Additional file 3- Leishmania DAT Review Model Specification

[bookmark: _Hlk89765057][bookmark: _GoBack]The complete model to estimate the sensitivity and specificity of the index test in each study, and hence predict sensitivity and specificity in a future study, consists of two hierarchical levels. The first level captures between-study variations in the sensitivity and specificity through a Hierarchical Summary Receiver Operating Characteristic (HSROC) model (1), which assumes that sensitivity and specificity across studies lie on an ROC curve. The second level accounts for the unknown true disease status of all participants and potential conditional dependence between diagnostic tests through the use of a random-effect latent class model (2). 

Starting with the latent class model, assume we have a sample of N individuals who have all undergone two different dichotomous tests defined by  be a random variable denoting the outcome from test for individual . A positive test result for an individualis denoted by , and a negative test result by  Also assume that the unknown true disease status of an individual, denoted , can take one of two values: ‘diseased’ ( or ‘non-diseased’ (.The true (latent) disease status of the th individual is denoted  Assuming conditional independence between the two tests, we can write the joint distribution as:
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For the rth test, the sensitivity  and specificity  can be written as  and respectively. We can also define prevalence as . We can then specify equation 1 in terms of sensitivity, specificity and prevalence:
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Following this, we can then define the likelihood for this latent class model assuming conditional independence as: 
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We account for conditional dependence between tests in disease positive individuals ( by allowing the sensitivity from each test to depend on an individual level random effect . We assume that the sensitivity in the conditionally dependent model takes the form (1): 
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where  is a link function. In this study we use the logit link, ,  and  are unknown parameters to be estimated where b describes the strength of dependence between two tests and the random effect  follows a standard normal distribution. The subject-specific random-effect  represents some unobserved characteristic for example infection intensity, that indirectly creates dependence between tests.

The study-level latent class model (equation 3 and 4) is then linked to the between-study level using a HSROC model (equation 5) which models between study variations by assuming that test sensitivity and specificity lie on an ROC curve. In particular, each study  provides the 2x2 table between the test of interest, hereafter called the index test, which is the same in all studies, and a comparator test which may differ between studies. We let  denote the index test outcomes in each study and we let  denote the comparator test outcomes in each study. In line with previous descriptions (2,3), we define the sensitivity and specificity of the index test in the th study by:
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where  represents the positivity criteria for study . The positivity criteria, or cut-off value, models the dependence between the true positive fraction and false positive fraction in each study.  represents the diagnostic accuracy and measures the mean difference in test accuracy between individuals ‘diseased’ and individuals ‘non-diseased’ in study .  the scale parameter, allows differences in the variation of outcomes between disease positive and disease negative individuals thus allowing asymmetry in the ROC curve. Both  and parameters are modelled as random effects with independent normal distributions to incorporate variation between studies:
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Equations 5 and 6 represent the model specification for the full DAT model described in the main text, and it includes no covariates. However, in our sensitivity analyses we also considered heterogeneity between 7 geographic regions where we expected the accuracy of the test to differ. For this we allow the mean of  to be a function of a study-level covariate. We let take the value 1 if the data are from geographic region , and 0 otherwise, where  is the total number of geographic regions considered,. The distribution of  and its standard deviation are then assumed to be: 
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where  represents the coefficient for each geographic region.

We present pooled estimates of sensitivity and specificity which are given by:
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And, where we included a covariate,  is replaced by the corresponding coefficient. For example, to estimate the pooled sensitivity and specificity of for geographic region 1:
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Importantly, we also present a prediction of sensitivity and specificity in a new study. Predicted estimates are important because the pooled estimates in a meta-analysis only represent an average estimate among the studies included in the analysis. Predicted estimates on the other hand account for the variation captured through the modelling framework and can be used as priors for sensitivity and specificity of the index test in a new study. We predict sensitivity and specificity by replacing  with  and  with :
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Prior Specification 
Priors for all models are in line with those used by Dendukuri et al. (3), where the priors were chosen ensure a uniform distribution for the pooled estimate of sensitivity over 0.5 to 1. We use the following priors: ~(0,1.5), ~𝑁(0,2) and, 𝛽~𝑈𝑛𝑖𝑓𝑜𝑟𝑚(−0.75,0.75). Variance parameters  𝑎𝑛𝑑  follow zero-truncated standard normal distributions. We allow prevalence, and sensitivity and specificity of the index test in each study to be uniform over 0 to 1. However for each comparator test, we assume that the probability of a positive test is greater in a disease positive individual than a disease negative individual . 
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