
©2014 M.S. Cohen all rights reserved mscohen@g.ucla.edu
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The Sad Panda study

• My dissertation study
• It was going to be my magnum opus
• I never published it



The Sad Panda study
• Hypothesis: conserved neural circuitry supports 

representation of emotional expressions not only in 
humans, but also in other mammalian species

• n = 32 undergraduate subjects
• 3 experimental conditions: happy, neutral, sad 

pandas
• Prediction: the amygdala shows greater activation 

for happy and sad pandas than neutral pandas



sad pandas



happy pandas



neutral pandas



• “Previous fMRI studies have demonstrated that specific brain circuits such as the 
amygdala are selectively implicated in representing human emotional expressions. The 
degree to which this finding generalizes to the rest of the animal kingdom is unknown. 
Here we investigated the (human) neural representation of emotional expression in the 
giant panda (Ailuropoda melanoleuca). We scanned 32 participants with fMRI as they 
viewed and rated previously normed images of pandas displaying happy,  sad, and 
neutral emotional expressions. As predicted, emotional content robustly activated the 
amygdala relative to neutral content. A whole-brain search further identified selective 
activations in inferotemporal cortex, precuneus, and left inferior frontal gyrus. These 
results held when controlling for differences in a range of low-level stimulus properties 
(e.g., luminance and contrast) as well as trial-by-trial differences in response time (RT), 
suggesting that the representations we observed were likely to be affective in nature. 
Mediation analysis further indicated that individual differences in amygdala activation 
partially mediated the relationship between experimental condition and affective ratings 
of the stimuli. Finally, in cross-validated searchlight MVPA analyses, we were able to 
correctly classify panda expression 94% of the time using amygdala activation. 
Collectively, our results provide compelling evidence that the neural representation of 
basic affective expressions in humans is not unique to humans, and that similar circuitry 
supports recognition of emotion in pandas and possibly other mammals.”

The Sad Panda study



A masterpiece of 
converging evidence

• Randomized, controlled experimentation
• Use of both hypothesis-driven (ROI) and exploratory 

(whole-brain) univariate analyses
• Explicit control of likely confounds
• Evaluation of plausible causal models
• Cross-validated evaluation of predictive performance
• Data-driven clustering analyses

• And all of these converge to tell the same story!



Why didn’t I publish this?

• The real reason: it doesn’t exist
• A reason that fits our StoryTime narrative: because 

there are good reasons to question most of the 
results—without even knowing what they are



• “Previous fMRI studies have demonstrated that specific brain circuits such as the 
amygdala are selectively implicated in representing human emotional expressions. The 
degree to which this finding generalizes to the rest of the animal kingdom is unknown. 
Here we investigated the (human) neural representation of emotional expression in the 
giant panda (Ailuropoda melanoleuca). We scanned 32 participants with fMRI as they 
viewed and rated previously normed images of pandas displaying happy,  sad, and 
neutral emotional expressions. As predicted, emotional content robustly activated the 
amygdala relative to neutral content. A whole-brain search further identified selective 
activations in inferotemporal cortex, precuneus, and left inferior frontal gyrus. These 
results held when controlling for differences in a range of low-level stimulus properties 
(e.g., luminance and contrast) as well as trial-by-trial differences in response time (RT), 
suggesting that the representations we observed were likely to be affective in nature. 
Mediation analysis further indicated that individual differences in amygdala activation 
partially mediated the relationship between experimental condition and affective ratings of 
the stimuli. Finally, in cross-validated searchlight MVPA analyses, we were able to correctly 
classify panda expression 94% of the time using amygdala activation. Collectively, our 
results provide compelling evidence that the neural representation of basic affective 
expressions in humans is not unique to humans, and that similar circuitry supports 
recognition of emotion in pandas and possibly other mammals.”

The Sad Panda study



Poldrack et al. (submitted)
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Statistical power and sampling error



Sub-sampling the HCP social cognition task

14Cremers, Wager, & Yarkoni (in prep.)
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Gonzalez-Castillo et al. (2012)

The null is always* false, so at the limit…



Ioannidis (2008): analysis of Cochrane meta-analyses

Not fMRI-specific; this is a universal problem



It has been claimed and demonstrated that many (and 
possibly most) of the conclusions drawn from biomedi-
cal research are probably false1. A central cause for this 
important problem is that researchers must publish in 
order to succeed, and publishing is a highly competitive 
enterprise, with certain kinds of findings more likely to 
be published than others. Research that produces novel 
results, statistically significant results (that is, typically 
p < 0.05) and seemingly ‘clean’ results is more likely to be 
published2,3. As a consequence, researchers have strong 
incentives to engage in research practices that make 
their findings publishable quickly, even if those prac-
tices reduce the likelihood that the findings reflect a true 
(that is, non-null) effect4. Such practices include using 
flexible study designs and flexible statistical analyses 
and running small studies with low statistical power1,5. 
A simulation of genetic association studies showed 
that a typical dataset would generate at least one false 
positive result almost 97% of the time6, and two efforts 
to replicate promising findings in biomedicine reveal 
replication rates of 25% or less7,8. Given that these pub-
lishing biases are pervasive across scientific practice, it 
is possible that false positives heavily contaminate the 
neuroscience literature as well, and this problem may 
affect at least as much, if not even more so, the most 
prominent journals9,10.

Here, we focus on one major aspect of the problem: 
low statistical power. The relationship between study 
power and the veracity of the resulting finding is 
under-appreciated. Low statistical power (because of 

low sample size of studies, small effects or both) nega-
tively affects the likelihood that a nominally statistically 
significant finding actually reflects a true effect. We dis-
cuss the problems that arise when low-powered research 
designs are pervasive. In general, these problems can be 
divided into two categories. The first concerns prob-
lems that are mathematically expected to arise even if 
the research conducted is otherwise perfect: in other 
words, when there are no biases that tend to create sta-
tistically significant (that is, ‘positive’) results that are 
spurious. The second category concerns problems that 
reflect biases that tend to co-occur with studies of low 
power or that become worse in small, underpowered 
studies. We next empirically show that statistical power 
is typically low in the field of neuroscience by using evi-
dence from a range of subfields within the neuroscience 
literature. We illustrate that low statistical power is an 
endemic problem in neuroscience and discuss the impli-
cations of this for interpreting the results of individual 
studies.

Low power in the absence of other biases
Three main problems contribute to producing unreliable 
findings in studies with low power, even when all other 
research practices are ideal. They are: the low probability of 
finding true effects; the low positive predictive value (PPV; 
see BOX 1 for definitions of key statistical terms) when an 
effect is claimed; and an exaggerated estimate of the mag-
nitude of the effect when a true effect is discovered. Here, 
we discuss these problems in more detail.
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Abstract | A study with low statistical power has a reduced chance of detecting a true effect, 
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studies in the neurosciences is very low. The consequences of this include overestimates of 
effect size and low reproducibility of results. There are also ethical dimensions to this 
problem, as unreliable research is inefficient and wasteful. Improving reproducibility in 
neuroscience is a key priority and requires attention to well-established but often ignored 
methodological principles.
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Interim conclusions

• Power is low
• There is rarely any support for claims of “selective” 

activation
• Type II error (if you believe in that sort of thing) is 

likely to be very high
• This changes interpretation!



• “Previous fMRI studies have demonstrated that specific brain circuits such as the 
amygdala are selectively implicated in representing human emotional expressions. The 
degree to which this finding generalizes to the rest of the animal kingdom is unknown. 
Here we investigated the (human) neural representation of emotional expression in the 
giant panda (Ailuropoda melanoleuca). We scanned 32 participants with fMRI as they 
viewed and rated previously normed images of pandas displaying happy,  sad, and 
neutral emotional expressions. As predicted, emotional content robustly activated the 
amygdala relative to neutral content. A whole-brain search further identified selective 
activations in inferotemporal cortex, precuneus, and left inferior frontal gyrus. These 
results held when controlling for differences in a range of low-level stimulus properties 
(e.g., luminance and contrast) as well as trial-by-trial differences in response time (RT), 
suggesting that the representations we observed were likely to be affective in nature. 
Mediation analysis further indicated that individual differences in amygdala activation 
partially mediated the relationship between experimental condition and affective ratings 
of the stimuli. Finally, in cross-validated searchlight MVPA analyses, we were able to 
correctly classify panda expression 94% of the time using amygdala activation. 
Collectively, our results provide compelling evidence that the neural representation of 
basic affective expressions in humans is not unique to humans, and that similar circuitry 
supports recognition of emotion in pandas and possibly other mammals.”

The Sad Panda study



Causal inference

• Randomized assignment to different experimental 
conditions is the gold standard for a reason

• Given the design, we can safely conclude that the 
relationships between our manipulation and 
observed brain/behavior changes are causal

• Happy/sad/neutral panda images cause brain 
activity! Happy (and sad, and neutral) days!



Causal pandas

vs.

Experimental 
manipulation Neural changes Behavioral changes



But…
• That’s not what we claimed in our abstract!
• We said: “Comparison of happy,  sad, and neutral 

panda expressions confirmed that emotional content 
activated the left amygdala relative to neutral content”

• We’re implicitly assuming that our manipulation is 
reliably measuring the construct we care about 
(Cronbach & Meehl, 1955)
• An empirical claim, not a statement of fact
• The fact that we intended our manipulation to reflect emotion 

doesn’t automatically make it so



vs.

Experimental 
manipulation

Neural changes Behavioral changes

Construct of interest 
(Emotion recognition)

Acausal pandas



No task is process-pure

two conditions differ?



It isn’t just pandas!

• Some other common switcheroos:
• N-back task —> working memory
• Priming task —> Implicit processing
• Listening to narrative text —> language/comprehension

• See also: Neuroimage, Table of Contents of



A useful exercise

• Next time you’re tempted to label your contrast with 
a single construct…

• Spend 5 minutes listing all the things that could 
plausibly differ between the two conditions

• The logic of subtraction (Friston et al., 1996) 
requires that your list not be very long



About those pandas…
• Some possible differences between conditions:

• Number of pandas in the image
• Distance from camera
• Gaze direction
• Background setting
• Ease of anthropomorphizing activity
• Etc…

• What basis do we have for attributing activation/
behavior differences to emotion recognition?





• The HCP contains tasks that putatively assess:
• Working memory
• Incentive processing
• Language processing
• Social cognition
• Emotion processing
• Motor processing

• What are these labels based on?
• Usually, only authors’ beliefs and expectations

Construct validity in the HCP



Construct validity in the HCP
Biological > random motion (HCP “social cognition” task)

Reward > loss (HCP “incentive processing” task)



A question of construct validity
• The fallacy of affirming the consequent rears its head again

• a.k.a. reverse inference
• a.k.a. why many people misunderstand p-values

• We all know that P(Data|Hypothesis) != P(Hypothesis|Data)
• But it may be helpful to break this into two inequalities:

• P(Effect|Data) != P(Data|Effect)
• P(Theory|Effect) != P(Effect|Theory)

• Oh no! Now there are two reverse inference problems!
• Neuroimaging researchers talk about the former, but almost 

completely neglect the latter



How do we address this?
• Think about, and explicitly test, the validity of your 

measures/tasks
• “Control for” as many variables as you can*
• Use multiple measures of the same construct
• Use latent-variable models (e.g., SEM)
• Read the psychometric literature

• Psychometricians have thought about these issues for ~100 
years!

• “Whatever you do, somebody in psychometrics already did it 
long before.” — Andrew Gelman



Interim conclusions

• Drawing measurement-level causal inferences can 
be easy with the right (experimental) design

• Drawing construct-level inferences is much harder
—and randomized designs aren’t sufficient!

• There is a huge literature on this stuff; we ignore it 
at our own peril in neuroimaging



• “Previous fMRI studies have demonstrated that specific brain circuits such as the 
amygdala are selectively implicated in representing human emotional expressions. The 
degree to which this finding generalizes to the rest of the animal kingdom is unknown. 
Here we investigated the (human) neural representation of emotional expression in the 
giant panda (Ailuropoda melanoleuca). We scanned 32 participants with fMRI as they 
viewed and rated previously normed images of pandas displaying happy,  sad, and 
neutral emotional expressions. As predicted, emotional content robustly activated the 
amygdala relative to neutral content. A whole-brain search further identified selective 
activations in inferotemporal cortex, precuneus, and left inferior frontal gyrus. These 
results held when controlling for differences in a range of low-level stimulus 
properties (e.g., luminance and contrast) as well as trial-by-trial differences in 
response time (RT), suggesting that the representations we observed were likely to 
be affective in nature. Mediation analysis further indicated that individual differences in 
amygdala activation partially mediated the relationship between experimental condition 
and affective ratings of the stimuli. Finally, in cross-validated searchlight MVPA analyses, 
we were able to correctly classify panda expression 94% of the time using amygdala 
activation. Collectively, our results provide compelling evidence that the neural 
representation of basic affective expressions in humans is not unique to humans, and that 
similar circuitry supports recognition of emotion in pandas and possibly other mammals.”

The Sad Panda study



Controlling for stuff

• Got confounds? No problem!
• Just add them to the model!
• Right?



The case of response time

• People’s response times vary when they do 
different tasks—both within and between individual

• Brain activity often varies systematically in 
proportion to trial-by-trial differences in RT 
(Grinband et al., 2008; Yarkoni et al., 2009)

• These effects are often very strong



Consistent trial-by-trial effects in 5 different 
paradigms (WM, emotion, decision-making…)

Yarkoni et al. (2009)

Positive correlations with RT Time course of RT-related activation



A mysterious convergence?

• Why do RT-sensitive regions resemble the task-
positive/salience/task set/goal-directed attention/
multiple-demand network?

• Is this a mysterious coincidence?
• No! It’s entailed by the linear, time-invariant nature of the 

HRF…



Yarkoni et al. (2009)



Implications
• If you don’t examine results both with and without RT in the 

model, you don’t know if activation differences reflects a 
quantitative or qualitative difference in processing
• E.g., do schizophrenics show hyperactivation/inefficiency of PFC during 

WM tasks (e.g., Potkin et al., 2009) only because they respond more slowly, 
or are there residual differences?

• A serious concern (Yarkoni et al. 2009; Grinband et al., 2011), but 
very few task-related studies explicitly control for RT differences

• If the relationship between response (or inspection) time and 
BOLD activity is nonlinear, all bets are off

• But as long as things are (roughly) linear, we can control for 
things like this statistically, right? Right?



Statistical



Measures vs. constructs

• Controlling for a measure does not mean you’ve 
removed the influence of the targeted construct
• E.g., controlling for self-reported scores on the single item 

“I feel sleepy” is not the same as “controlling for fatigue”

• The two will only coincide when the measure 
perfectly captures the construct
• I.e., virtually never



Westfall & Yarkoni (2016)

Mmm, ice cream



Westfall & Yarkoni (2016)

Mmm, Type I error



Westfall & Yarkoni (2016)

Mmm, SEM



Power to detect incremental 
validity at the latent-variable level

Westfall & Yarkoni (2016)



Conclusions
• Statistical control of potential confounds is hard
• Total latent variable-level control may be impossible 

under realistic parameter regimes in fMRI
• Problem gets worse the more variables you attempt to 

control for

• This doesn’t mean we shouldn’t include covariates
• It does mean you probably shouldn’t say things like “we 

controlled for SES, mood, and fluid intelligence”
• Gender, age, etc. may be fine (why?)



General conclusions

• Learning important new things is quite hard
• Most individual studies can’t teach us very much

• Not necessarily wrong

• The generalizability of results is likely to be low
• What should we do about this?



Meta-analysis

• One study tells us very little… maybe several 
hundred studies can tell us less little?



Kober et al. (2008)

A model of clarity
Activations from 437 emotion contrasts



Weighted 
average

Damasio, 2000 Liberzon, 2000 Wicker, 2003
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…

Kernel convolution

Comparison indicator maps

…

Proportion of activated  
Comparisons map

Significant regions

Wager, Lindquist, & Kaplan, 2007; others

Monte Carlo: 
Expected maximum proportion 
Under the null hypothesis

Apply threshold

R
an

do
m

iz
e 

lo
ca

tio
ns

 o
f b

lo
bs

 
w

ith
in

 s
tu

dy
 

m
ap

s

Slide courtesy of Tor Wager

MKDA: Multilevel kernel density analysis



Weighting by sample size and 
quality

MKDA analysis weights by sqrt(sample size) and study quality 
(including fixed/random effects)
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It works!

Kober et al. (2008)



Molenberghs et al (2011) - Mirror system

Engelmann et al. (2011) 
Smoking cue reactivity

Kim (2011) 
Subsequent memory

Meta-analyze all the things!

Kim et al. (2011) - Task-switching

Chase et al. (2011) - Drug craving 54



Fan et al. (2011) - Empathy

Swick et al. (2011) Go/NoGo & Stop-Signal

Rehme et al. (2012) - Movement after stroke

Brooks et al. (2011) Subliminal arousing stimuli

Tillisch et al. (2011) - Rectal distension
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It works!

• Standard fMRI meta-analyses can solve some of 
our big problems

• Increases sensitivity, overcomes sample size issues
• Establishes the generalizability of a result across 

experimental designs, stimuli, labs, scanners, populations, 
etc…



But there’s a catch!
• Notice anything odd about the distribution of 

regions in the previous meta-analyses?
• Some of them show up repeatedly…
• Standard meta-analysis approaches like MKDE and 

ALE don’t solve the problem of reverse inference
• They tell us what regions are consistently activated by a 

task or process
• But not what regions are preferentially activated



Nelson et al. (2010) 58

All regions are not equal(ly active)



E.g., anterior insula is “selectively” activated by...

• Disgust

• Pain

• Empathy

• Risk

• Interoceptive awareness

• Autonomic arousal

• Self-reflection

• Task-switching

• Conscious error perception

• Response inhibition

• Speech production

• Sustained attention

• Etc...
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Towards wide datasets
• Not enough to have a lot of subjects doing one task
• Need to compare one task/process with many others
• We want to ask: what tasks/processes are most likely to 

activate a given region/network?
• So we need to assemble a really diverse dataset

• Also, we’re very lazy

• Wouldn’t it be nice if we could automate the process of 
assembling, and meta-analyzing, a giant database of 
fMRI studies?





Towards an automated meta-analysis platform

Two challenges
• Data standardization

• Semantic annotation

•Our approach: ignore both 
problems

62



Assumption 1: If it looks like a duck...

• Anything that looks like brain activation is brain activation

• Parser looks for x/y/z-like numbers in sequence within HTML tables
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Assumption 2: A bag of words

• Each published fMRI article is 
an unordered list of words

• A study is about the words it 
uses with high frequency

64



Yarkoni et al (2011)

The approach

65



Pain vs. pain

Blue: manual             Green: automated

66Yarkoni et al (2011)



Reward vs. reward

67

investigation relies heavily on discriminating positive and negative re-
sponses (see, e.g., Fig. 3). While investigators predominantly report pos-
itive effects, nominally positive effects can correspond to negative effects
of SV on BOLD. For example, a region with a negative response might be
reported as responding positively in a “penalty minus neutral” contrast.

A second challenge for automatedmethods relates to experimenter-
introduced bias in the anatomical locations at which effects are
reported. A significant part of the labor in developing our database in-
volved restricting the corpus to findings obtained using uniform
whole-brain statistical thresholds. While it is entirely appropriate for
an experimenter to adopt a less stringent threshold in a priori regions
of interest, non-uniform sensitivity undermines the inferential logic of
CBMA, which holds that findings are distributed randomly under the
null hypothesis. This could lead to CBMA results that in part reflect re-
searchers' expectations. A related concern involves the need to distin-
guish studies that manipulated reward and observed striatum activity
from studies that observed striatum activity and were therefore
interpreted in terms of reward. Here again, an advantage of a manually
curated database lies in our ability to reduce the influence of prevailing
hypotheses on the input data to our meta-analyses.

To evaluate the similarities and differences betweenmanual and auto-
mated approaches, we examined the Neurosynth meta-analysis for the
term “reward” (using the “forward inference” test, whichmost closely re-
sembles our own analyses). The method involves automatically identify-
ing publications in which the word “reward” appears frequently and
extracting reported coordinate foci from these papers. In each voxel, a
chi-square test compares the observed frequency of nearby foci with
the frequency expected if foci were spatially random in gray matter.
Chi-square results are converted to z-scores and thresholded at a false dis-
covery rate level of 0.05 to control for multiple comparisons (see Yarkoni
et al., 2011 for full details). This procedure identified203 studies (on8/12/
2012). For comparison, our corpus contained 200 studies reporting posi-
tive effects, but only 44 studies were in common between the two sets
(21.7% of the Neurosynth sample). The low degree of overlap is not nec-
essarily surprising given the very different inclusion criteria for the two
methods. Of the 159 Neurosynth studies not in our corpus, 98 (61.6%)
were papers we considered as candidates but determined did not meet
our inclusion criteria. Even with different input data, Neurosynth results
(see Fig. 10A) are strikingly similar to ours (compare Fig. 3A).

We cannot explicitly test negative effects of SV on BOLD using
Neurosynth, but we can obtain a preliminary picture by querying the
term “punishment” (making the assumption that studies associated
with this term focus predominantly on negative effects). This identifies
25 studies (compared to 77 studieswith negative effects in our corpus),
of which 6 overlap (24% of the Neurosynth sample). Of the 19 studies
not in our corpus, we had considered and rejected 9 (47.4%). Again de-
spite the low overlap, the results (Fig. 10B) qualitatively resemble the
corresponding results from our investigation (compare Fig. 3B).

These results offer general support for the validity of automated
meta-analytic methods, and provide convergent support for some of
our basic findings in a largely independent sample of experimental
data. At the same time, this exercise highlights some important strengths
of the curated-database approach, including the ability to make more
confident claims regarding the direction of effects, and to avoid bias in
the anatomical locations that experimenters target for analysis. The
manual approach also allows us to examine finer-grained, theoretically
important distinctions (e.g., results reported in Figs. 5–9). We are opti-
mistic that these challenges may be addressed as automated data syn-
thesis methods continue to advance.

Future directions

An extremely worthwhile future direction would be to extend the
present work from coordinate-based to image-based meta-analysis
(IBMA; e.g., Salimi-Khorshidi et al., 2009). No amount of sophistica-
tion in CBMA methods can make amends for the loss of information
that occurs when a statistical parametric map is reduced to a table
of coordinates. IBMA permits meta-analytic investigation not only of
effect locations but also effect sizes (cf. Fox et al., 1998), and holds
greater potential to detect effects that may be weak but consistent
across experiments. We echo other investigators (e.g., Yarkoni et al.,
2010) in the hope that advances in data archival will smooth the
way toward such endeavors.

Future meta-analytic work might examine contrasts and distinc-
tions that we have not considered in the present paper. One possible
target would be a contrast between “actively” and “passively” obtained
outcomes (see also Diekhof et al., 2012). This is a less clear-cut distinc-
tion than itmightfirst appear, since even relatively passive tasks usually
still involve some type of response requirement. It would probably be
necessary to examine multiple ways of delineating these categories,
while taking measures to minimize other confounding differences. A
second future directionwould be to examine brain responses associated
with different levels of risk or uncertainty. Ameta-analysis of riskwould
require a somewhat different corpus of data from the one we have de-
veloped here. The most relevant type of experimental design for that
purpose would be one that manipulated risk and SV orthogonally
(e.g., Preuschoff et al., 2006). The present data set would exclude anal-
ysis contrasts that varied risk while holding SV constant.

In the long run it is necessary to aggregate findings not only with-
in the domain of functional neuroimaging, but also across modalities.
Conclusions derived using fMRI must be integrated with those from
electrophysiology and other methods to arrive at a comprehensive
perspective on the neural encoding and representation of SV (Kable,
2011). We view the present synthesis of the fMRI literature as one
step on the road toward this eventual objective.

It remains entirely possible that methods with greater spatial res-
olution (e.g., electrophysiology, high-resolution fMRI, or IBMA) may
yet identify functionally significant distinctions in brain regions that
now appear homogeneous. In VMPFC, in particular, the present re-
sults suggest that SV representations are spatially indistinguishable
during decision and receipt, as well as across different modalities of
outcomes. While this conclusion is consistent with the theoretical
concept of a domain-general SV signal, it is necessarily provisional
given the low spatial resolution of the underlying data.

A Neurosynth: “Reward”

B Neurosynth: “Punishment”

z = -4y = 4x = 0

Fig. 10. Meta-analytic results obtained from the Neurosynth database at http://
neurosynth.org/ (Yarkoni et al., 2011). Each map is based on foci reported in papers as-
sociated with a specific key term. A: Results for the term “reward.” B: Results for the
term “punishment.” Despite using different methods and a largely non-overlapping
sample of publications, these results resemble the analogous maps obtained in the
present investigation (Figs. 3A and B, respectively).

425O. Bartra et al. / NeuroImage 76 (2013) 412–427

studies using aWilcoxon signed-ranks test, and between categories of
studies using Wilcoxon rank-sum tests.

Results

Positive and negative effects of SV on BOLD

Whole-brain meta-analysis
Wefirst examine overall associations between SV and BOLD. Herewe

organize experimental findings solely according to the direction of the
reported effects (positive or negative), aggregating across other attri-
butes. An effect was coded as positive if a greater BOLD responsewas ob-
served for more rewarding (or less aversive) outcomes; it was coded as
negative if a greater BOLD response was observed for less rewarding
(or more aversive) outcomes. Our corpus contains 200 studies that
report positive effects and 77 studies that report negative effects.
(Seventy-one of these studies report both positive and negative effects
and therefore contribute different data to both categories.)

We first describe single-category analyses examining the spatial dis-
tributions of positive and negative effects separately. As described
above, these analyses sought to identify regions in which foci clustered
more densely than chance alone would predict.

Foci for positive effects showed significant clustering in a large
connected area of medial prefrontal cortex and nearby cortical and
subcortical regions (12,981 voxels, 103.85 cm3, cluster-corrected
p =0.0002), as well as posterior cingulate cortex (467 voxels,
3.74 cm3, p = 0.0208; see Fig. 3A and Table 1). As described above,
the meta-analytic statistic corresponds to the percent of included stud-
ies that report an activation focus within 10 mm of a given voxel. Local
maxima for this statistic were as follows: 42.0 in left striatum, 40.5 in
right striatum, 23.5 in VMPFC, 15.0 in left anterior insula, 16.0 in right
anterior insula, 13.5 in posterior cingulate, 12.0 in brainstem, 12.0 in an-
terior cingulate cortex (ACC), and 11.0 in pre-supplementary motor
area (pre-SMA).

Foci for negative effectswere significantly clustered in DMPFC (1423
voxels, 11.38 cm3, p = 0.0002), left anterior insula (1111 voxels,
8.89 cm3, p = 0.0002), right anterior insula (1195 voxels, 9.56 cm3,
p = 0.0002), and bilateral striatum and thalamus (1610 voxels,
12.88 cm3, p = 0.0002; see Fig. 3B and Table 1). Local maxima for the
meta-analytic statistic were as follows: 26.0 in left anterior insula,
24.7 in right anterior insula, 22.1 in DMPFC, 18.2 in left thalamus, 14.3
in right thalamus, 14.3 in left striatum, and 15.6 in right striatum.

In some cases, positively and negatively signed effects appeared to
cluster in the same regions. Indeed, most of the areas that showed neg-
ative effects overlapped with areas that also showed positive effects.
We confirmed this by calculating the conjunction map for significant
clustering of both positive and negative effects. The conjunction test ac-
cepts voxels that are significant at FWE-corrected p b 0.05 in both anal-
yses. Clusters passing the conjunction test occurred in DMPFC (454
voxels, 3.63 cm3), left anterior insula (542 voxels, 4.34 cm3), right ante-
rior insula (697 voxels, 5.58 cm3), and bilateral thalamus and striatum
(1248 voxels, 9.98 cm3; see Fig. 3C and Table 1).

Finally, we pitted positive effects against negative effects in a
between-category comparison. This comparison examines whether a
given region is associatedwith different degrees of clustering for positive-
ly vs. negatively signed responses. As detailed above, this test compares
the density of foci, not the amplitudes of BOLD responses. The results
identified several regions inwhich positive effects clusteredmore densely
than negative effects: bilateral VS (2683 voxels, 21.46 cm3, p = 0.0002),
VMPFC (1245 voxels, 9.96 cm3, p = 0.0002), and PCC (369 voxels,
2.95 cm3, p = 0.0024; see Fig. 3D and Table 1). Local maximum
pseudo-t statistics were as follows: 7.11 in left striatum, 6.23 in right stri-
atum, 5.28 in VMPFC, and 3.91 in PCC. No areas showed differences in the
direction of denser clustering for negative effects than positive effects.

In summary, some brain regions showed both positively and nega-
tively signed effects of SV on BOLD across studies, while other regions

showed positive effects only. SV effects in VMPFC and PCC appear
predominantly positive, whereas DMPFC and bilateral anterior insula
showed amixture of positive and negative effects. These two categories
are not mutually exclusive: in striatum, negative effects occurred more
densely than expected by chance, but still less densely than positive ef-
fects (see Fig. 3E). Effects in striatum appeared spatially dissociable.

A Positive effects of SV on BOLD

B Negative effects of SV on BOLD

C Conjunction: Positive & negative

D Positive > negative effects

E Overlap of conjunction and difference

z = 4y = 4x = 0

x = 10

Pos > NegPos & Neg Overlap

y = 6

Fig. 3. Whole-brain meta-analysis of positive and negative responses. A: Significant
clustering of positive responses. B: Significant clustering of negative responses. C: Con-
junction maps, showing regions with significant clustering for both positive and nega-
tive responses. D: Results of a between-category comparison, showing regions with
significantly greater clustering for positive than negative effects. E: Detail of the stria-
tum, illustrating overlap between the conjunction map (Panel C) and the difference
map (Panel D). In the overlapping region (orange), positive effects cluster more dense-
ly than negative effects, which in turn still cluster more densely than expected by
chance.

417O. Bartra et al. / NeuroImage 76 (2013) 412–427

Bartra, McGuire, & Kable (2013)

Manual meta-analysis Neurosynth
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Neurosynth as infrastructure

• >11,000 fMRI studies, 400,000 reported activations

• Represents almost any psychological state that can be indexed with words

• Automated and easy to scale
• ~1,500 new studies per year

• Database is open
• http://github.com/neurosynth/neurosynth-data

• Open-source software for manipulating data, performing common analyses
• http://github.com/neurosynth/neurosynth

• Closely integrated with an interactive web interface
• http://neurosynth.org
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Limitations

• Data quality issues
• No concept of contrasts, deactivations, populations, sample size, statistics, etc.

• No ontology
• Pure bag-of-words assumption

• Based on text rather than actual images

• Still… it works!
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Large-scale quantitative reverse inference
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Classification of cognitive states

Yarkoni et al (2011)
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Decoding mental states in single subjects

• Can we identify cognitive states in 
individual subjects?

• Test ability to classify working memory, 
emotion, and pain

• Remember, this is all based on text…

74
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Decoding insular function

!
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Figure 1 shows a digitized parcellation of human insular cortex and the overlying
operculum into four distinct regions based on the cytoarchitectural and fiber tract tracing
studies of Mesulam and Mufson (Mesulam & Mufson, 1982a, 1982b; Mufson &

Mesulam, 1982).  Regions were defined electronically on the single-subject Montreal
Neurological Institute (MNI) template (Evans et al., 1992) and masked to include gray
matter or voxels within 3 mm of gray matter using custom software in Matlab 6.5
(Mathworks, Natick, MA).  Each region is discussed in turn below.

Agranular insula / prepyriform cortex (red).  The agranular insula— Ag,
shown in red, and so named for its indistinct laminar structure and apparent lack of
stellate (granule) cells prominent in cortical input layers—is the part of insula that
surrounds the prepyriform cortex, the primary site of olfactory input to the cortex.  It
spans medial portions of the temporal pole, caudal orbitofrontal gyrus, and ventral
anterior insula.

This portion of the insula and adjacent cortex responds to primary odor
reinforcers in humans and animals (Critchley & Rolls, 1996; Dade, Zatorre, & Jones-

Figure 1.  Anatomical subdivision of insular cortex

ACC

ACC

ACC
MidC

MidC

MidC

LPFC

TP
TP Amy

PHPC STG

Figure 1.  Anatomical divisions of insular cortex.  Anterior ventral agranular (Ag) is shown in red.
Dorsal anterior dysgranular and adjacent frontal operculum (Adg) are in yellow.  Mid-insula
(Mdg) is in blue.  SII and adjacent parietal operculum are in green.  Arrows show a schematic of
projection patterns for posterior and anterior regions.  ACC, anterior cingulate; MidC, mid-
cingulate; LPFC, lateral prefrontal cortex; TP, temporal pole; Amy, amygdala; PHPC,
parahippocampal cortex; STG, superior temporal gyrus

Wager & Feldman-Barrett (2004)
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Insula parcellation

!
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A tale of two inferences
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Pauli, O’Reilly, Yarkoni, & Wager (2016)

Parcellating the human striatum



Pauli, O’Reilly, Yarkoni, & Wager (2016)



De La Vega, Chang, Banich, Wager, & Yarkoni (2016)

Parcellating the medial frontal cortex



De La Vega, Chang, Banich, Wager, & Yarkoni (2016)



And so on and so forth…
• You can do this for every part of the brain!
• But don’t bother—they’ve all already been done!

• Bzdok et al. (2013; TPJ), Cieslick et al. (2012; DLPFC); 
Clos et al. (2013; IFG); Eickhoff et al. (2014; DMPFC); 
Bzdok et al. (2013; amygdala); Zald et al. (2014; OFC); 
Riedel et al. (2015; cerebellum); etc. etc…

• Processing steps are fairly consistent
• We should probably just hurry up and automate this



Automated parcellation and decoding
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Automated Functional Parcellation and Meta-Analytic Decoding of fMRI Data with Neurosynth
Luke J. Chang1, Choong-Wan Woo1, & Tal Yarkoni2!

1Department of Psychology & Neuroscience, University of Colorado Boulder!
 2Department of Psychology, University of Texas at Austin!

!

!!

!

(1)  We have developed and validated a new toolkit, 
integrated into the Neurosynth codebase, for flexible and 
automated clustering-and-interpretation of brain activation 
data. 
 
(2)  Our parcellation solution is consistent with known functional 
architecture of the brain2 and our decoder is able to interpret 
the function of these subdivisions with remarkable specificity. 
 
(3)  Our tools can be used in flexible ways to help "decode" 
new brain activation maps and answer questions about large-
scale mappings between function and anatomy. 

1 Chang, Yarkoni, Khaw, & Sanfey, 2013. Cerebral Cortex, 23, 739-749.  
2 Smith et al., 2009.  PNAS, 106, 13040-13045. 
3Yarkoni, Poldrack, Nichols, Van Essen, & Wager, 2011. Nature Methods, 8, 665-670. 

INTRODUCTION!

CONCLUSIONS!ANALYSIS PIPELINE!

REFERENCES!

RESULTS!
Efforts to understand the brain’s functional architecture 
increasingly rely on data-driven methods to parcellate 
anatomical regions based on shared patterns of 
connectivity1.   
 
 
The results of such parcellations show striking conservation 
across different modalities2 and correspond to known 
functional and cytoarchitectonic divisions.   
 
 
There are a number of limitations to extant parcellation work: 
(1) the literature is relatively fragmented, utilizing highly diverse 
methods;  (2) authors rarely make their maps publicly 
available; and (3) the function of the parcellated subregions 
is often unclear.   
 
 
We developed new extensions to the Neurosynth software 
framework3 that enable fully automated parcellation and 
meta-analytic decoding of brain regions  
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5) Reconstructed Clustered Voxels!

6) Decode Clusters!
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2) Neurosynth Study Activations!

Studies in Neurosynth Database!

1) 3D Voxel Brain Grid!

Activation coordinates from 5,084 
published studies were grouped into 

a 2,379-cell grid of 10 mm3 voxels. 
 

Clusters reconstructed into MNI space 

3) Affinity Matrix!
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Grid Voxels (n=2379)!
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Grid Voxels (n=2379)!

4) Clustered Affinity Matrix!
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Cluster Number!

Pairwise 
coactivations of 
grid voxels were 
calculated using 
Jaccard Index.  
This affinity matrix 
was clustered 
using spectral 
clustering.  

K=30 Cluster Solution

Example Cluster Decoding

luke.chang@colorado.edu                              http://neurosynth.org 
tyarkoni@utexas.edu                          supported by NIMH RO1096906 

Spatial maps were passed 
through Neurosynth decoder 

Study 
activation 
probability 
was 
quantified for 
each voxel. 

An optimal cluster number was determined by the 
maximum of the silhoutte score. 
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Yarkoni, De La Vega, & Chang (in preparation)



Yarkoni, De La Vega, & Chang (in prep.)

Whole-brain clustering of all Neurosynth data



Yarkoni, De La Vega, & Chang (in prep.)

Selected clusters (k = 25)



Automated clustering and decoding of the insula 
(k = 3)



Automated clustering and decoding of 
Neurosynth “reward” map (k = 3)



Automated clustering and decoding of dorsal 
frontoparietal network (k = 3)



Wait, why k = 3?

• No reason



Automated clustering and decoding of dorsal 
frontoparietal network (k = 4)



Automated clustering and decoding of dorsal 
frontoparietal network (k = 7)



What have we learned?
• In general, we seem to get “nice” answers out of Neurosynth no 

matter what/how we cluster
• Clustering is a useful technique for describing one’s data in a 

low-dimensional way
• Can help us discern interesting distinctions and associations

• But it’s very unlikely to recapture the “true” data-generating 
process
• Hard assignment of each voxel to a single cluster is biologically 

implausible
• The actual structure of human cognition is likely to be extremely high-

dimensional, doesn’t necessarily sit on a low-D manifold

• Which of the following situations are we in?



Good



Bad



Ugly



This is 
what reality 
probably 
looks like 
most of the 
time with 
fMRI



Alternative approaches

• Clustering approaches have very low plausibility as 
models of data-generating processes
• This doesn't mean we shouldn’t use them—just be aware of 

their limitations

• There are many other decomposition approaches
• PCA, ICA, dictionary learning, LDA, NMF, etc…
• Each has advantages and disadvantages



Smith et al. (2009)

ICA applied to resting state and BrainMap data



Adding structure

• Most approaches 
decompose brain activity 
directly

• Mapping to cognition/
task space is unclear

• Can we explicitly 
constrain our models to 
respect that structure?

Yeo et al. (2014)



“Cognitive components”

Yeo et al. (2014)



Yeo et al. (2014)



• A generalization of 
correspondence-LDA (Blei, 
Ng, & Jordan, 2003)

• Each latent topic is 
associated with both a 
spatial distribution and a 
set of word tokens

• Explicitly designed to 
produce region-like topics

• We apply a symmetric 
constraint to produce 
bilaterally distributed topics

Generalized Correspondence LDA

Rubin et al. (submitted)



Neurosynth GC-LDA topics

Rubin et al. (submitted)



Rubin et al. (submitted)

Sample topics



Topics have probabilistic distributions

Rubin et al. (submitted)



Bidirectional decoding

• We can decode both text from images/coordinates 
and images from text

Rubin et al. (submitted)



Context-sensitive decoding
• The framework is Bayesian; we can “seed” the model with priors 

derived from either text or images

Rubin et al. (submitted)



Grand, sweeping 
conclusions

• fMRI is great
• But no study is an island

• There are principled limitations that make it hard to learn very 
much from any individual study

• Many kinds of inference require large-scale approaches
• Meta-analysis provides…

• High sensitivity
• More generalizable inferences
• Estimation of relative specificity of activation
• Ability to model brain-cognition mappings more comprehensively


