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Handling of missing data
Not all outcome variables were collected in all surveys. We performed multiple imputation separately for each outcome by restricting to surveys that collected the outcome. For addressing sporadic missingness in each outcome, we conducted multiple imputation using multilevel fully conditional specifications. The main predictor, TB status, was classified into three groups: people with TB, members of households with TB, and members of households without TB. The imputation models included NCD and their risk factors, TB status, age, gender, TB symptoms, and chest x-ray findings. BMI was included after transformation and then imputed (i.e. so-called 'just another variable' approach).1 Because the number of surveys reporting most outcomes was small, the model included fixed intercepts for surveys. Sampling clusters were included as random intercepts. 
We generated 20 multiply imputed data sets with 20 iterations between successive imputations. We assessed model convergence visually. All primary analyses were performed across multiply imputed datasets; substantive models were fitted on each imputed dataset, and their outputs were combined using Rubin's rules.
Sensitivity analysis- quantitative bias analysis
We conducted a record-level quantitative bias analysis to explore the impact of the misclassification of diabetes and hypertension status.2 We assumed various levels of accuracy (i.e. sensitivity and specificity) of diabetes and hypertension status, testing both non-differential and differential misclassification by TB status. Based on the literature, we varied the sensitivity of self-reported diabetes and hypertension between  40% to 80%.3-6 The prevalence of self-reported diabetes in the study population was 2.8% in people without TB (see Results). This suggests a high specificity of diabetes in the study population consistent with the literature.3,4  For hypertension, we tested a specificity of 85%, 90%, and 95%.5,6  We adapted the approach described by Fox et al. while using fixed levels of sensitivity and specificity.2 We first sampled one of the 20 multiply imputed datasets and estimated positive and negative predictive values for diabetes/hypertension given their observed status. Second, using the predictive values, we simulated a new variable representing the true diabetes/hypertension status drawing at random from a Bernoulli distribution. We fitted a logistic regression model using the new variable as an outcome and TB status as a predictor, adjusted for age and gender. Finally, to account for random errors, we sampled a standard normal deviate, multiplied it by the standard error of the bias-adjusted association, and combined it with the point estimate from the model. We repeated the above process 1000 times and presented the median and 2.5th and 97.5th percentiles as uncertainty intervals. To reduce the computation time, the regression model excluded random intercepts for clusters unlike the model used in the primary analysis. To compare the results between models that are comparable, we compared the results of this sensitivity analysis with those from the models using observed diabetes and hypertension status without random intercepts for clusters. 
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