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This paper introduces two unsupervised learning methods for analyzing functional magnetic resonance imaging (fMRI) data based
on hidden Markov model (HMM). HMM approach is focused on capturing the first-order statistical evolution among the samples
of a voxel time series, and it can provide a complimentary perspective of the BOLD signals. Two-state HMM is created for each
voxel, and the model parameters are estimated from the voxel time series and the stimulus paradigm. Two different activation
detection methods are presented in this paper. The first method is based on the likelihood and likelihood-ratio test, in which an
additional Gaussian model is used to enhance the contrast of the HMM likelihood map. The second method is based on certain dis-
tance measures between the two state distributions, in which the most likely HMM state sequence is estimated through the Viterbi
algorithm. The distance between the on-state and off-state distributions is measured either through a t-test, or using the Kullback-
Leibler distance (KLD). Experimental results on both normal subject and brain tumor subject are presented. HMM approach
appears to be more robust in detecting the supplemental active voxels comparing with SPM, especially for brain tumor subject.

1. Introduction

Functional magnetic resonance imaging (fMRI) is a well-
established technique to monitor brain activities in the field
of cognitive neuroscience. The temporal behavior of each
fMRI voxel reflects the variations in the concentration of
oxyhemoglobin and deoxyhemoglobin, measured through
blood oxygen level-dependent (BOLD) contrast. BOLD
signal is generally considered as an indirect indicator for
brain activities, because neural activations may increase
blood flow in certain regions of the brain.

1.1. Characteristics of fMRI Data. fMRI data are collected
as a time series of 3D images. Each point in the 3D image
volume is called a voxel. fMRI data have four important
characteristics: (1) large data volume; (2) relatively low
SNR; (3) hemodynamic delay and dispersion; (4) fractal
properties. Typically, one fMRI data set includes over 100-
K voxels from a whole brain scan and therefore has 100-K
time series. The observed time sequences are combinations

of different types of signals, such as task-related, function-
related, and transiently task-related (different kinds of
transiently task-related signals coming from different regions
of brain). These are the signals that convey brain activation
information. There are also many types of noises, which
can be physiology-related, motion-related, and scanning-
related. The signal to noise ratio (SNR) in typical fMRI
time series can be quite low, for example, around 0.2
to 0.5. For different regions and different trails, the SNR
level also varies significantly. Such noise nature causes
major difficulty in signal analysis. Hemodynamic delay and
dispersion further increase the complexity of fMRI signal
structure. Special efforts have been made to construct flexible
hemodynamic response function (HRF) which can model
the hemodynamic delay and dispersion through various
regions and different subjects [1, 2]. fMRI data also have
fractal properties, which means that a class of objects may
have certain interesting properties in common. In other
words, fMRI data are approximately scale invariant or scale
free.
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1.2. Methodology of Analyzing fMRI Data. Two areas of
fMRI-based neural systems study have attracted lots of
attention over the past two decades: functional activity
detection and functional connectivity detection. Functional
activity detection aims to locate the spatial areas that
are associated with certain psychological tasks, commonly
specified by a predefined paradigm. Functional connectivity
detection focuses on finding spatially separated areas that
have high temporal correlations [3]. Generally, functional
connectivity detection is conducted under the resting-state
condition. The differences in biophysical motivations and
experiment designs of these two studies are reflected in their
methodologies. Functional activity detection compares the
temporal series of each voxel with the excitation paradigm
and functional connectivity detection compares the voxel
timeseries with other series in a predefined spatial region,
that is, Region of Interesting (ROI), or “seed” region.
Functional activity detection is more on the temporal
correlation and functional connectivity detection is more on
spatial correlation. Even though the two areas have some
differences, they share many common statistical modelling
strategies. Both of them attempt to build models to abstract
the spatial and temporal relations from the observed fMRI
data. To choose a model that can capture the properties of
the time series accurately and efficiently is essential in both
study areas.

A large number of methods have been proposed to
analyze fMRI data. Most of them can be characterized into
one of these two categories: modelling based approach and
data driven approach. Reference [4] provided a detailed
review. Even though the authors claimed the methodologies
as functional connectivity detection, certain amount of the
reviewed methods were commonly used in functional activ-
ity detection study too. This paper focuses on constructing
a model to extract voxel temporal characteristics and test
the voxel activities using functional activity detection as
example. All the models referred following are for this task
if no further clarification.

An established software called statistical parametric map
(SPM) is a typical functional activity detection modelling
package based on general linear model (GLM) [5], general
linear model transforms a voxel time series into a space
spanned by a set of basis vectors defined in the design matrix.
These basis vectors include a set of paradigm waveforms
convolved with hemodynamic response function (HRF), as
well as several low-frequency DCT bases. The residual errors
of this linear transform is modelled as Gaussian pdf. The key
component of this method is how to constitute the design-
matrix which can accurately model the brain activation
effects and separate noises. Using GLM to analyze fMRI data
has following intrinsic assumptions:

(i) the activation patterns are spatially distributed in the
same way for all subjects,

(ii) the response between input stimulation and brain
response is linear,

(iii) the HRF function is the same for every voxel,

(iv) the time series observation has a known Gaussian
distribution,

(v) the variance and covariance between repeated mea-
surements are invariant,

(vi) the time courses of different factors affecting the
variance of fMRI signals can be reliably estimated in
advance,

(vii) the signals at different voxels are independent, and

(viii) the intensity distribution of background (nonactive
areas) is known whereas the distribution of active
areas is not known.

Reference [6] substituted paradigm with the average
temporal series of ROI as seed and applied SPM on func-
tional connectivity detection. And the most recent release
of SPM incorporates dynamic causal modelling to infer the
interregional coupling, but it is designed more on EEG and
MEG data [7].

There are some other methods which can be considered
as special cases of GLM. For example, direct subtraction
method subtracts the average of “off” period from the
average of “on” period. Voxels with significant difference
will then be identified as active. Students’ t-test can be used
to measure the difference in the means by the standard
deviations in “off” and “on” periods. The larger the t-value
is, the larger the “on-off” difference is, and the more active
the voxel is. Correlation coefficient is another special case
of GLM. It measures the correlation coefficient between
a reference function waveform and each voxel temporal
signal waveform. Voxels with large correlation coefficient
are considered to be connected. If the reference function
waveform is defined by paradigm [8], it is functional activity
detection, and if the reference function waveform is defined
by some seed time course, it is functional connectivity
detection [9].

There exist some problems in GLM-based methods. For
example, GLM assumes one HRF function for all voxels.
The BOLD signal is only an indirect indicator of neural
activity, and many nonneural changes in the body could
also influence the BOLD signal. Different brain areas may
have different hemodynamic responses, which would not
be accurately reflected by the general linear model. Also,
GLM method typically requires grouping or averaging data
over several task/control blocks, which reduces sensitivity
for detecting transient task-related changes, and make it
insensitive to significant changes not consistently time-
synched to the task block design. Low SNR makes it
possible for nontask-relevant components overshadow task-
relevant components and further reduces the sensitivity
and specificity. GLM only considers the time series and
ignores relationships between voxels, hindering the detection
of brain regions acting as functional units during the
experiment. Another problem is that the GLM method does
not extract the intrinsic structure of the data, which may
significantly weaken its effectiveness when the a priori of
fMRI signal in response to the experimental events is not
known or may not be constant across all voxels.
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Besides GLM-based methods, a few methods have been
proposed to improve the accuracy of modelling fMRI
temporal signals. Reference [10] introduced a Bayesian
modelling method which used a two-state HMM to infer
an optimal state sequence through Markov Chain Monte
Carlo sampling. The method assumed the observation is
a linear combination of a two-state HMM, which infer
hidden psychological states, plus constant and trend. The
model is designed as the combination of offset, linear
trend and a set of two-state HMMs state sequences start
at different time points. MCMC is used to estimate the
optimal state sequence for each voxel. This method is
good in interpreting the dynamics in each voxel, but the
computing complexity is big concern as mentioned by
the authors, and also the totally paradigm-free approach
might introduce noise that irrelevant with the experiment
design. Reference [11] applied state-space model and Kalman
filter to model the baseline and stimulus effect without
any parametric constrain. Reference [12] employed multiple
reference functions with 100 ms shift to find the highest
correlation coefficient reference function for specific voxels,
which avoids the common practice of using a single-reference
function for all voxels. Reference [13] proposed Gaussian
mixture models to describe the mutually exclusive fMRI
time sequence. Reference [14] introduced an unsupervised
learning method based on hidden semi-Markov event
sequence models (HSMESMs) method which had the advan-
tage of explicitly modelling the state occupancy duration.
The method decomposed an observation into true positive
events, false positive events, and missing observations. The
“off-on” paradigm transitions were modelled as left to right
HMM true positive states, and the other periods were con-
sidered as semi-Markov false positive states. The likelihood
of HSMESM was calculated iteratively to detect activity
base on predefined threshold. Reference [15] used first-
order Markov chain to estimate the time series, t-test, and
mutual information to detect the actions. All these methods
are essentially two-stage approach. The temporal property
is modelled at each voxel independently and then spatial
modelling is performed based on the summarized statis-
tics from temporal analysis. Fully Bayesian spatiotemporal
modelling [16] considered spatial and temporal information
together. This method decomposed the observation data into
spatiotemporal signal and noise, and space-time simultane-
ously specified autoregressive model (STSAR) was employed
to construct noise model. Half-cosine HRF model and
activation height model were used to construct fMRI signal
models.

Granger causality analysis [17] and dynamic causal
modelling [18] are two popular methods in functional
connectivity detection in recent years. A series comments
and controversies [19–22] have been dedicated to comparing
these two methods on model selection, causality, and
deconvolution from biophysiological view. Reference [23]
criticized dynamic causal modelling from computation com-
plexity and model validation from mathematical perspective.
The advantage of these two methods are that they consider
the spatial and temporal information at the same time, but
the disadvantage is the model complexity.

All the modelling-based approaches mentioned above are
either too simple to capture the temporal or spatial dynamics
for different voxels and subjects, or too complicated to
estimate parameters accurately and inference easily.

In addition to these modelling-based methods, there
are also data driven methods in analyzing fMRI data. One
popular example of this approach is independent component
analysis (ICA). ICA decomposes a 4D fMRI data volume
(3D spatial and 1D temporal) into a set of maximum
temporal or spatial independent components by minimizing
the mutual information between these components. ICA
does not require the knowledge of stimulus or paradigm in
data decomposition, and similar voxel activation patterns
will usually appear in the same component. ICA is also
called blind source separation, because it does not need
prior knowledge, and it is able to identify “transient task
related” components that could not be easily identified by
the paradigm. The first application of ICA in fMRI data
was the spatial ICA (sICA) [24]. Temporal ICA (tICA) was
introduced later by [25]. Reference [26] compared the sICA
with tICA and reported that the beneficial of each method
depends on the independence of the underlying spatial or
temporal signal. sICA maximizes independence spatially and
the corresponding temporal information might be highly
correlated, and vice versa for tICA. To consider the mutual
independence between space and time simultaneously, [27]
proposed a spatiotemporal independent component analysis
(stICA). Extended from entropy-based one-dimension ICA
decomposition introduced in [28], the authors embedded
the spatial and temporal components at the same time
and also incorporated the spatial skewed probability density
function to replace the kurtosis and symmetric probability
density function in decomposing the independent signals.
As pointed out in [29], the disadvantages of the Infomax
and entropy-based stICA algorithms used in [27] are that
the number of parameters needed to be estimated is large,
the local minima and sensitive to noise characteristics of
the gradient descent optimization methods. To improve the
stability, robustness, and simplify the computing complexity,
[29] adopted the generalized eigenvalue decomposition
and joint diagonalization on both spatial and temporal
autocorrelation to achieve spatial and temporal independent
signals simultaneously. ICA methods have showed promising
results in fMRI analysis, but similar as all other data-driven
methods, it is hard to interpret the output and it usually
requires special knowledge and human intervention. Also,
ICA does not specify which component, among many output
components, is the activation component, and there is no
statistical confidence level of each components extracted.

Clustering is another well-developed data driven
approach in brain activity and connectivity detection. It
has been used to identify regions with similar patterns
of activations. Common clustering algorithms include
hierarchical clustering, crisp clustering, K-means, self-
organizing maps (SOM), and fussy clustering. The major
drawback of most clustering methods is that they make
assumptions about cluster shapes and sizes, which may
deviate in observed data structures. The optimization
techniques used in clustering may also result in local maxima
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and instable results. In addition, the number of clusters is
frequently determined heuristically and randomly initialized,
which makes the output inconsistent with each trial.

In this paper, we propose a simple dynamic state space
model, which attempts to model the voxel time series as
a random process driven by the experimental paradigm or
some ROI area seed series. For a given voxel, its behavior
is described by a two-state hidden Markov model with
certain state distributions and state transitions. The HMM
parameters are estimated from the prior statistics of the
paradigm as well as from the testing time series. Two
methods are introduced to detect the voxel activation based
on the estimated HMM. The first method calculates the
likelihood of each time series, given its HMM, and forms
a likelihood map for all the voxels reside in a fMRI slice. A
simple Gaussian model is also used to improve the contrast
of this likelihood map. The second method uses the t-
test or the Kullback-Leibler distance (KLD) to measure the
distance between the on-state distribution and the off-state
distribution. These distributions are estimated based on the
most likely HMM state sequence, which is calculated through
a Viterbi algorithm. The contribution of the method is that
it unifies the robustness, stability, and reliability under the
same framework in estimating paradigm driven fMRI study.
First, it incorporates the dynamic characteristics of fMRI
time series by adapting 2-state HMM model, which is robust
in detecting active voxels with different delay and dispersion
behaviors. Second, the proposed method utilizes paradigm
prior knowledge in parameter estimation, which is not only
to simplify the computing compared with the approach in
[10], but also to improve the stability and reliability of the
output due to the stability of paradigm.

The rest of this paper is organized as follows. In
Section 2, we introduce the two-state hidden Markov model
approach for fMRI data. In Section 3, we discuss activation
detection methods base on the estimated HMM. In Section 4,
we present the experimental results on two sets of fMRI
data, one is normal subject and the other is brain tumor
subject, and compare the results with GLM-based statistical
parametric mapping package (SPM) [5].

2. Hidden Markov Model for fMRI Time Series

2.1. Hidden Markov Model. HMM is a very efficient stochas-
tic method in modelling sequential data of which the
distribution patterns tend to cluster and alternate among
different clusters [30]. A hidden Markov model consists of
a finite set of states. In a traditional Markov chain, the state
is directly visible to the observer, and the state transition
probabilities are the only parameters. In an HMM, only the
observations influenced by the state are visible. Each of the
hidden state is associated with a probability distribution.
Transitions among the states are measured by transition
probabilities. The most common first-order HMM implies
that the state at any given time depends only on the state at
the previous time step.

HMM is well developed in temporal pattern recognition
applications. It was first applied to speech recognition [31].

Now it is widely used in multimedia [32], bioinformatics [33,
34], informational retrieval [35], and so forth.

An HMM can be described by the following elements
[31]: (1) a set of observations O{T}, where T is the
number of time samples; (2) a set of states Q{N}, where
N is the number of states; (3) a state-transition probability
distribution A = {ai j}, where ai j = P[qt+1 = Sj | qt =
Si], 1 ≤ i, j ≤ N ; (4) observation probability distribution for
each state B = {bj(x)}, where bj(x) = P[ot = x | qt = Sj],
1 ≤ j ≤ N , x ∈ � is a possible observation value; (5) an
initial state distribution π = {πj}, where πj = P[q1 = Sj],
1 ≤ j ≤ N .

An HMM is therefore denoted by λ = {A,B,π}. We
further model each state distribution as a Gaussian pdf:

P
[
Ot = x | qt = Sj

]
= 1

σj
√

2π
e−(x−μj )

2/(2σj 2), j ∈ {0, 1}.
(1)

Let Q = q1, q2, . . . , qT be a possible state sequence and
assume that the observation samples are independent, the
likelihood of an observed sequence given this HMM can be
calculated as:

P(O | λ) =
∑

Q

P(O | Q, λ)P(Q | λ)

=
∑

Q

πq1bq1 (o1)aq1q2bq2 (o2) · · · aqT−1qT bqT (oT).

(2)

Given the observation O and the HMM, the most likely
state sequence Q = {q1, q2, . . . , qT}, which maximizes the
likelihood P(Q | O, λ), can be calculated through the Viterbi
algorithm [36]. The Viterbi path score function is defined as:

δt(i) = max
q1,q2,...,qt−1

P
[
q1q2 · · · qt = i, o1o2 · · · ot | λ

]
, (3)

where δt(i) is the highest probable path ending in state i at
time t. The induction can be expressed as:

δt+1
(
j
) = max

1≤i≤N

[
δt(i)ai j

]
bj(ot+1). (4)

In an application of HMM, multiple HMMs are trained
by different groups of labeled data. The HMM parameters
are estimated based on these training data. The test data will
be assigned to the one which has the maximum likelihood.

2.2. Brain Activation Detection

2.2.1. HMM Likelihood Methods. In our unsupervised learn-
ing methods, HMM parameters are estimated directly from
the experimental paradigm or the voxel time series under
examination. This is different from conventional HMM
applications where HMM parameters are usually estimated
from some training data. The attempt of avoiding training
process is motivated by the fact that the true activation
behavior varies from voxel to voxel and from patient to
patient. Therefore, it is not advisable to use the parameters
from certain set of voxels to characterize other voxels.
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Since the simple block paradigm has only two levels, “on,
off,” in this work we let the number of state N = 2, that is,
on-state S1 and off-state S0.

Because of the first-order Markov assumption, that is,
P(qt = j | qt−1 = i, qt−2 = k, . . .) = P(qt = j | qt−1 = i),
the distribution of a state duration is exponential, and the
expected value of a state duration can be expressed as:

di = 1
1− aii

. (5)

Given an experimental paradigm, let the length (i.e., time
samples) of the ON period be Lon, and the length of off
period be Loff , the transition matrix A can be estimated as
a00 = 1/(1 − Loff ), a01 = 1 − a00, a11 = 1/(1 − Lon), a10 =
1− a11.

The parameters in B can be estimated from the voxel time
series O. Assuming that the time samples are normalized, let
pon denote the paradigm ON periods, and poff denote the
paradigm off periods, the off-state S0 Gaussian parameters
are

μ0 = 1∣∣poff

∣∣
∑

t∈poff

ot , σ0 =
√√√√ 1∣∣poff

∣∣
∑

t∈poff

(
ot − μ0

)2, (6)

and the on-state S1 Gaussian parameters are

μ1 = 1∣∣pon
∣∣
∑

t∈pon

ot , σ1 =
√√√√ 1∣∣pon

∣∣
∑

t∈pon

(
ot − μ1

)2, (7)

where |poff | is the total number of time samples in the off
periods, and |pon| is the total number of time samples in the
ON periods.

Because the paradigm always starts at the off state, the
parameters in π are set as π0 = 1 and π1 = 0.

Given a 2-state HMM as specified, if an observation
sequence does have two distinguishable states in consistence
with the paradigm states, the resulting {μ0, σ0} will be clearly
different from {μ1, σ1}, and the likelihood of such sequence
given this model will be relatively high. If an observation
sequence does not have such clear 2-state characteristic,
the corresponding state transition will be somehow random
and will not fit well with the specified A matrix. In such
situation, the likelihood of this sequence will be relatively
low. Therefore, the value of voxel sequence likelihood can
provide an indication about the activation of this voxel. A
likelihood test on an fMRI slice will be able to produce a
likelihood map with each point representing the likelihood
of a voxel on this slice.

To enhance the contrast of this likelihood map, we
introduce a simple Gaussian model for the poff samples.
This model is consistent with the S0 state distribution in
the 2-state HMM. The likelihood of the entire sequence is
calculated based on this model. The expectation is that if a
voxel is non-active, its distribution in poff periods and pon

periods should be similar, and therefore the likelihood to this
model should be relatively high; on the other hand, if the
voxel is active, its distribution in pon periods will be quite

different from the distribution in poff periods, and therefore
the likelihood of the whole sequence on this model will be
relatively low. The substraction of the HMM log likelihood
map and the Gaussian log likelihood map is equivalent to
a general likelihood ratio test, and it provides an activation
map with enhanced contrast.

2.2.2. State Distribution Distance Methods. If a voxel is
active, its fMRI time series can be partitioned into segments
associated with two states, and each state can be described
by a distribution. The assumption is that if the on-state
distribution is significantly different from the off-state
distribution, we have high confidence to declare a voxel as
active, and vice versa. Therefore, the second method we are
investigating attempts to measure the distance between the
presumed on-state and off-state distributions.

There are many techniques available for measuring the
distance of two distributions. We study two of such measures
in this work, one is the t-test, and the other is the Kullback-
Leibler divergence. Both on-state and off-state distributions
are models as simple Gaussian pdfs.

Given the Gaussian parameters, {μ0, σ0} and {μ1, σ1}, the
t-test calculates the difference of two mean values corrected
by their variance values

t = μ1 − μ0√(
σ2

on/
∣∣pon

∣∣) +
(
σ2

off /
∣∣poff

∣∣)
.

(8)

A t-map is produced after the t-test is applied to all the
voxles on an fMRI slice. High t values in the map usually
indicate active voxles.

The Kullback-Leibler divergence [37] is frequently used
as a distance measure for two probability densities, although
in theory it is not a true distance measure because it is not
symmetric. In general it is defined in the form of “relative
entropy,”

D
(
pi(x)‖pj(x)

)
= −

∫
pi(x) log

pj(x)

pi(x)
dx. (9)

For two Gaussian pdfs, a close form expression for KLD
is available:

D
(
pi
(·;μi, σi

)‖pj

(
·;μj , σj

))

= 1
2

⎡
⎢⎣log

(
σ2
j

σ2
i

)
− 1 +

σ2
i

σ2
j

+

(
μi − μj

)2

σ2
j

⎤
⎥⎦.

(10)

These are well-established methods. However a critical
issue in fMRI analysis is how to estimate the correct on-
state and off-state distributions. A simple assumption is to
let all time samples in the paradigm ON periods be the
on-state samples and let all samples in the paradigm off
periods be the off-state samples. We refer to this approach
as the “paradigm state” approach. The SPM takes a similar
approach, except that the block paradigm is convolved with
an HRF, which is normally a low-pass filter characterizing
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(a) Paradigm state t-test (b) SPM t-test (c) 2-state HMM Viterbi path t-test

(d) Paradigm state KLD map (e) SPM F-test map (f) 2-state HMM Viterbi path KLD

Figure 1: (a), (b), and (c) are t-test map for paradigm-defined state, SPM method, and 2-state HMM Viterbi path map respectively; (d),
(e), and (f) are KLD map for paradigm defined state, SPM F-test, and 2-state HMM Viterbi path KLD map, respectively. The HMM Viterbi
path methods (c) and (f) produce more compact and clearly highlighted regions than paradigm state estimation (a) and (d); HMM Viterbi
path methods perform similarly to SPM with some minor differences.

(a) HMM log-likelihood map (b) Gaussian log-likelihood
map

(c) HMM likelihood ratio test
map

Figure 2: (a) HMM log-likelihood map—2-state HMM model is applied to all voxels. The active voxels with obvious 2-state on/off patterns
will have relative high likelihood given this model; (b) Gaussian log-likelihood map—“off”-state Gaussian model is applied to all voxels.
The nonactive voxels with obvious 2-state on/off patterns will have relative high likelihood given this model; (c) HMM likelihood ratio
test map—subtraction of HMM log-likelihood map and Gaussian log-likelihood map equivalent to general likelihood ration test, and it
enhances the contrast for activation map.
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(a) SPM t-test map with 4 voxel locations

A

B

C

D

(b) HMM LLR map with 4 voxel locations

Figure 3: Glass map for SPM t-test and HMM likelihood ratio and 4 voxel time series. “A” and “B” are detected by both SPM and HMM
methods, while “C” and “D” are only detected by the HMM log-likelihood ratio method.
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Figure 4: The time series of four active voxels. “A” and “B” are detected by both SPM and HMM methods, while “C” and “D” are only
detected by the HMM log-likelihood ratio method.
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(a) Tumor patient MRI brain image

A

B C

D

E

F

G

H

(b) SPM t-test map

A
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C

D

E

F

G
H

(c) HMM LLR map

Figure 5: Tumor patient high-resolution image and glass maps for SPM test and 2-state HMM likelihood ratio test. The patient has a tumor
on his left frontal lobe from (a). No supplemental voxels from SPM t-test (b). “D” and “F” are supplemental voxels detected from HMM LLR
map in (c).

the nature voxel response to a stimulus. The μ0 and μ1 are
obtained by projecting the time series to the HRF convolved
paradigm waveform, and the σ0 and σ1 are set to be the same
to model the residual error between the voxel time series and
the weighted paradigm waveform.

We take a different approach by applying the 2-state
HMM on each voxel series and calculate the most likely
state sequence using the Viterbi algorithm. We refer to this
approach as the “Viterbi path” approach. Then the on-state
and off-state statistics are calculated according to the optimal
state assignment for each time sample. The {μ0, σ0} are
obtained from all samples belonging to the off-state, and
{μ1, σ1} are obtained from all samples belonging to the on-
state.

3. Experimental Results

3.1. Normal Subject. The data set is collected from a test with
self-paced bilateral sequential thumb-to-digits opposition
task. The task paradigm consists of a 32 sec baseline followed
by 4 cycles of 30 sec ON and 30 sec OFF. The time series
is sampled at 0.25 Hz, which produces 68 time samples for
each voxel. The first four samples are ignored during analysis
because of initial unstable measurement. The BOLD image is
acquired in a 1.5 T GE echo speed horizon scanner with the
following parameters: TR/TE = 4000/60, FOV = 24 cm, 64×
64 matrix, slice thickness 5 mm without gap, and 28 slices to
cover the entire brain. Following acquisition of the functional
data (with a resolution of 3.75 × 3.75 × 5 mm3), a set of
3 mm slice thickness, high resolution (256×256 matrix size),
gadolinium-enhanced images are also obtained according
to clinical imaging protocol. The data is aligned to remove
the limited motion between data sets then smoothed with
a Gaussian kernel before further processing [5]. We further
normalize each time series with the mean and variance of its
paradigm off period. In order to compensate DC drifting in

many voxels, each time series is partitioned into four equal-
length segments, and normalization is performed separately
on each of these segments. In the reported results, only one
fMRI transverse slice is shown.

We first compare three methods based on two different
distribution distance measures. These include the SPM with
a t-test or an f-test, and our HMM Viterbi path method with
a t-test or a KLD measure. The results are shown in Figure 1.
From these results we can see that the primary motor and
secondary motor areas are effectively highlighted by all these
methods. We also have the following observations: (1) the
HMM Viterbi path methods produce more compact and
clearly highlighted regions, which indicates that Viterbi path
estimation is more accurate than paradigm state estimation;
(2) the HMM Viterbi path t-test method performs similarly
to SPM t-test with some minor differences, mostly along the
outer frontal regions; (3) the KLD methods have resemblance
to SPM F-test in the sense that their results are pure positive,
while t-test results are signed.

To test the effectiveness of our HMM likelihood ratio
method, we compare its result with an SPM t-test result.
In Figure 2, (a) shows the two-state HMM log-likelihood
map; (b) shows the Gaussian log-likelihood map of the
same slice; (c) shows the log-likelihood ratio test map. It
can be seen that HMM log-likelihood map is almost the
reverse of Gaussian log-likelihood map, which validates our
expectation in Section 2.2.1. (c) is similar to (a), yet with
enhanced contrast. This result resembles the SPM t-test
result, although their magnitude scales are quite different.

We examine several active voxels detected by SPM and
by HMM likelihood ratio test. In Figure 3, the SPM t-map
and the HMM log likelihood ratio map are thresholded at
certain level to yield similar number of active voxels. The
corresponding voxel time series marked with “A,” “B,” “C,”
and “D” are shown in Figure 4. The voxels “A” and “B” can
be detected by both SPM and HMM likelihood ratio test.
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“H” are detected by SPM t-test only. “D,” “E,” and “F” are detected by 2-state HMM likelihood ratio test only.

The voxels “C” and “D” are only highlighted by the HMM
likelihood ratio test.

3.2. Brain Tumor Subject. Functional MRI is not only used
for normal brain function mapping, it is also widely used for
neurosurgical planning and neurologic risk assessment in the
treatment of brain tumors. The growth of a tumor can cause
functional areas to shift from their original locations. Large
tumors can cause these critical regions to shift dramatically.
Localizing the motor strip and coregistering the results to
a surgical scan prior to a neurosurgical intervention can
help guide the direct cortical stimulation during an awake
craniotomy and possibly shorten operation time. In some
cases, using fMRI to confirm the expected location of the
motor strip may avoid awake neurosurgery altogether.

The HRF for brain tumor patient is more complicated
than that for normal healthy subjects. We compare our
unsupervised 2-state HMM model with GLM-based SPM
on brain tumor patient and found 2-state HMM model is
more robust to HRF and it is more sensitive in detecting
supplemental motor activation.

The machine specification and the functional data acqui-
sition for a tumor patient is the same as for the normal
subject described above. The experiment design is different.
The test is self-paced bilateral sequential thumb-to-digits
opposition task. The task paradigm consists of a 20 sec
baseline followed by 4 cycles of 20 sec ON and 20 sec off. Each
point is 2 sec for a total of 3 min. The time series is totally 90
time samples for each voxel. The first 3 samples are ignored
during analysis because of initial unstable measurement. The
patient has a tumor on his left frontal lobe. As seen in the
high resolution fMRI image in Figure 5(a).

Figure 5(b) is a thresholded SPM t-test map, both left
and right motor areas are detected by SPM and there is
no supplemental voxels. SPM t-test shows that the tumor
does not impact the patient’s motor area. Thresholded HMM

likelihood ratio test result shown in Figure 5(c) indicates
some weak motor activation in the left side motor area.
In addition, there are some supplemental motor activation
detected on surrounding areas. We further study several
active voxels from Figures 5(b) and 5(c). The locations
of selected active voxels are marked as “A,” “B,” “C,” “D,”
“E.” “F,” “G,” and “H” in each figures, respectively. The
corresponding voxel time series are shown from Figure 6.
From these results, we can see that there are three types of
voxels. The voxels “A” and “B” are detected by both SPM and
HMM likelihood ratio test, which exhibit strong activation
patterns. Voxels “C”, “G,” and “H” are detected only by
SPM, and in fact they are either very weak activations or
false positives. Voxels “D,” “E,” and “F” are detected only
in HMM likelihood ratio test and their time series have
strong activation patterns related to the paradigm but with
different delay and dispersion. These results reaffirmed our
understanding that SPM has difficulty in locating active
voxels with unexpected delay and dispersion behaviors.

4. Conclusion Remarks and Future Works

In this paper we have presented HMM-based method to
detect active voxels in fMRI data. A 2-state HMM model is
built based on paradigm on/off periods, and a 1-state HMM
model is built based on paradigm off period. A log-likelihood
ratio map is generated using the two log-likelihoods. Viterbi
path is obtained for the 2-state HMM model. According to
the Viterbi path, t-test map and KLD map are generated.
From experiments we see that HMM methods are as effective
as SPM method, and sometime HMM methods can detect
supplemental active voxels that SPM may miss, especially in
complicated cases with such as tumor patients. Overall we
consider that the HMM methods are complementary to the
SPM method, because SPM focuses on capturing fMRI signal
waveform characteristics while HMM method attempts to
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describe fMRI signal stochastic behaviors. In other words, the
HMM methods can provide a second opinion to the SPM test
results, which can be very helpful in practical situations.
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