Model Averaging Across Parametric and Non-Parametric Methods As an Aid for Clinical Decision Making
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Objectives Methods Conclusions
Parametric and non-parametric models are A previously published Item Response Theory (IRT) model (1) was used to simulate MDS- * Model averaging including both NLMEM and
often used to describe longitudinal data. On one ; YT - _ Applied UPDRS motor total score data for 42 months, across 4 visits with 100 simulations for 12 MMRM for the analysis of Randomized
side, the parametric Non-linear Mixed Effects Wi Senennos NPl mocesiob  different scenarios Clinical Trials (RCTs) has the possibility to
Model (NLMEM) are built progressively Ge EREERY provide: (i) high precision in estimated drug
upwards, and usually require external Seven models were applied : MMRM with unconstrained residual error correlation structure effects through NLMEM when such model(s) is
validation and have a considerable number of MMRM-UN (MMRM-UN), with heterogenous Toeplitz (MMRM-HT), with homogeneous Toeplitz an adequate representation of data, (ii)
assumptions. On the other hand, the non- ' ) (MMRM-HO), with AR1 (MMRM-AR1), a correctly specified continuous variable model in robustness through MMRM(s) when NLMEM
parametric Mixed Models for Repeated popuaren: WIEY terms of drug effect (NLMEM-OK), and finally two mis-specified continuous variable models in is not adequate
Measures (MMRM) rely on modelling the v terms of drug effect where a symptomatic drug effect was analysed using a disease modifying « The MMRM used for this averaging, while
means and standard deviations of observations — e e SO drug effect and vice versa (NLMEM-MIS1&2), while no drug effect parameters were estimated standard, were not the best fit for the data.
at each sampling time to make individual —— — wewpwn  in MMRM by definition. Further improvements of this model averaging
predictions, requiring less assumptions. progression solects (16) strategy may come from: (i) exploration of
\\Tq)  To account for the different number of parameters, the model fits were compared using the other types of MMRM, (ii) inclusion of
In this study, we investigated how model . &) Akaike Information C'riteriop (AIC_). For aI_I fitted merIs, a pr(?dicted treatment effect was NLMEM that have a higher flexibility than the
averaging across NLMEM and MMRM could brug effects D I e galculat_ed tt?rough a ﬁlmulatlon which prc;edrl]ctetlj thebdlfference in the treatment effect at the last very p_arsimonious models used here, (iii) join_t
benefit predictions of treatment effects in terms e ————  lime point between the treatment arm and the placebo arm. inclusion of MMRM and NLMEM, models with
of reducing bias and improving accurac modituing -(8) ) ) . . a very wide difference in number of parameters.
g P g y = Model averaging was carried out using weighted AIC (2).
Model fit results Model averaging results
Relative AIC for all models ) ) n . . NLMEM had a better data fit Drug effect predictions and n_]ode\ averaging i _ _ _ When NLMEM-OK was part of the
Symptomatic Disease modifying Symptomatic + disease modifying Symptomatic Disease modifying Symptomatic + disease modifying

model averaging scope, it dominated the
weighted averaging. When excluded
from the model averaging scope, it was
either NLMEM-MIS, MMRM-UN that
dominated the weighted average

compared to MMRM across all 12 5
scenarios. The AIC penalty favored ‘_-
NLMEM. Nonetheless, NLMEM . -_
advantage was also present in terms )
of the Objective Function Value =
(OFV). It is also clear that in the case af” -_. ,,,,,,,,,,,,,,,,,,,,,,,, N N ey L
of MMRM, the AIC penalty negates . - + = : . + + =

the advantage of the increasingly T i

flexible error correlation structures, :
resulting in nearly similar AIC values
for all tested MMRM,.
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The weight domination of NLMEM-OK
proves that when NLMEM is a good
representation of the data, including
MMRM in the averaging will not
negatively influence the drug effect
predictions. In contrast, when NLMEM
fails to describe the data adequately,
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The misspecified NLMEM models
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e $ e - 2 hada better data fit relative to P —— . + ____________ . . = - including MMRM in the model
- + * y - + $ £= MMRM except for 2 scenarios where i I —_ =— £ averaging could result in better
: a—] — — ISR the baseline population was = —+ % : L predictions in terms of bias and
. . z > 2 z > % z oz > 2 . PR .
: § : : ¢ ,§ i 5§ 8 f % § i 5 3 E & § § relatively ill and the drug effect was R : £ ¢ ¢ 3 : £ E E o oG accuracy as in the highlighted scenarios.

i 8 2 £ ¢ £ 3 g8 %8 £ 2 £ 32 3§ 3 2 2 ¢ symptomatic (highlighted). i § 1 & & £ § i1 5§ &8 $ § I i : ¢

£ 3 & z g 5 s 3 5 % 2 3§ 5 33 2 ¢ § % s ¢ F ¢ = $ ¢ F ¢ = £ 9 §F 3 & =
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