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Benchmark -Clinically meaningful estimated parameters on simulated data

Figure 1 Average patient curve on real-like dataset Legend: Results are presented with mean over the 10-fold cross-validation and the maximum and minimum variation for each model. For the longitudinal process, we can see from figure 1 that the Joint model seems closer to the Truth model compared to others. Over 10-fold cross-validation, the midpoint was found to be of 3.15 (0.02) years and the growth of -11.25 (0.13) ALSFRSr points per year. The Joint model also reduces the absolute bias on the growth compared to the JMbayes2 model: 0.318 (0.13) compared to 2.03 (0.116) point (p-value = 3.9e-03)(Table ??). The Joint model significantly reduces the absolute bias on the midpoint compared to the Longitudinal model: 0.035 (0.018) compared to 0.102 (0.011) years (p-value =3.9e-03)(Table ?

?).

For the survival process, we can see from figure 1 that the Two-stages model is more accurate at the beginning of the progression and the Joint model at the end. In addition, it is that something went wrong with the survival part of the JMbayes2 model. It is confirmed by an absolute bias of 3.192 (0.241) years on the median compared to a truth value of 4.69 (0.04) years over 10-fold cross-validation (Table ??). This issue might be linked to the nonlinearity of the random e ects in the simulation process. The computed bias on the median is not distinct between the Joint and the Two-stages model. The computed bias on the median was lower for the Joint than the AFT model: respectively 0.255 (0.065) and 0.698 (0.089) (p-value = 5.9e-03) (Table ??).

Benchmark -Prediction on simulated data

On generated data, 5,626 longitudinal predictions are made at 0.6 ± 0.42 years from the last visit.

For the longitudinal process, the Joint model significantly reduces the absolute prediction bias compared to JMbayes2 model: respectively 3.561 (3.579) and 3.981 (3.892) points of ALSFRSr (p-value = 3.6e-33)(Table ?

?).

For the survival process, the Joint model significantly improves all metrics compared to the JMbayes2 and AFT model. Again, for the JMbayes2 model, this might be due to the failure of the JMbayes2 model to handle the nonlinear relation between random e ects. Compared to the Joint model, the Two-stages model is significantly better for C-index at 2 years 0.668 (0.034) against 0.66 (0.034) (p-value = 2.5e-03) and the IBS 0.147 (0.033) against 0.155 (0.033) (p-value = 4.3e-02) ( ↓means that the metric should be minimised and ↑maximised.

Intermediate conclusion

We Table 4 Prediction metrics on real-like dataset Legend: mean (SD) over the 10-fold cross-validation. P-values are computed using a Wilcoxon or pairwise t-test with Bonferroni between the Joint model and each of the reference models. IBS stand for Integrated Brier Score. ↓means that the metric should be minimised and ↑maximised.

On generated data, 18,094 longitudinal predictions are made at 0.63 ± 0.55 years from the last visit.

For the longitudinal process, the Joint model significantly reduces the absolute prediction bias compared to both JMbayes2 and Longitudinal models with respectively 4. 1 (4.264), 5.42 (5.687) and 4.192 (4.396) ALSFRSr points (Table ??).

For the survival process, the Joint model was significantly better than all the other models for ordering events, with a C-index metric around 0.7 (0.05) whatever the year (Table ??). Nevertheless, the distance to the true event was significantly reduced with JMbayes2 model compared to the Joint model with an IBS of 0.222 (0.032) compared to 0.245 (0.04) (p-value = 2.1e-03) (Table ??).

APPLICATION TO ALS DATA: VARIATION IN COHORT DESCRIPTION AND PREDICTION PERFORMANCE BENCHMARK
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Results

ALS data: PRO-ACT

PRO-ACT datasets got similar or easier characteristics as our real-like simulated dataset in terms of the number of patients, visits and time of follow-up (Table ??). Nevertheless, the sample might be more heterogeneous due to the existence of di erent sub-groups from the site of disease onset and sex. 

Benchmark -Clinically meaningful estimated parameters on real data

  clinically meaningful estimated parameters bias on real-like dataset Legend: mean (SD) over the 10-fold cross-validation. P-values are computed using a Wilcoxon test with Bonferroni correction between the Joint model and each of the reference models. Values of the clinically meaningful estimated parameters that enabled the simulation, from which the bias is computed, are -11.25 (0.13) ALSFRSr point per year for the growth, 3.15 (0.02) years for the midpoint, 4.69 (0.04) years for the median.

  have evaluated the impact of attenuation bias on our Joint model fixed e ects and proposed a correction that enables us to reduce the absolute bias on clinically meaningful estimated parameters. On simulated data, our Joint model outperforms the estimation of longitudinal clinically meaningful estimated parameters compared to the Longitudinal model and has similar prediction results. Results in the survival process are in the same range as the ones of the Two-stage model and outperform the AFT model. All these results are promising and enable us to validate our model, to further evaluate it on real data.

Figure 2

 2 Figure 2 Average patient curve on PRO-ACT dataset Legend: Results are presented with mean over the 10-fold cross-validation and the maximum and minimum variation for each model.

For

  the longitudinal process, we can see from figure 2 that the Joint model and Longitudinal model are close compared to the JMbayes2 model. Growth in ALSFRSr point per year goes from -13.23 (0.09) for the Joint model to -15.351 (0.118) for the JMbayes2 model, thus a di erence of almost 2.12 points per year. Midpoint range from

Table

  

  Absolute

Table ? ?).

 ? 

	Joint Absolute bias ↓ 3.561 (3.579) IBS ↓ 0.155 (0.033) 0.147 (0.033) 4.3e-02 Two stages p-value --C-index 1.0y ↑ 0.654 (0.04) 0.658 (0.038) 1.0e+00 C-index 1.5y ↑ 0.656 (0.038) 0.666 (0.037) 5.2e-02 C-index 2.0y ↑ 0.66 (0.034) 0.668 (0.034) 2.5e-03	Longitudinal p-value 3.596 (3.682) 1.3e-01 --------	AFT -0.196 (0.039) 1.8e-03 0.198 (0.039) 3.7e-04 p-value JMbayes2 p-value -3.981 (3.892) 3.6e-33 0.531 (0.047) 1.3e-04 0.536 (0.05) 1.4e-04 0.531 (0.047) 1.0e-04 0.537 (0.05) 1.2e-04 0.531 (0.047) 6.1e-05 0.539 (0.051) 9.9e-05

Table 2
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Prediction metrics on real-like dataset Legend: mean (SD) over the 10-fold cross-validation. P-values are computed using a Wilcoxon or pairwise t-test with Bonferroni between the Joint model and each of the reference models. IBS stand for Integrated Brier Score.
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Joint

Two ↓means that the metric should be minimised and ↑maximised.

Benchmark -Prediction on real data

On generated data, 18,094 longitudinal predictions are made at 0.63 ± 0.55 years from the last visit.

For the longitudinal process, the Joint model significantly reduces the absolute prediction bias compared to both JMbayes2 and Longitudinal models with respectively 4. 1 (4.264), 5.42 (5.687) and4.192 (4.396) ALSFRSr points (Table ??).

For the survival process, the Joint model was significantly better than all the other models for ordering events, with a C-index metric around 0.7 (0.05) whatever the year (Table ??). Nevertheless, the distance to the true event was significantly reduced with JMbayes2 model compared to the Joint model with an IBS of 0.222 (0.032) compared to 0.245 (0.04) (p-value = 2.1e-03) (Table ??).

J. ORTHOLAND ET AL 3

We have also checked the impact of personalisation on random e ects. Intra-class correlation results were not di erent from these of the posterior mode (Figure ?? in annexe). Detailed values can be found in table ?? in annexe. 

Benchmark -Clinically meaningful estimated parameters on simulated data

Benchmark -Prediction on real data