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Abstract—Brain signal variability has been proposed as an
index of the brain’s cognitive capacity. In this work, we examined
neural variability by calculating the standard deviation of single
trial activation estimates during memory encoding in 30 patients
with mild cognitive impairment (MCI) and 31 elderly controls. We
deployed a random forest (RF) classifier, using variability maps as
features to distinguish MCI patients from controls, and obtained
classification accuracies of up to 86%. We then used partial least
squares correlation to identify variability patterns associated with
task performance and compared them to the weight maps obtained
with the RF classifier.
Keywords—Trial-by-trial activation variability; memory
encoding; mild cognitive impairment; classification; partial least
squares.

I. INTRODUCTION
A growing number of studies have recently shown that the
brain signal variance could provide substantial information
about the brain function [1]. Interestingly, it has been proposed
that an optimal level of variability (or instability) is required for
the brain to adapt to various environmental demands [2]. Withinsubject brain signal variability has been associated with
individual differences in cognitive performance in young and
elderly healthy individuals [3][4]. However, some regions have
shown a negative association between neural variability and
cognitive performance [5]; furthermore, the benefits of neural
variability may depend on the nature of the task [6].
In Alzheimer’s disease (AD) and its prodromal stage, mild
cognitive impairment (MCI), changes in the amplitude of lowfrequency fluctuations (ALFF) at rest were found to be
correlated with cognitive performance (Mini-Mental State
Examination [MMSE] score) [7]. However, no study to this date
has examined neural variability in MCI or AD patients during a
memory task.
We computed trial-by-trial functional magnetic resonance
imaging (fMRI) activation variability during memory encoding,
and used these variability maps as features for the individual
classification of MCI patients and healthy controls (HC).
Furthermore, we used partial least squares (PLS) to identify
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patterns of neural variability associated with recognition
performance. We assessed the reliability of this association by
computing PLS in a cross-validation scheme. Finally, we also
investigated the impact of “block normalization” (a processing
step applied in [2], similar to global signal regression) when
computing brain signal variability, on both PLS and
classification results.
II. MATERIAL AND METHODS
2.1 Subjects
Thirty amnestic MCI patients (both single- and multipledomain) and 31 elderly HC participated in this study (Table I).
All participants completed a battery of standardized
neuropsychological tests assessing general cognitive function,
memory, language and executive functions. MCI diagnosis was
based on Petersen’s criteria [8]. HC were to have a normal
neurological and neuropsychological examination, and no
significant cognitive complaint. The study was approved by the
local ethics committee, and written informed consent was
obtained from all participants.
2.2 MRI acquisition
MRI data were acquired on two scanners, both 3T Siemens
Trio Tim, using a 12-channel head coil, and identical imaging
parameters. Whole brain fMRI images were collected using a
susceptibility weighted EPI sequence (TR/TE=1810/30ms; flip
angle=90 degrees; PAT factor=2; FOV=192mm; matrix size=64
× 64 pixels). Thirty-two transversal slices were acquired
sequentially with a 4mm thickness and an interslice gap of
11mm, yielding a voxel size of 3 × 3 × 5mm. High resolution
whole brain anatomical scans were acquired with a T1-weighted
3D sequence (MPRAGE; TR/TI/TE=1900/900/2.32ms; flip
angle=9 degrees; voxel dimensions=0.9mm isotropic; 256 × 256
× 192 voxels).
2.3 fMRI memory task
We used a non-verbal associative memory task (see [9] for
details about the experimental paradigm). Encoding and
recognition phases were alternatively conducted in 3 successive

runs. Subjects were first asked to memorize pairs of pictures and
press a button to acknowledge their encoding of each pair; they
were then presented with a cue picture along with two pictures
(the target picture and a distractor), and had to indicate the
picture that had been previously paired with the cue picture.
There were 24 trials per run (72 in total), on which patients
scored significant worse than HC (see Table I).
2.4 fMRI data preprocessing
Functional images were preprocessed using SPM12
(http://www.fil.ion.ucl.ac.uk/spm/software/spm12/).
Images
were first slice-time corrected and realigned. The mean
functional image was then co-registered with the anatomical
scan. Functional images were normalized to the MNI space with
SPM12 Segmentation, then resampled to 3mm isotropic voxels,
and smoothed using an 8mm full-width-at-half-maximum
Gaussian kernel.
2.5 First-level general linear model
For each subject, we used a first-level general linear model
that considered only correct trials, i.e., encoding trials that were
subsequently correctly recognized. We used a model known as
the
multi-regressor
approach
(based
on
[10],
https://github.com/ritcheym/fmri_misc/blob/master/generate_s
pm_singletrial.m), whereby each trial is represented by an
individual regressor. The model thus included a separate
regressor for each trial, resulting in 72 encoding and 72
recognition regressors, to which we added the Friston 24 motion
parameters [11]. We also added regressors to model the
instructions display before each trial, as well 3 constants to
model inter-run variability. All regressors were convolved with
the canonical hemodynamic response function. A high-pass
filter (with a cut-off frequency of 1/128 seconds) and a firstorder autoregressive function (to account for temporal
autocorrelation) were included in the fitting procedure. Only
betas of the encoding trials were used in our analyses.
2.6 Trial-by-trial activation variability
We first generated a DARTEL [12] group template (using
all subjects’ anatomical scans) that included all voxels with a
grey matter probability ≥ 0.3, resulting in a mask containing M
= 33’327 voxels. We computed trial-by-trial activation
variability using the betas of the encoding trials, constrained to
voxels that fell inside the template. For each subject, after
concatenating all betas into a vector of size M × betas, we
calculated the standard deviation for each voxel across betas.
Variability values were then z-scored across all voxels, for each
subject.
Some of the previous studies (e.g., [2]) have applied a
“block normalization” procedure to correct for block offsets,
which consists in removing global signal within each block. In
the present case, each beta was considered as a “block”, since
the task was event-related. To test whether this procedure would
influence our results, we followed a similar procedure to create
a second set of variability maps: for each beta, we removed the
average signal (extracted within the group template) from each
voxel, before concatenating all betas, after which we calculated

TABLE I.

SOCIODEMOGRAPHIC DATA AND COGNITIVE PERFORMANCE

N
Age
Gender (F/M)
Education
Scanner (1/2)
MMSE
Task accuracy (%)

Controls

MCI patients

p-value

31
68.94 (5.85)
23 / 8
14.00 (2.76)
7 / 24
28.32 (1.66)
94.98 (5.14)

30
71.77 (6.60)
16 / 14
13.23 (3.21)
4 / 26
25.83 (2.10)
77.36 (10.64)

0.081
0.090
0.321
0.348
<0.001
<0.001

Mean (SD) are shown for all continuous variables. P-values assess the significance of t-tests or χ2 tests.

the standard deviation for each voxel and applied spatial zscoring. In the remainder of the paper, we refer to these maps
as VarNoBN (without block normalization) and VarBN (with
block normalization).
2.7 Classification
We used a random forest (RF, [13]) classifier (featuring 501
trees),
as
implemented
in
Matlab
(https://code.google.com/archive/p/randomforest-matlab/) to
discriminate between MCI patients and HC. VarBN and
VarNoBN maps were used as features, yielding for each subject
a feature vector of size M × 1. In order to evaluate the
generalizability of the classifier’s performance, we trained the
classifier on 29 MCI and 29 HC, and tested it on 1 MCI and 2
HC). We used permutation testing (1’000) to assess the
significance of our prediction accuracies, and computed Gini
importance [13] to generate weight maps showing the relative
contribution of each voxel to the classifier’s performance.
Finally, we used the McNemar test to assess whether the
classifier’s performance was significantly different between the
two sets of variability maps (VarBN and VarNoBN).
2.8 Partial least squares analysis
PLS is a multivariate data-driven statistical technique that
aims to find the optimal relationship between two data matrices
by deriving latent variables (LVs) which are weighted linear
combinations of the original data that maximally covary with
each other [14]. Here, we used PLS to identify trial-by-trial
activation variability patterns that are optimally related to task
accuracy (computing separate PLS models for VarBN and
VarNoBN). In our data, X is the imaging matrix (subjects × M),
and Y contains task accuracy values (subjects × 1).
2.8.1 Original PLS model
After z-scoring X and Y within each diagnostic group
(HC/MCI), we computed a cross-covariance matrix between
each pair of matrices (X and Y for each group), both of size 1 ×
M. We then concatenated the group-specific cross-covariance
matrices into a matrix R (of size 2 × M). We followed with
singular value decomposition (SVD) of R, which provides the
best reconstruction of R (in a least square sense) by lowdimensional matrices: R = U × S × VT. This decomposition
resulted in two mutually orthogonal LVs, of which U and V are
the singular vectors (called respectively behavior and brain
saliences), while S is a diagonal matrix containing the singular
values. The saliences indicate the contribution of each
behavioral measure and each voxel to the brain-behavior
correlation explained by the LV. Subjects’ imaging and

behavioral contribution to each LV were represented by brain
and behavior scores, and were computed by projecting X and Y
onto their respective saliences V and U: Lx = X × V, and Ly =
Y × U. We assessed the statistical significance of each LV by
constructing a null distribution of the singular values using
permutation testing (5’000 permutations). In order to evaluate
the stability of brain saliences, we used a bootstrapping
procedure (1’000 random samples with replacement),
generating a set of resampled covariance matrices that were
subjected to SVD, and resulting in a sampling distribution of
the salience values. We calculated a “bootstrap ratio” (BSR) for
each voxel by dividing its brain salience by its bootstrapestimated standard error.
2.8.2 Cross-validated PLS model
We tested the robustness of our PLS model by applying the
same cross-validation scheme as for classification (training on
29 MCI and 29 HC, and testing on 1 MCI and 2 HC). We
computed PLS on the training data as described above (without
assessing the significance of LVs with permutation testing, but
with bootstrap resampling with 100 random samples). Within
each fold, after z-scoring the test data (using the mean and
standard deviation of the training data), we projected the test
data on the brain and behavior saliences of the training data to
obtain brain and behavior scores: Lx test = Xtest × Vtrain, and Ly
test = Ytest × Utrain. We computed Pearson correlations between
Lx train and Ly train for each fold, and then averaged these
correlations across all folds. To evaluate whether these
associations were generalizable, we also computed Pearson
correlations between Lx test and Ly test across all folds. These
correlations were then compared to those in the original PLS
model.
III. RESULTS
3.1 Classification

Fig. 1. Weight maps for classifying controls vs. patients using VarNoBN (left)
and VarBN (right) maps as features. Higher values represent higher Gini
importance.

3.2 Original PLS model
We obtained very similar results with both PLS models. The
first LV was significant (r=0.81, permuted p=0.002 using
VarNoBN, and r=0.76, permuted p=0.047 using VarBN).
Interestingly, the association between neural variability and
task performance was driven by MCI patients, in whom
correlations were more than twice higher than in HC (see Table
III). Performance-related spatial patterns were almost identical
between the two models (Fig 2): task performance was
correlated with increased variability in the left HIP, left
temporal pole, posterior cingulate cortex (PCC), medial
prefrontal cortex (mPFC), and with decreased variability in
fronto-parietal regions.

Prediction accuracies obtained using VarBN and VarNoBN
maps can be found in Table II. Accuracy was significantly
higher when using VarBN maps as features compared to
VarNoBN maps (discrepancy of 18.15 between expected and
observed counts of error). Weight maps showing the relative
contribution of each voxel to the classifier’s performance are
shown in Fig 1. In both models, variability in the precuneus,
bilateral hippocampus (HIP), left superior parietal lobule, left
superior temporal gyrus and frontal regions were among the
regions that most contributed to distinguish between MCI and
HC. For VarBN, variability in the anterior cingulate cortex and
superior frontal gyrus also highly contributed to the prediction
(relative to other voxels).
TABLE II.

VarNoBN
VarBN

CLASSIFICATION PERFORMANCE

Accuracy

Specificity

Sensitivity

p-value

74%
86%

74%
90%

76%
78%

0.001
0.001

Fig. 2. PLS brain pattern bootstrap ratio for the original PLS model, using
VarNoBN (left) and VarBN (right) maps. Both maps were thresholded at 2.3,
which corresponds to p~0.05. Regions in red are positively correlated with task
accuracy, while regions in blue show a negative correlation.

3.3 Cross-validated PLS model
Correlations between Lx and Ly for training and test sets can be
found in Table III. While they were stable across training sets,
these correlations dropped drastically in test sets, especially for
the model with VarBN.
TABLE III.

COMPARISON BETWEEN ORIGINAL AND CROSS-VALIDATED
PLS MODELS

VarNoBN
Original model
In HC
In MCI

VarBN

Corr Lx-Ly

Corr Lx-Ly

during training; in addition, the small sample size may limit the
generalizability of our findings.
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0.40 (p=0.026)
0.86 (p=0.000)

Original model
In HC
In MCI

0.34 (p=0.063)
0.88 (p=0.000)

Training sets*
In HC
In MCI

0.39 (0.10)
0.86 (0.01)

Training sets*
In HC
In MCI

0.32 (0.18)
0.88 (0.01)

[1]

Test sets
In HC
In MCI

0.16 (p=0.111)
0.18 (p=0.077)

Test sets
In HC
In MCI

-0.04(p=0.666)
0.02 (p=0.856)

[2]
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