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The role of fMRI in Cognitive Neuroscience: where do we stand?
Russell A Poldrack
Functional magnetic resonance imaging (fMRI) has quickly

become the most prominent tool in cognitive neuroscience. In

this article, I outline some of the limits on the kinds of inferences

that can be supported by fMRI, focusing particularly on reverse

inference, in which the engagement of specific mental processes

is inferred from patterns of brain activation. Although this form of

inference is weak, newly developed methods from the field of

machine learning offer the potential to formalize and strengthen

reverse inferences. I conclude by discussing the increasing

presence of fMRI results in the popular media and the ethical

implications of the increasing predictive power of fMRI.
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Introduction
fMRI has enjoyed an astounding rise in its use as a tool for

cognitive neuroscience research. Since its invention in

the early 1990s to the end of 2007, more than 12 000

articles have been published that mention fMRI in the

abstract or title (according to PubMed), and this number

is now growing by roughly 30–40 papers every week.

Many millions of research dollars are being invested in

research that uses fMRI and it has made its way into the

public eye via high-profile articles in major newspapers.

In this article I will review recent work on the nature of

inferences that can be supported by neuroimaging data,

with a focus on how techniques from the field of machine

learning may provide support for a new class of infer-

ences. I will then discuss the ethical implications that

have arisen from recent media coverage of fMRI research,

specifically with regard to detection of mental states such

as lying or political attitudes.

What can we infer from neuroimaging data?
Most neuroimaging research to date has used an approach

that Henson [1] has called ‘forward inference.’ In this
www.sciencedirect.com
approach, conditions that differ in the engagement of

some putative mental process are compared and regions

that show differences in activation between those con-

ditions are inferred to take part in that mental process.

This approach has been remarkably successful, though

potential problems with the approach are well known (e.g.

[2�,3]). In particular, because it is a correlational approach,

one cannot infer that the activated regions are necessary

or sufficient for the engagement of the mental process.

Indeed, there are well-known examples of cases in which

regions that are activated during a task are not necessary

for the task. For example, the hippocampus is activated

during delay classical conditioning [4], but lesions to the

hippocampus do not impair this function [5].

Demonstration of necessity relies upon a manipulation of

the region in question, which cannot be achieved with

neuroimaging alone. Techniques that allow examination

of the effects of manipulating brain function, either

indirectly through lesion studies or directly via transcra-

nial magnetic stimulation (TMS), will thus remain a

crucial complement to neuroimaging in cognitive neuro-

science. It is important to note, however, that inferences

from lesion studies are limited by the fact that the brain

may often have multiple ways to perform a cognitive

process (referred to by Price and Friston [6] as ‘degen-

eracy’). Neuroimaging of lesion patients can help better

understand both the ways in which alternate networks

may take over task performance [6] as well as how lesions

in one region can affect function in other regions [7].

Cognitive neuroscientists have generally adopted a

strongly modular approach to structure–function relation-

ships, perhaps driven by the facile leap to localizationist

conclusions from lesion and neuroimaging results.

Despite the longstanding appreciation for the importance

of functional integration within the neuroimaging litera-

ture [8,9], the widespread use of functional and effective

connectivity analyses has not yet come about. Given that

many cognitive processes may be distinguished not by

activity in specific regions but by patterns of activity

across regions, there is reason for caution regarding many

of the inferences that have been driven by highly modular

approaches.

Reverse inference
It has become increasingly common to use neuroimaging

data to infer the presence of specific mental processes, an

approach known as ‘reverse inference’ [10,11�]. This

approach has been particularly common in newer litera-

tures such as neuroeconomics and social cognitive neuro-

science, where the fundamental processes underlying
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task performance are often unknown. For example, neu-

roimaging work on moral reasoning has used activation in

a set of regions previously associated with emotion to

provide evidence for the hypothesis that emotion plays an

important role in some kinds of moral judgments [12].

In terms of deductive logic, reverse inference reflects the

logical fallacy of affirming the consequent [10,11�]. Such

claims are only deductively true if and only if the specific

mental process results in the activation in the region of

interest, but brain regions observed with fMRI are rarely

activated by only one mental process. However, given

that the goal of cognitive neuroscientists is to build

explanations rather than deductive laws, reverse infer-

ences may provide some useful and important infor-

mation even if they are not deductively valid. Poldrack

[11�] showed that the amount of information provided by

reverse inference could be estimated using Bayes’ theo-

rem with the BrainMap database [13]. This analysis

demonstrated that reverse inference could provide some

information about the engagement of specific mental

processes, though it is relatively weak because of the fact

that activation is rarely selective; that is, regions are often

activated by a wide range of mental tasks. This suggests

that reverse inference will be most useful when it is used

to drive subsequent behavioral or neuroimaging studies,

rather than as a direct means to interpreting neuroimaging

results.

One of the fundamental questions for cognitive neuro-

science is how mental processes are mapped to the brain,

which requires some knowledge of what mental processes

exist; this is more formally known as an ‘ontology’ [14]. To

date most research has used concepts from cognitive

psychology to map onto the brain, but this research has

shown that these concepts do not map in a one-to-one

fashion to brain regions. One potential contributor to this

outcome is that there is no faithful one-to-one mapping of

mental processes to specific brain regions; for example, as

noted above, specific mental processes may only emerge

from the interactions of multiple brain regions [9]. Another

potential factor is that there is a faithful mapping of mental

processes onto specific brain regions, but that our current

ontology for mental processes is incorrect [11�,15�]. Given

that much of our current mental ontology has not changed

since the 19th century, it would not be surprising if it were

scientifically invalid (cf. the fields of physics, chemistry,

and cell biology). Answering this question will first require

a formal explication of the various versions of the mental

ontology; such formalizations would then allow the use of

powerful informatics techniques to determine which

approaches best fit the data. Recent work has begun to

formalize and characterize the structure of cognitive pro-

cesses using literature mining [16] and projects such as the

Cognitive Atlas (http://www.cognitiveatlas.org) aim to use

web-based collaboration to better specify the field’s cur-

rent conceptual landscape.
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Formalizing reverse inference using multivariate pattern

analysis

The reverse inference approach described above is an

informal approach to predicting mental states from neu-

roimaging data. However, the question of how accurately

mental states can be predicted from neuroimaging data

has been increasingly addressed using pattern classifi-

cation methods from the fields of statistics and machine

learning [17,18,19��]. Whereas standard statistical

approaches examine the fit of a model to a sample of

data, these pattern classification methods focus on the

accuracy of predictions to data that were not used to

estimate the model. This can be achieved using ‘cross-

validation’, in which the model is fit to subsets of the data

and then tested on the remainder.

The widespread use of pattern classification methods first

occurred in the literature on visual object recognition. In

response to localizationist claims regarding the repres-

entation of specific object categories (e.g. faces or houses)

in the ventral temporal cortex, Haxby et al. [20] used a

simple pattern classification approach to show that the

class of object being perceived could be predicted from

patterns of activity in the ventral temporal cortex, even

when the regions most selectively activated by a specific

class of objects were excluded from the analysis. Another

well-known study showed that it was possible to predict

the orientation of a visual stimulus based on patterns of

activity in visual cortex [21]. More recent work has shown

that visual cortical regions contain information sufficient

to identify specific visual scenes [22] and specific faces

[23]. Whereas much of the work in this area has regarded

visual information processes, other recent work has shown

that such approaches can also be used to detect high-level

cognitive processes such as intention [24�], deception

[25], and word meaning [26��]. Similar methods have also

been applied to the decoding of neural signals in other

neuroscientific domains, such as in the context of invasive

recordings in animals [27] and in the context of noninva-

sive brain–computer interfaces using EEG (e.g. [28]).

The advent of pattern classification methods for fMRI

analysis promises to change the focus of neuroimaging

studies from the detection of activation to the quantifi-

cation of information that is present in the neuroimaging

signal, and from a focus on specific regions to large-scale

networks [29��]. Every neuroimaging researcher knows

that the activation patterns associated with specific tasks

are rarely diagnostic (i.e. specifically predictive) of that

task. With pattern classification methods it is possible to

identify patterns of activity that are specifically diagnostic

of a particular task or stimulus type [30]. Such an approach

has the potential to provide much greater specificity to

neuroimaging results.

Although most work to date has focused on classification

within individuals, some studies have shown that it can be
www.sciencedirect.com
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possible to successfully classify mental states across indi-

viduals [25,31]. The ability to classify across individuals

would provide a basis for formal reverse inference, but this

would require a database of activation patterns against

which any particular dataset could be compared. Although

such classification has been demonstrated using a handful

of tasks (Poldrack, Halchenko, and Hanson, unpublished

data), it is not known how well it would scale to a large

number of potential mental states. In addition, such large-

scale classification would require databases that contain

whole-brain activation patterns across a wide range of

mental states. The only current database containing a large

enough number of studies to be useful is the BrainMap

database, but the representation in this database is too

impoverished to support pattern classification (i.e. it stores

only the location of reported peak activations, and does not

store patterns for individual subjects).

Neuroimaging, ethics, and the media

The ability to use fMRI to detect mental states raises

important ethical questions, which have come to the fore

in the context of lie detection. A number of studies have

examined the ability to detect particular forms of

instructed lying using fMRI, with several studies demon-

strating the ability to accurately detect lying across indi-

viduals [25,32]. On the basis of these results, at least two

companies have been formed to sell fMRI lie detection

services. This research has been systematically reviewed

by Greely and Illes [33��] and Sip et al. [34�], both of

whom conclude that the results are far from providing

support for the kinds of claims that the proponents of

fMRI lie detection wish to make. Greely and Illes also lay

out a roadmap for the regulation of commercial uses of

fMRI for lie detection.

There are also more subtle but equally important ethical

questions related to the presentation of fMRI data in the

media. It seems difficult today to open a newspaper

without reading a story about the latest finding using

brain imaging. The ability to see inside the working

human mind has captured the popular imagination and

the press has jumped on these results with great vigor, if

not great care [35]. In some cases, the normal methods of

peer review have been subverted in the name of pub-

licity. In one example, a group including neuroscientists,

political scientists, and market researchers published an

op-Ed in the New York Times [36], which presented

novel fMRI research that examined the response of

uncommitted voters to videos of US presidential candi-

dates. The conclusions relied largely upon informal

reverse inference; for example, ‘‘When we showed sub-

jects the words ‘Democrat,’ ‘Republican’ and ‘indepen-

dent,’ they exhibited high levels of activity in the part of

the brain called the amygdala, indicating anxiety’’. This

article provoked a substantial response from neuroscien-

tists [37,38] and others [39,40], expressing concern that

the standard peer review process for scientific publication
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was subverted as well as criticism of the unchecked use of

reverse inference.

One particular problem with the popularization of neu-

roimaging data is that these data seem to have a dispro-

portionately strong persuasive impact [41]. Recent

psychological studies have shown that the presentation

of a brain image can increase the reader’s judgment of the

quality of the reasoning [42��] of the article, and even

verbal descriptions of neuroimaging results can make

weak arguments more persuasive even when they are

irrelevant to the argument [43�]. These results place

added responsibility on neuroimaging researchers to pre-

sent their work responsibly in the press.

Conclusions
As fMRI has matured as an imaging technology and the

body of existing research has grown, it has become

increasingly possible to use fMRI data to ‘read’ mental

states from brain activity, first informally and increasingly

using formal methods from machine learning. I believe

that these methods will provide the basis for the next

generation of neuroimaging in combination with more

detailed models of neural connectivity and computational

modeling. There is concern, however, that a failure to

appreciate and directly address the ethical implications of

this work could lead to a backlash, including regulations

that could hobble fMRI research.
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