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Abstract: FMRI research in Alzheimer’s disease (AD) and mild cognitive impairment (MCI) typically is
aimed at determining regional changes in brain function, most commonly by creating a model of the
expected BOLD-response and estimating its magnitude using a general linear model (GLM) analysis.
This crucially depends on the suitability of the temporal assumptions of the model and on assumptions
about normality of group distributions. Exploratory data analysis techniques such as independent com-
ponent analysis (ICA) do not depend on these assumptions and are able to detect unknown, yet struc-
tured spatiotemporal processes in neuroimaging data. Tensorial probabilistic ICA (T-PICA) is a model
free technique that can be used for analyzing multiple subjects and groups, extracting signals of inter-
est (components) in the spatial, temporal, and also subject domain of FMRI data. We applied T-PICA
and model-based GLM to study FMRI signal during face encoding in 18 AD, 28 MCI patients, and 41
healthy elderly controls. T-PICA showed activation in regions associated with motor, visual, and cogni-
tive processing, and deactivation in the default mode network. Six networks showed a significantly
decreased response in patients. For two networks the T-PICA technique was significantly more sensi-
tive to detect group differences than the standard model-based technique. We conclude that T-PICA is
a promising tool to identify and detect differences in (de)activated brain networks in elderly controls
and dementia patients. The technique is more sensitive than the commonly applied model-based
method. Consistent with other research, we show that networks of activation and deactivation show
decreased reactivity in dementia. Hum Brain Mapp 30:256–266, 2009. VVC 2007 Wiley-Liss, Inc.
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INTRODUCTION

FMRI research in Alzheimer’s disease (AD) and mild
cognitive impairment (MCI) typically is aimed at deter-
mining regional changes in brain function linked to dis-
ease state or progression. The most common method of
analyzing data from a standard FMRI activation experi-
ment is to create a model of the expected BOLD response
[using an a-priori model of the haemodynamic response
function (HRF)] and estimate the magnitude of the
response using methods of parameter fitting within the
framework of the generalized linear model (GLM). Such
methods have successfully been used to detect regionally
altered brain activation in AD and MCI [see for example
Dickerson et al., 2004; Golby et al., 2005; Lustig et al., 2003;
Rombouts et al., 2005b], and brain activation changes after
pharmacologic treatment in dementia [Goekoop et al.,
2004; Rombouts et al., 2002; Saykin et al., 2004]. Model-
based analysis approaches, however, rely heavily on
assumptions about the temporal characteristics of haemo-
dynamic signals and are limited to cases where these
underlying assumptions well characterize the effects of
interest.
Not assuming such simple temporal response models

can have important applications particularly in studies of
aging and disease: the measured BOLD response within
such populations does not necessarily correspond to the
standard HRF [D’Esposito et al., 1999, 2003; Rombouts
et al., 2005b] where the temporal signal variation may dif-
fer substantially between groups. Furthermore, the re-
sponse shape and the residual variance may change from
region to region [Buckner et al., 2000; D’Esposito et al.,
1999]. The ability to accurately detect relevant activation
patterns in an FMRI multisubject analysis crucially de-
pends on the suitability of the explicit temporal assump-
tions at the individual subject level as well as the suitabil-
ity of distributional assumptions (e.g., normally distributed
subjects’ responses within and between the groups).
As an alternative to model-based techniques, exploratory

data analysis techniques such as principal component anal-
ysis (PCA) or independent component analysis (ICA) are
becoming increasingly popular for the analysis of BOLD
FMRI. These techniques decompose two-dimensional data
matrices (where the original four-dimensional FMRI data
set is represented as a time 3 voxels matrix) into a set of
time courses and associated spatial maps, which jointly
describe the temporal and spatial characteristics of under-
lying signals (components). An advantage of such an
approach is the ability to detect unknown, yet structured
spatiotemporal processes in neuroimaging data [Beckmann
and Smith, 2004; McKeown et al, 1998]. The additional
modeling flexibility may result in an increased sensitivity
toward the detection of signals of interest, e.g., Greicius
et al. successfully applied an ICA-based analysis to com-
pare FMRI data of demented patients and healthy elderly
in an a priori defined network of interest [Greicius and
Menon, 2004]. Celone et al. used group ICA by concatenat-

ing subjects’ data [Calhoun et al., 2001] to study FMRI acti-
vation in AD, MCI, and healthy elderly [Celone et al.,
2006]. Most applications of model-free methods to FMRI
data analysis, however, have until recently been limited to
the analysis of single sessions as it has not been clear how
to generalize model-free approaches to the investigations
of multiple subjects/multiple groups.
Recently, a method for accurate and efficient extraction

of signals of interest in spatial, temporal, and also the subject
domain, termed tensorial probabilistic-ICA (T-PICA), was
introduced as a method for the analysis of FMRI group
data [Beckmann and Smith, 2005]. This approach has been
demonstrated to extract plausible activation maps, time
courses and estimates of the signal variation across the
population. Furthermore, it provides a richer description
of the data than model-based techniques, showing addi-
tional processes of interest such as secondary activation
patterns. Hence, this technique might aid the interpretation
of FMRI studies beyond what can be achieved using
model-based analysis techniques.
Here, we applied T-PICA to further analyze data that

we reported on previously [Rombouts et al., 2005a,b,
2007]. AD and MCI patients and healthy elderly controls
were presented faces alternated with a fixation cross in a
block design (face encoding). Our aim was to study
whether (1) the T-PICA technique shows spatial activation
maps comparable to previous model-based analyses;
(2) this technique shows significant group differences be-
tween dementia and controls in any spatiotemporal mode;
(3) T-PICA is more sensitive to detect group differences
than the model-based approach.

METHODS

Subjects, FMRI task, and FMRI data were the same as in
previous studies of our group [Rombouts et al., 2005a,b,
2007].

Subject Recruitment

Patients were recruited at the Alzheimer Center of the
VU University Medical Center, Amsterdam, The Nether-
lands. Mild cognitive impairment (MCI) patients were
diagnosed using criteria for amnestic MCI [Petersen et al.,
2001], with mini mental state examination (MMSE)
scores > 25 [Folstein et al., 1975], and clinical dementia rat-
ing (CDR) scale scores of 0.5 [Morris, 1993]. Twenty-eight
MCI patients were included (age 74.0 6 7.5 years, range
54–84 years; MMSE 26.9 6 1.2; 8 male, 20 female; average
education 2.2 6 0.6 on a discrete scale with 3 levels: low 5
1, middle 5 2, high 5 3; three patients were left-handed).
Alzheimer’s disease (AD) patients were diagnosed using
NINCDS-ADRDA criteria [McKhann et al., 1984], with
MMSE scores > 18 and CDR < 2. These values correspond
to what is known as mild AD. Eighteen AD patients were
included (age 74.1 6 8.0 years, range 55–83 years; MMSE
22.5 6 2.2; 11 male, 7 female, education 1.7 6 0.6; one
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patient was left-handed). Forty-one healthy controls (age
63.1 6 5.2 years, range 50–75 years; MMSE 29.0 6 0.9; 28
male, 13 female, education 2.1 6 0.7; two were left-
handed) were also included. Controls were significantly
younger than AD (F(1,57) 5 39.82, P 5 0.0004), and MCI
patients (F(1,65) 5 51.41, P 5 0.001), but MCI and AD did
not differ in age (F(1,44) 5 0.072, P 5 0.79). Gender ratio
was different between controls and MCI patients (v2 5 9.0,
df 5 1, P 5 0.003) and between MCI and AD patients (v2

5 4.0, df 5 1, P 5 0.04), but not between controls and AD
(v2 5 0.29, df 5 1, P 5 0.59). Both gender and age were
included as covariates of no interest in the FMRI analysis
(see later).
The experiment was approved by the Medical Ethics

Committee of the VU University Medical Center Amster-
dam. All subjects provided informed consent, patients
under supervision of a lawful caregiver if necessary. Sub-
jects were excluded if they had any significant medical,
neurological, or psychiatric illness, or if they were taking
medication or other substances known to influence cere-
bral function. In this study, only patients were included
whose diagnosis had remained unaltered during a 6-
month follow up.

MR Acquisition

Imaging was carried out on a 1.5 T Sonata MR scanner
(Siemens, Erlangen, Germany) at the VU University medi-
cal center, using a standard circularly polarized head coil
with foam padding to restrict head motion. For FMRI, an
echo planar imaging sequence was used (fat suppression
on, echo time 60 ms, flip angle 908, reconstruction matrix
64 3 64, field of view 192 3 192 mm, repetition time (TR)
2100 ms), to obtain 21 transverse slices (5 mm thickness,
1 mm interslice gap). Using a stimulus computer, task
stimuli were projected on a screen at the head end of the
scanner table via an LCD projector located outside the
scanner room and viewed through a mirror on the head
coil. In each hand subjects held a response-box to react by
pressing a button using their index-fingers. A structural
MRI-scan was also acquired (MPRAGE; inversion time:
300 ms, TR 5 15 ms; TE 5 7 ms; flip angle 5 88; 160 coro-
nal slices, 1 3 1 3 1.5 mm3 voxels).

Memory Paradigm

An FMRI face encoding task was used to assess episodic
memory [Small et al., 1999]. The paradigm was practiced
extensively: the first practice was one day before scanning
at home, the second just before scanning, and the third in
the MR scanner. During the first 10.5 s subjects saw a
circle indicating time left before the onset of the first con-
dition. Two conditions alternated in a block design: face
encoding and fixation. In a 42 s encoding block 6 unfami-
liar faces were presented sequentially (6 s each, followed
by a 1 s delay). Subjects were instructed to classify gender
by pressing one of two buttons (left: male, right: female;

instructions below each face) and to memorize faces. Male
and female faces were balanced across encoding blocks.
Four encoding blocks alternated with four fixation blocks,
presenting a fixation cross for 44 s. The paradigm started
with a 21 s fixation period. In total, 175 whole brain FMRI
scans were acquired during the encoding paradigm. The
stimulus computer triggered the scanner at the start and
the end of the sequence to make sure that the stimulus
computer and scanner were synchronized. Reaction times
and gender discrimination accuracy-scores were recorded.
Reaction times were defined as time of stimulus display to
button press. Performance accuracy score varying from 1
to 1 (with 0 indicating chance level) was calculated by sub-
tracting false answers from correct answers and dividing
the result by the total number of items (24). Mean accuracy
scores for gender-discrimination were 0.96 (SD 0.02) in
controls, 0.96 (SD 0.02) in MCI and 0.87 (SD 0.03) in AD.
AD accuracy scores differed significantly from controls
(F(1,57) 5 14.7, P 5 0.0003) and MCI patients (F(1,44) 5
5.27, P 5 0.027). Mean reaction times were 1.13 s (SD
0.08 s) in controls, 1.39 s (SD 0.08 s) in MCI, and 1.50 s (SD
0.10 s) in AD patients. AD patients had significantly
slower reaction times than controls (F(1,57) 5 10.0, df 5 1,
P 5 0.003). Other pair-wise comparisons were not signifi-
cant. Total paradigm duration was 6 min and 12 s.
To determine encoding success, all subjects were pre-

sented old and new faces 5 min after the encoding phase
[Rombouts et al., 2005a,b]. Mean accuracy scores (0 is
chance level, 1 means no errors) during face recognition af-
ter the encoding paradigm were 0.71 (SD 0.054) in controls,
0.36 (SD 0.051) in MCI and 0.15 (SD 0.061) in AD patients.
Accuracy scores in each patient group differed signifi-
cantly from the other two groups (F(2,84) 5 76.1, P <
0.0001). Mean reaction times were 1.72 s (SD 0.12 s) in con-
trols, 2.41 s (SD 0.11 s) in MCI and 2.23 s (SD 0.14 s) in
AD patients. These were different between controls and
MCI (F(1,67) 5 55.4, P 5 0.0003), controls and AD (F(1,57)
5 15.6, P 5 0.0002), but not between MCI and AD patients
(F(1,44) 5 1.87, P 5 0.18).

MR Data Analysis

Preprocessing

Model-based FMRI analysis was carried out using FEAT
(FMRI Expert Analysis Tool) Version 5.1, part of FSL
(FMRIB’s Software Library, www.FMRIB.ox.ac.uk/fsl
[Smith et al., 2004]). Prestatistical processing, common to
both the model-free and model-based statistical analysis,
consisted of motion correction [Jenkinson et al., 2002],
removal of nonbrain structures from the data [Smith,
2002b], spatial smoothing using a Gaussian kernel (6 mm
FWHM), mean-based intensity normalization of all vol-
umes by the same factor and highpass temporal filtering
(Gaussian-weighted least-squares straight line fitting, with
sigma 5 60.0 s). FMRI images were registered to the indi-
vidual’s structural scan, which itself was registered to the
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MNI152 standard space template image [Jenkinson and
Smith, 2001; Jenkinson et al., 2002]. Next, all individuals’
4-D FMRI images were transformed to standard space
(using the previously computed transform), while keeping
the data at the original resolution to reduce computational
demand.

Model-free analysis

The preprocessed FMRI data of all 86 subjects (one sub-
ject was excluded due to corrupt data) were decomposed
into space/time/subject component matrices which charac-
terize the structured signals in the spatial, temporal, and
the subject domains using T-PICA as described by Beck-
mann and Smith [2005]. This results in a trilinear factoriza-
tion such that

xijk ¼
XR

r¼1

airbjrckr þ eijk: ð1Þ

Here, xijk denotes the data of subject k at voxel location j
and time point i. The matrices A 5 [air], B 5 [bir] and C 5
[cir] each contain R one-dimensional vectors that, for each
estimated process r, characterize the signal in the temporal,
spatial and subject domain, respectively, the matrix A con-
tains a single time course per component describing the
temporal evolution of effect, the corresponding matrix B
shows the associated spatial distribution of the effect and
the matrix C contains information about the relative ampli-
tude of the spatiotemporal process in each one of the sub-
jects. The information in the columns of the matrix C
therefore can be used to identify signals which are consist-
ent within and/or inconsistent between groups as well as
processes which have no expression across the population
and only exist in a single or few subjects (such as compo-
nents induced by particularly strong residual head
motion). In the T-PICA approach, these matrices are opti-
mized to find least-squares estimates for the generative
model of equation (1) such that the spatial maps (column
vectors of the factor matrix B) are maximally non-Gaus-
sian. Data were decomposed into 39 components, where
the model order (i.e., number of underlying signals) was
estimated using the Laplace approximation to the Bayesian
evidence for a probabilistic PCA model [Beckmann and
Smith, 2004]. Such an approach is important in order to
model sufficiently components to adequately model under-
lying signals while avoiding overfitting/oversplitting. Final
maps were thresholded using an alternative hypothesis
test based on fitting a Gaussian/Gamma mixture model to
the distribution of voxel intensities within spatial maps
and a posterior probability threshold of P > 0.5 [Beckmann
et al., 2003]. To characterise components which differ sig-
nificantly between the different subpopulations (controls,
MCI and AD) the 86 values in the subject domain (column
vectors of the matrix C) were compared within the general
linear model (GLM) framework by performing t tests on
the values between groups, also including age and gender

as additional covariates of no interest. This analysis was
done on a selection of components, based on the spatial
and temporal and subject-domain pattern of each compo-
nent. The spatial pattern had to contain regions of grey
matter, being located in physiologically meaningful regions
while the temporal pattern had to correlate with the on/
off task. In addition, the subject mode was required to be
significantly nonzero for all subjects so that the associated
process was not due to single-subject outliers.

Comparison of model-free- and

model-based analysis

Spatiotemporal maps that were significantly different
between groups (P < 0.05) were analyzed further to com-
pare the sensitivity of the T-PICA technique with the com-
monly applied model-based approach, as reported previ-
ously for the current data set [Rombouts et al., 2005a,b]. In
those studies, the same data were analyzed using a general
linear model (GLM), resulting in parameter estimates (PEs)
for each voxel in each subject. Within the GLM, PEs were
obtained for the on/off function convolved with a double
gamma HRF and also for its temporal derivative to model
early/late BOLD responses. Both these PEs were averaged
across voxels for each thresholded spatial network
detected with the current model-free approach, to get two
PEs (one for the on/off function and one for its temporal
derivative) for each subject. These averaged PEs were ana-
lyzed to study group differences in the same way as the
model free analysis using a t test with age and gender as
additional covariates. To compare group differences
between the model-free and the model-based analyses, we
also analyzed group 3 model interactions, using the values
in the subject domain of the T-PICA analysis, and aver-
aged PEs of the model based analysis.

RESULTS

Model-Free Analysis

Each set of components contained an estimate of an
underlying process (modes) in the spatial, temporal, and
subject domain (Fig. 1 and 2). Among these were compo-
nents with spatial modes of CSF signal and components
with spatial modes of white matter signal, though none of
these maps were significantly different between patients
and controls.
The majority of spatial modes identified networks of

grey matter. Most of these networks showed significant

positive or negative correlation with the paradigm, as

judged in the temporal domain. Note that the decomposi-

tion itself (Eq. 1) is invariant under inversion of 2 of the

three modes, that is, determining positive or negative

response amplitude is only possible when fixing the sign

of two of the modes. In the present study, we orient the

components in such a way as to ensure positive median

response across subjects and time courses to have positive
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crosscorrelation with the known event timings (see Fig. 2).

The extent to which those networks were present in indi-

viduals (that is, the extent to which a subject showed a

response in the network) could subsequently be compared

between patients and controls (Fig. 2). One component

spatially identified a network of mainly left middle and

superior frontal and parietal regions (Fig. 1A and 2A);

another component identified a network consisting of the

auditory system (Fig. 1B and 2B). These networks were not

different between patients and controls.
However, the network consisting of the right frontal and

parietal regions, which is the complementary pattern of

Figure 1A, was significantly diminished in MCI (P 5 0.03)
and AD (P 5 0.03) patients compared with controls (see
Fig. 1C, 2C, and Table I). This network also included the
thalamus, insula, caudate nucleus, and the hippocampus.
Two components spatially identified the motor cortices

separately, showing activation with the paradigm (only the
left motor cortex is shown in Fig. 1D and 2D). This is con-
sistent with subjects’ motor responses on male–female
decisions during the face encoding paradigm. The thala-
mus was also included in this network. Activity of the left
motor cortex was significantly diminished in AD com-
pared with controls (P 5 0.04, Table I).
The networks of medial (Fig. 1 and 2E) and lateral (F)

visual regions also showed activation with the paradigm,
consistent with the difference in visual input between the
two paradigm conditions. The network (1E) also included
the caudate nucleus, putamen, and hippocampus. Activa-
tion in these visual networks was significantly diminished
in both patient groups (MCI: P 5 0.002 and P 5 0.007 for
E and F; AD: P 5 0.001 for E and F; Fig. 2E,F and Table I).
Two components showed deactivation, spatially identi-

fying medial frontal regions, anterior and posterior cingu-
lum, bilateral parietal cortex, parahippocampal gyrus bilat-
erally, and precuneus (G,H in Fig. 1 and 2). One of these
components showed mostly anterior regions with deactiva-
tion (G), the other showed mostly posterior regions (H).
These networks G1H are often referred to as the ‘‘default
mode network’’ [Raichle et al., 2001]. Both networks
showed less deactivation in AD patients compared with
healthy controls (G: P 5 0.01; H: P 5 0.04; Fig. 2, Table I).

Figure 1.

Selection of spatial modes of grey matter, resulting from the

model-free analysis in all 86 subjects together. The displayed

(thresholded) voxel values are from the vectors of matrix B in

formula (1): for each component, the vectors represent the

voxel values. Spatial mode A contains mainly left middle and

superior frontal regions and parietal regions. (B) contains the

auditory system; (C) includes the right frontal and parietal

regions (complementary to A), and also the thalamus, insula,

caudate nucleus, and hippocampus (most of these included

regions are not displayed in the figure; (D) contains the left

motor cortex and thalamus; (E) contains medial visual regions

and caudate nucleus, putamen, and hippocampus; (F) includes

lateral visual regions; (G,H) include medial frontal regions, ante-

rior and posterior cingulum, bilateral parietal cortex, parahippo-

campal gyrus bilateral, precuneus. (G) contains mainly anterior

regions, (H) mainly posterior regions. (A,B) show no significant

difference between patients and controls, (C–H) show a signifi-

cantly diminished BOLD response in patients (see figure 2).

Red–yellow: activation positively correlated with the paradigm.

Blue: signal negatively correlated with the paradigm (‘‘deacti-

vation’’). Colors are scaled ranging from minimum to maximum

separately in each mode. The coordinates refer to millimeter dis-

tance from the anterior commissure in MNI space and images are

shown in radiological convention (left in image is right in brain).
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Figure 2.

Time courses (time domain, top) and

boxplots of values in the subject do-

main (bottom) corresponding to the

eight spatial modes shown in Figure 1.

The time courses are the values of the

vectors of matrix A in formula (1), the

subject domain numbers are the values

of the vectors in matrix C. In the sub-

ject domain, the boxplots show the dis-

tribution of regression values for each

group separately to illustrate the group

differences of spatial networks C–H.

There were no group differences for

the spatial networks A and B. [Color

figure can be viewed in the online issue,

which is available at www.interscience.

wiley. com.]
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MCI and AD were not significantly different from each
other for any component. There were no significant corre-
lations with paradigm performance or MMSE scores. No
network responses were diminished in controls compared
with patients.

Comparison of Model-Free and Model-Based

Analysis

Using the model-based analysis, as described earlier
[Rombouts et al., 2005a,b], we averaged the GLM PEs in
each of the spatial mode networks defined by the model-
free analysis, in each patient and control separately. This
resulted in two average PEs per subject for each network:
one for the on/off function, and one for its temporal deriv-
ative. This was done to compare sensitivity for detecting
group differences of the current method with the model-
based approach. This pooling across space leads to a much
more sensitive model-based analysis than the more stand-
ard voxel-wise model-based analysis.
The medial visual network (Fig. 1E) showed significantly

decreased activation in MCI and AD compared with con-
trols when analyzing the averaged PEs from the model-
based approach (P 5 0.007 and P 5 0.03, Table I). The
deactivation in the mostly anterior network G was dimin-
ished in AD (P 5 0.03, Table I). The other networks did
not show a difference. The model-based analysis also
showed that the PE of the temporal derivative of the same
(visual) network E was significantly decreased in MCI
(P 5 0.04) and AD (P 5 0.003). The lateral visual network
(Fig. 1F) was significantly decreased in AD (P 5 0.01,
Table I).
Group 3 model interactions showing that the patient-con-

trols group differences for the model free approach were
significantly greater than for the model based approach
were significant for the visual networks E and F (Table I).
Other networks, C, D, and H, were not different between
patients and controls with the model-based approach.
However, although they were significantly different using
the model-free analysis, these networks did not show a
group 3 model interaction.

DISCUSSION

In this study, we have shown that for FMRI investiga-
tions of aging and dementia, the T-PICA technique is well
suited to extract signals of interest in spatial, temporal and
also the subject domain. The most important finding is
that activations and deactivations in various networks
were diminished in demented patients. Furthermore, the
current model-free approach proved more sensitive to
detect group differences than the commonly used model-
based analysis.
Previously, tensor-PICA has been applied to FMRI task

data in healthy young controls, showing plausible activa-
tion patterns and providing a richer description of data
than model-based techniques [Beckmann and Smith, 2005].
The added flexibility of such model free analysis is partic-
ularly interesting to apply in studies of aging and disease
where the subjects’ haemodynamic response can show sig-
nificantly increased temporal deviation from a standard
HRF [D’Esposito et al., 1999, 2003; Rombouts et al., 2005b]
and where the distribution of individual subjects’ re-
sponses within the population is often inhomogeneous.
With model-based analyses, activation may be underesti-
mated when it does not correspond to the HRF model, or
when it does not show a normal distribution. By compari-
son, T-PICA results are not limited to well-specified a-
priori regions, time series and/or subject-dependent varia-
tions, although the factorization model used does assume
constant shape of temporal response across subjects for a
given component (if there is strong variability in temporal
response shape this may, as desired, result in extra compo-
nents being generated to reflect this).
1. Does T-PICA show spatial activation maps compara-

ble to previous model-based analyses?
Previously, we described the regions of activation when

applying a model-based technique on the same data
[Rombouts et al., 2005b]. Activation was found in medial
and lateral visual regions, lingual and fusiform gyrus,
frontal and parietal cortex, anterior cingulate cortex, hippo-
campus, putamen, caudate nucleus, thalamus, and post-
central gyrus. In the current study, the model free
approach identified various networks of activation corre-

TABLE I. Group differences

Network
(Fig. 1)

Model free Model based PE of on/off function Model based PE of TD

CTR > PAT CTR > MCI CTR > AD CTR > PAT CTR > MCI CTR > AD CTR > PAT CTR > MCI CTR > AD

C 0.02 0.03 0.03
D 0.03 0.04
E <0.005 0.002 0.001 0.008a 0.007a 0.03a 0.005a 0.04a 0.003a

F 0.009 0.007 0.001 a a a 0.02 0.01
G 0.02 0.01 0.03 0.03
H 0.04

P-values (only displayed when significant at P < 0.05) of group differences of the model free analyses, the parameter estimates (PEs) of
the on/off function of the model based analyses and of the temporal derivatives (TD). CTR, Controls; MCI, MCI patients; AD, AD
patients; PAT, patients (mean MCI and AD response).
a Significant interaction showing greater group differences for the model free approach than for the model based approach.
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sponding to visual processing, motor activation, and cogni-
tive processes. Most activated regions of the previous
model-based analysis are included in any of the networks
found in the current study, although sensitivity of the
model-free technique appears to be higher [Rombouts
et al., 2005b].
We have also described a network of deactivation in a

previous study using a model-based technique on the
same face encoding data and also for a working memory
task [Rombouts et al., 2005a]. For the face encoding data,
this network of deactivation included medial frontal
regions, anterior and posterior cingulate cortex, and precu-
neus. This network is often referred to as the ‘‘default
mode network,’’ and it has been suggested that this net-
work is engaged in reviewing past knowledge, and plan-
ning of future behaviours, and that its activity is decreased
during tasks requiring attention [Binder et al., 1999;
Gusnard and Raichle, 2001; Raichle et al., 2001]. Deactiva-
tions are likely to represent reallocation of processing
resources to areas involved in active task performance and
may be due in part to suspension of spontaneous semantic
processes that occur during resting state [McKiernan et al.,
2003]. Within the current model-free approach, this default
mode network was found to show deactivation with the
paradigm (Fig. 1). However, more regions were included
in the network of deactivation when compared with
the previous model-based study: here we also found parie-
tal regions to show deactivation. These findings are similar
to previous studies focusing on the default mode net-
work [Greicius et al., 2003; Lustig et al., 2003; Raichle
et al., 2001]. Furthermore, we also found the parahippo-
campal gyrus to be included in this network. Greicius
et al. have consistently shown hippocampal coactivation
with the default mode network, suggesting that episodic
memory is incorporated in default-mode cognitive process-
ing [Greicius and Menon, 2004; Greicius et al., 2004].
Overall, the current approach identifies various spatial

processes in physiologically meaningful areas of the brain.
All these areas appear in different components by virtue
of the fact that the associated temporal response and/
or the response within the population differ between these
spatial maps and are consistent within the individual areas.
This is an important advantage of the T-PICA methodo-
logy as the standard GLM approach is limited by the
assumptions encoded in the first- and second-level
designs.
In the current decomposition, the associated time

courses for these spatial maps are highly correlated (mean
temporal correlation of r > 0.81 6 0.08 for the eight time-
courses) among each other. A GLM approach (using a sim-
ple canonical response function as a primary regressor of
interest) therefore only estimates parts of all these spatial
maps jointly into a single map of parameter estimates.
Various studies show that ICA decomposition can be

used to identify resting state networks [Beckmann and
Smith, 2005; Beckmann et al., 2005; Damoiseaux et al.,
2006; De Luca et al., 2006; Greicius et al., 2004; Kiviniemi

et al., 2003]. Independent component analysis (ICA) as a
generic tool, extended to analyze FMRI group data in the
current study, is very well suited to identify activations
and deactivations both within and between groups. There
is also a remarkable similarity between networks found in
this study during a face encoding task, and networks iden-
tified during a resting state where no paradigm is involved
[Beckmann et al., 2005]. All major components of the net-
works we show in Figure 1 are also identified as separate
resting state networks in the study of Beckmann et al.
[2005]. The only striking difference is that left and right
motor cortex was split in two separate networks in the
current study, while contained in one network in the study
of Beckmann et al. [2005]. This similarity of paradigm
related and resting state networks suggests a functional
significance of resting state networks.
2. Does T-PICA show significant group differences

between dementia and controls?
Various networks, estimated using the model-free

approach, proved to have a diminished response in de-
mentia. An asymmetric network of mainly right frontal
and parietal regions (also including thalamus, hippocam-
pus, insula, and caudate nucleus) showed decreased acti-
vation in dementia. The complementary pattern of left
frontal and parietal regions was not different between
patients and controls. These regions have been described
earlier to have a diminished response in dementia during
tasks of divided attention, verb processing and semantic
memory, including parietal cortex and prefrontal cortex
[Dannhauser et al., 2005; Grossman et al., 2003a,b]. We
also showed decreased activation in dementia in the left
motor regions, including the thalamus. This is a less com-
mon finding: studies explicitly testing for brain activation
differences on passive sensory processing tasks usually do
not show a change in dementia [Dannhauser et al., 2005;
Machulda et al., 2003]. However, activation in the motor
cortex in the current study is interacting with a memory
encoding paradigm requiring male–female decisions. Reac-
tion times in AD patients were also significantly slower.
Both these factors might (partly) explain the observed
differences.
The occipital lobe network (also including hippocampus,

caudate, and putamen) also showed a decreased response
in dementia patients (Fig. 1E,F). Altered responses in the
occipital lobe have been shown previously in AD [Mentis
et al., 1998], including our previous study applying a
model-based analysis on the current data [Rombouts et al.,
2005b]. This may appear remarkable since neurofibrillary
pathology in AD has been postulated to follow sequen-
tially the entorhinal cotex, hippocampus and medial tem-
poral lobe, temporoparietal regions, and in late stages of
AD most of the neocortex [Smith, 2002a]. However, patho-
logic damage and measures of metabolism, flow and
BOLD may not have the same association in each brain
region. Pathologic damage in AD can be strongly associ-
ated with metabolic deficits in certain brain regions, while
this association is lost in the temporal lobes [Mega et al.,
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1999]. Second, if BOLD is sensitive to regional changes in
neurovascular coupling or possibly to vascular pathology,
we may not necessarily be sensitive to detecting alterations
in regions known to have early neurofibrillary pathology.
Third, the task we applied has strongest activation in the
occipital cortex, increasing sensitivity in these regions to
detect changes in the BOLD signal.
The deactivation in the default mode network was

also diminished in dementia using the model-free analy-
sis, both in the anterior and posterior parts of the net-
work (Fig. 1G1H). This default mode network has
received increasing attention in recent years, including
dementia studies [Buckner et al., 2005; Celone et al.,
2006; Greicius et al., 2004; Lustig et al., 2003; Rombouts
et al., 2005a]. These studies suggest that activity in this
network could be particularly sensitive to differentiate
(early) dementia from healthy aging. A possible explana-
tion for this is the observation that memory is an impor-
tant component of the default mode network [Buckner
et al., 2005].
Differences in BOLD responses between MCI and AD

were not found. This probably relates to the heterogeneity
of the MCI group. Clinical follow up data showed that
almost half (44%) of the MCI patients were diagnosed
with AD within 3 years after scanning. Hence, it is likely
that half of the MCI group showed FMRI patterns resem-
bling ‘‘probable AD’’ at time of scanning.
3. Is T-PICA more sensitive in detecting group differen-

ces than the model-based approach?
The expected increase in sensitivity to find networks dif-

ferentially activated between controls and dementia
proved to be true. With the model-free technique, six net-
works showed a significantly diminished response in
patients compared with controls. Three of these (the visual
regions and the mostly anterior part of the default mode
network) also had a significantly decreased response when
using the model-based analysis. The other three networks
(frontal/parietal, motor, and the mostly posterior parts of
the default mode network) did not show a controls–
patients difference with the model-based approach. Fur-
thermore, the two networks of visual activation showed
significantly greater group differences for the model-free
approach than for the model-based approach. Although
we also tested whether certain networks were more
strongly present in dementia, we did not find any evi-
dence for this.
The results presented in this study clearly show the

strength of model-free analysis (like T-PICA) in relation to
more standard model-based analyses. However, certain
limitations of this technique should not be ignored. Firstly,
of all components resulting from the T-PICA analysis, the
effects of interest have to be identified. In the current
study, this was done based on the spatial and temporal
and subject–domain pattern of each component. The spa-
tial pattern had to contain regions of grey matter, being
located in physiologically meaningful regions while the
temporal pattern had to correlate with the on/off task. In

addition, the subject mode was required to be significantly
nonzero for all subjects (as judged by the combined box-
plot, i.e., without separating the three different groups)
so that the associated process was not due to, e.g., single-
subject outliers.
This heuristic approach easily excludes spatial patterns

related to motion and other sources of noise, and CSF and
white matter signal. In general, the definition of such selec-
tion criteria may not be as straightforward as in this study.
In studies of event-related FMRI, different subjects can
have different time courses associated with the same cog-
nitive process and therefore with the same spatial pattern.
The application of T-PICA requires that each subject has
an identical study design for event types and timings.
Randomized designs or dense jittered event-related
designs require a different analysis technique where the
timecourses of a component may vary between subjects.
As such, such studies cannot be analyzed using the pro-
posed T-PICA approach.
Another limitation of the current study is the implemen-

tation of the comparison of the model-based to the model-
free technique. This was done by averaging parameter
estimates determined with the model-based approach in
networks defined with the model-free approach. Conse-
quently, the comparison is limited to the entire areas
inferred from the model-free approach. As such, we can
not exclude that the model-based method may show en-
hanced sensitivity for certain group differences (in certain
voxels).
We conclude that T-PICA is a promising tool to identify

and compare brain networks between elderly controls and
dementia. The method appears more sensitive than a com-
monly applied model-based method and shows plausible
networks to respond differently in dementia. Consistent
with other research in altered BOLD responses current
findings suggest that both networks of activation and
deactivation show decreased reactivity in dementia.
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