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Controversy in statistical analysis of functional
magnetic resonance imaging data
Emery N. Browna,b,1 and Marlene Behrmannc

To test the validity of statistical methods for fMRI data
analysis, Eklund et al. (1) used, for the first time, largescale experimental data rather than simulated data.
Using resting-state fMRI measurements to represent a
null hypothesis of no task-induced activation, the authors compare familywise error rates for voxel-based
and cluster-based inferences for both parametric and
nonparametric methods. Eklund et al.’s study used
three fMRI statistical analysis packages. They found
that, for a target familywise error rate of 5%, the parametric methods gave invalid cluster-based inferences
and conservative voxel-based inferences.
Eklund et al. (1) attribute the invalid cluster-based
inferences to the incorrect assumption of squared exponential structure in the spatial autocorrelation function of the parametric models. The authors suggest
nonparametric methods as a more appropriate way
to achieve targeted error rates, and conclude that statistical methods for fMRI data analysis should be validated. In addition, Eklund et al. state that their findings
“question the validity of some 40,000 fMRI studies and
may have a large impact on the interpretation of neuroimaging results” (1). This sentence from the Significance section of the original paper was picked up by
the press and yielded the alarming negative headline
that fMRI analyses produce incorrect results because of
a bug in a widely used data analysis package (2–4).
Eklund et al. revised their extrapolation regarding the
implication of their findings in a correction to their article (5) and report that their analysis might apply to
3,500 rather than 40,000 fMRI studies (6). However,
before this revision was published, the original statements created considerable debate about data analysis
and the accuracy of fMRI findings (2–4).
The overstatements of the original paper and the
subsequent media attention cast doubt on fMRI as a
technique for studying brain function, and possibly
even caused damage to the field of cognitive neuroscience (2–4). In PNAS, Cox et al. (7) and Kessler et al. (8)
offer clarifications about the original paper and its revision. Eklund et al. have added their rejoinder (9). Several scientific points have now been mostly resolved.

The remaining question is: What else can be learned
from this controversy?
fMRI is a highly valued methodology for understanding brain function and its relationship to behavior.
During the last 25 y, significant scientific advances have
been made using this technique. To ensure continued
progress, fMRI experimentalists want to be assured that
the instruments, experimental protocols, and data
analysis paradigms have been vetted by experts and
work correctly. At the same time, experimentalists must
be well informed about the fMRI process, and have a
solid understanding of how to apply and interpret commonly used statistical methods (10–12). The ease of
analysis afforded by some of the software programs
belies the complexity of the methods. This ease of use
does not release experimentalists from their responsibility to validate findings using established statistical principles (12, 13). Judicious use of nonparametric methods
can, as Eklund et al. (1) suggest, improve the current
analysis paradigm in certain cases. However, application
of nonparametric methods cannot be the universal solution, nor did Eklund et al. suggest that it could be.
The current discussion shows that the validity of fMRI
data analysis paradigms has not been uniformly established and needs continued in-depth investigation.
fMRI is a complex process that involves biophysics,
neuroananatomy, neurophysiology, and statistics (experimental design, statistical modeling, and data analysis). fMRI data have a low signal-to-noise ratio (14, 15).
As a consequence, all of the biophysics, neurophysiology, and neuroanatomy that underlie fMRI should be
used to design experiments, formulate statistical models, and analyze the data to increase the signal-to-noise
ratio and information extraction. Achieving more accurate fMRI data analyses is a challenging interdisciplinary
task that requires concerted collaborations among physicists, statisticians, and neuroscientists who, together, can
question the current approaches more deeply and construct more accurate analysis methods.
In an ideal fMRI statistical analysis, the relationships
among the voxels would take account of the spatial and
temporal properties of the experiment and the scanner
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thermal noise (16). The experiment’s spatial and temporal properties are dictated by the physiological changes (neural activity, blood
flow, and blood oxygenation levels) induced by the particular behavioral task and background physiological activity and anatomy
(white matter, gray matter, the ventricles, and blood vessels) of
the relevant brain regions. The ideal fMRI acquisition scheme would
be accompanied by a characterization of these spatial and temporal
processes so that the subsequent data analysis can correctly take
them into account (16). Improving fMRI statistical methods must
combine research to decipher the meaning/origins of the blood
oxygen level-dependent signal with characterizations of the spatiotemporal properties of task-related activity, background physiological activity, and scanner properties. Sharing data and methods
would greatly expedite validation (9).
BRAIN 2025, the report of the NIH Brain Initiative, recommends
fostering interdisciplinary collaborations among neuroscientists,
physicists, engineers, statisticians, and mathematicians to properly
collect, analyze, and interpret the data that result from the development of new neuroscience tools (https://www.braininitiative.nih.

gov/2025/). The current exchange identifies fMRI as an existing tool
that is perfect for pursuing such a collaboration. A possible goal
could be to increase fMRI signal-to-noise ratios so that the technique can be used reliably to make inferences about an individual
subject in a given paradigm.
Developing statistical methods based on detailed modeling of
the fMRI process opens the door to using more direct, informative
inference paradigms based on estimated effect sizes, confidence
intervals, and Bayesian posterior assessments rather than more
indirect approaches based on significance tests and P values. Linking statistical methodology development and fundamental fMRI
research is crucial for developing more accurate analysis methods,
attributing accurate scientific interpretations to results, and ensuring the reliability and reproducibility of fMRI studies. These points
have been made before. However, their significance has perhaps
not been considered to the extent required.
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