A simulation-based evaluation of a hidden Markov model to
characterize disease transitions using frequently sampled
spirometry data
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Introduction
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Model parameter estimation was evaluated by
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Hidden Markov models (HMM) have been

used to describe discrete switches in disease parameters resembled the true parameter varying data series lengths.
dynamics (1). By explicitly including latent distributions. Further, the median absolute error Ho d
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HMM via simulated data and estimation method
evaluation.
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The large error in parameter estimates for short
data series Is believed to be driven by
individuals without any true transitions.
Inference for these cases Is indeed difficult and
remains an Iimportant issue to solve before
applying the methods to clinical trial data.

Hidden Markov Model

Table 1: Accuracy (% of total data points) of

Observations were modelled using a Gaussian . . .
estimated latent states given and estimated

process with state dependent mean and

variance, representing a and  a model parameters, respectively (T = 100).
worsened disease state, respectively. Estimated | Estimated Future Work
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Figure 1: Schematic view of the HMM used In

Individual Parameter Estimation

alignment between estimated and true
parameter distributions (Figure 5).

this work.
Figure 3 shows the distribution of estimated
model parameters against true parameter
distributions. It Iis clear that large errors exist for
parameters related to measurement noise and

Observed @ @ e
transition probability.
L atent @ @ e P y 0.003

Figure 4 shows that median absolute errors of

Figure 5: Estimated parameter distributons
obtained with the SAEM algorithm, and true
distributions (T = 100).
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Model Simulation estimated parameters, relative to the true 0.001 :

1000 individual data series were simulated to ~ Me€dian  parameter  values,  increase 0000 %00 025 050 075 100

resemble peak expiratory flow from clinical trials substantially as the length of the clinical trial G
decreases towards T = 100. 020 0.20

In which home-measured spirometry Is carried
out. Model parameters for each individual i
were drawn from probability distributions based
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Figure 3: Parameter estimates and true
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shorter series. Further work suggests that mixed
HMMs and the SAEM algorithm may solve these
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algorithm (3). This was done for varying time Po1

horizons T (ranging from 100 to 1000), 5 issues
simulating short and long clinical trials, " |
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Latent state estimation was evaluated using I|&¥ I
confusion matrices, Showing the accuracy N 000 025 080 075 100 000 025 050 075 1.0
classifying state transitions. This was done
twice, using true parameters and using
estimated parameters, respectively.
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