Overview

» Given observed time series and a target time series, is it possible to identify its causes? Under

which assumptions?

» Goal: Define necessary and sufficient conditions for causal feature selection in time series with

latent common causes under some graph constraint.

Formal problem description
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» The two graphs entail different patterns of conditional independences. [5]

» Finding different patterns of conditional independences in time series is more complex and requires conditioning

on a larger conditioning set.

Issues of existing methods which we want to avoid
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» Exclude hidden common causes (PCMCI [7], Granger [2]) @

@f) set Z 1o zg
» Need to have interventions on the system (seqICP [6]) > @ } @

» Require large conditioning sets (SVAR-FCI [4], tsFCI [1]) — low statistical strength
» Require exhaustive conditional independence tests — low statistical strength

Finding conditional independence patterns in time series
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Assuming A1-A9 (see paper) and single-lag dependency graphs, let w; be the minimum lag between X
and Y. Further, let w;; := w; — wj. Then, for every time series X' ¢ X we define a conditioning set
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and the path between the two nodes is sg-unconfounded.

Let the assumptions and the definitions of the previous Theorem hold.
If X} is a direct, “sg-unconfounded” cause of Y; ., (X; — Yiyy.), then cond. 1and 2 of the previous
Theorem hold.

Efficient conditioning set

» The resulting conditioning set {S', Y;1w,—1, X} } contains covariates that enter the outcome node
Yi1w;—1, and not the potential cause X/ _,.

» Adjustment sets that include parents of the potential cause node are considered inefficient, as
they can reduce the variance of the cause If they are strongly correlated with it, and thus reduce
the signal [3].

» On the other hand, adding nodes that explain variance in the outcome node (precision variables)
can contribute to a better signal to noise ratio for the dependences under consideration.

» Therefore, our choice of conditioning set could also strengthen the statistical outcome.

Algorithm

Input: X, Y.

Output: causes_of_Y

nvars = Shape(X, 1); causes_of_Y= ||
w = min_lags(X,Y)

for:=1to nvars do

Nnvars
S;

’jH,#j{X}f]+z,z,'{/]u,'ml}

pvaluel = cond_ind_test( X/, Yl 51 Yipwli—1))

if pvaluel < threshold1 then

pvalue2 = cond_ind_test(X}_;, Yy wfi)s [Sis X7, Vi wfil—1))
if pvalue2 > threshold? then

| causes_of_Y = [causes_of_Y, X7|

end

end

end
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SyPI on real world data
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Ground truth (DE): Dataset with Raw milk
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Results: 100 % TPR, 84% TNR

Ground truth (IE):
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Cheddar

Results: 100 % TPR, 100% TNR

Ground truth (UK): Dataset without Raw milk
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Conclusion

» Our method addresses one of the key problems of causal time series analysis:

Algorithm with the number of time series
Both necessary and sufficient conditions

Successful application on simulated and real data
Conditioning set efficient in terms of SNR
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» Simplify some of the graph constraints
» Extend for multiple lags (not necessary conditions for multiple lags so far)
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