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Background. Tuberculosis (TB) treatment–related adverse drug reactions (TB-ADRs) can negatively affect adherence and 
treatment success rates.

Methods. We developed prediction models for TB-ADRs, considering participants with drug-susceptible pulmonary TB who 
initiated standard TB therapy. TB-ADRs were determined by the physician attending the participant, assessing causality to TB 
drugs, the affected organ system, and grade. Potential baseline predictors of TB-ADR included concomitant medication (CM) 
use, human immunodeficiency virus (HIV) status, glycated hemoglobin (HbA1c), age, body mass index (BMI), sex, substance 
use, and TB drug metabolism variables (NAT2 acetylator profiles). The models were developed through bootstrapped backward 
selection. Cox regression was used to evaluate TB-ADR risk.

Results. There were 156 TB-ADRs among 102 of the 945 (11%) participants included. Most TB-ADRs were hepatic (n = 82 
[53%]), of moderate severity (grade 2; n = 121 [78%]), and occurred in NAT2 slow acetylators (n = 62 [61%]). The main 
prediction model included CM use, HbA1c, alcohol use, HIV seropositivity, BMI, and age, with robust performance (c-statistic  
= 0.79 [95% confidence interval {CI}, .74–.83) and fit (optimism-corrected slope and intercept of −0.09 and 0.94, respectively). 
An alternative model replacing BMI with NAT2 had similar performance. HIV seropositivity (hazard ratio [HR], 2.68 [95% CI, 
1.75–4.09]) and CM use (HR, 5.26 [95% CI, 2.63–10.52]) increased TB-ADR risk.

Conclusions. The models, with clinical variables and with NAT2, were highly predictive of TB-ADRs.
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First-line tuberculosis (TB) treatment is effective, resulting in 
high cure rates for drug-susceptible disease when the standard 
6-month regimen is completed [1–3]. However, adverse drug 
reactions (ADRs) influence rates of treatment completion 
and effectiveness, through interrupted therapy and the need 
to use alternative regimens [4]. Recent data from a prospective 
cohort study in Brazil found that more than three-quarters of 
participants experienced at least one ADR episode during TB 
treatment; more than half of all participants had clinical 

symptoms of an ADR, whereas the remainder were diagnosed 
based on laboratory measurements [5]. Moreover, treatment 
interruptions due to ADRs occur in up to 15% of patients, 
and often within the initial 2-month intensive phase of treat
ment [5, 6]. This can lead to treatment modification, requiring 
longer and less effective regimens, and drugs that are more ex
pensive and more toxic. Even when ADRs do not result in treat
ment modification, they can potentially affect adherence and 
negatively impact treatment success rates [7].

Our group previously developed a prediction model for un
successful TB treatment outcomes, including death, treatment 
failure, regimen switch, and incomplete treatment [8]. 
However, the model did not evaluate ADR, which is a measure 
of drug safety and tolerability. Identifying persons at increased 
risk of TB treatment–related ADR (TB-ADR), especially mod
ifiable risk factors, could facilitate interventions to lower the 
risk of ADR. Given the importance of TB drug tolerability for 
treatment completion and effectiveness, and the lack of models 
to predict TB-ADR, we developed prediction models for ADR 
during TB treatment in a large, prospective observational 
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cohort in Brazil [9]. We developed two models: one with only 
clinical variables, and one that also included information on 
TB drug metabolizer polymorphisms.

METHODS

Study Design and Population

Our study included participants enrolled in the Regional 
Prospective Observational Research in Tuberculosis (RePORT) 
Brazil cohort. RePORT-Brazil is a prospective observational co
hort study of persons with newly diagnosed, culture-confirmed, 
pulmonary TB at five sites across three regions in Brazil, enrolled 
between June 2015 and June 2019. Participants were followed for 
two years [9, 10]. RePORT-Brazil excluded participants who had 
previously received anti-TB therapy for ≥7 days, received >7 
days of fluoroquinolone therapy within 30 days of enrollment, 
were pregnant or breastfeeding, or did not plan to remain in 
the enrollment region during follow-up. Sites were in Rio 
de Janeiro (Instituto Nacional de Infectologia Evandro 
Chagas, Clínica de Saúde Rinaldo Delmare, Secretaria de 
Saúde de Duque de Caxias), Salvador (Instituto Brasileiro 
para Investigação da Tuberculose), and Manaus (Fundação 
Medicina Tropical Dr Heitor Vieira Dourado). The study 
population has been shown to be representative of all TB cas
es reported to the national Brazilian TB registry (SINAN) [9].

For this study, we included RePORT-Brazil participants with 
drug-susceptible pulmonary TB who initiated standard TB 
therapy, comprising a 2-month intensive phase of isoniazid, ri
fampicin or rifabutin, pyrazinamide, and ethambutol, followed 
by a 4-month continuation phase of isoniazid with either rifam
picin or rifabutin, all dosed according to the participant’s 
weight [11, 12].

Data Collection and Definitions

Clinical, demographic, and outcome data were collected longi
tudinally at in-person study visits at baseline, month 1, month 
2, and end of treatment (typically month 6), and then via tele
phone follow-up every 6 months until month 24. Data were 
stored in REDCap [13].

Our primary endpoint was TB-ADR after standard TB ther
apy was started. RePORT-Brazil used a symptom-based ap
proach to identify ADRs during TB treatment. This analysis 
included any TB-ADR based on physician-assigned attribution 
of “possibly,” “likely,” or “definitely” related to TB treatment 
[14]. The physician attending the participant assessed whether 
a specific sign or symptom and/or laboratory alteration was re
lated to TB treatment. Each RePORT-Brazil site had clinicians 
trained in identifying ADRs known to be related with TB drugs, 
who independently evaluated each participant. TB-ADRs were 
also described according to the affected organ system (hepatic, 
dermatologic, neurologic) and by grade (grades 2–5) [11, 15]. 
Grade 2 reactions were considered moderate severity; grade 

3, severe; grade 4, life-threatening; and grade 5, death. Grade 
1 reactions were not captured in RePORT-Brazil. TB treatment 
outcome definitions followed the recently updated World 
Health Organization TB treatment outcome definitions [16], 
in which treatment discontinuation due to ADRs is considered 
treatment failure.

All participants underwent human immunodeficiency virus 
(HIV) testing at baseline unless already known to be persons 
with HIV (PWH), and among PWH, we assessed baseline 
CD4 T-cell count and HIV-1 RNA (viral load [VL]), and 
both variables were evaluated as either continuous or categor
ical variables; we considered a breakpoint of 200 cells/mL for 
categorical CD4 T-cell count, and for VL a cutoff of <1000 cop
ies/mL to define virologic suppression. We also considered tim
ing of antiretroviral therapy (ART) initiation. Prior ART use 
was defined as exposure to any ART drug before TB diagnosis, 
and ART-naive was defined as having never received ART be
fore TB diagnosis.

Diabetes status at baseline was based on both self-reported 
history of diabetes mellitus and glycated hemoglobin 
(HbA1c) level. HbA1c <5.7% was considered no diabetes, 
HbA1c 5.7% to <6.5% was considered prediabetes, and 
HbA1c ≥6.5% was considered diabetes [17, 18]. Age was con
sidered in years at the time of enrollment, and body mass index 
(BMI) was categorized as underweight (BMI <18.5 kg/m2), 
normal (18.5–25 kg/m2), and overweight (>25 kg/m2) [19]. 
Additional data, such as smear positivity at baseline, presence 
of cavitation on chest X-ray, and other concomitant chronic 
diseases, were also collected. The variable race was self-reported 
at baseline.

We also evaluated concomitant medication (CM) use (other 
than anti-TB treatment) at baseline, classified by mechanism of 
action (eg, antibacterial, oral hypoglycemic, analgesic, 
corticosteroids) and considering the number of CMs used, which 
were grouped into 4 categories: (1) medications for chronic dis
ease treatment (eg, hypertension, diabetes, HIV); (2) pain/allergy 
medications, such as analgesic/antipyretic, antihistaminic, corti
costeroid, and nonsteroidal anti-inflammatory; (3) antimicrobial 
medications, including antibiotics, antifungals, and antivirals 
other than antiretrovirals; and (4) miscellaneous medications, in
cluding antiemetic, vitamins, supplements, and any other medi
cations not previously classified. Among PWH, each drug in an 
antiretroviral regimen (usually a 3-drug combination) was 
counted separately as a CM in the group of medications for 
chronic disease, as mentioned above.

Genotyping was done of selected single-nucleotide polymor
phisms (SNPs) in genes relevant to metabolism of TB drugs. 
Genotyping was done by VANTAGE (Vanderbilt Technology 
for Advanced Genomics) using MassARRAY iPLEX Gold 
(Agena Bioscience) and TaqMan (ThermoFisher Scientific). 
We genotyped 4 SNPs to categorize NAT2 acetylator groups, 
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Figure 1 Flowchart with the steps followed to build the prediction models. Schematic representation of each model development step and assessment of model perfor
mance. Predictor selection. A comprehensive literature review, taking into account biological plausibility, was made to define which predictors to preselect for the models. 
Considering the applicability in daily practice, we included 9 easily available clinical and sociodemographic predictors for the main model. For the alternative model, we 
decided to also include genetic information related to metabolism of tuberculosis (TB) drugs, such as isoniazid and rifampicin. NAT2 genotypes, related to isoniazid metab
olism, were categorized based on combinations of gene variants rs1801280 (NAT2*5), rs1799930 (NAT2*6), rs1799931 (NAT2*7), and rs1801279 (NAT2*14). This catego
rization generates 3 NAT2 acetylator profiles (slow, intermediate, and rapid) that represent the rate of isoniazid metabolism, and consequently, the drug serum levels; eg, 
NAT2 slow acetylators metabolize isoniazid at a lower rate; thus, the isoniazid serum levels will be higher. The slow acetylator was defined as homozygous for the variant 
allele at any locus or heterozygous at 2 or more loci; intermediate as heterozygous at a single locus; or rapid if no variant allele. Two single-nucleotide polymorphisms related 
to hepatotoxicity and the metabolism of rifampicin, rs11045819 (gene SLCO1B1) and rs412543 (gene GSTM1), were also genotyped. Single imputation was used; with <1% 
of missing data, the added complexity of multiple imputation was not going to improve results. All continuous variables were modeled with restricted cubic splines with 3 
knots to account for nonlinear relationships. Bootstrapped backward selection was used for model selection. This approach involved repeated iterations of backward se
lection in bootstrap samples (with replacement) from the data to evaluate the importance of each candidate predictor. After 500 iterations of bootstrapped backward se
lection, variables that were selected in at least 70% of bootstrap samples were included in the final model. Model performance was evaluated with discrimination and 
calibration measures to assess the accuracy and reliability of the prediction model. Discrimination was quantified with the c-statistic. Calibration was assessed using cal
ibration plot, calibration intercept, and calibration slope. Internal validation with bootstrap resampling was used to estimate optimism-corrected performance measures. 
Predictions from the final model accounted for shrinkage according to the heuristic shrinkage factor, estimated as χ2

model – df / χ2
model, where “χ2

model” is the chi-square model 
and “df” is degrees of freedom.
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which have been associated with higher isoniazid concentra
tions and higher incidence of TB-ADRs including hepatotoxic
ity [20–22], as slow, intermediate, or rapid acetylators.

We selected the candidate predictors for the 2 prediction 
models incorporating information from a comprehensive liter
ature review and biological plausibility [20–25]. Considerable 
deliberation was given to the inclusion of the following vari
ables: CM use, HIV status (positive or negative), HbA1c, age, 
BMI, alcohol use, tobacco use, drug use, sex, and genetic 
data. Substance use (alcohol, tobacco, and drugs), was catego
rized as former, current, or never use.

Statistical Analysis

Participant characteristics were described stratifying by 
TB-ADR occurrence (any TB-ADR and no TB-ADR). Details 
of each ADR were described, including the grade, 
physician-assigned attribution of relation to TB treatment, 
type of ADR (organ system affected), and timing of ADR. 
For all descriptive analyses, continuous variables were 

Table 1. Clinical and Demographic Characteristics of the Study 
Population (N = 945) at Tuberculosis Treatment Initiation

Characteristics
Any TB-ADR  

(n = 102)
No TB-ADR  

(n = 843)

Age, y, median (Q1–Q3) 38 (26–49) 35 (25–49)

Female sex 33 (32) 284 (34)

Self-reported race

Brown 13 (13) 228 (27)

Black 60 (59) 431 (51)

White … 20 (2.3)

Other/Unknown 29 (28) 164 (19)

NAT2 acetylator groupa

Rapid 5 (5) 73 (9)

Intermediate 35 (34) 348 (41)

Slow 62 (61) 422 (50)

BMI at baseline, kg/m2,  
median (Q1–Q3)

20.6 (19.1–22.2) 20.1 (18.2–22.5)

BMI category

Underweight (<18.5 kg/m2) 72 (71) 517 (61)

Normal (18.5–25 kg/m2) 11 (11) 82 (9.7)

Overweight (>25 kg/m2) 19 (19) 244 (29)

Sputum smear positive for acid-fast 
bacilli

76 (75) 694 (82)

Cavitation on chest X-ray 30 (31) 439 (52)

History of diabetes (self-report) 6 (5.9) 105 (12)

HbA1c at baseline, median (Q1–Q3) 5.8 (5.5–6.2) 5.9 (5.4–6.4)

Diabetes (HbA1c category) 6 (6) 105 (12)

Normal (<5.7%) 35 (35) 321 (38)

Prediabetes (5.7% to <6.5%) 47 (47) 312 (37)

Diabetes (≥6.5%) 19 (19) 204 (24)

PWH 38 (37) 145 (17)

Other chronic diseaseb 23 (23) 193 (23)

Receiving CM at baseline 82 (80) 336 (40)

Alcohol use

Never 17 (17) 135 (16)

Former 56 (55) 310 (37)

Current 29 (28) 398 (47)

Tobacco use

Never 50 (49) 406 (48)

Former 32 (31) 241 (29)

Current 20 (20) 196 (23)

Drug usec

Never 69 (68) 555 (66)

Former 26 (25) 177 (21)

Current 7 (6.9) 110 (13)

Data are presented as No. (%) unless otherwise indicated. Column proportions do not 
include missing/unavailable values.  

Abbreviations: BMI, body mass index; CM, concomitant medication; HbA1c, glycated 
hemoglobin; PWH, people with human immunodeficiency virus; Q1, quartile 1; Q3, 
quartile 3; TB-ADR, tuberculosis treatment–related adverse drug reaction.  
aNAT2 acetylator group is defined by 4 single gene polymorphisms.  
bOther chronic disease includes cardiovascular disorders (eg, hypertension, coronary artery 
disease, peripheral artery disease, poststroke disorders), thyroid disorders (eg, hypo- and 
hyperthyroidism), pulmonary disorders (eg, asthma, chronic obstructive pulmonary 
disease), psychiatric disorders (eg, depression), and chronic kidney disorders.  
cDrug use includes all drugs, such as marijuana, cocaine, crack, ecstasy, injectable drugs, 
inhaled solvents, oxycodone, and cocaine paste base.

Table 2. Distribution of All Tuberculosis Treatment–Related Adverse 
Drug Reactions (TB-ARDs; Event-Level) Among 102 Persons With a 
TB-ARD

Adverse Drug Reaction
No. (%)  

(N = 156 Episodes)

Grade

Grade 2 121 (78)

Grade 3 25 (16)

Grade 4 9 (5.8)

Grade 5 1 (0.6)

Relation to TB treatmenta

Related 21 (13)

Likely 71 (46)

Possible 64 (41)

Type of TB-ADR

Hepatic 82 (53)

Dermatologic 35 (22)

Neurologicb 17 (11)

Otherc 22 (14)

Timing of ADR in relation to TB treatment start

Within 1 mo 79 (51)

1–2 mo 41 (26)

2–3 mo 15 (9.7)

3–4 mo 5 (3.2)

4–5 mo 10 (6.5)

5–6 mo 4 (2.6)

≥6 mo 1 (0.6)

Abbreviations: ADR, adverse drug reaction; TB, tuberculosis.  
aThis classification establishes the causality of the ADR and is defined based on Naranjo et al 
[14]: “A ‘related’ reaction followed a reasonable temporal sequence after a drug or in which 
a toxic drug level had been established, followed a recognized response to the suspected 
drug, and was confirmed by improvement on withdrawing the drug and reappeared on 
re-exposure. A ‘likely’ reaction has a reasonable temporal sequence after a drug, followed 
a recognized response to the suspected drug, was confirmed by withdrawal but not by 
exposure to the drug, and could not be reasonably explained by the known characteristics 
of the patient’s clinical state. And a ‘possible’ reaction followed a temporal sequence 
after a drug, possibly followed a recognized pattern to the suspected drug, and could be 
explained by characteristics of the patient’s disease.”  
bNeurologic is composed of 13 events of peripheral neuropathy and 4 other neurologic 
events.  
cOther ADRs include anemia (n = 2), arthralgia (n = 5), cardiovascular/respiratory (n = 3), 
musculoskeletal (n = 2), reproductive (n = 2), sensory (n = 1), uric acid elevation (n = 6), 
and urinary/renal (n = 1).
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summarized with median and the lower and the higher inter
quartiles (Q1 and Q3, respectively) and categorical variables 
by frequency and percentages.

We used 2 approaches for the models to predict risk of any 
TB-ADR. First, we considered the applicability and utility of 
a prediction score in daily practice, and included 9 prespecified 
clinical and sociodemographic predictors to build the main 
model. Second, since we also had data on NAT2 acetylator 
group, we built an alternative model, with 12 prespecified pre
dictors. Bootstrapped backward selection was used for model 
selection [26]. After 500 iterations of bootstrapped backward 
selection, variables that were selected in at least 70% of boot
strap samples were included in the final model. Model perfor
mance was evaluated with discrimination and calibration 
measures. Discrimination was quantified with the c-statistic 
[27]. Calibration was assessed using calibration plot, calibration 
intercept, and calibration slope [28] (Figure 1). Internal valida
tion with bootstrap resampling was used to estimate optimism- 
corrected performance measures, and predictions from the 
final model accounted for shrinkage using the heuristic 

shrinkage factor [29]. The methods used in prediction model 
development, including variable selection and model valida
tion, have been described in detail elsewhere [8]. Moreover, 
we developed a nomogram with the variables included in the 
main prediction model to aid the model interpretation.

We additionally performed Cox proportional hazard regres
sion to evaluate associations between each variable selected for 
the final primary prediction model and the risk of TB-ADR 
(but not for the alternative model); we considered any grade 
2 or higher TB-ADR, related to any organ system. 
Participants could experience multiple ADRs over the course 
of treatment, but each analysis evaluated time until the first 
ADR. Individuals who were lost to follow-up were censored 
at their last kept study visit [30]. For all analyses, confounders 
were selected a priori and included age, sex, and tobacco and 
alcohol use at baseline. We considered the age of 35 as reference 
for adjustment based on the study population median age. For 
the diabetes variable, HbA1c was considered as a continuous 
variable (modeled with a restricted cubic spline with 3 knots) 
and as a categorical variable, of no diabetes, prediabetes, and di
abetes, as described above. Less than 1% of participants had any 
missing data. Data were assumed to be missing completely at 
random, so single imputation with predictive mean matching 
was used in the analysis. All analyses were conducted using 
the significance level of .05 and using R software (version 4.2.0).

RESULTS

Of the 945 participants included, 102 (11%) experienced an 
ADR (Supplementary Figure 1). Among those who experienced 
ADRs, most were men (68% [n = 69]), 37% (n = 38) were 
PWH, 80% (n = 82) had CM use at baseline, and most were 
slow NAT2 acetylators (61% [n = 62]) (Table 1). Overall, there 
were 156 TB-ADR episodes reported; most TB-ADRs occurred 
during the intensive phase of TB treatment (n = 120 [77%]). 
Most TB-ADRs were grade 2 (n = 121 [78%]), and the most fre
quent type was hepatic (n = 82 [53%]), followed by dermato
logic (n = 35 [22%]), and neurologic (n = 17 [11%]) (Table 2).

After bootstrapped backward selection, 6 variables were 
most predictive of TB-ADRs and were included in the main 
model: CM use at baseline, HbA1c, alcohol use, HIV status, 
BMI, and age (Table 3). The main model with these variables, 
including restricted cubic splines with 3 knots for HbA1c and 
age, demonstrated good performance with a c-statistic of 0.79 
(95% confidence interval [CI], .75–.83) and the calibration 
curve indicated a good fit, with an optimism-corrected inter
cept and slope of −0.22 and 0.87, respectively. A shrinkage fac
tor of 0.90 was applied to correct for uncertainties introduced 
in model development and improve fit in external validation 
(Figure 2A and 2B). The alternative prediction model included 
the following variables: CM use, HbA1c, alcohol use, NAT2 
acetylator group, age, and HIV status (Table 3). This model 

Table 3. Prediction Models for Any Tuberculosis Treatment–Related 
Adverse Drug Reaction

Variable
Bootstrap  

Inclusion, % Coefficient Standard Error

Main prediction model

Intercept 100 −6.8 ± 2.16

Concomitant medications 100 1.83 ± 0.28

HbA1c (%) 100 −0.88 ± 0.64

Alcohol use (current) 85 −0.42 ± 0.36

HIV 83 0.59 ± 0.26

Age 82 0.03 ± 0.03

BMI 79 −0.16 ± 0.10

Tobacco use 61 … …

Drug use 37 … …

Sex 21 … …

Alternative prediction model

Intercept 100 −2.87 ± 0.69

Concomitant medications 100 1.82 ± 0.27

HbA1c (%) 100 −0.30 ± 0.09

Alcohol use (current) 91 −0.45 ± 0.33

NAT2 acetylator profilea 79 0.35 ± 0.18

HIV 77 0.49 ± 0.25

Age 76 0.02 ± 0.01

BMI 62 … …

Tobacco use 56 … …

Drug use 45 … …

rs11045819 (SLCO1B1) 40 … …

rs412543 (GSMT2) 20 … …

Sex 16 … …

In bold, the variables selected >70% of bootstrap samples that were included in the final 
models.  

Abbreviations: BMI, body mass index; HbA1c, glycated hemoglobin; HIV, human 
immunodeficiency virus.  
aNAT2 acetylator profile included rapid, intermediate, and slow groups. The interpretation of 
this variable within the model was that as the NAT2 acetylator slowed, there was an 
increased probability of tuberculosis treatment–related adverse drug reactions to occur.
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also demonstrated good performance, with a c-statistic of 0.79 
(95% CI, .74–.83). The calibration curve indicated a good fit, 
with an optimism-corrected intercept and slope of −0.09 and 
0.94, respectively (Figure 2C and 2D). The predicted risks 
from the main model can be applied to new populations using 
a nomogram (Supplementary Figure 2).

In addition to the prediction model, we evaluated the associ
ation of each predictor included in the main model, 

individually, with TB-ADR occurrence. CM use at baseline in
creased by approximately 5 times the risk of any TB-ADR (haz
ard ratio [HR], 5.38 [95% CI, 3.25–8.89]). PWH also had an 
increased risk of any TB-ADR (HR, 2.68 [95% CI, 1.75–4.09]) 
and of hepatic TB-ADR (HR, 5.26 [95% CI, 2.63–10.52]; graph 
not shown). Higher levels of HbA1c were associated with de
creased risk of having TB-ADR (Figure 3). For example, com
pared to individuals with HbA1c of 5.5%, individuals with an 

Figure 2. Performance of main prediction model (A and B) and of alternative prediction model (C and D). A, The calibration plot displays agreement between observed and 
predicted outcome probabilities across deciles of outcome (tuberculosis treatment–related adverse drug reaction [TB-ADR]) 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 500 bootstrap samples. The bias-corrected calibration intercept and slope were −0.22 and 0.87, respectively. The top of the plot displays a histogram of the distribution 
of predicted probabilities of TB-ADR for the 945 participants with culture-confirmed, drug-susceptible pulmonary TB included in the study. A shrinkage factor of 0.90 was 
applied to correct uncertainties introduced in model development and improve fit in external validation. B, The receiver operating characteristic (ROC) curve measures dis
crimination of the model, ie, how well the model can differentiate between those with and without an outcome. The area under the ROC curve, which is equivalent to the 
c-statistic, is 0.79 (95% confidence interval [CI], .75–.83). C, The calibration plot displays agreement between observed and predicted outcome probabilities across deciles of 
outcome (TB-ADR) 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 500 bootstrap samples. The bias-corrected calibration intercept and slope were −0.09 and 0.94, 
respectively. The top of the plot displays a histogram of the distribution of predicted probabilities of TB-ADR for the 945 participants with culture-confirmed, drug-susceptible 
pulmonary TB included in the study. A shrinkage factor of 0.90 was applied to correct uncertainties introduced in model development and improve fit in external validation. 
D, The ROC curve measures discrimination of the model, ie, how well the model can differentiate between those with and without an outcome. The area under the ROC curve, 
which is equivalent to the c-statistic, is 0.79 (95% CI, .74–.83).
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HbA1c of 9% had 63% decreased risk of TB-ADR (HR, 0.47 
[95% CI, .23–.95]) and individuals with HbA1c of 11% had 
83% decreased risk of TB-ADR (HR, 0.17 [95% CI, .04–.66]) 
(Supplementary Figure 3).

Since CM use and HIV status were highly associated with 
TB-ADR, we performed additional subanalysis to assess the as
sociation of CM and TB-ADR, stratifying by HIV status. A sub
set of patients (n = 315) also had information about the type and 
number of medications used at baseline, allowing us to assess the 
effect of polypharmacy on the outcome instead of a simple bina
ry (yes/no) exposure. HIV-seronegative participants who were 
prescribed at least 1 CM at baseline had a higher risk of having 
a TB-ADR compared to participants with no CM (adjusted HR 
[aHR], 6.89 [95% CI, 3.63–13.07]). As the number of CM in
creased among HIV-negative participants, no substantial in
crease in the TB-ADR risk was observed. We also assessed the 
interaction of CM, which includes ART, and HIV seropositivity. 
In addition, among PWH, no association with number of CM 
and TB-ADRs was found (Figure 4). Regarding the type of 
CM, we categorized 27 classes of CM into 4 groups. Among par
ticipants, taking 4 or more CM medications for chronic diseases 
and antimicrobials was more frequent. Most participants taking 

only 1 CM were using pain medication (70.6%), and within this 
group, only 12% (n = 13) were acetaminophen-containing drugs 
(Supplementary Table 1).

Further analysis considering HIV-related variables found no 
association with TB-ADR when comparing CD4 T-cell counts 
(>200 vs <200 cells/mL), VL (suppressed vs nonsuppressed), 
or ART exposure (ART-experienced vs ART-naive) 
(Supplementary Figure 4)

DISCUSSION

This analysis highlights several important findings. Most 
TB-ADRs were of moderate severity (grade 2), were hepatic, 
and occurred in the intensive phase of TB treatment. Use of 
CM at baseline, HbA1c, alcohol use, HIV status, BMI, and 
age were predictive of TB-ADR. Our findings of ADR severity, 
of organ system affected, and of the timing of ADR during TB 
treatment are consistent with previous studies [5, 23].

The 2 models developed were highly predictive of TB-ADR. 
Interestingly, most of the predictors were common to both 
models. The main model included variables that can be easily 
obtained in the clinical setting and can promptly demonstrate 

Figure 3. Coefficient plot of variables and associations with tuberculosis treatment–related adverse drug reactions. Abbreviations: BMI, body mass index; CI, confidence 
interval; HbA1c, glycated hemoglobin; HIV, human immunodeficiency virus; HR, hazard ratio. Reference categories: for other medication, no; for HIV, no/HIV negative; for body 
mass index, 15 kg/m2; for age, 20 years; for alcohol, never; for HbA1c: 5.5%.

Predicting Adverse Drug Reactions During TB Treatment • JID 2024:229 (15 March) • 819

D
ow

nloaded from
 https://academ

ic.oup.com
/jid/article/229/3/813/7585562 by U

niversidade Federal da Bahia (U
FBA) user on 01 April 2024



the risk of TB-ADR in a person starting TB treatment. The al
ternative model included the same variables plus the NAT2 ace
tylator profiles, which are generally not readily available in 
clinical practice. However, such information may be useful 
for evaluating interventions that could improve the tolerability 
of TB treatment, such as isoniazid dose adjustment.

When evaluating associations between predictors and risk of 
TB-ADR, CM use at baseline and HIV coinfection were associat
ed with increased risk for TB-ADR, whereas high levels of HbA1c 
were associated with decreased risk for TB-ADR. Among 
HIV-seronegative participants, CM use at baseline was strongly 
associated with risk of TB-ADR, especially when comparing no 
CM versus 1 CM. The most common class of CM used by partic
ipants taking only 1 CM was non-acetaminophen-containing 
pain medication. In Brazil, dipyrone (ie, Metamizole) is a very 

commonly used analgesic and antipyretic drug and is available 
without prescription. Dipyrone has a potential hepatotoxic effect; 
however, the most well-known ADR for this drug is agranulocy
tosis, which occurs infrequently and was not observed in our 
study [31, 32]. Among PWH, there was no significant association 
between CM use, which included ART, and the risk of TB-ADR. 
There are limited previous studies evaluating this association; 
however, the available literature is not in accordance with our 
findings. A previous study demonstrated that hepatotoxicity 
risk increased with concomitant anti-TB-HIV therapy and that 
ART alone was associated with 3 times the risk of ADR compared 
to TB treatment alone [33]. Moreover, a recent study found high
er incident rates of liver injury among patients with TB-HIV co
infection, especially when starting ART during the intensive 
phase of TB treatment [34].

A B

Figure 4. Association between concomitant medication and tuberculosis treatment–related adverse drug reactions, stratified by HIV status. (A) Risk of TB-ADR among 
participants HIV-seronegative, according to the number of concomitant medications. (B) Among participants living with HIV, no risk of TB-ADR was observed according 
to the number of concomitant medications, which include the antiretrovirals. Abbreviations: HIV, human immunodeficiency virus; PWH: people with HIV; TB-ADR: TB treat
ment-related adverse drug reaction. Adjusted to: age = 35; female = 0; smoking = never; alcohol use = current. 1 Number of participants in each subgroup: for 0, N=469; for 
1, N=129; for 2, N=49, for 3, N=13, for 4+, N=19. 2 Number of participants in each subgroup: for 0, N=40; for 1, N=14; for 2, N=15, for 3, N=25, for 4+, N=69. * The risk of 
TB-ADR increases the highest from 0 to 1 concomitant medication.
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In the present analysis, PWH were at increased risk for 
TB-ADR, including hepatic ADRs, which is consistent with sev
eral previous studies [34, 35] and therefore an expected finding. 
However, we did not find an association between HIV-related 
factors, such as CD4 T-cell count or VL, and TB-ADR in our 
study.

Interestingly, the risk of TB-ADR decreased as baseline 
HbA1c increased; that is, participants with higher HbA1c levels 
had lower risk of TB-ADR. Although the reason for this asso
ciation is unclear, it could be due to decreased drug absorption 
among persons with poor diabetes control, and therefore lower 
TB drug exposures [36]. The association between BMI, age, and 
alcohol use was inconclusive for ADR risk. Moreover, there was 
a higher frequency of TB-ADR among slow NAT2 acetylators, 
which is in accordance with the literature [21, 22, 37].

There were several limitations of this study. We considered 
only the first TB-ADR occurrence; TB-ADRs can overlap or oc
cur more than once during TB treatment. In addition, the de
termination of attribution of ADRs to TB drugs by local care 
providers in this open-label study could be biased. Due to the 
high number of classes of CM received by the study population 
(ie, 27), we could not assess the association between any specific 
class (eg, antiretroviral, antihypertensives) and ADR risk with 
TB treatment. We considered only baseline information re
garding CM use, which may not fully capture medications 
that are used intermittently, but which has the benefit of being 
readily applicable at TB treatment initiation. Depending on the 
type of medication, it may be taken regularly (eg, for chronic 
diseases) or intermittently (eg, for symptom relief). There 
was a relatively low rate of TB-ADR (11%) compared to rates 
in the literature [38, 39] and this may have affected the perfor
mance of the prediction model. Moreover, the lack of association 
between CM and risk of TB-ADR among PWH may have been 
due to the sample size, and because we only considered baseline 
information about ART, and not the possible time-varying as
sociation of ART and TB-ADR. We included only participants 
with culture-confirmed, drug-susceptible, pulmonary TB on 
standard therapy regimens for 6 months, which could affect 
the generalizability of the results.

This study had several strengths. This was a large multicenter 
prospective cohort study, representative of persons with TB in 
Brazil [9], with uniform data collection and regularly scheduled 
visits. Additionally, the variables included in the model are 
readily available in clinical settings, which, in turn, can make 
implementation of the prediction model feasible. We also de
veloped an alternative model that included genetic informa
tion. We are not aware of previous studies that developed a 
prediction model for ADRs during TB treatment. Compared 
to the prediction model for unfavorable TB treatment out
comes developed by Peetluk et al [8, 40], the prediction models 
we developed can be an additional tool in TB treatment man
agement. Although we did not perform external validation, 

the nomogram generated through the main prediction model 
can be easily applied to the target population—persons receiv
ing standard TB treatment in Brazil.

In conclusion, we developed 2 models that were highly predic
tive of TB treatment–related ADRs; 1 with easy-to-assess vari
ables, and another that included genetic data. Additionally, we 
evaluated associations between important risk factors and 
TB-ADR. Knowledge of these factors at the time of TB treatment 
initiation, and interventions to decrease their contribution (eg, 
fewer concomitant medications or isoniazid dose adjustment) 
could improve TB treatment tolerability.

Supplementary Data

Supplementary materials are available at The Journal of 
Infectious Diseases online (http://jid.oxfordjournals.org/). 
Supplementary materials consist of data provided by the author 
that are published to benefit the reader. The posted materials 
are not copyedited. The contents of all supplementary data
are the sole responsibility of the authors. Questions or messages 
regarding errors should be addressed to the author.

Notes

Acknowledgments. The authors thank the study partici
pants and the teams of clinical and laboratory platforms of 
all RePORT-Brazil Consortium sites. The authors also thank 
the RePORT-Brazil Consortium on behalf of Aline 
Benjamin and Flavia M. Sant’Anna (Instituto Nacional de 
Infectologia Evandro Chagas, Fiocruz, Rio de Janeiro, 
Brazil); Jamile Garcia de Oliveira and João Marin (Clínica 
de Saúde Rinaldo Delmare, Rio de Janeiro, Brazil); Adriana 
Rezende and Anna Cristina Carvalho (Secretaria de Saúde 
de Duque de Caxias, Rio de Janeiro, Brazil); Michael Rocha 
and Betânia Nogueira (Instituto Brasileiro para Investigação 
da Tuberculose, Fundação José Silveira, Salvador, Brazil); 
Alexandra Brito and Renata Spener (Fundação Medicina 
Tropical Dr Heitor Vieira Dourado, Manaus, Brazil); and 
Megan Turner (Vanderbilt University Medical Center, 
Nashville, Tennessee).

Author contributions. F. R., G. A., and L. S. P. conceptualized 
the research question and drafted the initial manuscript. 
L. S. P. and G. A. conducted the analysis. V. C. R. and T. R. S. 
provided thorough feedback on the research design and analysis 
interpretation, supervised the analysis, and revised successive 
drafts of the manuscript. B. B. A., M. A.-P., and D. W. H. pro
vided valuable feedback and comments on successive manu
script drafts. B. B. A., M. C.-S., A. L. K., T. R. S., V. C. R., and 
M. C. F. played pivotal roles in the conceptualization of the 
RePORT-Brazil cohort, project administration, data and funding 
acquisition, and revised successive drafts of the manuscript. All 
authors approved the final version of the manuscript.

Ethical approval. All clinical investigations were conducted 
according to the principles of the Declaration of Helsinki. The 

Predicting Adverse Drug Reactions During TB Treatment • JID 2024:229 (15 March) • 821

D
ow

nloaded from
 https://academ

ic.oup.com
/jid/article/229/3/813/7585562 by U

niversidade Federal da Bahia (U
FBA) user on 01 April 2024



RePORT-Brazil protocol, informed consent, and study docu
ments were approved by the institutional review boards at 
each study site and at Vanderbilt University Medical Center. 
Participation in RePORT-Brazil was voluntary, and written in
formed consent was obtained from all such participants.

Disclaimer. The contents of this work are solely the respon
sibility of the authors and do not necessarily represent the offi
cial views the National Center for Advancing Translational 
Sciences or the National Institutes of Health (NIH).

Financial support. This work was funded by the 
Departamento de Ciência e Tecnologia (DECIT), Secretaria 
de Ciência e Tecnologia, Ministério da Saúde, Brazil (award 
number 25029.000507/2013-07 to V. C. R.); the National 
Institute of Allergy and Infectious Diseases, NIH (grant num
bers U01 AI069923; U01 AI172064; R01 A1120790; F31 
AI152614 to L. S. P.); and the Coordenação de 
Aperfeiçoamento de Pessoal de Nível Superior (CAPES), 
Brazil (Finance Code 001, CAPES-PrInt 88887.694717/ 
2022-00 to F. R.). L. K., M. C.-S., B. B. A., and V. C. R. are senior 
investigators and fellows from the Conselho Nacional de 
Desenvolvimento Científico e Tecnológico, Brazil. The 
National Institute of Allergy and Infectious Diseases, NIH 
grants support also included AI077505 (to D. W. H.), 
AI110527, and TR000445.

Potential conflicts of interest. The authors: No reported con
flicts of interest.

All authors have submitted the ICMJE Form for Disclosure 
of Potential Conflicts of Interest. Conflicts that the editors con
sider relevant to the content of the manuscript have been 
disclosed.

References

1. Dorman SE, Nahid P, Kurbatova EV, et al. Four-month ri
fapentine regimens with or without moxifloxacin for tu
berculosis. N Engl J Med 2021; 384:1705–18.

2. Cohn DL, Catlin BJ, Peterson KL, Judson FN, Sbarbaro JA. A 
62-dose, 6-month therapy for pulmonary and extrapulmo
nary tuberculosis. A twice-weekly, directly observed, and 
cost-effective regimen. Ann Intern Med 1990; 112:407–15.

3. World Health Organization (WHO). Global tuberculosis 
report 2022. Geneva, Switzerland: WHO, 2022.

4. Verbeeck RK, Günther G, Kibuule D, Hunter C, Rennie 
TW. Optimizing treatment outcome of first-line anti- 
tuberculosis drugs: the role of therapeutic drug monitor
ing. Eur J Clin Pharmacol 2016; 72:905–16.

5. Sant’Anna FM, Araújo-Pereira M, Schmaltz CAS, et al. 
Adverse drug reactions related to treatment of drug- 
susceptible tuberculosis in Brazil: a prospective cohort 
study. Front Trop Dis 2022; 2:748310.

6. Breen RAM, Miller RF, Gorsuch T, et al. Adverse events 
and treatment interruption in tuberculosis patients with 
and without HIV co-infection. Thorax 2006; 61:791–4.

7. Bea S, Lee H, Kim JH, et al. Adherence and associated fac
tors of treatment regimen in drug-susceptible tuberculosis 
patients. Front Pharmacol 2021; 12:625078.

8. Peetluk LS, Rebeiro PF, Ridolfi FM, et al. A clinical predic
tion model for unsuccessful pulmonary tuberculosis treat
ment outcomes. Clin Infect Dis 2022; 74:973–82.

9. Arriaga MB, Amorim G, Queiroz ATL, et al. Novel step
wise approach to assess representativeness of a large mul
ticenter observational cohort of tuberculosis patients: the 
example of RePORT Brazil. Int J Infect Dis 2021; 103: 
110–8.

10. RePORT-Brazil: Regional Prospective Observational 
Research for Tuberculosis. 2022. https://reportbrazil.org/. 
Accessed 10 July 2023.

11. World Health Organization (WHO). Guidelines for treat
ment of drug-susceptible tuberculosis and patient care: 
2017 update. Geneva, Switzerland: WHO, 2017.

12. Ministério da Saúde. Manual de recomendações para o 
controle da tuberculose no Brasil. Brasília, Brazil: 
Ministério da Saúde, 2018.

13. Harris PA, Taylor R, Minor BL, et al. The REDCap consor
tium: building an international community of software 
platform partners. J Biomed Inform 2019; 95:103208.

14. Naranjo CA, Busto U, Sellers EM, et al. A method for esti
mating the probability of adverse drug reactions. Clin 
Pharmacol Ther 1981; 30:239–45.

15. National Institute of Allergy and Infectious Diseases, 
Division of AIDS. Table for grading the severity of adult 
and pediatric adverse events corrected version 2.0. 
Bethesda, MD: DAIDS Regulatory Support Center, 2014.

16. Linh NN, Viney K, Gegia M, et al. World Health 
Organization treatment outcome definitions for tuberculo
sis: 2021 update. Eur Respir J 2021; 58:2100804.

17. Colagiuri S. Glycated haemoglobin (HbA1c) for the diag
nosis of diabetes mellitus—practical implications. 
Diabetes Res Clin Pract 2011; 93:312–3.

18. American Diabetes Association. Classification and diagno
sis of diabetes: standards of medical care in diabetes—2020. 
Diabetes Care 2020; 43(Suppl 1):S14–31.

19. National Institutes of Health. Clinical guidelines on the 
identification, evaluation, and treatment of overweight 
and obesity in adults—the evidence report. Obes Res 
1998; 6(Suppl 2):51S–209S.

20. Thomas L, Raju AP, Sonal Sekhar M, et al. Influence of 
N-acetyltransferase 2 (NAT2) genotype/single nucleotide 
polymorphisms on clearance of isoniazid in tuberculosis 
patients: a systematic review of population pharmacokinet
ic models. Eur J Clin Pharmacol 2022; 78:1535–53.

21. Verma R, Patil S, Zhang N, et al. A rapid pharmacogeno
mic assay to detect NAT2 polymorphisms and guide isoni
azid dosing for tuberculosis treatment. Am J Respir Crit 
Care Med 2021; 204:1317–26.

822 • JID 2024:229 (15 March) • Ridolfi et al

D
ow

nloaded from
 https://academ

ic.oup.com
/jid/article/229/3/813/7585562 by U

niversidade Federal da Bahia (U
FBA) user on 01 April 2024



22. Wang PY, Xie SY, Hao Q, Zhang C, Jiang BF. NAT2 poly
morphisms and susceptibility to anti-tuberculosis 
drug-induced liver injury: a meta-analysis. Int J Tuberc 
Lung Dis 2012; 16:589–95.

23. Sant’Anna FM, Araújo-Pereira M, Schmaltz CAS, Arriaga 
MB, Andrade BB, Rolla VC. Impact of adverse drug reac
tions on the outcomes of tuberculosis treatment. PLoS 
One 2023; 18:e0269765.

24. Arriaga MB, Torres NMC, Araujo NCN, Caldas SCC, 
Andrade BB, Netto EM. Impact of the change in the anti
tubercular regimen from three to four drugs on cure and 
frequency of adverse reactions in tuberculosis patients 
from Brazil: a retrospective cohort study. PLoS One 
2019; 14:e0227101.

25. Castro ATE, Mendes M, Freitas S, Roxo PC. Incidence and 
risk factors of major toxicity associated to first-line antituber
culosis drugs for latent and active tuberculosis during a peri
od of 10 years. Rev Port Pneumol (2006) 2015; 21:144–50.

26. Heinze G, Wallisch C, Dunkler D. Variable selection—a re
view and recommendations for the practicing statistician. 
Biom J 2018; 60:431–49.

27. Steyerberg EW, Vickers AJ, Cook NR, et al. Assessing the 
performance of prediction models: a framework for tradi
tional and novel measures. Epidemiology 2010; 21:128–38.

28. Van Calster B, Nieboer D, Vergouwe Y, De Cock B, 
Pencina MJ, Steyerberg EW. A calibration hierarchy for 
risk models was defined: from utopia to empirical data. J 
Clin Epidemiol 2016; 74:167–76.

29. Vergouwe Y, Royston P, Moons KGM, Altman DG. 
Development and validation of a prediction model with 
missing predictor data: a practical approach. J Clin 
Epidemiol 2010; 63:205–14.

30. Lesko CR, Edwards JK, Moore RD, Lau B. Censoring for 
loss to follow-up in time-to-event analyses of composite 
outcomes or in the presence of competing risks. 
Epidemiology 2019; 30:817–24.

31. Lutz M. Metamizole (dipyrone) and the liver: a review of 
the literature. J Clin Pharmacol 2019; 59:1433–42.

32. Andrade S, Bartels DB, Lange R, Sandford L, Gurwitz J. 
Safety of metamizole: a systematic review of the literature. 
J Clin Pharm Ther 2016; 41:459–77.

33. Yimer G, Gry M, Amogne W, et al. Evaluation of patterns 
of liver toxicity in patients on antiretroviral and anti- 
tuberculosis drugs: a prospective four arm observational 
study in Ethiopian patients. PLoS One 2014; 9:e94271.

34. Naidoo K, Hassan-Moosa R, Mlotshwa P, et al. High 
rates of drug-induced liver injury in people living with 
HIV coinfected with tuberculosis (TB) irrespective of 
antiretroviral therapy timing during antituberculosis 
treatment: results from the starting antiretroviral thera
py at three points in TB trial. Clin Infect Dis 2020; 70: 
2675–82.

35. Sadiq S, Khajuria V, Tandon VR, Mahajan A, Singh JB. 
Adverse drug reaction profile in patients on anti- 
tubercular treatment alone and in combination with high
ly active antiretroviral therapy. J Clin Diagn Res 2015; 9: 
FC01-04.

36. Nijland HMJ, Ruslami R, Stalenhoef JE, et al. Exposure to 
rifampicin is strongly reduced in patients with tuberculosis 
and type 2 diabetes. Clin Infect Dis 2006; 43:848–54.

37. Azuma J, Ohno M, Kubota R, et al. NAT2 genotype guided 
regimen reduces isoniazid-induced liver injury and early 
treatment failure in the 6-month four-drug standard treat
ment of tuberculosis: a randomized controlled trial for 
pharmacogenetics-based therapy. Eur J Clin Pharmacol 
2012; 69:1091–101.

38. Phillipson J, Kuruppu N, Chikura T, et al. Adverse effects 
and duration of treatment of TB in Canterbury, New 
Zealand. Int J Tuberc Lung Dis 2021; 25:990–4.

39. Prasad R, Singh A, Gupta N. Adverse drug reactions in tu
berculosis and management. Indian J Tuberc 2019; 66: 
520–32.

40. Peetluk LS, Ridolfi FM, Rebeiro PF, Liu D, Rolla VC, 
Sterling TR. Systematic review of prediction models for 
pulmonary tuberculosis treatment outcomes in adults. 
BMJ Open 2021; 11:e044687.

Predicting Adverse Drug Reactions During TB Treatment • JID 2024:229 (15 March) • 823

D
ow

nloaded from
 https://academ

ic.oup.com
/jid/article/229/3/813/7585562 by U

niversidade Federal da Bahia (U
FBA) user on 01 April 2024


