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ABSTRACT

We demonstrate a method to build an autoregressive model

for the whole brain without carrying out any aggregation of

the fMRI data. The model gives biologically meaningful re-

sults and has several desirable properties. We show that the

model gives significantly improved prediction on unseen data

as compared to baseline methods. The voxels with better pre-

diction are distributed throughout the brain, including the task

positive and task negative regions. In addition to the active re-

gions identified by the general linear model (GLM), our anal-

ysis also uncovers complex interactions among the regions

involved in the default mode networks.

Index Terms— Autoregressive modeling, fMRI, Granger

causality, prediction, functional connectivity.

1. INTRODUCTION

The resolution of temporal interactions between brain areas

in functional magnetic resonance imaging (fMRI) has gained

increased attention in recent years [10, 11], resulting in a pro-

liferation of methods. This impetus stems from the assump-

tion that the input to the brain is, for the most part, the brain

itself [18, 6, 2], and made evident by the recent identifica-

tion of the system known as default mode network [22, 9].

Most functional dynamics methods in the recent literature are

constrained by the need to aggregate voxels in pre-defined

regions of interests [16], or restricted to voxel pairwise zero-

lag covariance [8]. Voxel aggregation potentially implies dis-

carding useful voxel-level information, and inviting artifacts

unless very carefully performed, while disregarding lagged

temporal interactions might imply missing potentially richer

dynamics. Here, we introduce an approach to solve whole-

brain voxel-wise auto-regressive models, utilizing the con-

cept of regularized or sparse regression to avoid the problem

of under-constrained number of samples. We present results

demonstrating that our approach is computationally feasible,

and validate it by showing that, on real data, the multi-variate

auto-regressive model significantly outperforms uni- and bi-

variate modeling at predicting future brain states up to 4 fMRI

temporal resolutions (TRs).

2. METHODS

We first describe the sparse full-brain auto-regressive model-

ing followed by two baseline methods, namely univariate au-

toregressive modeling and bivariate autoregressive modeling,

which are used for comparisons.

Full-brain Multivariate Autoregressive Modeling (FARM):
The FARM model is designed to discover the complex spatio-

temporal interactions among the voxels in the brain. It

models the future activity of a voxel as a linear combina-

tion of the past activities of all the other voxels. Formally,

xi(t) =
∑k

τ=1

∑n
j=1 aij(τ)xj(t − τ), where xi(t) repre-

sents the activity of voxel i at time t and aij(τ) represent

the model parameters to be estimated from the data. The

maximum likelihood estimate of model parameters (un-

der the standard assumption of iid Gaussian probability

distributions) is given by solving the following program:

Minimize:
∑T

t=k+1(xi(t)−
∑k

τ=1

∑n
j=1 aij(τ)xj(t− τ))2.

A reliable solution the above system of equations requires

a large number of temporal observations (T � nk). Unfor-

tunately, for fMRI data, T is in the range of a few hundreds,

while n is in the range of tens of thousands. Thus, it is impos-

sible to solve the above program even for model order 1.

In reality, the neuronal activity in the brain propagates

through the synaptic connections. These connections are

sparse (i.e., every neuron is not directly connected to ev-

ery other neuron) and remain mostly unchanged over short

periods of time. Therefore, it is reasonable to assume that

the spatio-temporal interactions are sparse and only a small

number of the coefficients aij(τ) are non-zero. With the

above assumption, it becomes possible to solve the model

identification problem using sparse regression techniques.

In particular, the “�1 regularized” lasso regression [21] has

been particularly found useful in finding sparse solutions.

We add an �1 regularization term to the model identifica-

tion and solve the following: Minimize:
∑T

t=k+1(xi(t) −
∑k

τ=1

∑n
j=1 aij(τ)xj(t − τ))2 + λ

∑T
τ=1

∑n
i=1 |aij(τ)|,

where |v| represents the absolute value of v. Our earlier work

[13] demonstrated the computational feasibility of solving

the above system on the BlueGene supercomputer using a

LARS-based implementation of lasso [7]. Using realistic

simulations, we also demonstrated that our approach recovers

the true model satisfactorily [5]. An earlier work [23] also
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studied sparse autoregressive modeling of fMRI but resorted

to data aggregation for evaluations, leading to results that

were fundamentally different from our results.

Univariate Autoregressive Modeling: The brain activity in

a voxel is modeled as a linear combination its past values. For

an order k univariate autoregressive model, the brain activity

at the ith voxel is modeled as xi(t) =
∑k

τ=1 ai(τ)xi(t − τ).
The maximum likelihood estimate (under the standard as-

sumptions) of the model parameters ai(τ) are determined

by solving the following least squares program for all i:

Minimize:
∑T

t=k+1(xi(t) −
∑k

τ=1 ai(τ)xi(t − τ))2. Stan-

dard closed form solutions [4] are available to solve the

problem.

Bivariate Autoregressive Modeling: The bivariate model

considers the experimental condition, in addition to the past

activity at a voxel in order to predict its future activity. Ac-

cording to an order k bivariate autoregressive model the brain

activity at voxel i is modeled as xi(t) =
∑k

τ=1(ai(τ)xi(t −
τ) + bi(τ)s(t − τ)). As before, the model parameters

ai(τ) and bi(τ) may be determined by solving the follow-

ing least squares problem: Minimize:
∑T

t=k+1(xi(t) −
(
∑k

τ=1 ai(τ)xi(t − τ) + bi(τ)s(t − τ)))2.

2.1. Model metrics

We evaluate the above models using the metrics of prediction
accuracy and prediction power as defined below.

Prediction accuracy. The models learned may be used to

predict the future activity of voxels. As a first step we restrict

our attention to autoregressive models of order one. Let x′
i(t)

represent the activity of voxel i at time t in the test data.

For the univariate autoregressive model, the one step pre-

diction of voxel i’s activity is given by x̂1
i (t) = aix

′
i(t −

1). The k-step prediction of voxel i is given by x̂k
i (t) =

aix̂
k−1
i (t−1). For the bivariate autoregressive model the one

step prediction is given by x̂1
i (t) = aix

′
i(t − 1) + bis

′(t −
1). The k-step prediction of voxel i is given by x̂k

i (t) =
aix̂

k−1
i (t − 1) + bis

′(t − 1). Similarly, the one step predic-

tion for multivariate autoregressive model is given by x̂1
i (t) =∑n

j=1 aij(1)x′
j(t − 1). The k-step prediction of voxel i is

given by x̂k
i (t) =

∑n
j=1 aij(1)x̂k−1

j (t − 1).
The k-step prediction accuracy of voxel i is defined as

ρi(k) = 1 − [
∑T ′

t=k+1(x̂
k
i (t) − x′

i(t))
2]/[

∑T ′

t=k+1 x′
i(t)

2],
where x̂i(t) represents the predicted activity in voxel i at time

t. For convenience, we label the prediction accuracy in the

training data as the 0-step prediction accuracy.

Prediction power. The prediction power of a voxel j
(πj) in the FARM model, represents its ability to pre-

dict the future activity of other voxels. Formally, πj =
∑k

τ=1

∑n
i=1 |aij(τ)|. Intuitively, the prediction power of a

voxel represents the total influence of the voxel in predict-

ing the future activity of other voxels. The properties of

the prediction power maps are reported in our earlier work

[14]. In particular, we find that the prediction power maps,

which follow a heavy-tailed distribution, are consistent within

as well as across subjects and provide improved functional

localization as compared to the GLM activation maps.

2.2. fMRI data acquisition and processing

The data used in this paper (and its pre-processing) is identical

to [8]. Six right-handed subjects were scanned three times (a

total of 18 sessions) in a block-based self-paced finger tapping

paradigm. Each session comprised 20 blocks, each block with

10 volumes of finger tapping followed by 10 volumes of rest

(with a TR of 2.5 seconds).

The first 350 volumes were used for training; the remain-

der 50 volumes were used for testing. For choosing the pa-

rameter λ in the FARM model, a suitable range was obtained

using simulations on data of comparable sizes (see [5]). Six

equally spaced values of 1/λ were selected from this range to

build a model of one of the sessions. The prediction accura-

cies of all the voxels in the test data were computed for this

session. The value of λ giving the best average 1-step full-

brain prediction accuracy was used to build the FARM model

for the remainder of the sessions. A separate cross-validation

for each session could not be carried out due to the large com-

putational needs of the method.

Now, for all the sessions, the k-step prediction accuracy

(k ∈ [0 . . . 4]) was computed for all the voxels in the brain us-

ing each of the three methods. The prediction accuracy maps

thus obtained were aligned to the standard MNI brain atlas

using FSL [1].
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Fig. 1. Mean prediction accuracy as a function of future TRs

(1-4); the first point (0) corresponds to the training accuracy.

Left: for all the voxels in the brain. Right: for the top 1% of

voxels.

3. RESULTS

The full-brain auto-regressive model (FARM), shows a sig-

nificantly higher prediction accuracy than the uni-variate and

the bi-variate models. Fig. 1 (left panel) shows the mean pre-

diction accuracy of the entire brain (averaged over the 18 ses-

sions), for the training set (labeled as TR=0) and for the test-

ing set at TRs from 1 to 4. Fig. 1 (right panel), shows the mean

prediction accuracy for the top 1% of most predictable voxels,
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Fig. 2. Mean prediction accuracy over the GLM-identified

regions.

Prediction
Power

GLM

T=1

T=2

T=3

Fig. 3. Left: Clusters of high prediction power and GLM

active regions. Right: t-maps of regions with significantly

higher predictability in the FARM model over the bi-variate

model (red-yellow) and vice versa (blue-light blue).

which include those directly regulated by the task. Even for

these voxels, the FARM model, which does not make use of

the task information, consistently outperforms the bivariate

model which uses the task information for prediction. The

comparison between FARM model and uni/bivariate model

in relation to the task response can be further analyzed by

concentrating specifically on the areas identified as active by

the GLM analysis. Fig. 2 shows that the mean prediction ac-

curacy of the FARM model is better than the univariate and

bivariate models even in the active regions.

One may wonder if the FARM model gives better predic-

tion accuracy throughout the brain or in specific brain regions.

Are there regions in the brain where bivariate model gives

better prediction accuracy than the FARM model? To address

these questions, we carried out normalized t-test as outlined

below.

For a comparison of two models, the prediction accuracy

map obtained using one model was subtracted from the cor-

responding map using the other model. The resulting map

was transformed to a normal space using the Fisher transform.

One sided t-tests using all the 18 sessions, were carried out

for each voxel in the brain. The p-values thus obtained were

corrected for the multiple comparison problem using the false

discovery rate (FDR) correction method [15].

Figure 3 (right) shows the regions where FARM gives bet-

ter prediction accuracy than the bivariate model. Though, the

voxels where FARM model gives better prediction are dis-

tributed throughout the brain, the voxels in the default net-

works [22] have particularly better prediction accuracy. Con-
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Fig. 4. Fraction of voxels that can be predicted more accu-

rately using FARM; x-axis as in Fig. 1. Left: GLM-identified

regions. Right: Full-brain.

versely, there are very few voxels where bivariate model gives

better prediction than the FARM model.

Fig. 4 shows a pairwise comparison of the three models

using the number of voxels in which one method gives better

prediction accuracy than the other, at a FDR corrected q-value

of 0.05. The left panel shows a comparison for the entire brain

and the right panel shows the comparison for GLM active re-

gions. The FARM model gives a better prediction accuracy

than the bivariate model in 80 − 95% of the voxels in the en-

tire brain and in 60 − 80% of voxels in GLM active regions.

The above results demonstrate the importance of studying

the interactions among the brain regions. Even in the active

regions, complex interactions among the voxels are present

which are discovered by the FARM model leading to a better

prediction accuracy even without using any task information.

This is probably the reason why FARM model gives much

localized maps as compared the GLM activity maps (see [14]

and Figure 3 (left)).

The GLM identifies all the voxels in a region as active

whereas FARM selects a small subset of voxels as “drivers of

activity” (i.e. voxels with high prediction power) and mod-

els the activities in other voxels as being “driven” by these

voxels. Figure 3 (left) shows a comparison between the re-

gions of consistently high prediction power (i.e., the drivers)

and the consistent GLM activations, using 5% FDR corrected

binomial tests on the eighteen sessions. The voxels of high

prediction power are present in motor regions as well as the

regions (precuneous/PCC) corresponding to the default mode

networks [22]. The GLM activation maps show a larger “blob

of activity” in the motor region, but no activity in the default

mode networks.

4. DISCUSSION AND CONCLUSIONS

In our earlier works we showed that it feasible to build a full-

brain autoregressive model (FARM) of the brain from fMRI

data [5, 13]. The model gives new biological insights [14] and

has several desirable properties such as improved functional

resolution and good inter-subject and intra-subject consis-

tency. It is possible to visualize the interactions among the
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brain regions in new ways [12]. In this paper, we show that

even without any task information, the FARM model gives

significantly improved prediction performance on unseen

data as compared to the univariate and the bivariate models

which makes use of the task information for model build-

ing as well as prediction. The voxels with better prediction

are distributed throughout the brain, including the regions

identified as active by the GLM. We hypothesize that the

brain activity as measured by fMRI, comprises, in addition to

the response to the task conditions, complex spatio-temporal

interactions among brain regions. A part of these interac-

tions are uncovered by the FARM model, leading to better

predictions of future brain activity up to several TRs.

In order to verify the above hypothesis, a better under-

standing of the mechanisms involved in the neuro-vascular

coupling is needed. The interactions between neuronal ac-

tivity and the blood flow that gives rise to the fMRI (BOLD)

signal are not very well understood till date [19]. It is well-

known that the “hemodynamic response function” which

maps the experimental condition to fMRI responses is highly

variable across subjects, across brain regions of the same

subject, across different experiments and even across differ-

ent trials of the same experiment [3, 17]. The intra-subject

variability is much less than the inter-subject variability. The

inter-subject variability in time-to-peak of hemodynamic re-

sponse function was reported to have a standard deviation of

1.1 seconds [3]. The impact of such a variability on an ex-

periment with TR 2.5 seconds, though expected to be small,

needs to be quantified. Moreover, it is not known if the ob-

served variability in the hemodynamic response functions

(across different brain regions of the same subject) originate

due to differences in the neuro-vascular coupling or due to

neuronal activity differences [20]. More work is needed to

ascertain the truth of the above hypothesis.
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