 

scanty, 1+, 2+, 3+) 

HIV test result 
Negative (reference) vs. Positive. Persons with a history of HIV were not re-tested 

and considered as positive.  

Diabetes No (reference) vs. Yes (self-reported history of diabetes or hemoglobin A1c ≥6.5%) 

Hemoglobin Continuous, g/dL 

Other disease comorbidity  

Self-reported history of any other disease comorbidity (excluding HIV and 

Diabetes). Includes conditions such as cancer, COPD, emphysema, kidney disease, 

hypertension, and other. Some of the “other” disease reported. Include: asthma, 

epilepsy, bronchitis, arthritis, Kaposi sarcoma, hepatitis C, syphilis, and cardiac 

arrythmia 

Tobacco use Self-reported as current, former, never (reference)  

Alcohol use Self-reported as current, former, never (reference)  

Drug use Self-reported as current, former, never (reference)  

  

ADDED VALUE   

ART experienced 
PLWH on antiretroviral therapy at time of TB treatment initiation. Yes vs. No vs. 

HIV-negative (reference). 

CD4 count < 200 Low CD4 cell count, defined as CD4 <200 cell/mm
3
. Yes vs. No 

Viral load ≥ 200 Unsuppressed viral load, defined as viral load ≥200. Yes vs. No 

Isoniazid metabolism status  
Isoniazid metabolism status defined by NAT2 variant. Slow/intermediate vs. fast 

(reference). 
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Appendix B3. Results from complete case analysis and imputed datasets 

B3 Table 1. Final model coefficients and performance across imputed datasets and in complete case 
analysis 
 

   Imputation Number 
  CC 1 2 3 4 5 6 7 8 9 10 
Variable coefficient             
 Intercept 0.71 0.61 0.65 0.68 0.64 0.60 0.66 0.65 0.64 0.65 0.65 
 Former drug use -0.18 -0.17 -0.18 -0.18 -0.18 -0.17 -0.18 -0.18 -0.18 -0.18 -0.18 
 Current drug use 0.62 0.50 0.50 0.50 0.51 0.50 0.51 0.53 0.50 0.49 0.49 
 Hemoglobin 1.35 1.19 1.19 1.19 1.24 1.19 1.18 1.21 1.19 1.19 1.19 
 Diabetes 0.68 0.65 0.65 0.65 0.66 0.66 0.65 0.66 0.66 0.65 0.65 
 HIV-positive 0.63 0.70 0.71 0.71 0.71 0.71 0.67 0.73 0.71 0.71 0.74 
 Age group  25-34.9 -0.51 -0.48 -0.48 -0.48 -0.49 -0.48 -0.47 -0.49 -0.48 -0.48 -0.49 
 Age group 35-44.9 -0.68 -0.70 -0.71 -0.71 -0.70 -0.70 -0.69 -0.71 -0.70 -0.71 -0.71 
 Age group 45-54.9 -1.07 -1.09 -1.08 -1.09 -1.07 -1.09 -1.08 -1.08 -1.08 -1.09 -1.09 
 Age group ≥55 -0.43 -0.46 -0.46 -0.46 -0.45 -0.45 -0.45 -0.45 -0.46 -0.46 -0.45 
 Years of education -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 -0.06 
 Former smoker 0.62 0.63 0.63 0.64 0.63 0.63 0.63 0.62 0.63 0.64 0.63 
 Current smoker 0.38 0.55 0.55 0.55 0.54 0.55 0.56 0.54 0.55 0.56 0.55 
Performance             
 

C-statistic (95% CI) 
0.77  

(0.74, 
0.81) 

0.77  
(0.73, 
0.80) 

0.77  
(0.73, 
0.80) 

0.77  
(0.73, 
0.80) 

0.77  
(0.73, 
0.80) 

0.77  
(0.73, 
0.80) 

0.77  
(0.73, 
0.80) 

0.77  
(0.73, 
0.80) 

0.77  
(0.73, 
0.80) 

0.77  
(0.73, 
0.80) 

0.77  
(0.73, 
0.80) 
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B3 Figure 1. ROC curves for final model across imputed datasets and in complete case analysis 
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Appendix B4. Results with restricted cubic spline for age 

B4 Table 1. Bootstrap inclusion frequency and coefficient estimates from bootstrapped backwards 
selection (x500 with 70% inclusion frequency) using a restricted cubic spline (4 knots) for age 
 

 Bootstrap inclusion 

frequency (%) 
Coefficient Standard error 

Intercept 100.00 1.35 1.07 

Hemoglobin 98.40 -0.18 0.05 

Former drug use 97.60 0.50 0.22 

Current drug use 97.60 1.22 0.24 

HIV-positive 96.80 0.70 0.28 

Diabetes 95.60 0.66 0.20 

Age spline’ 83.60 -0.04 0.04 

Age spline’’ 83.60 -0.01 0.17 

Age spline’’’ 83.60 0.13 0.38 

Former smoker 81.00 0.63 0.23 

Current smoker 81.00 0.55 0.26 

Years of education 80.80 -0.06 0.02 

Female sex 61.00 - - 

BMI 59.60 - - 

Non-white race 54.00 - - 

Smear positive 51.80 - - 

Other comorbidity 34.80 - - 

Previous TB 30.80 - - 

Former alcohol use 23.00 - - 

Current alcohol use 23.00 - - 

Chest x-ray cavitation 17.00 - - 

 
B4 Table 2. Performance measures from model development using a restricted cubic spline (4 
knots) for age 
 

Brier score 0.14 

C statistic (apparent) 0.77 (0.73, 0.80) 

C statistic (optimism corrected) 0.75 (0.71, 0.78) 

Calibration slope (optimism corrected) 0.88 

Calibration intercept (optimism corrected) -0.13 
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B4 Figure 1. ROC curve and calibration plot from model using a restricted cubic spline (4 knots) 
for age 
 

A. ROC Curve 

 
B. Calibration plot 
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Appendix B5. Comparison of model selection methods  

B5 Table 1. Comparison of coefficients and performance measures from each model selection 
method 
 

 
Final model 

(70% 
threshold) 

50% threshold Model 
approximation LASSOmi LASSO1se 

Variable coefficient      

Intercept 0.66 0.91 0.62 0.86 0.06 

Hemoglobin -0.18 -0.17 -0.18 -0.17 -0.12 

HIV-positive 0.71 0.78 0.74 0.75 0.45 

Former drug use 0.50 0.40 0.52 0.41 0.29 

Current drug use 1.19 1.12 1.21 1.11 0.97 

Diabetes 0.65 0.69 0.66 0.65 0.24 

Age group 25-35 -0.48 -0.44 -0.50 -0.34 - 

Age group 35-45 -0.71 -0.64 -0.73 -0.52 - 

Age group 45-55 -1.09 -1.06 -1.12 -0.91 -0.14 

Age group 55+ -0.46 -0.43 -0.48 -0.23 - 

Years of education -0.06 -0.05 -0.06 -0.05 -0.02 

Former smoker 0.63 0.59 0.65 0.56 0.22 

Current smoker 0.56 0.48 0.59 0.43 0.04 

Female sex - -0.36 - -0.31 -0.08 

BMI - -0.04 - -0.04 -0.01 

Smear positive - 0.37 - 0.33 - 

Non-white race - 0.39 - 0.33 0.08 

Other comorbidity - - - -0.21 - 

Previous TB - - - -0.19 - 

Former alcohol use - - - 0.03 - 

Current alcohol use - - - 0.07 - 

Chest x-ray 

cavitation - - - - - 

Performance       

Brier score
 

0.14 0.14 0.14 0.14 0.14 

Calibration slope
 

0.89* 0.88* 0.97 1.05  1.60 

Calibration intercept -0.12*  -0.14*  -0.01  0.05  0.75 

C-statistic (95% CI) 0.77  

(0.73-0.80) 

0.78  

(0.74, 0.81) 

0.77  

(0.73, 0.80) 

0.78  

(0.74, 0.81) 

0.76  

(0.72, 0.79) 

*Optimism-corrected calibration slope and intercept  
LASSOmin: Model using lambda value selected from cross-validation that minimizes the cross-validation error 
LASSO1se: Model using lambda value selected from cross-validation that is the largest value of lambda such that error is within 1 
standard error of the minimum. This is typically the recommended method, because it chooses the simplest model whose 
accuracy is comparable to the best model.  
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Alternative modeling approaches methods: 

The model approximation approach first derived an approximated outcome using linear predictors 

from logistic regression model with all candidate variables. Then backward selection was used in a linear 

model against the approximated outcome to select predictors that account for 90% of variance of the 

approximated outcome (i.e. R-square of 0.9). The advantage of this approach is that it separates prediction 

and model selection into two steps; thus, it is more robust to potential noise in outcomes and predictors. 

In addition, it controls how well the variables included in the final model can explain the full model, 

automatically reflecting a correction for overfitting.128 LASSO used 10-fold cross-validation to select the 

value of lambda, based on minimizing the cross-validated sum of squared residuals. LASSO imposes a 

penalty on the absolute sum of regression coefficients based on the log-likelihood of the model, which 

can lead coefficients to essentially shrink to zero and be dropped from the model.133 
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Appendix B6. Decision curve analysis. 

B6 Figure 1. Decision curve 

 

Decision curve analysis methods 

 Decision curve analysis aims to help decide whether to use a model to inform treatment or 

intervention strategies relative to default strategies of treating (or intervening) on all patients or no 

patients.169 For application of this prediction model, treatments or interventions refer to actions beyond 

standard of care, given that all patients are, at minimum, treated with standard anti-TB therapy. For 

example, the prediction model presented in this paper may be used to inform risk-based interventions, 

such as novel adherence technologies, cash-transfer programs, intensive case management or to allocate 

more expensive resources, such as new drug regimens, at individuals beyond a certain risk threshold who 

would most benefit, relative to the cost of that intervention. In applying a prognostic decision tool to 
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inform clinical decisions, the risk threshold likely varies depending what treatment or intervention is 

being considered and the cost-benefit of using that treatment/intervention. Costs refer to the 

harms/consequences of unnecessarily intervening on individuals who will have a successful treatment 

outcome regardless (false positives), whereas benefits refer to improvements in care as a result of 

intervening on individuals who would have otherwise had unsuccessful outcomes (true positives). 

The decision curve above plots the standardized net benefit (y-axis) across a variety of risk 

thresholds (x-axis) for three scenarios: intervene on all (All), intervene on none (None), or intervene 

based on predicted risk from the risk model (Risk Model).  Standardized net benefit quantifies the total 

benefit (true positive rate) minus the total harm (false positive rate), assuming a population prevalence of 

unsuccessful outcome of 20% and standardized to a maximum benefit of 1.170 

The Figure also includes an axis of the cost-benefit ratio across risk thresholds, which may help 

guide which risk threshold to use. When an intervention has low perceived cost relative to high benefit 

(e.g. cost-benefit ratio 1:5), lower risk thresholds to inform treatment should be considered, because the 

harms of unnecessary intervention are minimal compared to benefit of necessary intervention. 

Alternatively, as the cost-benefit of the intervention approaches 1:1, the risk threshold at which 

intervention should be considered increases, because the costs or harms of unnecessary intervention start 

to balance out the benefit of necessary intervention.   

The two vertical lines bound the range (risk threshold: 11%-41%) where the lower 95% 

confidence interval estimate of using the risk model to inform treatment/intervention decisions has a 

higher standardized net benefit than treating/intervening on “All” patients and treating/intervening on 

“None”, but the exact choice of the risk threshold should be selected based on cost-benefit considerations, 

which are intervention-specific. Use of the risk model to inform a novel treatment or intervention strategy 

is expected to have net benefit (true positive rate outweighs false positive rate, assuming outcome rate of 

20%) when the cost-benefit ratio of the intervention is between 1:9 and 2:3. 
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If, for example, we consider a risk threshold of 20% (as considered high-risk in the paper, 

n=360), the standardized net benefit is near 40%, whereas to achieve this same standardized net benefit 

with a treat/intervene on all approach we would have to treat anyone with a risk >13% (n=533).  

The decision curve analysis was carried out using the rmda (version 1.6) package in R.      
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Appendix B7. External validation of Costa-Veiga model in RePORT Brazil 

Rationale and Methods 

 External validation is an regarded as an “invaluable and crucial step in the introduction of a new 

prediction model before it should be considered for routine clinical practice”.171 Thus, prior to developing 

a new model, I first attempted to externally validate previously published prediction models that were 

evaluated in the systematic review (Chapter 3), using the RePORT-Brazil study population (Chapter 4) – 

adult, drug-susceptible, culture-confirmed, pulmonary TB patients started on standard tuberculosis 

treatment.  

 First, I reviewed the included predictors from existing models to see which were able to be 

externally validated using the variables available in RePORT Brazil. Only 7 of the 37 models had all 

predictors available in RePORT-Brazil. Next, I attempted to match predictor and outcome definitions to 

those provided in the original study as best as possible. However, because Abdelbary et al. and Perfura 

Yone et al. included all TB cases, such as those with multi-drug resistant TB or extrapulmonary TB, the 

study population could not be well matched.17,40 Additionally, Madan et al. included only TB-HIV 

participants. 41  Because that would restrict the sample size to 182, which is not enough for external 

validation, the decision was made to only externally validate the model recommended by Costa-Veiga et 

al.10,172 B7 Table 1. details which models could be externally validated, and the reason studies could not 

be included.    

Two methods, informed by Steyerberg’s book Clinical Prediction Models were used to externally 

validate the model by Costa-Veiga and colleagues.117 First, the original model was applied exactly as 

published. Second, model revision was performed, in which the coefficients for all predictors were re-

estimated.  

Similar to Chapter 4, model performance was evaluated with discrimination and calibration. 

Discrimination was evaluated with the c-statistic, and 95% confidence intervals were calculated with 

bootstrap resampling to account for model uncertainty. Discrimination evaluates whether participants 

with a higher predicted risk for the outcome are in truth more likely to have the outcome. Discrimination 



 

  125 

ranges from 0.5 to 1 with 0.5 representing random chance, and typically values of 0.8 indicate a good 

model.  Calibration was assessed by plotting the predicted outcome probability against the observed 

outcome probability in a calibration plot and estimating calibration slope and intercept. Well calibrated 

models display an intercept of 0 and a slope of 1, suggesting observed and predicted risks are equal. Brier 

score was used to measure overall model fit. 

 

B7 Table 1. Rationale for external validation decisions 

Study ID 
Externally 

validated? 
Reason 

Abdelbary / 2017 - Death 

No Study population included multi-drug resistant and 

extrapulmonary TB cases 

Abdelbary / 2017 - Failure 

No Study population included multi-drug resistant and 

extrapulmonary TB cases 

Abdelbary / 2017 - TB-DM / Death 

No Study population included multi-drug resistant and 

extrapulmonary TB cases 

Abdelbary / 2017 - TB-DM / Default 

No Study population included multi-drug resistant and 

extrapulmonary TB cases 

Aljohaney / 2018 No Do not have congestive heart failure 

Bastos / 2016 No Do not have hypoxemic respiratory failure 

Baussano / 2008 

No Don’t have residency status, geographic origin (EU vs. non-

EU), or prison history  

Belilovsky / 2010 

No Cannot replicate subjective assessment of alcohol use, and 

don’t have data on prison history or employment status 

Chang / 2004 No Do not have history of default among previously treated 

Chee / 2000 No Do not have non-Chinese race 

Cherkaoui / 2014 

No Do not have qualitative responses (ex: work interfering with 

ability to take treatment, told friends about TB) 

Costa-Veiga / 2017 Yes  

Gupta-Wright / 2019 No Do not have TB-LAM or activities of daily living (ADLs) 

Horita / 2013 No Do not have oxygen requirement, albumin, or ADLs 

Hussain / 2019 No Did not report final model 

Kalhori (fuzzy) / 2009 No Do not have risky sex, prison history, or recent TB infection 

Kalhori (logistic) / 2010 

No Do not have case type (new, imported, returned, 

abandoned) or nationality (Iranian, Afghani, other) 

Kalhori (predicting) / 2009 No Do not have nationality or prison history 

Keane / 1997 

No Do not have chest x-rays graded as mediastinal shift or 

extensive lesions 

Killian / 2019 No Do not have adherence data collected in this way 

Koegelenberg / 2015 No Do not have septic shock and PF:02 ratio 

Luies / 2017 No Do not have metabolite markers 

Madan / 2018 

No Study population included only TB-HIV. Sample size 

would be too small. 

Mburu / 2018 - Failure No Do not have random blood glucose, creatinine, or BUN 
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Mburu / 2018 - Unfavorable No Do not have random blood glucose or BUN 

Nguyen (general pop) / 2018 No Do not have US-born, homeless, or chronic kidney failure 

Nguyen (TB-DM) / 2019 No Do not have US-born, homeless, or chronic kidney failure 

Nguyen (TB-HIV) / 2018 No Do not have resident of long term care facility 

Pefura-Yone / 2017 

No Study population included multi-drug resistant and 

extrapulmonary TB cases 

Podlekareva / 2013 

No All RePORT patients with culture-confirmed TB received 

DST testing, and those without MDR all receive standard 

treatment with RZHE 

Rodrigo / 2012 

No Do not have immigrant, living in institution, or linguistic 

barriers 

Sauer / 2018 No Do not have employment status 

Thompson / 2017 

No Do not have genomic analyses completed as done in this 

paper 

Valade / 2012 No Do not have mechanical ventilation or vasopressor infusion 

Wang / 2019 No Do not have macrophage migration inhibitory factor 

Wejse / 2008 

No Do not have mid-upper arm circumference, lung 

auscultation, tachycardia, or anemia conjunctivae 

Zhang / 2019 No Do not have severe pneumonia or unexplained infections  

 

B7 Table 2. Predictor definitions 

Predictor  Original definition RePORT definition (if different) 
Age group  15-24 (reference), 25-44, 45-64, ³65  

HIV-positive No (reference) vs. yes   

Type of case New case (reference) vs. retreatment  

Other disease 

comorbidity  

Other comorbidity, excluding HIV and 

diabetes 

 

IV drug use 
Use of intravenous drugs: no (reference) vs. 

yes 

Former/never drug use (reference) vs. 

current drug use  

 
 
B7 Table 3. Model performance  
 

Validation method C-statistic (95% CI) Brier score Calibration slope Calibration intercept 

Original 0.63 (0.58-0.69) 0.34 0.52 -1.72 

Model updating 0.68 (0.64-0.71) 0.15 1.00 0.00 
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B7 Figure 1. Calibration plot from model updating 
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Appendix B8. Alternate endpoints rationale, methods, and results 

Rationale and methods 

Given that the primary analysis used a composite endpoint of unsuccessful TB treatment 

outcome, we were additionally interested in whether the factors associated with “biologic” endpoints 

(treatment failure, death, and regimen switch) were different from those associated with “behavioral” 

endpoints (treatment incomplete, not evaluated). To do this, we conducted multinomial logistic 

regression, using a three category outcome variable: successful treatment (reference category), biologic 

endpoint, and behavioral endpoint. The model included variables that were in the final prediction model 

from Chapter 4 (i.e., those selected in at least 70% of bootstrap resamples). Future analyses could 

consider modeling these outcomes in a competing risk framework or using a multinomial prediction 

model.146,173 Such future research may be useful to identify which intervention or treatment approaches 

are most narrowly targeted to the outcome of interest. 

Results 

Overall, 72 (8%) participants had a biologic endpoint, including treatment failure (N=29), death 

during treatment (N=29), and regimen switch (N=14), and 119 (13%) had a behavioral endpoint, 

including treatment incomplete (N=56) and not evaluated (N=63). The remainder (N=753, 80%) had a 

successful treatment outcome, and were considered as the reference outcome category. The odds ratios 

and 95% confidence intervals are presented in B8 Table 1 and B8 Figure 1. Factors associated with 

biologic and behavioral endpoints were quite different. The only variable associated with both outcomes 

was baseline hemoglobin, with increasing levels associated with decreased odds of either unsuccessful 

outcome group, though to a stronger degree among biologic endpoints. Otherwise, covariates associated 

with each outcome were non-overlapping; diabetes and HIV-positivity were associated with biologic 

endpoints, whereas age group, drug use, tobacco use, education, and tobacco use were associated with 

behavioral endpoints. 
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B8 Table 1. Odds ratios (OR) and 95% confidence intervals (CI) from multinomial logistic 
regression for the association between variables included in the final prediction model from 
Chapter 4 with each of biologic and behavioral endpoints.  
 

 Biologic endpoint 
N=72 

Behavioral endpoint 
N = 119 

Variable OR (95% CI) 
Intercept 0.96 (0.15, 6.27) 0.73 (0.16, 3.3) 

Age group 25-35 0.98 (0.43, 2.24) 0.51 (0.29, 0.91) 
Age group 35-45 0.85 (0.36, 2.02) 0.37 (0.19, 0.69) 
Age group 45-55 0.64 (0.24, 1.76) 0.24 (0.11, 0.53) 
Age group 55+ 1.76 (0.71, 4.36) 0.28 (0.12, 0.66) 

Diabetes 2.56 (1.48, 4.41) 1.52 (0.91, 2.56) 

Current drug use 1.23 (0.43, 3.45) 4.29 (2.28, 8.08) 
Former drug use 1.12 (0.56, 2.24) 2.01 (1.13, 3.60) 

Years of education (per 5 years) 0.98 (0.72, 1.34) 0.59 (0.44, 0.8) 
Hemoglobin (per 5 units) 0.27 (0.14, 0.53) 0.57 (0.33, 0.97) 

HIV-positive 2.87 (1.55, 5.34) 1.55 (0.90, 2.65) 

Current tobacco use 0.89 (0.39, 2.00) 2.78 (1.48, 5.21) 
Former tobacco use 1.21 (0.66, 2.23) 2.92 (1.61, 5.31) 

       Bold indicates statistical significance (p<0.05) 
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B8 Figure 1. Coefficient plots from multinomial logistic regression for the association between 
variables included in the final prediction model from Chapter 4 with each of biologic and 
behavioral endpoints.  

 


