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Abstract—In this paper, we investigate whether we can distin-
guish that a subject is making a correct or incorrect behavioral
response by analyzing the fMRI data of localized brain regions,
obtained from a feature-based attention experiment. For each
subject, we first construct the feature vectors for each region
of interest (including V1, MT or IPS1) from the fMRI signals.
Second, we project the feature vectors onto a lower dimensional
subspace using Linear Discriminant Analysis (LDA), where the
difference between two classes (correct vs. incorrect response)
is maximized. Finally, we apply the Bayesian classifier to the
projected data, and find that the classification accuracies corre-
sponding to V1, MT and IPS1 are 87.2%, 90.8% and 81.7%,
respectively, when all the trials are considered. Our analysis
indicates that: when people make correct or incorrect responses,
significant difference exists in the fMRI signals, especially in V1
and MT regions, and the difference can be effectively captured by
the LDA-Bayesian classifier. We also prove that: when the original
data are normally distributed, LDA, which aims to maximize the
difference between different classes, is equivalent to the optimal
Maximum Likelihood (ML) based classification method.

Index Terms—Linear Discriminant Analysis, Maximum Like-
lihood, Bayesian, fMRI

I. INTRODUCTION

Brain is a large network of functionally interconnected
brain regions. The “Big Data” problem arises naturally when
investigating the huge amount of data generated by the brain
fMRI scan, which consists of thousands or even millions of
voxels for each subject. Understanding the neural basis of
how people make a correct or incorrect response or decision
is of great importance to basic and applied research. In this
paper, we investigate whether we can tell that a subject
is making a correct or incorrect response by analyzing the
high dimensional fMRI signals from localized brain regions
observed in each individual trial; more specifically, to reduce
the dimension of the acquired fMRI data first and then identify
an effective classification method.

Our research is based on a feature-based attention experi-
ment [1], carried out by T. Liu and his group at Michigan State
University, where they examined the distribution and organi-
zation of neural signals related to deployment of feature-based
attention following the concept of spatial priority maps [2]–
[4]. More specifically, in the experiment, the participants were
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instructed to attend to one of two overlapping dot fields, one
of which rotated in a clockwise (CW) direction and the other
rotated in a counter-clockwise (CCW) direction. They were
instructed to report the presence or absence of a brief speedup
in the cued direction. For each particular trial, if the participant
answered “Yes” to a speedup event, it is referred as a correct
trial; if the participant answered “No” to a speedup event, it
is referred as an incorrect trial.

In this research, we explore the fMRI signals in three brain
regions (V1, MT and IPS1) observed during both correct and
incorrect trials. The idea is to apply the linear discriminant
analysis (LDA) based classifier to the fMRI data to extract
the difference between correct and incorrect trials, and use
it to determine whether the participant is making a correct
response on a particular trial.

LDA is a statistical method in machine learning to sep-
arate two or more classes of objects, by projecting them
onto a subspace or direction where different classes show
most significant differences [5]. Combined with the Bayesian
analysis, LDA has been shown to be an efficient technique
for dimension reduction and classifications [6]. In [7], Wang
et al. applied a Pseudo-Fisher Linear Discriminative Analysis
(pFLDA) to classify Alzheimer’s Disease patients and normal
subjects, and obtained an accuracy of 83%. In [8], Davatzikos
et al. applied the LDA based method to classify spatial patterns
of brain activity for lie detection. They reported the accuracy
of 65.6%.

In this paper, we apply LDA to detect the difference in
the fMRI signals of three brain regions (V1, MT and IPS1)
obtained during the visual attention experiment mentioned
above. The major steps in the procedure include: (i) For each
subject, we construct feature vectors for each region from the
corresponding fMRI data; (ii) Relying on LDA, we project the
feature vectors onto a lower dimensional subspace, where the
difference between two classes (correct vs. incorrect response)
is maximized; (iii) We then apply the Bayesian classifier to
the projected data for classification between the two classes.
We show that the final classification accuracies corresponding
to V1, MT and IPS1 are 66.7%, 71.5%, 58.5% respectively
for the balanced data set (i.e., the number of correct trials
and incorrect trials are equal); and 87.2%, 90.8%, 81.7%
respectively for the unbalanced data set where all the trials are
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taken into consideration. The results imply that: when people
make correct or incorrect responses, significant difference
exists in the fMRI signals, especially in V1 and MT regions,
and the difference can be effectively captured by the LDA-
Bayesian classifier.

In the paper, we also investigate the relationship between
LDA-based and Maximum Likelihood (ML) based classifica-
tion methods. Recall that LDA aims to separate two or more
classes by projecting them onto a subspace or direction where
the difference between different classes is maximized. Here,
we prove that when the original data are normally distributed,
LDA is equivalent to maximizing the log-likelihood function
of the projected data.

II. LINEAR DISCRIMINANT ANALYSIS AND BAYESIAN
CLASSIFICATION

In this section, we revisit the Linear Discriminant Analysis
method for dimension reduction and the Bayesian classifier for
classification of the projected data. We will also investigate the
relationship between LDA and the maximum likelihood based
classification method in this section.

A. Linear Discriminant Analysis

Linear Discriminant Analysis aims to separate two or more
classes by projecting the data onto a subspace or direction
where different classes show most significant differences [5].
Here, we illustrate the basic idea of LDA using a two-class
case. Suppose we have a set of d−dimensional vector samples
X = {x1,x2, ...,xN}, where N1 of them are from the first
class, denoted as C1, N2 of them are from the second class,
denoted as C2, and C = {C1, C2}. For i = 1, 2, the mean and
scatter matrix (i.e., the scaled covariance matrix) of each of
the two classes are defined as:

µi =
1

Ni

∑
x∈Ci

x, (1)

Si =
∑
x∈Ci

(x− µi)(x− µi)
t. (2)

Consider the projection of vectors in X to a
d0−dimensional space, where d0 ≤ d, such that the
difference between or among different classes is maximized.
More specifically, let y = Wx, x ∈ X , where W is a
d0 × d matrix to be determined by the LDA algorithm. In
this paper, we choose d0 = 1, and let W = wt. As a result,
the transform can be rewritten as:

y = wtx, (3)

where wt is a 1× d vector. For i = 1, 2, let

C̃i = {y|y = wtx, x ∈ Ci}. (4)

Define µ = 1
N

N∑
n=1

xn as the overall mean, SW =
2∑

i=1

Si as the

within-class scatter matrix, and SB =
2∑

i=1

Ni(µi−µ)(µi−µ)t

as the between-class scatter matrix. LDA seeks a transform
vector w that maximizes the following objective function:

J(w) =
wtSBw

wtSWw
. (5)

It can be proved [5], [6] that to maximize J(w), w should
satisfy

S−1
W SBw = λw, (6)

for some constant λ. That is, w is an eigenvector of S−1
W SB .

Following the eigenvalue decomposition of matrix S−1
W SB ,

LDA chooses the eigenvector corresponding to the largest
eigenvalue of the matrix S−1

W SB as w. After w is found,
we project the original vectors x ∈ X to a one dimensional
subspace using y = wtx. We can then apply a classifier on
the projected data y.

B. Bayesian Classification

Here we apply the Bayesian classifier [7] due to its sim-
plicity and effectiveness in dealing with unbalanced dataset.
Denoting the projected data as y, the discriminant function for
the Bayesian classifier is

gi(y) = ln p(y|C̃i) + lnP (C̃i), (7)

where i = 1, 2. We will see in the next subsection that the
projected data y can be approximately characterized by the
Gaussian distribution, thus p(y|C̃i) can be evaluated using
the Gaussian probability density function (PDF). Assuming
a general case where the random variable y is Gaussian with
PDF N(mi, σ

2
i ). In this case, from (7), we have

gi(y)=− (y −mi)
2

2σ2
i

− p

2
ln 2π− 1

2
lnσi+lnP (C̃i), (8)

where i = 1, 2. In a general case, the mean mi and variance
σi for each category C̃i are different. The common term,
−p

2 ln 2π, in (8) can then be dropped, and the resulting
discriminant function has the quadratic form:

gi(y) = aiy
2 + biy + ci , (9)

where

ai = − 1

2σ2
i

, (10)

bi = σ−2
i mi , (11)

ci = −m2
i

2σ2
i

− 1

2
lnσi + lnP (C̃i). (12)

The decision can be made as follows: if g1(y) > g2(y), the
sample y can be assigned to class C̃1; otherwise, if g1(y) <
g2(y), y will be assigned to class C̃2.
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C. LDA and the Maximum Likelihood Method

In this subsection, we demonstrate that when the original
data from all classes are normally distributed, then LDA is
equivalent to the optimal maximum likelihood method. For
i = 1, 2, assuming each vector x ∈ Ci has the same probability
density function (pdf):

fX(x;µi,Σi) =
1√

2πd|Σi|
e−

1
2 (x−µi)

tΣi
−1(x−µi). (13)

Consider a very general linear transform defined by: y = Wx,
where W is a d × d matrix. For the transformed data, the
probability density function becomes:

fY (y; µ̃i, Σ̃i) =
1√

2πd|Σ̃i|
e−

1
2 (y−µ̃i)

tΣ̃−1
i (y−µ̃i), (14)

where i = 1, 2, µ̃i = Wµi, and Σ̃i = WΣiW
t.

Recall that in LDA, we try to find W such that the difference
among different classes is maximized in the transformed space.
Without loss of generality, we assume that the major difference
lies in the first dimension of the transformed vector y only,
and the remaining d− 1 dimensions make little contributions.
Under this assumption, µ̃i and Σ̃i can be decomposed into
two parts as:

µ̃i =

[
µ̃1
i

µ̃d−1

]
, (15)

Σ̃i =

[
Σ̃1

i 0
0 Σ̃d−1

]
, (16)

since for each i, µ̃d−1
i ≈ µ̃d−1, Σ̃d−1

i ≈ Σ̃d−1. Accordingly,
the matrix W can also be decomposed into two parts as

W =

[
W 1

W d−1

]
. (17)

In this case, we have µ̃1
i = W 1µi, µ̃

d−1
i = W d−1µi, Σ̃

1
i =

W 1ΣiW
1t and Σ̃d−1

i = W d−1ΣiW
d−1t.

For fairness, in LDA based classification, the sample size
of the two classes is assumed to be the same, i.e., N1 = N2 =
N/2. With the probability density function given in (14), the
log-likelihood function of the original data x can be written

as [9]:

L(W )

=
2∑

i=1

∑
y∈C̃i

log |W |fY (Wx; µ̃i, Σ̃i)

= nlog|W | − n

2
log(2π)d −

2∑
i=1

ni

2
log|Σ̃1

i |

− 1

2

2∑
i=1

∑
x∈Ci

(W 1x− µ̃1
i )

t(Σ̃1
i )

−1(W 1x− µ̃1
i )

− n

2
log|Σ̃d−1|

− 1

2

∑
x∈C

(W d−1x− µ̃d−1)t(Σ̃d−1)−1(W d−1x− µ̃d−1)

(18)

To find the optimal W that maximizes L(W ), we set

∂L(W )

∂Σ̃1
i

= 0, (19)

∂L(W )

∂Σ̃d−1
= 0. (20)

Therefore, we obtain

Σ̃1
i = W 1SWW 1t, (21)

Σ̃d−1 = W d−1SBW
d−1t. (22)

Substitute (21) and (22) into (18) and remove the constant
items, the optimization of L(W ) is equivalent to optimizing
the following function:

Leq(W ) = Nlog|W | − N

2
log|W 1SWW 1t|

− N

2
log|W d−1SBW

d−1t|. (23)

The optimal choice of W will satisfy the differential equation:

dLeq(W )

dW
= 0. (24)

After some manipulations as shown in the Appendix, the
solution to the optimization problem (24) is composed of
eigenvectors of the matrix S−1

W SB .
If we only keep the eigenvector corresponding to the largest

eigenvalue of S−1
W SB , then we obtain the LDA algorithm

presented in Section II-A [10]–[12]. As can be seen, if the
data follow Gaussian distribution, LDA is equivalent to the
optimal maximum likelihood decision making method.

III. LDA-BAYESIAN BASED CLASSIFICATION OF
CORRECT/INCORRECT TRIALS

In this section, we will construct feature vectors from the
fMRI data of the visual attention experiment, and demonstrate
how to conduct the LDA-Bayesian based classification of
correct and incorrect trials from the feature vectors.
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A. fMRI Data Acquisition

A total of 12 observers participated in the feature-based
attention experiment; all had normal or corrected-to-normal
vision. Two of the subjects were authors, and the rest were
graduate and undergraduate students at Michigan State Uni-
versity, all of whom gave written informed consent and
were compensated for their participation. The experimental
procedures were approved by the Institutional Review Board
at Michigan State University and adhered to safety guidelines
for MRI research.

In the attention task, the subjects were cued to attend to one
of two overlapping and rotating dot fields, and reported the
presence or absence of a brief speedup in the cued direction.
The stimuli were composed of two dot fields that rotated
clockwise (CW) and counter-clockwise (CCW) respectively,
with 60% motion coherence (dot color: gray, luminance:
147.4cd/m2; dot size: 0.1◦; density: 1.1dots/deg2). Each
dot within the pattern had a lifetime of 6 frames to reduce
the possibility of tracking individual dots. The dot field was
contained within an annulus (eccentricity from 2.5◦ to 8◦) that
was centered on a central cross (size: 0.5◦) and displayed on
a black background (luminance: 0.05cd/m2).

Each trial began with a leftward or rightward-pointing arrow
cue that appeared 0.77◦ above the central cross and instructed
subjects to attend to CCW or CW motion, respectively. After
0.3s, the cue was replaced with spatially overlapping CW
and CCW dot fields that were displayed for 4.1s. Each
pattern rotated around the center of the annulus at a speed
of 45◦/s before a brief (0.2s) speed increment occurred in
either direction; on 80% of trials, the speedup occurred in the
cued direction (valid trials). On each valid trial, the magnitude
of the speedup was adjusted via best PEST to maintain a hit
rate of 65%. On the other 20% of trials, a speedup occurred
in the uncued direction (invalid trials), using the magnitude of
the preceding valid trial (i.e., speedup on invalid trials was not
controlled via staircase). An inter-trial interval (ITI) followed
the speedup: the ITI was 4.2s on 40% of trials, 6.4s on 30% of
trials, 8.6s on 20% of trials, and 10.8s on 10% of trials. During
this interval, subjects reported the presence or absence of the
speedup in the cued direction with corresponding Present or
Absent button presses. For each valid trial, if the participant
answered “Yes” to a speedup event, it is referred as a correct
trial; if the participant answered “No” to a speedup event, it is
referred as an incorrect trial. We did not analyze invalid trials
due to the small number of trials.

All subjects completed 10 fMRI runs, which yielded 180
valid trials. Each run began with an 8.8s fixation period
and lasted 338.8s; the images collected during the fixation
period were discarded to avoid magnetic saturation effects.
Cue direction (CW vs. CCW) and validity (valid vs. invalid)
were randomized within each run of the attention task, and
motion direction (CW vs. CCW) and trial type (speedup vs.
catch) were both randomized within each run of the baseline
task.

Functional data were preprocessed according to standard

methods. In addition, for each participant we independently
defined several regions-of-interest (ROI) in the occipital and
parietal cortex using standard retinotopic mapping procedure
(for details of preprocessing and mapping procedure, see [1]).
In this paper, we focus on three ROIs: V1, MT, and IPS1
because the previous research [1] has suggested these regions
as the important brain areas in the visual perception and
attention tasks.

B. Feature Vector Construction

For every participant, we construct the feature vectors for
each ROI (V1, MT or IPS1) separately. After preprocessing,
for each subject, the fMRI data of each region are organized
as a 3D matrix:

{vS,R(m, t, k)|m = 1, ...,M ; t = 0, ..., 4; k = 1, ...,K},

where S = 1, 2, ..., 12, represents the subject index; R denotes
the ROI region under investigation, which is either V1, MT or
IPS1; m is the voxel index within the region; M denotes the
total number of voxels in the region, which may vary from
region to region and from subject to subject; t denotes the
time instant or sampling time index, k the trial index and K
the total number of trials. We then add all the 5 signal samples
within each trial together to formulate an M×K matrix ṽS,R,
where

ṽS,R(m, k) =
4∑

t=0

v(m, t, k).

For region R of subjects S, the feature vector for each trial
k is obtained by stacking the fMRI signal of all the voxels
within the region into an M−dimensional vector, and can be
represented as:

xk = [ṽS,R(1, k), ..., ṽS,R(M,k)]t, k = 1, ...,K.

C. LDA-Bayesian Based Classification

First, we reduce the dimensionality of the feature vectors us-
ing LDA by projecting them onto a 1−dimensional subspace,
where the difference between the correct trial class (C̃1) and
the incorrect trial class (C̃2) is maximized. More specifically,
yk = wtxk, k = 1, 2, ...,K, where w is the transform vector
determined by LDA.

Second, we classify each yk to class C̃1 or C̃2 using the
Bayesian classifier, which maximizes the posterior probability
P (C̃i|yk), i = 1, 2. The Bayesian classifier is chosen here for
its simplicity and effectiveness [13].

More specifically, given a projected data sample yk =
wtxk, in which w is the transform vector determined by
LDA. For k = 1, 2, ...,K, if yk < b (the boundary parameter
determined by the classifier), trial k will be assigned to class
C̃2; otherwise, it will classify it to C̃1. This implies the
existence of an attention axis in the space of the feature
vectors. For each trial, if the angle between the feature vector
and the axis is smaller than a certain threshold, then the
participant is more likely to make a correct response in this
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(c) IPS1

Fig. 1: Histogram of the projected data from V1, MT and IPS1 regions of a
single subject.

trial. Otherwise, the participant is more likely to make an
incorrect response.

The histograms of the projected values {yk}, k =
1, 2, ...,K, corresponding to region V1, MT and IPS1 of a
particular subject are provided in Figure 1. As can be seen, the
distribution of {yk} is reasonably close to Gaussian, although
there are some deviations due to limited data size. Based
on our analysis in Section II.C, if the data follow Gaussian
distribution, LDA is equivalent to the optimal maximum
likelihood decision making method.

To show that significant difference exists between correct
and incorrect trials in the projected data in the three brain
regions, i.e., V1, MT and IPS1 regions, we carried out a
statistical significant test on the project values {yk}, k =
1, 2, ...,K. In the two sample t-test [14], all the three brain
regions show p < 0.05, which rejects the the null hypothesis
that the expectation of the projected value are the same for
correct and incorrect trials. Thus, it supports that the LDA
algorithm successfully separated the data into correct and
incorrect trial groups with different means. It is also interesting
to see that the projected data are most separable for MT region
and least for IPS1 which will affects the classification accuracy
in subsequent analysis.

D. Numerical Results

The performance of the classification accuracy is tested
under two scenarios:

• Case 1: In this case we use a balanced dataset, where we
randomly select 40 correct trials and 40 incorrect trials.
Then the classification accuracies corresponding to V1,
MT and IPS1 are 66.7%, 71.5% and 58.5%, respectively.

• Case 2: In this case we use the unbalanced data, i.e.,
all the 180 trials are utilized, where 78% of the trials
are correct and 22% are incorrect. The classification
accuracies corresponding to V1, MT and IPS1 regions
are 87.2%, 90.8% and 81.7%, respectively

The resulting range of accuracy is consistent with the result
in [1]. The high accuracy for V1 and MT in both cases
suggests that significant difference in the fMRI signals exists
in those two regions during this experiment.

The main reasons for the lower accuracy in case 1 are: (i)
Case 1 has a relatively small data size, which may reduce the
accuracy of the classifier due to insufficient data. (ii) It does
not utilize the full information, and lacks the prior information
on the correctness of the trials in the balanced data case, as
a result, it does not fully exploit the benefit brought by the
Bayesian classifier.

IV. CONCLUSIONS

In this research, we explored the fMRI signals in three
brain regions (V1, MT and IPS1) observed during a cued
attention experiment. We applied the LDA-Bayesian classifier
to the fMRI data to extract the difference between correct
and incorrect trials, and used it to determine whether the
participant was making a correct response in a test trial.
We showed that the classification accuracies corresponding
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to V1, MT and IPS1 are 66.7%, 71.5%, 58.5% respectively
for the balanced data set, where the number of correct trials
and incorrect trials are equal; and 87.2%, 90.8%, 81.7%
respectively for the unbalanced data set where all the trials are
taken into consideration. This implies that: when people make
correct or incorrect responses, significant difference exists in
the fMRI signals, especially in the V1 and MT regions, and the
difference can be effectively captured by the LDA-Bayesian
classifier.

APPENDIX

In this appendix, we give a brief derivation on the solution
to the optimization problem in equation (24).

From (24), we can immediately obtain

∂Leq(W )

∂W 1
= 0, (25a)

∂Leq(W )

∂W d−1
= 0. (25b)

Based on the following identities for computing the derivative
with respect to determinant [15], [16]:

∂ log |XtCX|
∂X

= 2(CX(XtCX)−1), (26)

it turns out that (25) is equivalent to

∂log|W |
∂W 1

= (W 1SW (W 1)t)−1W 1SW , (27a)

∂log|W |
∂W d−1

= (W d−1SB(W
d−1)t)−1W d−1SB . (27b)

By stacking equations (27a) and (27b), we get[
∂log|W |
∂W1

∂log|W |
∂Wd−1

]
=

[
(W 1SW (W 1)t)−1W 1SW

(W d−1SB(W
d−1)t)−1W d−1SB

]
, (28)

Following the identity [15]:

∂ log |X|
∂X

= X−t, (29)

the left-hand side of (28) is equivalent to[
∂log|W |
∂W 1

∂log|W |
∂Wd−1

]
=

∂log|W |
∂W

= W−t . (30)

Therefore, by combining (30) and (28), we get

Id =

[
(W 1SW (W 1)t)−1W 1SW

(W d−1SB(W
d−1)t)−1W d−1SB

]
·W t, (31)

which is equivalent to

(W 1SW (W 1)t)−1W 1SW (W d−1)t = 0, (32a)
(W d−1SB(W

d−1)t)−1W d−1SBW
1 = 0. (32b)

It can be further simplified as

W 1SW (W d−1)t = 0, (33a)
W d−1SB(W

1)t = 0. (33b)

Suppose that W is nonsingular, we can set W as

W = ΦS
−1/2
W . (34)

Substituting (34) to (33), we have

Φ1(Φd−1)t = 0, (35a)

Φd−1S
−1/2
W SBS

−t/2
W Φ1 = 0. (35b)

Equations (35a) and (35b) are simultaneously satisfied when
the rows of Φ corresponds to the orthogonal eigenvecotors of
S
−1/2
W SBS

−t/2
W , that is

S
−1/2
W SBS

−t/2
W Φt = ΦtΛ, (36)

where Λ = diag(λ1, λ2, ..., λd). Substituting (34) into (36) we
get

S−1
W SBW

t = W tΛ, (37)

which means that W consists of the eigenvectors of S−1
W SB .

It is sufficient to keep the eigenvector corresponding to the
largest eigenvalue if we seek to project the data into a one
dimensional space.
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