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Overview

1. Panic, panic, everywhere!
Just kidding

Neurosynth demo
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Neurosynth demo

What is data mining?

“...the computational process of discovering patterns in large data sets
involving methods at the intersection of artificial intelligence, machine
learning, statistics, and database systems.” --wikipedia

Much of what you’ve learned about already falls under data mining

Often contrasted with hypothesis-driven research

Until recently, data mining had a bad reputation in psychology/neuroscience
+ “Going on a fishing expedition...”




Why?

It’s fun!
* Neuroimaging data is expensive; we should maximize its utility

* You can learn interesting and unexpected new things
+ Bottom-up and top-down approaches are complementary

It’s probably wishful thinking to think you can avoid it

The promise of MR

Fig. 1, Canli et al (2001)




Look at those scatterplots!

Extraversion Neuroticism

Canli et al (2001)

In 2001...

+ The neural correlates of personality (and many other things) seemed:
+ Highly localized
+ Extremely strong
» Theoretically predictable

* The answers were just around the corner




What happened?

» Have these findings been replicated?

* Yes: Canli et al (2002); Kehoe et al (2011); Paulus et al (2003); Ochsner et al
(2006), etc.
+ Some are conceptual replications
+ Localization varies
+ Measures vary

* No: Britton et al (2007); De Gelder et al (2008); Hutcherson et al (2008); Kret et
al (2011), etc.

+ Some contradictory findings
* Many unreported non-replications

» Depends on how you define replication
+ Arguably no finding in personality neuroscience has been replicated (Yarkoni, 2014)

+ Why?

Power is often very low




A simulation

The effects of sampling...




The (hypothetical) truth







A pretty good projection of reality




A less good projection
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ANALYSIS

Power failure: why small sample
size undermines the reliability of
neuroscience

Katherine S. Button'2?, John P. A. loannidis®, Claire Mokrysz', Brian A. Nosek?*,
Jonathan Flint>, Emma S. J. Robinson® and Marcus R. Munafo’

Abstract | A study with low statistical power has a reduced chance of detecting a true effect,
but it is less well appreciated that low power also reduces the likelihood that a statistically
significant result reflects a true effect. Here, we show that the average statistical power of
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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Big Data helps

* Increased power
+ Better effect size estimation
* Helps us separate truly large effects from small effects that only seem large

+ In practice, an interesting thing happens...

22




Increasing sensitivity through meta-analysis

Wager, Lindquist, & Kaplan (2007)
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Kober et al. (2008)
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Meta-analyze all the things!

Kim et al. (2011) - Task-switching Kim (2011) Engelmann et al. (2011)
Subsequent memory Smoking cue reactivity
Molenberghs et al (2011) - Mirror system Chase et al. (2011) - Drug craving 55

Fan et al. (2011) - Empathy

Tillisch et al. (2011) - Rectal distension

Rehme et al. (2012) - Movement after stroke

Brooks et al. (2011) Subliminal arousing stimuli

Swick et al. (2011) Go/NoGo & Stop-Signal 26




Dude, where’s my effect?

+ A funny thing: as samples grow, effects seem to shrink

» Vul et al (2009b) reported a correlation of -0.62 between sample size and
effect size

 This is the raison d’étre of the funnel plot
+ The largest fMRI studies invariably report much smaller effects

* E.g., Whelan et al (2014), Nature: “Neuropsychosocial profiles of current and
future adolescent alcohol misusers”
+ Predict binge drinking at age 16 from an enormous amount of data at age 14
+ History, demographics, personality, cognitive ability, fMRI activity, genetics, etc.

+ “At the optimum point in the AUC curve, 73% of non-binge drinkers and 66% of binge
drinkers were correctly classified, significantly better than chance (P = 4.2 x 10-17)
given a base rate of 45% binge drinkers.”

Whelan et al (2014)




1.00
. — Mean Correlation

0.75]
) --- Mean Correlation + 2 * SD

050 .

0234

0.00]

-0.25]

r(RSFC,Age)

-0.50]

-0.75

-1.00

0 200 400 600 800 1000

Sample Size

Biswal et al (2010)

29

Voxelwise genome-wide association study (VGWAS)
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The structure of the human brain is highly heritable, and is thought to be influenced by many common genetic
variants, many of which are currently unknown. Recent advances in neuroimaging and genetics have allowed
collection of both highly detailed structural brain scans and genome-wide genotype information. This wealth of
information presents a new opportunity to find the genes influencing brain structure. Here we explore the
relation between 448,293 single nucleotide polymorphisms in each of 31,622 voxels of the entire brain across 740
elderly subjects (mean age + s.d.: 75.52 4- 6.82 years; 438 male) including subjects with Alzheimer's disease, Mild
Cognitive Impairment, and healthy elderly controls from the Alzheimer's Disease Neuroimaging Initiative (ADNI).
We used tensor-based morphometry to measure individual differences in brain structure at the voxel level
relative to a study-specific template based on healthy elderly subjects. We then conducted a genome-wide
association at each voxel to identify genetic variants of interest. By studying only the most associated var 1ant at
each voxel, we developed a novel method to address the
burden associated with the unprecedented amount of da
but several genes worthy of further exploration were iden
high relevance to brain structure. This is the first voxelwise genome wide association study to our knowledge and
offers a novel method to discover genetic influences on brain structure.

© 2010 Elsevier Inc. All rights reserved.
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This does not mean...

+ ...that all fMRI research is grossly underpowered
* Many questions can be answered with 4, 14, or 40 subjects
* It depends on the kind of question

» But in most cases, the prior probability of huge effects is not high
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Two possible interpretations

+ The largest studies to date are kind of crappy; the small studies are better

+ We’re engaging in a collective exercise in wishful thinking




Simple minds vs. muddle heads

"The two opposite errors to which psychologists, especially
clinical psychologists, are tempted are the simpleminded and the
muddleheaded ... The simpleminded, due to their hypercriticality
and superscientism and their acceptance of a variant of
operationalist philosophy of science ... tend to have a difficult
time discovering anything interesting or exciting about the mind.
The muddleheads, per contra, have a tendency to discover a lot
of interesting things that are not so. | have never been able,
despite my Minnesota “simpleminded” training, to decide
between these two evils.”

—Paul Meehl

On fooling one’s self




Surely, you jest...

+ Could we really be so wrong, collectively, about these things?

* Yes

« Some examples...

Deja vu all over again
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Association of Anxiety-Related Traits with a
Polymorphism in the Serotonin Transporter
Gene Regulatory Region
Klaus-Peter Lesch,” Dietmar Bengel, Armin Heils, Sue Z. Sabal,

Benjamin D. Greenberg, Susanne Petri, Jonathan Benjamin,
Clemens R. Mller, Dean H. Hamear, Dennis L. Murphy

Transporter-facilitated uptake of serotonin (5-hydroxytryptamine or 5-HT) has been
implicated in anxiety in humans and animal models and is the site of action of widsly used
uptake-inhibiting antidepressant and antianxiety drugs. Human 5-HT transporter (5-
HTT) gene transcription Is modulated by a common polymoerphismm in its upstream
regulatory region. The short variant of the polymorphism reduces the transcriptional
efficiency of the 5-HTT gene promoter, resulting in decreased 5-HTT expression and
5-HT uptake in lymphoblasts. Association studies in two independent samples totaling
505 individuals revealed that the 5-HT T polymorghism accounts for 3 to 4 parcent of total
variation and 7 to 9 percent of inherited variance in anxiety-related personality tralts in

individuals as well as sibships.

Anmcryq’clamd traits are fundamental, en-
during, and continuously diseribured dimen-
sioms of nonmal human pecsonality (1 3).
Alchough twin studies have indicated that
individual variation in measures of anxiery-
related personality traits is 40 o 60% her-
itable {4}, nume of the releeant genes has
ver heen identified. Variance in nersonnlite

factors with a number of pene products
involving distinct. brain systems such as the
midhrain raphe serotonin (3-HTY system
{4}, Neurotransuussion mediowed by 5-HT
cuntributes to many physiologic funcrions
such as mworor acriviry, food ineake, sleep,
and reproducrive activiry, as well as to cog-
nitian and emorional seares including mood

ent rranseriptional efficiencies when fused o
a reporter gene and transfected inte huoon
placental chorinczrcinoma (JARY cells (10).
The 3-HTTLPR is located --1 kb upstream
of the 5-HTT gene transeriprion initiation
site and is composed of 16 repear elemers,
The polymorphisin consists of a 44-hase pair
(bp) insertion or deletion involving repeat
clements 6 o 8 (Fig. 1A) In the present
stuily, polymerase chain reacrion {PCR-
bused genotype analysis of 307 subjects re-
vealod allele frequencies of 57% for the long
() and 43% for che shorr (Y allele (113, The
S-HTTLPR penotypes were distribured ac-
cording o Hardy-Weinlees eqquilibriom:
329 UL 49% Ifs, and 19% sfs.

Becse approprinee cell models for humean
serowoneryic neyrons do noe exise and JAR
cells are monozyuatic fur the 5- HTTLPR, we
studied 5-HTT gene expression in homan
lymphoblastaid eell lines. Like 5-HT neurons
andl JAR cells, lymphoblasts constitutively ex-
press funcrional 3-HTT and exhibit adeno-
sine 3,5 -monophosphate  (CAMP)-<lepen-
dent and protein kinase C (PKC)-dependent
S-HTT gene regulation, hur rhey do not ex-
press dopamine ot notepinephting rransport
ers (12). Cell lines with the complute range of
differenc S-ITTTLIR genotypes can readily be
obtained {13).

Lymphaoblast cell lines with different ge-
noypes were firse transfeored with con-
srructs in which a luciferase reporier gene
was fused ro ~1.4 kb of the 5'-flanking
protocter sequence contatning the [or s
form of the S-HTTLPR (1, [3, [4). The
Tasal activity of the [ variant was more than
twice that of the s form of the 3-HTT gene
promeoter (Fig. 1B). Stimularion of PKC by
phorbal 12-myristate 13-acemte {PMA) or
activation of adenylyl cyelase with forsko.
lin-induced transcrintional activity was oh-




ORIGINAL ARTICLE

Meta-analysis of genome-wide association studies for
personality
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Hypothesis-driven tests in neuroimaging

+ Paradigmatic case is focusing on a single ROI for theoretical reasons

This is often held up as an example of the right way to do science

« Isit?
+ How many ROls were actually tested?
« Were the ROls truly a priori?
+ Correction for multiple comparisons?

* How would you know?
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The first principle

One example: Millikan measured the charge on an electron by an experiment with falling oil
drops, and got an answer which we now know not to be quite right. It's a little bit off, because
he had the incorrect value for the viscosity of air. It's interesting to look at the history of
measurements of the charge of the electron, after Millikan. If you plot them as a function of time,
you find that one is a little bigger than Millikan's, and the next one's a little bit bigger than that,
and the next one's a little bit bigger than that, until finally they settle down to a number which is
higher.

Why didn't they discover that the new number was higher right away? It's a thing that scientists
are ashamed of--this history--because it's apparent that people did things like this: When they
got a number that was too high above Millikan's, they thought something must be wrong--and
they would look for and find a reason why something might be wrong. When they got a number
closer to Millikan's value they didn't look so hard. And so they eliminated the numbers that were
too far off, and did other things like that. ...

The first principle is that you must not fool yourself--and you are the easiest person to fool. So
you have to be very careful about that. After you've not fooled yourself, it's easy not to fool other
scientists. You just have to be honest in a conventional way after that.

--Richard Feynman, Cargo Cult Science
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You are the easiest person to fool

“ For example, the maximal correlation between right superior
PFC activation and choice performance was r = -.75. The
magnitude of this correlation may surprise those unfamiliar with
recent imaging studies that find similarly strong correlations
between isolated brain activity and overt behavior across a wide
variety of contexts ... We would suggest that given the
magnitude of the correlations obtained, it is not unreasonable to
entertain the possibility that complex cognitive functions are
localized to specific regions.”

Yarkoni et al. (2005), p. 552




Big Data helps

* It’s more difficult to fool yourself when you have large N’s

* Fudging tends to take place on the margins
+ With enough data, there are no margins

+ Large datasets are more likely to be public, transparent (e.g., fc1000)

+ Not a panacea, of course
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The importance of being specific
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The problem of reverse inference

+ Reasoning from brain activity to mental states is hard (Poldrack, 2006)
« P(State|Activation) is not the same as P(Activation|State)

+ Saying activation X implies state S1 is simultaneously saying that X implies
the absence of states S2, S3, S4 ...

« But how would we know?

* No individual study, no matter how big, can tell us
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Meta-analysis doesn’t help

Kim et al. (2011) - Task-switching Kim (2011) Engelmann et al. (2011)
Subsequent memory Smoking cue reactivity
Molenberghs et al (2011) - Mirror system Chase et al. (2011) - Drug craving 49

Fan et al. (2011) - Empathy

Tillisch et al. (2011) - Rectal distension

Rehme et al. (2012) - Movement after stroke

Brooks et al. (2011) Subliminal arousing stimuli

Swick et al. (2011) Go/NoGo & Stop-Signal 50




All regions are not equal(ly active)

Nelson et al. (2010)
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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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Conventional meta-analysis is not enough

+ We need comprehensive coverage
* Must directly compare studies of one task with many others
* Not easy to do manually

 Large-scale horizontal data mining is required
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The good news...

* New resources and methods are rapidly emerging that can help us overcome
these problems

+ Massive datasets spanning thousands of subjects and/or many tasks

* New multivariate approaches that improve sensitivity and/or specificity
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Huth et al (2012)
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One particular approach

» There are many resources for large-scale fMRI data mining
* You’ve already learned about several in this course

* But since I'm giving this particular talk...
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Large-scale automated synthesis of the literature

+ The data we need to establish many brain-mind mappings already exists
« > 20,000 fMRI articles have been published

« Can we synthesize this literature in an automated way?
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Two problems

» Data standardization

« Semantic annotation

+ Our approach: ignore both problems
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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: The brain is a bag of words

+ Each published article is an
unordered list of words

+ A study is about the words it
uses with high frequency
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What these assumptions buy us

Yarkoni et al (2011, Nature Methods)
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Current state of the database

+ 9,700 studies drawn from 50+ journals

» > 300,000 reported activations

* Represents almost any psychological state that can be indexed with words
+ Considerable potential for growth

+ Database is completely open
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Mining for associations between text and brain activation in a
functional neuroimaging database

Finn Arup Nielsen?, Lars Kai Hansen?, Daniela Balslev'3

- visual
pain
painful
memory
noxious
perception
auditory
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Pain vs. Pain

Blue: manual Green: automated
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Quantitative reverse inference
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Classification of cognitive states

Yarkoni et al (2011, Nature Methods)
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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

a New studies classified as: New subjects classified as:
140 .
B Working 80 - W Working
® 120 memory
2 400- H Emotion
60 O Pain

[or]
o
1

N
)
1
Number of subjects
N
o
1

Number of stud
[}
o
1

N
o o
1

0_
True class: Working Emotion  Pain
memory
Sensitivity:  94%  70% 65%
Specificity:  80%  86% 98%

True class;_Working Emotion Pain
memory

Sensitivity:  74% 76% 73%

Specificity:  88% 82% 92%

b

Wl Working memory W Emotion [OPain

73

Data-driven insula parcellation

Chang, Yarkoni, Khaw & Sanfey (2013)
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Insula networks

Chang, Yarkoni, Khaw & Sanfey (2013)
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Insula networks

Chang, Yarkoni, Khaw & Sanfey (2013)
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A tale of two inferences
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Everything is open

* http://qithub.com/neurosynth/

+ Available packages:
+ ACE: Automated coordinate extraction and very basic text mining (Python)

+ Core tools: Large-scale synthesis of fMRI data (Python)
+ Neurosynth viewer: JavaScript library for interactive 2D visualization (CoffeeScript)

+ Everything on the website was generated using these tools

* Focus is on simple, large-scale analysis and ease of use
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neurosynth.org

* A web interface that provides access to many of the data, tools, and results
generated with Neurosynth

+ beta.neurosynth.org: because every beta website needs its own beta website

+ Has an API, so other applications can easily use Neurosynth data
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Work in progress

80




Neurosynth has all kinds of limitations

The data are very low quality
* No concept of contrasts, deactivations, etc.
+ No ontology--every article is a bag of words

* No centralization of data
+ Arguably the wrong kind of data
* Etc...
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Improving data quality and annotation

+ Revamped coordinate extraction package

+ Text-mining is more than just word counting
+ E.g., “topic mapping” (Poldrack et al, 2012)

+ Crowdsourcing
+ Can’t eliminate human effort
+ Can we build elegant interfaces that make contributing easy?
+ E.g., Roberto Toro’s brainspell.org
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Towards images instead of coordinates

+ We're still relying on discrete coordinates
+ We would prefer to operate on images (e.g., Salimi-Khorshidi et al., 2009)

+ Can we incentivize people to share?
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NeuroVault

* neurovault.org
+ Gorgolewski et al.
* A public repository of whole-brain images

* Why use it?
+ Permanent URL w/ free storage
* Interactive visualization
+ Easy sharing
+ Interfaces with other tools
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Enables new applications

* NeuroVault has an open API
* Any image can be downloaded
+ Opens the door to new applications

* For example...
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Soon (hopetully)...

+ Perform real-time meta-analyses in-browser
+ Instantly share the results interactively

+ Evaluate all details of others’ meta-analyses

+ Annotate anything: voxels, contrasts, studies, etc.
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Conclusions

+ Large-scale data mining approaches are essential
* They are the only way to solve many inferential problems
» The choice between more vs. “right” data is not an obvious one

+ We live in a world full of enormous, rich, open datasets—use them!
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Thanks to...

+ many
others...

RO1MH096906
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Neurosynth is hiring!
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