ONLINE SUPPLEMENTAL FILE
The mathematical model
The multivariate (N positions) multiple (p regressors) regression model is composed of a measurement equation (1) and a transition equation for the “system noise” (2):







where  is the N x 1 observed response vector at time t, B is an unknown N x p regression coefficient matrix,  is the p x 1 vector of observed regressors at time t,  is a p x 1 vector of random “system noise”,  is a p x 1 vector of independent measurement errors, ρ is an unknown autoregressive parameter and  is a p x 1 vector of independent system errors.
The model can be fitted with SAS PROC MIXED using a Kronecker product structure on the covariance matrix on the observations (UN@AR(1) with the ‘local’ option, please see references for further detail. 1

A more general model can be obtained by replacing the autoregressive parameter ρ with a possible time-dependent transition matrix , but such a model requires more specialized software.
The prediction model




Baseline predictions without any prior measurements of the aorta diameter are obtained from the prediction equation using the estimated coefficient matrix () and the available information on the regressor () as . The prediction limits for each position are obtained from the diagonal of the estimated covariance matrix .
The forecasting model



If t measurements are available () and the regressor at time t+1 is known (or prespecified) the optimal forecast of using all prior information can be obtained with the Kalman filter using the prediction and updating equations on the system noise (), please see references for further detail. 2, 3
Prediction equations:


Updating equations:


Unknown parameters are replaced by estimated values. The prediction limits for each position are obtained from the diagonal elements of 

.


Prediction limits and prediction sets



The prediction limits calculated and shown in figures 2A-2F are “one-dimensional” or marginal limits in the sense that they are calculated for each position without taking into account the high positive correlation between all nine positions. This problem is similar to the problems with generating multivariate confidence limits (and multiple testing procedures) and there is no single solution to calculate multivariate prediction limits, i.e. a 9-dimensional prediction set. One choice is a multivariate ellipsoid based on the 9-dimensional multivariate normal distribution, but it is not simple to illustrate graphically. If all parameters were known we could calculate a  prediction set  using  (please see Kalman filter equations above) and hence 




Thus  would be a  prediction set.


Applying this idea to the female shown in Figure 2E/2F, we can calculate the probability of an observation at least as extreme as the observed at t+1 years by using the Kalman filter to obtain and . For the female shown in Figure 2E/2F the 2 and 4 years probabilities are 0.53 (data not shown) and 0.015. We note, that these calculations strictly speaking are not valid, since the parameters are unkown and this female has contributed to the estimated values of the parameters. 


Checking the mathematical model
Supplemental Figure A. 
Q-Q plot of all residuals with all available data in the model. The plot shows a good agreement with a standard normal distribution. 
[image: ]
Supplemental Figure B.Scatter plot of residuals versus predicted values.[image: ]
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