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A. Additional screenshots of functionality 
[image: ][image: ]Figure S2 Boxplot for the continuous SLEDAI outcome (Y1) in the MUSE trial, with values shown by the user defined group treatment arm, where 0 refers to the placebo arm and 1 refers to the anifrolumab 300mg arm. ‘Show points’ includes individual data points when checked. The options in the ‘Variable’ and ‘Groups’ dropdown menu will be the column names in the uploaded dataset. 
Figure S1 Landing page for the AugBin app which includes the link https://github.com/martinamcm/AugBin where users can find a tutorial, R code and example data. Two references are included for users who require more detail on the underlying methods. 

[image: ][image: ]Figure S3 Boxplot for the continuous PGA outcome (Y2) in the MUSE trial, with values shown by the user defined group treatment arm, where 0 refers to the placebo arm and 1 refers to the anifrolumab 300mg arm. ‘Show points’ includes individual data points when checked. The options in the ‘Variable’ and ‘Groups’ dropdown menu will be the column names in the uploaded dataset. 



Figure S4 Bar graph of the combined BILAG and taper measures in the MUSE trial (Y3bin) where 0 on the x-axis represents those responding in both the BILAG and taper criteria and 1 indicates those not responding in at least one of the two criteria. The binary response criterion is shown by treatment arm where 0 refers to the placebo arm and 1 refers to the anifrolumab 300mg arm. Options in the ‘Variable’ and ‘Groups’ dropdown menu will be the column names in the uploaded dataset.

[image: ][image: ]Figure S5 Augmented model for the SRI+OCS endpoint in the MUSE trial. Yi1 and Yi2 denote the observed values for the continuous SLEDAI and PGA outcomes respectively for patient i, where Ti denotes the treatment arm and yi10 and yi20 are the baseline values. Yi3 denotes the indicator for combined BILAG and taper outcomes for patient i, where Yi3 equals 0 if the patient has had no Grade A’s and no more than one Grade B in the ordinal BILAG measure and sustained reduction of oral corticosteroids (<10mg/day and less than or equal to the dose at week 1 from week 12 through 24); otherwise Yi3 equals 1. To fit the model, the measure Yi3 is assumed to arise from a latent continuous measure where the two quantities are related as shown. The model is fitted by assuming that Y1, Y2,  follow a multivariate normal distribution with covariance matrix  as shown, where  and  denote the variance of Y1 and Y2 and  represents the correlation between the outcomes Y1, Y2 . The likelihood is determined as shown from which odds ratios, risk ratios and risk difference effects can be obtained. 

Figure S6 Goodness of fit plots for the latent variable method in the MUSE trial dataset. The modified Pearson residuals accounting for correlation between endpoints are shown (left) along with the corresponding density (right) where the model is considered to be a good fit if the residuals follow the chi-squared distribution indicated by the red line.

B. Computational details 

We fit the model in R by coding the likelihood function and probability of response. The bivariate distribution function in the likelihood is estimated using ‘pmvnorm’, applying the method of Genz.1 The likelihood maximisation is conducted using a quasi-Newton method based on port routines and can be implemented using the ‘nlminb’ function in the ‘optimx’ package. We use the ‘hessian’ function in the ‘numDeriv’ package to calculate the Hessian matrix using Richardson extrapolation2 and obtain the covariance matrix of the model parameters by inverting the Hessian. We ensure finite sample positive definiteness through solving a constrained optimisation problem,3 where the nearest correlation matrix projection is used to compute the nearest correlation matrix. We achieve this using the ‘near PD’ function, which implements the algorithm of Higham.4 Annotated R code for the analysis is available at the Github site. 
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AugBin: Analysis of mixed outcome composite endpoints

Welcome to the GUI for efficient analysis of mixed outcome composite responder endpoints. The app allows for the analysis of
‘composite endpoints comprised of one or two continuous components and zero or one binary components. Multiple discrete
components may be included by combining them to form a single binary indicator. The methods implemented in this app are
discussed in (McMenamin et al,, 2019).

Atutorial on how to use the app, along with R code and example data, s available at
References
McMenamin M, Barrett JK, Berglind A, Wason JMS. Latent variable modelling for complex composite endpoints. 2019;

Wason JM and Seaman SR. Using continuous data on tumour measurements to improve inference in phase Il cancer studes.
Statistics in Medicine. 2013;32(26):4639-4650.
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Latent Variable Model

LetY; = (¥, Ya, ¥is)' represent the vector of observed outcomes or patienti € N'and Y = (Y, .. Y)" represent the observed outcomes for
all patents. ¥;, and ¥ are the observed continuous measures. Let ;s denote the observed binary variable forlatent ¥3. We therefore et

¥ = (Vi Y2, ¥3)' denote the vector of observed and latent continuous measures for patientiand Y* = (Y, ... YR)". T; represents the
treatmentindicator for patient’, ;io and ya are the baseline measures fo ¥y and ¥ respectively.

‘The mean structure for the outcomes s shown below. The baseline measures 19 and ya are included in the model for ¥; and ¥; respectively.

Yo = a0 T+ @y + e
Yo = fo+ BTi+ Poyan + 22
Y5 =n+nTi+e;

The observed binary variable s related to its latent continuous variable by parttioning the latent variable space.

{o‘ if7; <0,

R SIS 7 N

Following these assumptions, we can model the error terms as multivariate normal with zero mean and variance-covariance matrix E. Note that the
errorvariances for 5 is 3 = 1.
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‘Thejointikelivood contribution forpatient withfor nstance, s = 0, can be factorised as shown below

1

Y1) = 130 083, s 0
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