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eMethods 

 

Simulation description 

Based on the parameter estimates of the PRO-ACT joint model (eTable 1), we simulated ALSFRS-R follow-up 

measurements (the longitudinal process) with conditional survival data (the time-to-event process). In the PRO-

ACT joint model, the longitudinal process 𝑚𝑚𝑖𝑖(𝑡𝑡) for the ith individual at time t was given by a LME model with 

an individual-specific intercept (𝛽𝛽0 + 𝜇𝜇0𝑖𝑖) and an individual-specific linear effect over time (𝛽𝛽1 + 𝜇𝜇1𝑖𝑖), adjusted 

for the quadratic individual-specific time effect (𝜇𝜇2𝑖𝑖). See equation 1: 

 

𝑚𝑚𝑖𝑖(𝑡𝑡) =  (𝛽𝛽0 + 𝜇𝜇0𝑖𝑖) + (𝛽𝛽1 + 𝜇𝜇1𝑖𝑖) ∙ 𝑡𝑡 +  (𝛽𝛽2 ∙ 𝑇𝑇𝑇𝑇𝑇𝑇) ∙ 𝑡𝑡 + 𝜇𝜇2𝑖𝑖 ∙ 𝑡𝑡2  (Equation 1) 

 

where 𝛽𝛽0 − 𝑛𝑛 are the fixed effects and 𝜇𝜇0 − 𝑛𝑛 the random effects estimated by the LME model. We generated the 

individual-specific parameters (𝛽𝛽0 + 𝜇𝜇0𝑖𝑖), (𝛽𝛽1 + 𝜇𝜇1𝑖𝑖) and (𝜇𝜇2𝑖𝑖) by sampling from a multivariate distribution. 

Time t ranged from baseline (t = 0) to 12 or 18 months, with approximately monthly intervals (± SD 0.16). 

Finally, we generated the individual ALSFRS-R scores using equation 2: 

 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑇𝑇𝐴𝐴 − 𝑇𝑇𝑖𝑖(𝑡𝑡) =  (𝛽𝛽0 + 𝜇𝜇0𝑖𝑖) + (𝛽𝛽1 + 𝜇𝜇1𝑖𝑖) ∙ 𝑡𝑡 +  (𝛽𝛽2 ∙ 𝑇𝑇𝑇𝑇𝑇𝑇) ∙ 𝑡𝑡 + 𝜇𝜇2𝑖𝑖 ∙ 𝑡𝑡2  + 𝜀𝜀(𝑡𝑡)  (Equation 2) 

 

The random error term, 𝜀𝜀(𝑡𝑡), was sampled from a normal distribution with mean 0 and SD = 𝜎𝜎𝑒𝑒 (eTable 1). 

Subsequently, conditional death times were simulated using the joint model framework (equation 3).  

 

ℎ𝑖𝑖(𝑡𝑡) =  𝑝𝑝 ∙  𝑡𝑡𝑝𝑝−1 ∙ 𝑒𝑒𝛾𝛾0+ 𝛾𝛾1∙𝑇𝑇𝑇𝑇𝑇𝑇 + 𝛼𝛼∙𝑚𝑚𝑖𝑖(𝑡𝑡)  (Equation 3) 

 

where the hazard ℎ𝑖𝑖(𝑡𝑡) at time t for the ith individual follows a Weibull hazard function defined by lambda 

𝜆𝜆 = 𝑒𝑒𝛾𝛾0  and shape p, and is related to the longitudinal process 𝑚𝑚𝑖𝑖(𝑡𝑡) by association factor 𝛼𝛼 (Figure 1).1,2 In this 

framework, the direct treatment effect on survival is given by 𝛾𝛾1 (equation 3), whereas the indirect treatment 

effect, through moderation of the ALSFRS-R slope, is given by 𝛽𝛽2 (equation 1). Survival time t was simulated 

using the inverse transformation method by sampling the survival probability from a Uniform (0, 1) distribution 

and subsequently applying the probability integral transformation to calculate t.2,3 Finally, lost-to-follow-up was 

generated by sampling from a uniform distribution, where approximately 10% of the participants would not 
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fulfill the entire follow-up period, irrespective of their survival or functional decline. Subjects completing 

follow-up were censored after their last ALSFRS-R follow-up visit. The ALSFRS-R scores of subjects who died 

or were lost-to-follow-up after the event were recoded as missing. 

 

Number of simulations and random sampling 

All analytical strategies were applied to the same simulated dataset to remove between simulation variability. In 

case of convergence failure in any of the applied analytical methods, the sample was discarded and a new sample 

generated. Convergence failures occurred in 0.01% - 0.07% of the simulations and were not related to specific 

scenarios. A different starting seed was used for each scenario to ensure independence of the samples across 

scenarios. Based on the variance of a proportion, we calculated that at least 7,500 simulations per scenario were 

required to obtain a 95% accuracy interval for the type I error ranging between 4.5% and 5.5% (eFigure 2). A 

99% accuracy interval ranging from 4.5% – 5.5% and a 95% accuracy interval of 4.6% - 5.4% would require 

10,000 simulations and was deemed sufficient. Random numbers were produced by the Mersenne-Twister 

algorithm using R version 3.3.2 (2016-10-31); the package JM (version 1.4-7; Rizopoulos D) was used to fit the 

joint models.1 
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eTable 1. Parameter estimates used to simulate time-to-event and longitudinal data 

a This is the natural logarithm of the hazard ratio of the ALSFRS-R (here HR 0.88), indicating that the hazard of 

dying decreases by 12% when the ALSFRS-R total score increases by 1 unit. 

 

 PRO-ACT p-value 

Data description    

Number of patients 1469 - 

Number of observations 15506 - 

Number of events 285 - 

Longitudinal process   

     Random effects   

Variance intercept (𝜎𝜎12) 26.10 - 

Variance slope (𝜎𝜎22) 1.28 - 

Variance slope2 (𝜎𝜎32) 0.004 - 

Covariance intercept - slope 𝜎𝜎12 (𝜎𝜎1,2
2 ) 1.22 - 

Covariance intercept - slope2 (𝜎𝜎1,3
2 ) -0.06 - 

Covariance slope - slope2 (𝜎𝜎2,3
2 ) -0.05 - 

Residual variance (𝜎𝜎𝑒𝑒2) 3.08 - 

     Fixed effects   

Intercept (𝛽𝛽0) 38.39 p < 0.001 

Slope (𝛽𝛽1) -1.06 p < 0.001 

Time-to-event process   

Weibull intercept (𝛾𝛾0) -2.28 p < 0.001 

Weibull shape parameter (𝜌𝜌) 1.44 p < 0.001 

Association parameter (𝛼𝛼)a -0.12 p < 0.001 
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eTable 2. Empirical power of each strategy for trials with a maximum follow-up duration of 12 months 

 

 

 

 

 

 

 

 

 

 

 

 

Abbreviations. HR = hazard ratio (treatment vs placebo); LME = linear mixed effects model; Cox = Cox proportional hazard model; Pt. = points decrease on ALSFRS-R from 

baseline. All simulations are based on a monthly follow-up scheme (SD = 0.16) with a maximum of 18 months follow-up and 150 patients per treatment arm. 

Survival 

(HR) 

ALSFRS-R 

(Slope) 

Cox model LME Cox or LME 

(omnibus test) 

Joint model 

(omnibus test) 

CAFS Death or 6 pt.  

1 0 0.051 0.053 0.052 0.052 0.049 0.052 

0.66 0 0.183 0.054 0.138 0.172 0.061 0.048 

0.5 0 0.389 0.054 0.301 0.368 0.078 0.051 

1 15% 0.070 0.401 0.321 0.310 0.299 0.236 

0.66 15% 0.305 0.396 0.425 0.435 0.431 0.259 

0.5 15% 0.523 0.395 0.562 0.593 0.487 0.261 

1 30% 0.132 0.921 0.874 0.860 0.820 0.704 

0.66 30% 0.429 0.922 0.904 0.898 0.899 0.730 

0.5 30% 0.646 0.919 0.923 0.930 0.920 0.737 
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eFigure 1. Weibull vs exponential survival distribution in the PRO-ACT database 

 
eFigure 1 legend. Clinical trial participants for ALS clinical trials are selected based on their probability to 

survive. As a consequence, death rates in ALS clinical trial data are not constant and accelerate over time. This 

distribution is best represented by a Weibull distribution with a shape p larger than 1 (here 2.5).   
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eFigure 2. Number of simulations required for accurate estimation of the empirical type I error 

 

eFigure 1 legend. The number of simulations was based on the standard error of a proportion: 𝐴𝐴𝑆𝑆𝑝𝑝 = �𝑝𝑝 (1−𝑝𝑝)
𝑛𝑛

, 

where p is the type 1 error (0.05) and n the number of simulations. We provide both the 95% (solid) and 99% 

(dotted) accuracy intervals for a given number of simulations. A 99% accuracy interval ranging from 4.5% - 

5.5% was deemed sufficient. 
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eFigure 3. Between-group comparison of the CAFS in large simulated trial data (n = 10,000) with 12 months of 

follow-up. 

 

eFigure 3 legend. For three scenarios (rows) we calculated the CAFS rank per patient and plotted the 

distributions per treatment arm. The patient with rank 1 died first, whereas patient with rank 10,000 survived and 

showed the least functional loss. (A) No treatment effect: mean CAFS scores (first panel, row 1) between arms 

are approximately equal (panel 1&3). Note the small contribution of the deceased patients to the overall CAFS 

distribution (panel 2&4). (B) Exclusive functional effect, causing a shift in mainly the higher CAFS scores (as 

function is only counted in surviving patients). (C) Exclusive survival effect, which is diluted due to the 

imbalanced Dead/Alive ratio. Interestingly, within the placebo group, there is a slight increase in patients with 

very low scores (panel 3, row 3) due to the survival benefit in the treatment group. However, as patients in the 

treatment group survive longer,  relatively more of them have bad functional scores compared to the placebo 
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patients, which cause a dip in the placebo group. This effect is better seen at 18 months and may contribute to 

the dilution of the treatment effect (eFigure 4).  

  

 8 



van Eijk et al. Clinical Epidemiology 2018:10  Functional loss and mortality in ALS trials   
 

eFigure 4. Between-group comparison of the CAFS in large simulated trial data (n = 10,000) with 12 months of 

follow-up. 

 
eFigure 4 legend. Similar figure to eFigure 3, but now the trial was simulated with 18 months of follow-up. In 

this scenario, the dead patients play a more prominent role in the CAFS ranking. The altered Dead/Alive ratio 

causes a dilution of the exclusive functional treatment effect by the increased proportion of dead patients (B), 

leading to loss in power compared to the 12-month scenario. (C) Exclusive survival effect: the mean CAFS score 

in the treatment arm for deceased patients is higher compared to deceased placebo patients (panel 2, row 3). 

However, relatively more patients survive with worse scores in the treatment arm, leading to a lower mean 

CAFS for surviving patients in the treatment group, which may contribute to the dilution of a survival effect.  
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	-
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	0.425
	0.396
	0.305
	15%
	0.66
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	0.562
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	0.820
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	0.874
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	0.904
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	0.737
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	0.5
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