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/Introduction

 Longitudinal models describing the time course of the clinical scores in psychiatric trials are usually empirical. Moreover, conditional on the individual parameters the response
model usually not structurally account for random fluctuations on the disease. The first attempt to include these aspects, presented in' resorting to stochastic difference and

differential equations, did not give a completely satisfactory description of inter-individual variability.

- We propose an extension of the previous work through a more sophisticated continuous-time dynamic model based on second order Markov processes2. The proposed model

aims to describe appropriately the clinical response and handle flexible dosing schemes.
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The population approach was adopted to model the HAMD clinical scores.
Integrated Wiener process® was used to model the typical curve.

A second order Markov model was adopted to describe the individual
shifts with respect to the typical curve.
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Nl Figure 1: Block-diagram of the integrated Wiener process and second order Markov model of HAMD time course /
™~

e
/Results
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« APhase ll, double-blind, randomized, placebo-controlled, flexible-dose depression trial was analyzed.

« Both models were able to capture the shapes of individual responses (Figure 2).

« Moreover, good predictive performances in terms of VPCs were obtained. Figure 4 shows VPCs obtained with the second order Markov model with two coincident poles.
« According to the Bayesian Information Criterion (7ables 1, 2), the second order Markov model with two coincident poles in the transfer function should be preferred.

« Individual fittings of a subset of patients (Figure 3) and Visual Predictive Checks of HAMD data (Figure 4) are shown (CP model only).
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Figure 2: Goodness-of-fit
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Conclusions

Individual fittings

Figure 3: Individual fittings
(orange) and typical curve (blue)
for a subset of subjects using the

integrated Wiener process
(typical curve) + the second order

Visual Predictive Checks

Figure 4: VPC of HAMD data
obtained using the integrated
Wiener process (typical curve) +
the second order Markov model
(individual shifts) with two

coincident poles (CP).
Median, 5t and 95 percentiles
are shown
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« The results demonstrate the feasibility and effectiveness of second order Markov processes as an innovative modelling approach for longitudinal data, when mechanistic

knowledge is poor or absent.

« The proposed models yield good individual fittings as well as a good estimate of the population response and an appropriate representation of the inter-individual variability.
« Interestingly, both models are able to easily handle dose changes and account for random perturbations with greater flexibility than previous approaches’.
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