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i Decoding and predicting intentions:
A case study for MVPA applications



Decoding intentions

%‘i& % - E Voxel pattern
] = . n
/ I\- _E;'ﬂ :} Ila'"ll l
'\-.___\' ¥
{ BB B | Pattern vector

HH
111

JFeed cat”

Test data

W]

(] patten |—[ 1N N
Bockfightt [T IR classifier

(T 7]

| .

(.

Lrepare lecture”

.Go shopping” {EQ E'HM} —= | Prepare lecture”

Decoded label

Fost letter”

Cook dinner”




Experimental paradigm “task sets”
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Bode & Haynes Neuroimage 2009
Decoding sequential stages of task preparation in the human brain
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Trial types
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Labels for decoding stimuli

Bode & Haynes Neuroimage 2009



Labels for decoding responses
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Labels for decoding task sets
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What to put into your classifier: space

Whole-brain decoding

Curse of dimensionality
Biological plausibility?
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Region of interest

Searchlight decoding

Specific subspace
Locality assumption
Spatially unbiased




What to put into your classifier: time

Singe volume activity
(typically baseline corrected)

HRF-fitted single-trial parameter estimate

Runwise GLM parameter estimates
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Practical implementation

Preprocessed GLM parameter This you can do e.g. in SPM

data estimates

— Test
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,Leave one
run out”
cross-validation

3 label

—Train
Single subject
local decoding
accuracy map

correction, normalization, reslicing
General linear model estimation,
here: 4 regressors for trial types 1...4

Preprocessing: Motion correction, slice time

Spatial normalization can occur before or after classification. This flow chart shows “early” normalization.



Averaging accuracy / information across subjects

One decoding accuracy map per subject

|

You can do this in SPM
if you are ok with a t-test
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Stimulus decoding
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Response decoding
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Task-set decoding

Bode & Haynes Neuroimage 2009



Decoding across time:
Finite Impulse Response Functions

Canonical HRF
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Decoding across time:
Finite Impulse Response Functions

canonical HRF N parameter estimates
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Task-Rules

Target
Stimuli

Motor
Responses

Decoding across time

visCor [-18 -78 0]
Accuracy =63 %

IPS [-24 -45 42]
Accuracy =60 %

pVLPFC[-4812 21]
Accuracy = 56 %

aVLPFC[-51 33 3]
Accuracy = 58 %

SMA [-18 6 66]
Accuracy = 65 %

visCor [-15 -9
Accuracy = 712

Bode & Haynes Neuroimage 2009
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aVLPFC[-51 33-12]
Accuracy = 56 %

motCor [-39 15 57]
Accuracy =75 %



Hierarchy and compositionality: Cross-classification

Rule AB

Compasitional Coding

Rule A Rule B

Independent Coding
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Rule AB

Reverberi, Gérgen & Haynes Cer Cortex 2012
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“if there is a face press left”

Carlo Reverberi
. 3500-9500 ms former Posf[doc
now at U. Milano

, 750 ms

. 2000-4000 ms

-

, 500 ms
“if there is a face press right”
“if there is a house press left”

Compositionality of Rule Representations in Human Prefrontal Cortex



Hierarchy and compositionality: Cross-classification

Reverberi, Gorgen & Haynes Cer Cortex 2012



Pitfalls: Confounds

Simulated example: experiment condition confounded with difficulty
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— SURjEct 1 (A mare difficult)
subject 2 (B more difficult)

o

Voxel activity

I;_..'1

Trial (blocked by experiment condition)

One possible ,fix“: Regress out
reaction times before classification

Todd et al. Neuroimage 2013
Confounds in multivariate pattern analysis



Pitfalls: Confounds

Choice decoding with and without regressing out reaction times

David Wisniewski
Postdoc

Choice
(Difficulty regressed out)

Wisniewski, Reverberi, Tusche & Haynes Cer Cor 2014
The neural representation of voluntary task-set selection in dynamic environments



Kai Gorgen
PhD Student

Pitfalls: Other confounds

Design
Run 1
Run 2
Run 3
Run 4

- — =
Trial 1

Example data

Neuro 1 2 [aul
CtrlRT* 100 200 [ms]

*could be any data: Difficulty, Age, Order

Cross-validation

CV step 1 (same for all other steps)

Classical test

E.g. t-test, F-test

A Training Run 1 A
Mean Run1-4 B Run 2 B

Run 3 A
Mean Trial 1.5

Result: No difference Resulting|Classifier

Validation Run4 Both wrong!
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Pitfalls: Statistical testing

Binomial
Simulation

I Diff

p(# correct)

Kai Gorgen
PhD Student

[ ]
L

e LT

unlllllluh AR,
30

3(
# correct predictions

[ 1
—

0
c
o
Q
=
K7
Q
0.

015

Cross-validated classification accuracy is not binomially distributed!

Gorgen, Allefeld & Haynes, in preparation



Overfitting

Pitfalls

right orientation
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Alternative to decoding: Cross-validated MANOVA

A=15
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pattern distinctness D: estimate multivariate variance, explained by effect vs error
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cVMANOVA applied to visual working memory

three different studies:
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Broca's area intraparietal sulcus

OHBM Poster Nr. 2177
Chang Yan Decoding neural representations of chinese characters stored in working memory
PhD student Tuesday June 16, 2015 12:45-14:45

Yan, Christophel, Allefeld & Haynes, in prep.
Christophel, Hebart & Haynes Journal of Neuroscience 2012, Decoding the contents of visual short-term memory ...
Christophel & Haynes Neuroimage 2014, Decoding complex flow-field patterns in visual working memory



Predicting decisions

Chun Siong Soon
former PhD student
now at Duke-NUS Singapore

... potential predictors ...

Soon, Brass, Heinze & Haynes Nature Neurosci 2008
Unconscious determinants of free decisions in the human brain


http://www.dgkn.de/uploads/pics/heinze.jpg

Decoding choice after decision
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Decoding choice before decision
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Early decoding because of sequential dependencies?
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Soon, Allefeld, Heinzle, Bogler & Haynes Frontiers in Psychology 2014
Predictive brain signals best predict upcoming and not previous choices




Summary

MVPA and decoding can be used to investigate the neural representations of
intentions, even of decisions before they become conscious.

Important techniques:
— training and testing of classifiers to assess information in the form of accuracy
— associate experimental conditions with different classification labels
to access different kinds of information
— use the searchlight for localization of information
— leave-one-run-out cross-validation for well-defined pattern estimates
— FIR modeling for time-resolved analysis
— cross-classification to examine commonality or invariance of representations

Potential pitfalls:

— confounds

— errors in statistical testing
— overfitting

Alternative to decoding: Cross-validated MANOVA
as a natural framework for MVPA in the context of complex factorial designs.
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