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Science is ultimately about measurement and modeling

In the last session we asked what makes a model “good”.

In this session, we turn to the question of what makes a 
measurement “good”?
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Unobservable 
Reality

Observable 
Measurement

Rarely can we directly observe the underlying
structure of the world - we must use measurement to do so

Measurement vs reality
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Let’s say a person presents to their physician 
with symptoms of COVID-19: 
dry cough, fever, and fatigue
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Reality

https://en.wikipedia.org/wiki/File:SARS-CoV-2_49534865371.jpg

The person is either 
infected with SARS-

CoV-2, or not

Measurement

https://www.fda.gov/media/134922/download 5

https://en.wikipedia.org/wiki/File:SARS-CoV-2_49534865371.jpg
https://www.fda.gov/media/134922/download


There are two types of error :

Systematic error (or bias): 
attributable to some particular causal factor

Example: differences in viral detection depending on the particular 
primers that are used for the test

Random error (or noise):
error due to any of a large possible number of unknown sources

- often Gaussian (cf. central limit theorem)

Systematic error can (often) be eliminated - random error usually 
cannot

“all measurement is befuddled by error” (McNemar, 1946)
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Reliability vs. Validity

•Validity:
•Does the measurement measure the concept that we 
think it measures?

 https://www-washingtonpost-com.stanford.idm.oclc.org/investigations/2020/04/03/coronavirus-cdc-test-kits-public-health-labs/?arc404=true

On Feb. 8, when lab technicians for New York City’s health department ran the 
test on samples that contained the virus, they saw on their computer screens a 
logarithmic curve sloping upward, indicating the virus was present. The 
problem was, they saw something similar when they ran the test on distilled 
water that contained no trace of the virus.

7

https://www.technologyreview.com/2020/03/05/905484/why-the-cdc-botched-its-coronavirus-testing/
https://www-washingtonpost-com.stanford.idm.oclc.org/investigations/2020/04/03/coronavirus-cdc-test-kits-public-health-labs/?arc404=true


Reliability vs. Validity

•Reliability:
•How precisely does the measurement quantify the thing 
that it measures?

•A measurement may be unreliable for several reasons
•The underlying process could be fundamentally noisy

•e.g. Reaction time measurements
•The measurement procedure could be flawed

•e.g. “guess my height”
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Quantifying reliability:  The data as a model of itself

If a measurement is reliable, then we should be able to use part of 
the data to accurately predict the values of the rest of the data

Example: Barratt Impulsiveness Scale (BIS-11)

…
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SRO project: Acquisition structure

Initial test Retest
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r = 0.83
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Classical test theory: the “true score”

Let’s say we want to know the relationship between two 
psychological traits:  

- impulsiveness
- Defined as acting without attention to long-term 

goals or potential consequences
- impatience

- Defined as a tendency to choose smaller immediate 
rewards over larger long-term rewards

Under classical test theory,
we assume that each person has an (unobservable) true score 

for each of these traits

Any measurement will be a noisy reflection of this true score
12



Modern test theory: Path diagrams

A graphical description of the relationships between 
observed and latent variables

- any observed variable reflects one or more latent 
“constructs” along with error 

“Manifest variables”
(measured)

“Latent variables”
(unobservable) 13
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assumptions:
- observed measurement is only related to a single “true” 

latent variable
- error is uncorrelated with true value

Reliability refers to the proportion of variance in the 
measurement that is attributable to the true score:

That is, how precisely does our measure reflect the underlying 
reality versus error variance?

Reliability
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Attenuation

The true correlation between estimates is attenuated by 
the geometric mean of their reliabilities
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Implications of attenuation

Puzzlingly High Correlations
in fMRI Studies of Emotion,
Personality, and Social
Cognition1
Edward Vul,1 Christine Harris,2 Piotr Winkielman,2 & Harold Pashler2

1Massachussetts Institute of Technology and 2University of California, San Diego

ABSTRACT—Functional magnetic resonance imaging (fMRI)
studies of emotion, personality, and social cognition have
drawn much attention in recent years, with high-profile
studies frequently reporting extremely high (e.g., >.8) cor-
relations between brain activation andpersonalitymeasures.
We show that these correlations are higher than should be
expected given the (evidently limited) reliability of both fMRI
and personality measures. The high correlations are all the
more puzzling because method sections rarely contain much
detail about how the correlationswere obtained.We surveyed
authors of 55 articles that reported findings of this kind to
determine a few details on how these correlations were
computed. More than half acknowledged using a strategy
that computes separate correlations for individual voxels and
reports means of only those voxels exceeding chosen thresh-
olds. We show how this nonindependent analysis inflates
correlations while yielding reassuring-looking scattergrams.
This analysis technique was used to obtain the vast majority
of the implausibly high correlations in our survey sample. In
addition, we argue that, in some cases, other analysis prob-
lems likely created entirely spurious correlations. We outline
how the data from these studies could be reanalyzed
with unbiased methods to provide accurate estimates of the
correlations in question and urge authors to perform such
reanalyses. The underlying problems described here appear
to be common in fMRI research of many kinds—not just in
studies of emotion, personality, and social cognition.

Functional magnetic resonance imaging (fMRI) studies of
emotion, personality, and social cognition scarcely existed 10

years ago, and yet the field has already achieved a remarkable
level of attention and prominence. Within the space of a few
years, it has spawned several new journals (Social Neuroscience,
Social Cognitive and Affective Neuroscience) and is the focus of
substantial new funding initiatives (National Institute of Mental

Health, 2007) while receiving lavish attention from the popular
press (Hurley, 2008) and the trade press of the psychological

research community (e.g., Fiske, 2003). Perhaps even more
impressive, however, is the number of papers from this area that
have appeared in such prominent journals as Science, Nature,
and Nature Neuroscience.
Although the questions and methods used in such research

are quite diverse, a substantial number of widely cited papers in
this field have reported a specific type of empirical finding that

appears to bridge the divide between mind and brain: extremely
high correlations between measures of individual differences
relating to personality, emotion, and social cognition and mea-

sures of brain activity obtained using fMRI. We focus on these
studies2 here because this was the area where these correlations

came to our attention; we have no basis for concluding that the
problems discussed here are necessarily any worse in this area
than in some other areas.

The following are a few examples of many studies that will be
discussed in this article:

1This article was formerly known as ‘‘Voodoo Correlations in Social
Neuroscience.’’

Address correspondence to Harold Pashler, Department of Psy-
chology 0109, University of California, San Diego, La Jolla, CA
92093; e-mail: hpashler@ucsd.edu.

2Studies of the neural substrates of emotion, personality, and social cognition
rely on many methods besides fMRI and positron emission tomography, in-
cluding electroencephalography and magnetoencephalography, animal re-
search (e.g., cross-species comparisons), and neuroendocrine and
neuroimmunological investigations (Harmon-Jones & Winkielman, 2007).
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subject correlations between evoked BOLD signal activity and a

measure of individual differences. As we saw in Figure 4, a non-
independent analysis systematically distorts any true correla-

tions thatmight exist. Thus, in half of the studies we surveyed, the
reported correlation coefficients mean almost nothing, because

they are systematically inflated by the biased analysis. The
magnitude of this distortion depends on variables that a reader
would have no way of knowing (such as the number of voxels

within the brain, noise and signal variance, etc.), so it is not
possible to correct for it. The problem is exacerbated in the case

of the 38% of our respondents who reported the correlation of the
peak voxel (the voxel with the highest observed correlation) rather
than the average of all voxels in a cluster passing some threshold.
Figure 5 shows the histogram of correlation values with which

our investigation started,11 this time color coded by whether or

not such a nonindependent analysis was used in the article (see
Table 1 for the key to the color-coding). It is reassuring to see

that the mode of independently acquired (i.e., valid) correlation
values (coded green) is indeed below the ‘‘theoretical upper
bound’’ we anticipated from classical test theory and the limited

information we have on test reliability (described in the intro-
duction). The overwhelming trend is for the larger correlations to

be emerging from nonindependent analyses that are statistically
guaranteed to inflate the measured correlation values.

In looking at Figure 5, it is tempting to assume that the non-
independent (red) correlations, had they been measured prop-
erly, would have values around the central tendency of the

independent (green) correlations (around .6). Thus, one might
say, ‘‘It is very unfortunate that the numbers were seriously

exaggerated, but the real relationships here are still pretty im-
pressive.’’ In our view, any such inference is unwarranted; many
of the real relationships are probably far lower than the ones

shown in green. After all, the published studies reporting in-
dependent measures of correlations are still predominantly

those that found significant effects (resulting in the well-known
publication bias for significant results; cf. Ioannidis, 2005), and

correlations much lower than .5 would often not have been
significant with these sample sizes. We would speculate that,
properly measured, many of the red correlations would have

been far lower still. (For a discussion of the relationship between
the nonindependence error and the use of spatial clustering

thresholds, see Appendix B.)

Is the Problem Being Discussed Here Anything Different
Than the Well-Known Problem of Multiple Comparisons
Raising the Probability of False Alarms?
Every fMRI study involves vast numbers of voxels, and com-
parisons of one task to another involve computing a t statistic

and comparing it with some threshold. When numerous com-

parisons are made, adjustments of threshold are needed and are
commonly used. The conventional approach involves finding

voxels that exceed some arbitrarily high threshold of signifi-
cance on a particular contrast (e.g., reading a word vs. looking at

random shapes). This multiple comparisons correction problem
is well known and has received much attention.
The problem we describe arises when authors then report

secondary statistics on the data in the voxels that were selected

Fig. 5. The histogram of the correlations values from the studies we
surveyed (same data as Figure 1), this time, color coded by whether or not
the article used nonindependent analyses. Correlations coded in green
correspond to those that used independent analyses, avoiding the bias
described in this article. However, those in red correspond to the 53% of
articles surveyed that reported conducting nonindependent analyses—
these correlation values are certain to be inflated. Entries in orange in-
dicate articles from authors who chose not to respond to our survey. (See
Appendix C for the key to article numbers.) The color coding corresponds
to whether or not the one correlation we focused on in a particular article
was nonindependent. There are varying gradations of nonindependence;
for instance, Study 26 carried out a slightly different, nonindependent
analysis: instead of explicitly selecting for a correlation between the im-
plicit association test (IAT) and activation, they split the data into two
groups: those with high IAT scores and those with low IAT scores. They
then found voxels that showed a main effect between these two groups and
computed a correlation within those voxels. In Study 23, voxels were
selected on a behavioral measure that correlated with the final behavioral
measure of interest. These procedures are also not independent and will
also inflate correlations, though perhaps to a lesser degree.

11Thanks to Lieberman, Berkman, and Wager (2009, this issue) for pointing
out that clerical errors in an earlier version of this histogram that circulated on
the Internet had resulted in omissions (now corrected). In the course of re-
viewing our files, we also realized that Study 55, surveyed in April 2008, was
inadvertently omitted from the earlier histogram distributed online.
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1. Eisenberger, Lieberman, and Williams (2003), writing in

Science, described a game they created to expose individuals
to social rejection in the laboratory. The authors measured

the brain activity in 13 individuals while the actual rejection
took place, and they later obtained a self-report measure of

how much distress the subject had experienced. Distress was
correlated at r 5 .88 with activity in the anterior cingulate
cortex (ACC).

2. In another Science article, Singer et al. (2004) found that the
magnitude of differential activation within the ACC and left

insula induced by an empathy-related manipulation dis-
played a correlation between .52 and .72 with two scales of

emotional empathy (the Empathic Concern Scale of Davis
and the Balanced Emotional Empathy Scale of Mehrabian).

3. Writing in NeuroImage, Sander et al. (2005) reported that a

subject’s proneness to anxiety reactions (as measured by an
index of the Behavioral Inhibition System), correlated at r5
.96 with the difference in activation of the right cuneus be-
tween attended and ignored angry speech.

In this article, we will discuss many studies reporting similar
sorts of correlations. The work that led to the present article

began when we became puzzled about how such impressively
high correlations could arise. We describe our efforts to resolve

this puzzlement, and the conclusions that our inquiries have led
us to.
Why should it be puzzling to find high correlations between

brain activity and social and emotional measures? After all, if
new techniques are providing a deeper window on the link be-

tween brain and behavior, does it not make sense that re-
searchers should be able to find the neural substrates of

individual traits and thus potentially reveal stronger relation-
ships than have often been found in purely behavioral studies?
The problem is this: It is a statistical fact (first noted by re-

searchers in the field of classical psychometric test theory) that
the strength of the correlation observed betweenMeasures A and

B (rObservedA,ObservedB) reflects not only the strength of the rela-
tionship between the traits underlying A and B (rA,B), but also
the reliability of the measures of A and B (reliabilityA and re-
liabilityB, respectively). In general,

rObservedA; ObservedB ¼ rA;B "
p
ðreliabilityA " reliabilityBÞ

Thus, the reliabilities of two measures provide an upper
bound on the possible correlation that can be observed between

the two measures (Nunnally, 1970).3

RELIABILITY ESTIMATES

So what are the reliabilities of fMRI and personality and emo-
tional measures likely to be?4 The reliability of personality and

emotional scales varies between measures and according to the
number of items used in a particular assessment. However, test–

retest reliabilities as high as .8 seem to be relatively uncommon
and are usually found only with large and highly refined scales.

Viswesvaran and Ones (2000) surveyed many studies on the
reliability of the Big Five factors of personality, and they con-
cluded that the different scales have reliabilities ranging from

.73 to .78. Hobbs and Fowler (1974) carefully assessed the re-
liability of the subscales of the MMPI and found numbers

ranging between .66 and .94, with an average of .84. In general, a
range of .7 to .8 would seem to be a somewhat optimistic estimate
for the smaller and more ad hoc scales used in much of the re-

search described below, which could well have substantially
lower reliabilities.

Less is known about the reliability of blood oxygenation level
dependent (BOLD) signal measures in fMRI, but some relevant

studies have recently been performed.5 Kong et al. (2006) had
subjects engage in six sessions of a finger-tapping task while
recording brain activation. They found test–retest correlations of

the change in BOLD signal ranging between 0 and .76 for the set
of areas that showed significant activity in all sessions.6 Man-

oach et al. (2001, their Fig. 1, p. 956) scanned subjects in two
sessions of performance with the Sternberg memory scanning
task and found reliabilities ranging between .23 to .93, with an

average of .60. Aron, Gluck, and Poldrack (2006) had people
perform a classification learning task on two separate occasions

widely separated in time and found voxel-level reliabilities with
modal values (see their Fig. 5, p. 1005) a little below .8.7

Johnstone et al. (2005, p. 1118) examined the stability of
amygdala BOLD response to presentations of fearful faces in
multiple sessions: Intraclass correlations for the left and right

amygdale regions of interest were in the range of .4 to .7 for the
two sessions (which were separated by 2 weeks). Thus, from the

literature that does exist, it would seem reasonable to suppose
that fMRI measures computed at the voxel level will not often

have reliabilities greater than about .7.

3This is the case because the correlation coefficient is defined as the ratio
between the covariance of two measures and the product of their standard
deviations: rx;y ¼ sxy

sxsy
. Real-world measurements will be corrupted by (inde-

pendent) noise, thus the standard deviations of the measured distributions will
be increased by the additional noise (with a magnitude assessed by the mea-
sure’s reliability). This will make the measured correlation lower than the true
underlying correlation by a factor equal to the geometric mean of reliabilities.

4We consider test–retest reliabilities here (rather than interitem, or split–half
reliability) because, for the most part, the studies we discuss gathered behav-
ioral measure at different points in time than the fMRI data. In any case, in-
ternal reliability measures, like coefficient alpha, do not generally appear to be
much higher in this domain.

5We focus here on studies that look at the reliability of BOLD signal acti-
vation measures rather than the reliability of patterns of voxels exceeding
specific thresholds, which tend to be substantially lower (e.g., Stark et al.,
2004).

6It seems likely that restricting the reliability analysis to regions consistently
active in all sessions would tend to overestimate the reliability of BOLD signal
in general.

7They found somewhat higher reliabilities for voxels within a frontostriatal
system that they believed was most specifically involved in carrying out the
probabilistic classification learning.
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Multiple levels of processing are thought to be involved in the appraisal

of emotionally relevant events, with some processes being engaged

relatively independently of attention, whereas other processes may

depend on attention and current task goals or context. We conducted

an event-related fMRI experiment to examine how processing angry

voice prosody, an affectively and socially salient signal, is modulated by

voluntary attention. To manipulate attention orthogonally to emotional

prosody, we used a dichotic listening paradigm in which meaningless

utterances, pronounced with either angry or neutral prosody, were

presented simultaneously to both ears on each trial. In two successive

blocks, participants selectively attended to either the left or right ear

and performed a gender-decision on the voice heard on the target side.

Our results revealed a functional dissociation between different brain

areas. Whereas the right amygdala and bilateral superior temporal

sulcus responded to anger prosody irrespective of whether it was heard

from a to-be-attended or to-be-ignored voice, the orbitofrontal cortex

and the cuneus in medial occipital cortex showed greater activation to

the same emotional stimuli when the angry voice was to-be-attended

rather than to-be-ignored. Furthermore, regression analyses revealed a

strong correlation between orbitofrontal regions and sensitivity on a

behavioral inhibition scale measuring proneness to anxiety reactions.

Our results underscore the importance of emotion and attention

interactions in social cognition by demonstrating that multiple levels of

processing are involved in the appraisal of emotionally relevant cues in

voices, and by showing a modulation of some emotional responses by

both the current task-demands and individual differences.

D 2005 Elsevier Inc. All rights reserved.

Keywords: Emotion; Attention; Appraisal; Prosody; Anger; Amygdala;

STS; Orbitofrontal cortex

Introduction

Efficient processing of emotional cues, such as facial and vocal

expressions, is critical during social interactions (see Russell et al.,
2003; Scherer, 1986, 2003). However, despite a growing interest in
this issue in cognitive neuroscience, the neural mechanisms

involved in emotional decoding and their interaction with other
cognitive processes remain poorly defined (see Goldman and
Sekhar Sripada, 2005). Moreover, neuroscience research has often
focused on the perception of faces and facial expressions, but

questions concerning how emotional signals in the voice are
processed in the human brain have only rarely been investigated
(see Adolphs et al., 2002; Morris et al., 1999; Belin et al., 2004).

Here, we report new results from an fMRI study examining brain
responses to angry prosody in voices, and the effects of selective
attention on such responses, as well as their modulation by

individual differences in affective traits.
In social contexts, detecting anger in other individuals is of

particular importance, not only in order to achieve successful social

interactions, but also to guarantee safety and adjust behavior
appropriately (for example, by reacting with fear or submission,
see Frijda, 1987). Given the flow of events entering the cognitive
system, together with its processing capacity limitations, a critical

function shared by both emotional and attentional processes
should be to prioritize the processing of pertinent events, relative to
neutral or mundane events, leading to enhanced perceptual

analysis, memory, and motor action (see Compton, 2003;
Anderson and Phelps, 2001; D’Argembeau and Van der Linden,
2004; Keil et al., 2003; Lewis, in press; Oatley and Johnson-Laird,

1987; Pourtois et al., 2004; Scherer, 2001, 2004; Wells and
Matthews, 1994; Whalen, 1998). Therefore, emotional processing
of social signals in faces and voices might be intimately linked to

attentional mechanisms, requiring swift evaluation of their
affective meaning when they are relevant for behavior as well as
when they are currently task-irrelevant but potentially significant.
Thus, appraisal theories of emotion have proposed that an early

1053-8119/$ - see front matter D 2005 Elsevier Inc. All rights reserved.

doi:10.1016/j.neuroimage.2005.06.023

* Corresponding author. Fax: +41 22 379 92 19.

E-mail address: david.sander@pse.unige.ch (D. Sander).
1 These authors contributed equally to this work.

Available online on ScienceDirect (www.sciencedirect.com).

www.elsevier.com/locate/ynimg

NeuroImage 28 (2005) 848 – 858

Example of “puzzlingly high correlations”

region may persist independently of endogenously-driven atten-

tion, and that this may also exist in the auditory modality, at least
under some conditions, despite the concurrent modulation by
attention found in other areas of the frontal and occipital lobes.

Moreover, this finding is consistent with previous results suggest-
ing that processing of anger in voices was impaired in a patient
with amygdala damage (e.g., Scott et al., 1997; but see Anderson

and Phelps, 1998).
Furthermore, anger prosody also evoked increased activation

in the middle portion of STS as compared with neutral prosody
(see also Grandjean et al., 2005). This region corresponds to one

of the human brain areas previously reported to exhibit voice-
selective responses (Belin et al., 2000), suggesting a category-
selective modulation of auditory processing by vocal expression

of emotion. These influences of emotion on voice processing in
STS provide a striking parallel with similar enhancement found
for fusiform cortex in response to faces with fearful expressions

(Morris et al., 1998b; Vuilleumier et al., 2001). Our results
therefore provide new support to the idea that voice and face
perception might share similar principles of brain organization

(Belin et al., 2004). Whereas a number of studies have shown
that face-selective areas in visual extrastriate cortex are modulated
by fearful expressions (Morris et al., 1998b; Vuilleumier et al.,
2001), our work show that voice-sensitive areas in auditory

cortex may similarly be modulated by the potential threat value
of voices (see Grandjean et al., 2005 for details on this specific
issue). Moreover, this emotional enhancement in right STS

appears distinct from the concurrent modulation of auditory
cortical areas by voluntary attention, as we have shown elsewhere
(Grandjean et al., 2005). These findings suggest that emotion and

attention can both exert separate modulatory influences on
auditory processing (Grandjean et al., 2005) and extend previous
findings in the visual domain for fearful expressions in faces
(Vuilleumier et al., 2001). However, it remains to establish

whether such emotional effects in STS are driven by amygdala
inputs, for example by testing the effects of amygdala lesion on

STS response to emotional prosody as already shown for

fusiform responses to fearful faces (Vuilleumier et al., 2004) or
by conducting experiments more specifically designed to test for
functional connectivity. Alternatively, STS responses to anger

might reflect intrinsic computational properties of these brain
regions related to social evaluation processes (Winston et al.,
2002). In any case, the current brain imaging findings also

converge with classic behavioral results during dichotic tasks
indicating that the affective meaning of stimuli presented in an
ignored auditory channel may nonetheless be still processed to
some extent (as for the ‘‘own name effect’’, see Introduction),

with such enhancement of auditory cortex response to affectively
significant stimuli potentially resulting in some involuntary
capture of auditory attention.

In contrast to the attention-independent emotionally-driven
enhancement in amygdala and right STS, we found that, for the
very same pairs of stimuli containing an angry voice and a

neutral voice, the OFC was more activated when the angry voice
was to-be-attended than when it was to-be-ignored. This result is
consistent with previous findings showing that OFC response to

emotional stimuli is enhanced when stimuli, or their emotional
value, are attended. For instance, using hybrid stimuli containing
faces with different expressions at different spatial frequencies in
the image, Winston et al. (2003) demonstrated that emotional

information within low-spatial frequencies elicited OFC
responses only when this particular frequency band was reported
by the participants, suggesting that frontal responses may

specifically reflect the conscious emotional percept, whereas
increased responses to fearful expressions in the fusiform cortex
were independent of conscious percept. Similarly, an event-

related fMRI study by Armony and Dolan (2002) also reported
bilateral OFC activation when spatial attention was focused on
aversively-conditioned faces with angry expressions, relative to a
diffuse attention condition. Converging evidence suggests that

the OFC is involved in the evaluation of emotionally relevant
events across various sensory modalities, including the olfactory

Fig. 3. Scores on the behavioral inhibition system dimension of BIS/BAS scales strongly correlated with the effect of selective attention on emotional response

in the ventro-medial prefrontal cortex (r = 0.87, P < 0.001). The effect of attention on emotional response in the ventro-medial prefrontal cortex was quantified

as the difference between the mean parameter estimates of activity (% change relative to the global mean intensity of signal) in this region when anger was

presented in relevant ear minus the irrelevant ear.
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region may persist independently of endogenously-driven atten-

tion, and that this may also exist in the auditory modality, at least
under some conditions, despite the concurrent modulation by
attention found in other areas of the frontal and occipital lobes.

Moreover, this finding is consistent with previous results suggest-
ing that processing of anger in voices was impaired in a patient
with amygdala damage (e.g., Scott et al., 1997; but see Anderson

and Phelps, 1998).
Furthermore, anger prosody also evoked increased activation

in the middle portion of STS as compared with neutral prosody
(see also Grandjean et al., 2005). This region corresponds to one

of the human brain areas previously reported to exhibit voice-
selective responses (Belin et al., 2000), suggesting a category-
selective modulation of auditory processing by vocal expression

of emotion. These influences of emotion on voice processing in
STS provide a striking parallel with similar enhancement found
for fusiform cortex in response to faces with fearful expressions

(Morris et al., 1998b; Vuilleumier et al., 2001). Our results
therefore provide new support to the idea that voice and face
perception might share similar principles of brain organization

(Belin et al., 2004). Whereas a number of studies have shown
that face-selective areas in visual extrastriate cortex are modulated
by fearful expressions (Morris et al., 1998b; Vuilleumier et al.,
2001), our work show that voice-sensitive areas in auditory

cortex may similarly be modulated by the potential threat value
of voices (see Grandjean et al., 2005 for details on this specific
issue). Moreover, this emotional enhancement in right STS

appears distinct from the concurrent modulation of auditory
cortical areas by voluntary attention, as we have shown elsewhere
(Grandjean et al., 2005). These findings suggest that emotion and

attention can both exert separate modulatory influences on
auditory processing (Grandjean et al., 2005) and extend previous
findings in the visual domain for fearful expressions in faces
(Vuilleumier et al., 2001). However, it remains to establish

whether such emotional effects in STS are driven by amygdala
inputs, for example by testing the effects of amygdala lesion on

STS response to emotional prosody as already shown for

fusiform responses to fearful faces (Vuilleumier et al., 2004) or
by conducting experiments more specifically designed to test for
functional connectivity. Alternatively, STS responses to anger

might reflect intrinsic computational properties of these brain
regions related to social evaluation processes (Winston et al.,
2002). In any case, the current brain imaging findings also

converge with classic behavioral results during dichotic tasks
indicating that the affective meaning of stimuli presented in an
ignored auditory channel may nonetheless be still processed to
some extent (as for the ‘‘own name effect’’, see Introduction),

with such enhancement of auditory cortex response to affectively
significant stimuli potentially resulting in some involuntary
capture of auditory attention.

In contrast to the attention-independent emotionally-driven
enhancement in amygdala and right STS, we found that, for the
very same pairs of stimuli containing an angry voice and a

neutral voice, the OFC was more activated when the angry voice
was to-be-attended than when it was to-be-ignored. This result is
consistent with previous findings showing that OFC response to

emotional stimuli is enhanced when stimuli, or their emotional
value, are attended. For instance, using hybrid stimuli containing
faces with different expressions at different spatial frequencies in
the image, Winston et al. (2003) demonstrated that emotional

information within low-spatial frequencies elicited OFC
responses only when this particular frequency band was reported
by the participants, suggesting that frontal responses may

specifically reflect the conscious emotional percept, whereas
increased responses to fearful expressions in the fusiform cortex
were independent of conscious percept. Similarly, an event-

related fMRI study by Armony and Dolan (2002) also reported
bilateral OFC activation when spatial attention was focused on
aversively-conditioned faces with angry expressions, relative to a
diffuse attention condition. Converging evidence suggests that

the OFC is involved in the evaluation of emotionally relevant
events across various sensory modalities, including the olfactory

Fig. 3. Scores on the behavioral inhibition system dimension of BIS/BAS scales strongly correlated with the effect of selective attention on emotional response

in the ventro-medial prefrontal cortex (r = 0.87, P < 0.001). The effect of attention on emotional response in the ventro-medial prefrontal cortex was quantified

as the difference between the mean parameter estimates of activity (% change relative to the global mean intensity of signal) in this region when anger was

presented in relevant ear minus the irrelevant ear.
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What is the reliability of BIS?

assess the relative reliability of data acquired online compared with
laboratory samples. Although previous work suggested that data
acquired online can exhibit high reliability (26–30), it did not en-
compass the breadth of measures relevant to self-regulation collected
here. Additionally, the use of a relatively long retest delay (2–4 mo)
placed the work on the timescale of many behavioral change studies,
providing information on the stability of pre-/post intervention
comparisons of self-regulatory function. Moreover, using the raw
data allowed us to characterize the causes of systematic differences
between measure types by isolating the sources of variance.
With our new dataset we first compared differences between

measure modalities (surveys vs. tasks) and recapitulated ef-
fects we found in the literature. Then we expanded our analyses
to novel comparisons. For example, we compared relative reli-
ability of performance metrics quantified using raw variables
versus model-based decompositions. We fit the drift–diffusion
model (DDM), which transforms raw reaction times and ac-
curacies to the more interpretable latent variables of drift rate
(processing speed), threshold (caution that captures speed–accuracy

trade-offs), and nondecision time (perceptual and response
execution process).
Another dimension of interest for the behavioral task dependent

variables (DVs) was whether contrast DVs (subtraction of one
condition from another) intended to isolate putative cognitive
processes are suitable as trait DVs. This subtraction logic is a
common strategy when using behavioral tasks for both raw DVs
and model parameters. However, subtraction of random variables
mathematically implies an increase in the contrast DVs’ variance
and therefore lower reliability. We empirically assessed the severity
of this decreased reliability for common task contrasts.
By combining an analysis of the literature with a new large dataset

involving the largest battery of self-regulation measures to date, we
provide a comprehensive picture of self-regulation DV stability.

Results
Analysis of Prior Literature. Our literature review contained 171
DVs, 154 papers, 17,550 participants, and 583 data points on
reliability (Fig. 1). Studies reporting reliability for surveys had,
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What is the reliability
of fMRI activation 
signals?

 

12 

 249 
Fig. 3. Forest plot for the results of the meta-analysis of task-fMRI test-retest reliability. The forest plot 250 

displays the estimate of test-retest reliability of each task-fMRI measure from all ICCs reported in each 251 

study. Each substudy is labelled as h if the sample in the study consisted of healthy controls or c if the study 252 

consisted of a clinical sample. Studies are split into two sub-groups. The first group of studies reported all 253 

ICCs that were calculated, thereby allowing for a relatively unbiased estimate of reliability. The second 254 

group of studies selected a subset of calculated ICCs based on the magnitude of the ICC or another non-255 

independent statistic, and then only reported ICCs from that subset. This practice leads to inflated reliability 256 

estimates and therefore these studies were meta-analyzed separately to highlight this bias. 257 

 258 
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Correcting for attenuation

It is common in some subfields to correct for 
attenuation:

Sometimes used to correct for differences in reliability in 
measures for SEM/factor analysis

Should be used carefully…
it can correct for unreliability, but doesn’t necessarily approximate 

underlying “truth” (Boorsoom & Mellenberg, 2002)
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Another view:  Reliability as the “noise ceiling” for explained variance

The reliability provides a cap on the amount of  
“explainable variance”

21
Yamins et al., 2014, PNAS

“The IT bar represents the 
Spearman-Brown corrected 
consistency of the IT RDM 
for split-halves over the IT 
units, establishing a noise-

limited upper bound. “
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Data Slice 2 =  F(data_slice_1) 

Data Slice 2 =  Fparams(data_slice_1) 

Data Slice 2 =  Fparams(data_slice_1) + Noise 

What is a Model?
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[IPYNB:   Finding some interesting neurons]

Reliability



Reliability

IT Unit 105

this is a face-selective unit — selectivity is high for face images at low
and medium levels of variability, but not high variability images 

… this is not surprising, since the faces at high variability are at quite 
weird angles 



Reliability

IT Unit 10

perhaps this is a “round” object selective unit? :) 



Reliability
the “round object” detector (IT unit 10) is much more reliable at variation the 
the putative face unit (IT unit 105) . . . (error bars = SEM of trial-average value)

. . . which would be true if the interpretation was real. 



Reliability

1) Look at the trial-averaged data on a per-object per-variation (“per 
condition”) basis

2) Look at pairs of trials — esp. scatter between trials 

Building up a pair-wise reliability analysis tool: 

3) Make a matrix of pairwise pearson correlation 



 IT feature space
Dim 1

Dim 2

Dim 3

Chairs

FacesFruits

ri
rj

= vector of neural responses to stimulus i

= vector of neural responses to stimulus j

stimulus i

stimulus j

Correlation



 IT feature space
Dim 1

Dim 2

Dim 3

Chairs

FacesFruits

ri
rj

= vector of neural responses to stimulus i

= vector of neural responses to stimulus j

stimulus i

stimulus j

Ek[rirj ]�Ek[ri]Ek[rj ] Ek[r
2
i ]�Ek[ri]

2

expectations over neurons

Correlation

=
cov(ri, rj)p

var(ri) · var(rj)

pearson’s r(ri, rj)



Making matrices like these: 

Correlation



ADDITIONAL NOTES ON RELIABILITY

[IPYNB:   Simple Reliability Analysis]



Split-Half Reliability

func get_splithalf:
for various splits of trials:

m1 = mean of first half of trials
m2 = mean of second half of trials

c = pearson(m1, m2)

return average c’s over splits
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Split-Half Reliability

func get_splithalf:
for various splits of trials:

m1 = mean of first half of trials
m2 = mean of second half of trials

c = pearson(m1, m2)

return average of c’s



Reliability

[IPYNB:   Split-Half Reliability]



Reliability

num_splits ~ 10 * num_trials is good enough to get
reasonable estimate for reliability:

error bars = SEM of reliability estimate



The Prophecy Formula

for normally distributed independent measure, correlation 
between averages of two length-k samples is:

= true variability of data�T

a = error std for 1 sample

⇢k =
�2
T

�2
T + a2/k

⇢k = corr(Xk/k,X
0
k/k)



The Prophecy Formula
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=
k⇢1

(k � 1)⇢1 + 1

⇢k =



The Prophecy Formula

spearman-brown(⇢, k) =
k · ⇢

1 + (k � 1)⇢

⇢ = correlation for some number of trials

k = multiple of original number of trials for which you 
want to estimate correlation



Reliability

[IPYNB:   Spearman-Brown]



Reliability



Reliability

. . . so neural noise (in these whitened signals) must be pretty gaussian

Spearman-brown estimates are pretty good . . . 



Bootstrapping

func get_splithalf:
for various splits of trials:

m1 = mean of first half of trials
m2 = mean of second half of trials

c = pearson(m1, m2)

return average of c’s

The split-half reliability calculation relies on sampling without 
replacement

non-overlapping 
trials

In theory, this could be a problem, especially for small sample-sized 
datasets — hard to get a good estimate of what larger sample might be 
like. 



Bootstrapping

func get_bootstrap_sample (data_by_trial):
  do num_trials times:
  for each stimulus:
  randomly select trial to pick value from

average over these “internal samples”

do num_iter times:
  call get_bootstrap_sample

compute mean over correlations between 
bootstrap samples

Alternative: “boostrapping” — create synthetic trials by resampling with 
replacement
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Bootstrapping

func get_bootstrap_sample (data_by_trial):
  do num_trials times:
  for each stimulus:
  randomly select trial to pick value from

average over these “internal samples”

do num_iter times:
  call get_bootstrap_sample

compute mean over correlations between 
bootstrap samples

Alternative: “boostrapping” — create synthetic trials by resampling with 
replacement

Actually, debatable whether better est. of true reliability at given (large) 
number of trials than split-half + Spearman-Brown . . . 



Bootstrapping

[IPYNB:   Bootstrapping]


