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 Correlation = normalized covariance

 How well a linear equation describes the
relationship between X and Y
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relationships




Research Question

How can we define a Pearson Correlation
Coefficient that takes into account the network
structure?
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 Max when Cov(X,y) = SD(x) * SD(y)
 Each change in x is proportional to a change iny
* Example: Cov(x,x) = SD(x) * SD(x) = Var(x)
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We don’t have to use |

We can use W, a matrix of node proximities
My choice: W = gk

L = shortest path length
k = damping factor

Self loop = 1, exponential decay with distance
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Validation: Expected Behavior
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Validation: Difference with Baseline
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Summary

* Pearson Is useful but ignores networks
* We can plug a network In
* The resulting correlation iIs meaningful

* |t has practical applications
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