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Outline

Learning from observations: models and how to know if
they capture anything real

» Validating Relationships:
» Encoding brain signals from stimuli
» Decoding stimuli from brain signals
- Validating Structure:

» Modelling functional architecture
» Significance revisited
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Relationships
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Stimuli and activity
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- What is the relationship between the experiment
condition and the observed brain activity?

« Does a specific model capture this relationship?
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Stimuli and activity
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- Encoding: Predicting brain activity from experiment
condition

* Decoding: Predicting experiment condition from brain
activity
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Multivariate observations
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BCE  Z

Signals observed
in the brain
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Brain and experiment condition
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@?’ Labels - discrete
, classes of stimuli or
o experiment conditions
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Rich stimuli
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stimuli
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Encoding
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- Encoding models predict brain activity from features
that correspond to experiment conditions

« Mass-univariate example: GLM

- Multivariate linear encoding model [Kay et al. 2008]

[Example: Kay et al., 2008]
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Encoding 1: represented Information

ERNCE I =
] O = O
5 - = Encoding —t—
> ONNE ¢  H[OHE
| HONEE B
= []
11 < Does region X represent any information about a
stimulus?

» We choose a model that predicts activity from features
» We test whether we can predict activity significantly
better than chance

[Naselaris et al., 2011]
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Example - univariate

» Simple example: mass univariate . Faces » OBjcts S
analysis - GLM Error

Learned Coeffilcient ﬁ ﬁ JJ #{JJ fii)

) @ \\\ 'v"
Y —_ x _I_ 8 V “ Time (seconds) —»
— 3b. Intact Faces >
(] ] . N
]

Scrambled Faces

shial .

+ Estimate beta coefficient ~ local 7
effect size for each voxel e R

» Test if the O-hypothesis beta =0
IS true or false (t-test)

m,m

o Time (seconds) —»

[image from Kanwisher et al. 1997]
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» Predict fMRI voxel response

from intermediate feature

vector of experiment condition

(e.g., a noun)

* Results in predictor from

feature space to voxel signal

space

 Predict response for un-seen
stimuli if we can map them

iInto feature space
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Example - multivariate

Learned scalar parameter
that determines how the
feature activates the voxel

Stimulus
n

\
yo = ) _coifi(w)
\

i=1

Feature i of n
features in the

Voxel signal feature vector

m| EEE noun

aeg noun

EOE
== noun

EEO —
1 € noun

EEm
=== noun

EOE noun
EEO

]
noun

Ooooooo
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Intermediate

: Words
semantic features

[Mitchell et al. 2008]
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1 Example - multivariate cont’d

 Validation: compare predicted
response to observed response for
pairs of hold-out words in a cross
validation scheme

“airplane”

Predicted:

- Match based on cosine similarity of
the vector of 500 most stable
Match decision

VOXG/S based on similarity -
« Test: Is the match correct more often
than chance?

. Chance: 50% R

- How far away from 50% is needed

to provide for significance of e.g.,
0.05 [example from Mitchell et al. 2008]
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Example - multivariate cont’d

« Estimate distribution of chance
model by —

“airplane”

* permuting words randomly
during training of the model

Predicted:

* or choosing other random words,
select intermediate features at
Match decision

random during training of the based on similarity | ..
model

» Using the correct labels during
teSti n g Observed:

 We can determine a level that is
significantly above chance based
on this distribution

[example from Mitchell et al. 2008]
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Background: cross-validation

Iterate over
possible splits.
For each spilit ...
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Georg Langs

1. Train the model on the training
data

2. Apply the model on the test data.
In the example: predict brain
activation from feature vectors

3. Validate result on the test data.
In the example: check if
assignment between simulation
and observation is correct.
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2l Encoding 2: comparing regions

RN R

[] [] O
= = B Encoding —t
> DENE — HOHE
| HONEE I I

RN []

* Does region X contain more information regarding the
stimulus than region Y?

« Caveat: this is a function of the chosen model, and can
analogously be used to compare models. Be aware of your
assumptions.

[Naselaris et al., 2011]
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Example

* Determine prediction high

accuracy at each voxel

- Validation: compare
prediction accuracy across

the brain

low

Prediction accuracy of fMRI activation
with given model. In this case a
Gabor wavelet encoding model from

visual stimuli

[image from Naselaris et al., 2011]
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) Encoding 3: comparing models

RN B

[] [] B O
= = B Encoding —t
> DENE — HOHE
| HONEE I I

RN []

* Does region X preferentially represent specific
features / information captured by a specific model?

« Create two encoding models based on different feature
extractors, e.g., semantic versus visual, and compare the
prediction accuracy

[Naselaris et al., 2011]
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¢ Encoding: complete description”

RN =

[] [] O
S = n Encoding —t
> DENE — HOHE
| HONEE I I

RN []

- Which features describe a region X completely?

- Can we find a model that explains all variance in region X
(except noise)?

* Tricky: this is constrained by the experimental design,
since it might well be that our model cannot explain

variance that occurs during a different experiment.
[Naselaris et al., 2011]
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awil|

* Decoding models predict stimuli, features or more
generally experiment conditions from brain activity

Decoding

Decoding

* Very often classifiers are used

» We can determine if a region contains information, and
can identify informative regions via feature selection

approaches.
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Decoding

EEEDm =
] ] wml=

- [] [] | Dig ~  HNE

: EEED T EOE

| EDEEm EED
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* Is region X important for processing of a stimulus /

behavior?

* We choose a model that predicts features from activity

- We test whether we can predict stimulus/behavior
significantly better than chance
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Example: Search Light

* Perform standard GLM

analysis to estimate beta > Stimulus
. Decoding
coefficients
e Scan the beta values in the
brain volume with a sliding B Smoothed data
. (4-mm-radius spherical kernel)
0@0 k
* Predict stimulus from values v\ o /%
in this WindOW by means Of C Local-pattern-effect map Information-based

(4-mm-radius sphoocal Mahalanobis soarchloghl)

multivariate model (e.g., SVM) ilo

e Test if your prediction is
above chance

\ threshold (FDR)-_

[Figure from Kriegeskorte et al., 2000]
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Example: Gini contrast

 Detect distributed patterns by

learning a classifier on the entire ‘ /l\ 4ﬁ

brain / grey matter EEEEEEE EEEEEEE

» Bagging approaches such as ' ,Cg\ ‘ /é\

Random forests offer feature
scoring

 Grouping effect: informative ‘ ,1\
features are reliably identified even

if they are correlated

[Langs et al., 2011]
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Example: Gini contrast

Gini contrast

Q
-

rs
'I'l'll'-'m mv.r-l'-

Bodie: © _|
o —6— RF classifier
—— SVM-L classifier
Te]
o

I I I I I I I I
50 200 1000 5000

« Validate:

- Classification accuracy in a cross-validation set-up

[Langs et al., 2011]
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Example: Gini contrast
e e

Gini contrast

Shoes

(o]
© | |—e— RF classifier
—A— SVM-RBF classifier
—— SVM-L classifier
v _|
o

I I I I I I I I
50 200 1000 5000

- Validate:
- Classification accuracy in a cross-validation set-up

« Confusion among specific pairs of classes
[Langs et al., 2011]
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Example: Gini contrast

Overlap of selected areas

0.50 1.00

Dice score
0.05 0.10 0.20
|

i —6— Gini ranking
e —A— SVM RFE ranking

0.02
l

Top 1% features only fold | ® Top 1% features only fold 2 ® Overlap of fold | and 2

0.01
l

50 200 500 2000 10000 50000

Number of selected features

- Validation:

- Repeatability of selected features (voxels) if learning is

repeated on different data sub-sets Langs et al., 2011]
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Structure in the data
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FINding structure in function

* Is there any structure in the data that is generated by an
underlying process of interest?

- We don’t have ground-truth, or any out-side relationship
to verify if we are detecting anything real

» Reproducibility and Specificity
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Example: resting-state networks

Discovery sample (500 subjects)

» Clustering in the similarity profiles
of brain signals to anchor node
signals

* Results in parcellation of cortex
- Validation:

 Split into discovery and
replication set and comparison
of network assignments

[Images from Yeo et al., 2011]
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Example: resting-state networks

- Validation:

« Confidence in the label assignments

based on silhouette value for each
vertex

N b(i) — a(i)
s() = max;(a(i), b(i))

« Accumulate over all vertices:
estimate of cluster separation

[Images from Yeo et al., 2011]
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Example: resting-state networks

« Validation:

 Evaluate the cluster stability by
randomly sub-dividing subjects or
vertices in subsets, and estimating
clustering on this sub-set

 Transfer labels to complementary
set

- Calculate dissimilarity between
transferred and native cluster labels

0.20 -

0.15 1

Instability
o
=

0.05 1

IIIIIIIIIIIIIIIIIIIIII

3 5 7 9 11 13 15 17 19 21 23 25
Number of Networks

A(@(X),Y) = min 3" 1{x(®(X,) # Vi)

[Lange et al., 2004]
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Specificity

- Are we detecting
d Iﬂ:e rences? Inter-subject Variability

* Repeat measurements and
control results of
differences for variability
that is present in repeated
measurements (i.e.,
measurements that should
be identical ideally - under
your assumption)

[Images from Miiller et al., 2013]
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s there anything to report?

... significance revisited
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D-values

- Significance initially conceived as sanity check: ‘is it
worth a second look?’ Fisher 1920

* O-hypothesis: observations are random

- Assuming O-hypothesis is true, what are the odds of
getting results at least as extreme as the observation

 This probability is the p-value

[read: Regina Nuzzo, Nature 2014] [initially suggested by Ronald Fisher 1920]
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What p-values cannot do

< : e >

* p-value: probability that observation could be made despite
0O-hypothesis is true

* p-value is not probability that-O-hypothesisis true

* p-value is not the probability that-ebservation was false alarm

* We cannot say anything about the underlying mechanism
based only on the p-value. We would need additional
information for this ...

[read: Regina Nuzzo, Nature 2014] [initially suggested by Ronald Fisher 1920]
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But what can we get from it”?

Effect
50% 50%
P=0.05 P =0.01
l Effect l Effect
29% 71% 89%
11%

 Consider the prior probability of the hypothesis.

- Consider the size of the effect
[adapted from Regina Nuzzo, Nature 2014] |[Goodman, 2001]
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But what can we get from it”?

Effect
95%
5%
P=0.05 P = 0.01
l Effect l Effect
89% 70% 30%
11%
 Consider the prior probability of the hypothesis.
« Consider the size of the effect
[adapted from Regina Nuzzo, Nature 2014] |[Goodman, 2001]
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Bayes theorem

What we learn from
our observation

 p(A|B) Posterior probability of hypothesis/model A given
observation B

* p(A) prior probability of hypothesis/model A

* p(B) prior probability of observation B

* p(B|A) Probability of observation B assuming hypothesis/
model A is true
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Summary

« Validation and Inference: what do we learn from the
observations?

- Multivariate relationships between functional
neuroimaging data and experiment conditions

» Structure in functional neuroimaging data

- Significance - do we have anything to report?

Thank you!
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