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Example 1: [he Ventral Visual Pathway
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Example I: [heVentral Visual Pathway

Multi-array electrophysiology in macaque V4 and IT.
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Example I: [heVentral Visual Pathway
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Example I: [heVentral Visual Pathway
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Data as Feature Representation

Pixel space: R~1000000

CHAIRS

[T feature space: R40000)

Dim 1
1 % Chairs
o g Dim 2

Dim 3

pixel RGC LGN



Data as Feature Representation

[T feature space
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T"; = vector of neural responses to stimulus i

I = vector of neural responses to stimulus j



Data as Feature Representation

[T feature space

Dim 1
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T"; = vector of neural responses to stimulus i
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N = # of neurons (# of dimensions) k = variable ranging over neurons



Data as Feature Representation

[T feature space

Dim 1 T"; = vector of neural responses to stimulus i
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Representational Similarity Analysis
M;; =1 — correlation(r;,r;)
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High M (red) means neurons think the two stimuli are different.



Representational Similarity Analysis

» RDMs allow comparison of different neural representations on
a common stimulus set

Monkey IT Human LOC i jeceskorte, 2008
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[IPYNB:  Correlation Analysis]



Representational Similarity Analysis

_ representation read-out _
Stimulus > Neurons > Behavior

V2

How do we measure similarity or differentness of
these correlation matrices?



[IPYNB: RSA]



Representational Similarity Analysis
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Correlation Analysis

Example from Self-Regulation Ontology Data

Task metrics subj 0 vs subj 1
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Correlation Analysis

Spearman's rank correlation coefficient

From Wikipedia, the free encyclopedia

In statistics, Spearman's rank correlation coefficient or Spearman's p, named after .

) Spearman correlation=1
Charles Spearman and often denoted by the Greek letter p (rho) or as 75, is a Pearson correlation=0.88
nonparametric measure of rank correlation (statistical dependence between the rankings 10 : s : :
of two variables). It assesses how well the relationship between two variables can be
described using a monotonic function.

~

The Spearman correlation between two variables is equal to the Pearson correlation
between the rank values of those two variables; while Pearson's correlation assesses
linear relationships, Spearman's correlation assesses monotonic relationships (whether
linear or not). If there are no repeated data values, a perfect Spearman correlation of +1
or -1 occurs when each of the variables is a perfect monotone function of the other.

Intuitively, the Spearman correlation between two variables will be high when

_15Ls ; j ; i i

observations have a similar (or identical for a correlation of 1) rank (i.e. relative position 00 02 04 06 08 1.0
label of the observations within the variable: 1st, 2nd, 3rd, etc.) between the two X
variables, and low when observations have a dissimilar (or fully opposed for a correlation A Spearman correlation of 1 results when the two &

variables being compared are monotonically related,

f —=1) rank between the two variables.
° ) betwee etwo abies even if their relationship is not linear. This means that

Spearman's coefficient is appropriate for both continuous and discrete ordinal all data points with greater x values than that of a

variables.|"2) Both Spearman's p and Kendall's 7 can be formulated as special cases of ~ 9'ven data point will have greater y values as well. In
) o contrast, this does not give a perfect Pearson

a more general correlation coefficient. T

[ — N
For a sample of size n, the nraw scores X;, Y; are converted to ranks rg X;,rg Y;, and
T5 IS computed as
cov(rgy,rgy)

Ts = Prgxrgy = ’
' Orgy Orgy

where

p denotes the usual Pearson correlation coefficient, but applied to the rank variables,
cov(rgy,rgy ) is the covariance of the rank variables,
Orgy and og,. are the standard deviations of the rank variables.



Correlation Analysis

Example from Self-Regulation Ontology Data
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Correlation Analysis

Higher (redder) value means subjects more similar

Task correlation matrix
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Correlation Analysis

Higher (redder) value means subjects more similar

Task correlation Matrix
Ordered by Clusters
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Ordering based on clustering of subjects, using
Correlation matrix as affinties
(will return to this later lectures)



Correlation Analysis

Higher (redder) value means subjects more similar

Task correlation matrix
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Correlation Analysis

Higher (redder) value means subjects more similar

Task correlation matrix
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Correlation Analysis

The survey and task metrics aren't too related

Task metrics vs survey metrics

" Trval =TO.OGST

1— Each dot is a point
In the correlation matrix,
e.g. a pair of subjects
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Correlation Analysis
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Correlation Analysis

Health metrics

Survey metrics vs health metrics
rval = 0.078
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