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What does Representational Similarity Analysis measure?
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The Euclidean distance in RSA
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Euclidean distance & Pearson correlation distance
fMRI activity patterns
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Euclidean distance & Pearson correlation distance
fMRI activity patterns

— U -
0.8 05 02-])u, 1
03 06 05-])u,
¢ ¢ o‘.:ﬂ
. o f::’.
o
™ :::. ‘:‘.:.':-.
Q
S
=
i £
1
O)(e/7 p \,Oxe\z




Euclidean distance & Pearson correlation distance
fMRI activity patterns

— U — 1
08 05 02---])u,
03 06 05-])u,
2
u,=u,-u, %
>
u,=u,—u,
1 P 1
O)(e{7..:.‘~; . \,O)(e\z




Euclidean distance & Pearson correlation distance

fMRI activity patterns
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Euclidean distance & Pearson correlation distance
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Reliability of dissimilarity measures

Split-half reliability analysis
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Overview

* fMRI pattern noise normalization



Univariate & multivariate noise normalization
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Reliability of dissimilarity measures

Split-half reliability analysis
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From raw to noise normalized dissimilarity measures

MRI beta weights Squared Euclidean distance

_ B _ A 2 (I " " ~ON\T
~([o8 05..]p, = dAB=(b,~b,)b,~b,)
- 2 e Multivariate noi "~ RaTS
03 06--] b, ovarte noe | =B 2

Squared Mahalanobis distance
d(A,B)* = (u,—u,)(u, - ﬁB)T

4
4
/

[ 4

Representational
dissimilarity matrix

A B
N 0 [d
2d| 0




Overview

» Crossvalidated dissimilarity measures



Conventional distances are positively biased

Estimated distance [squared Euclidean]
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Crossvalidated distance estimates
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Conventional distances are positively biased
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Conventional distances are positively biased
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Crossvalidation schemes

Crossvalidated “distance”
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Reliability of dissimilarity measures

Split-half reliability analysis
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From raw to noise normalized dissimilarity measures

MRI beta weights Squared Euclidean distance
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From conventional to crossvalidated dissimilarity measures
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From crossvalidated Mahalanobis to Linear Discriminant t

fMRI beta weights
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Reliability of dissimilarity measures

Split-half reliability analysis
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» Distance measures vs. pattern classifiers



Distances vs. linear classifiers

Split-half reliability analysis
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Key insights

 B1 Euclidean and correlation distance measure dissimilarity
differently and are invariant to different pattern
transformations

« B2 Multivariate noise normalization significantly enhances
the reliability of dissimilarity measures

« B3 Crossvalidated dissimilarity estimates are unbiased and
ratio scale (with interpretable zero point)

B4 Pair-wise classification accuracy is a quantized
measure of representational distinctness and
significantly less reliable than continuous distance
measures

Walther et al (in review)
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