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Introduction Measuring the progress of motor neuron diseases (MND) such as amyotrophic
lateral sclerosis (ALS) (or Lou Gehrig’s disease), is a challenge for clinical neurologists. Motor
unit number estimation (MUNE) is an attempt to assess loss offunctional motor units. MUNE
can also be used to measure the success of potential therapies such as stem cell implants, (2).

An aim is to develop a reliable, repeatable and fast real-time method for estimating the
number of motor units,N , that serve a given muscle so that the method can be used in hospital
clinics. (5) and (4) present a Bayesian MUNE method based on data obtained from a stimulus
response curve which is the graph of the compound muscle action potential (CMAP) obtained
using surface electrodes from repeated stimulation of a nerve at stimulus intensities ranging
from baseline to supramaximal; see Figure 1.
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Figure 1: Data from an ALS patient and predicted motor unit firing patterns.

(5) uses known physiology of motor neurons and a fixedN model.(4) calculates a posterior
distribution forN using RJMCMC. This method can suffer from poor mixing requiring ex-
tremely long runs. We seek an approach that has a thorough within fixedN model exploration
of the possibly multimodal posterior and is robust for varyingN model comparisons.

Here, we examine methods of inference that use the observed data likelihood. First, the ob-
served data likelihood can improve RJMCMC mixing. Second, we investigate the approach of
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(1) to make inferences forN using the posterior distribution of the observed data log-likelihood.
We explore if the above approach, which could produce computationally fast results, can reli-
ably approximate the output of our properly mixing RJMCMC. (3) notes that the (1) method
targets the product of posteriors, implying that simulations are drawn from the posterior of
each model separately rather than the Bayesian approach of simulating over the joint parame-
ter/model space. It is unclear that such a marginal approachis reliable for non-toy examples
(3).

The unknown individual motor unit firing indicators, see Figure 1, in the complete data
likelihood, have to be marginalized over in order to obtain the observed data likelihood. For
relatively smallN , exact computation is not even possible and we suggest an approximation.

For two patient data sets, we find that the (1) approach would lead to inferences for the num-
ber of motor units,N , which favors large values ofN (with a substantial amount of uncertainty)
depending upon the upper value of the range of possible values ofN . In contrast, the posterior
distribution ofN , found using RJMCMC and the joint distribution of(N, Θ), is concentrated
around values which are highly plausible to neurologists. It would appear, as (6) argue, that
to make unbiased inferences forN , simulation of values from the joint distribution of(N, Θ)
is required. Furthermore, in all the cases we found that the DIC, BIC and AIC are unable to
provide inferences that are in agreement for both data sets with the reversible jump approach.
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