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Abstract

We use Hidden Process Models (HPMs) to evaluate different models of
a functional Magnetic Resonance Imaging (fMRI) study in which sub-
jects decide whether stimuli match. We demonstrate the ability of HPMs
to simultaneously estimate the hemodynamic response functionsandthe
onset times of a set of cognitive processes underlying an fMRI time se-
ries, and to compare different models in a principled way.

1 Introduction

Hidden Process Models (HPMs) are a class of probabilistic multivariate time series models
developed for the analysis of functional Magnetic Resonance Images (fMRI) [1]. An HPM
consists of a set of processes, a set of constraints derived from the experiment design, and
a noise model. Using a linearity assumption, HPMs put a Gaussian probability distribution
on the observed time series, and the HPM learning algorithm iterates between estimating
the timing of unknown processes and the parameters of the processes and noise model.

Consider an experiment in which subjects view pictures and read sentences (in either order)
involving symbols and above/below relationships [2]. In each of 40 trials, the subject must
push a button to indicate whether the sentence and picture match. To model the fMRI data
from this experiment, we could use an HPM with two processes: ViewPicture and Read-
Sentence. The HPM could model each trial using two process instances, which inherit
hemodynamic response function (HRF) parameters from the ViewPicture and ReadSen-
tence processes. Furthermore, the HPM could use the constraint that the process instances
in each trial may not match (subjects never saw two pictures or two sentences). Currently,
the HPM noise model has an independent parameter for each voxel.

While this 2-process HPM seems reasonable, we may want to study the decision making
in this experiment more closely by adding processes to the HPM. While conventional tech-
niques require us to assume either the timing or the HRF of the decision process in order
to estimate the other, HPMs can estimate both simultaneously. This allows us to compare
different theories of the cognitive processes involved in this experiment in a principled way.



HPM Processes Log-likelihood
P/S −1.0784 ∗ 106

P/S/D −1.0759 ∗ 106

P/S+/S-/D −1.0742 ∗ 106

P/S/D+/D- −1.0742 ∗ 106

P/S/Dy/Dn −1.0737 ∗ 106

P/S/D/D? −1.0734 ∗ 106

Table 1: Comparison of 6 HPMs. Key: P = ViewPicture, S = ReadSentence, D = De-
cide, S+ = ReadAffirmativeSentence, S- = ReadNegatedSentence, D+ = DecideOnAffir-
mativeSentence, D- = DecideOnNegatedSentence, Dy = DecideYes, Dn = DecideNo, D? =
DecideNoAnswer.

2 Results and Discussion

In this experiment, we compared the performance of six different HPMs on a single subject.
We performed 5-fold cross-validation, using the top 50 most active voxels from each of
22 anatomically-defined Regions of Interest (ROIs). The processes of the HPMs and their
associated average log-likelihoods are reported in Table 1. Our results suggest that splitting
the Decide process based on whether or not the subject responded fits the data better than
splitting on affirmative vs. negated sentences or responding ’Yes’ vs. ’No.’

Figure 1: Mean process responses in each voxel for P/S/D HPM, slice 5. From left,
each plot is the mean of the learned HRF for the ViewPicture, ReadSentence, and Decide
processes in the P/S/D HPM for the voxels in a single slice of the brain.

Each HPM that involved decision processes learned a distribution over onsets from 0 to 4
seconds following the second stimulus presentation. The distributions were all different,
but in each case the most probable onset was the latest one. Each of these HPMs also
learned a HRF for the decision process(es). For example, the HRF for the processes learned
by the P/S/D HPM are summarized in Figure 1.

We can also use HPMs for classification tasks related to the decision processes. For ex-
ample, the P/S/Dy/Dn HPM identified whether the subject said ’Yes’ or ’No’ with 88.7%
accuracy. (This subject said ’Yes’ 11 times, ’No’ 15 times, and did not answer 14 times.) In
comparison, the leave-one-out cross-validated accuracy for a Gaussian Naive Bayes classi-
fier on this task using the same voxels and the time series of the entire trial is 53.9%.

This experiment is an example of a class of experiments in which we may wish to study
cognitive processing with unknown onsets. HPMs allow us to ask new kinds of questions
about these experiments that we could not address with, e.g., the classifiers studied in [3].
At the workshop, we hope to discuss these contributions to fMRI data analysis and to get
feedback on useful improvements to HPMs.
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