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SMYLE Pacific Decadal Oscillation (PDO) predictions have seasonality
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SMYLE Pacific Decadal Oscillation (PDO) predictions have seasonality
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Can SMYLE beat an AR1 Model fit to the observed PDO?

First-order Auto-Regressive Model (AR1):

P =aPi_1 +1n;

/TN

Predicted PDO Previous PDO White noise
state at time t state at time t-1

PDO Lag-1 autocorrelation
aPDO — 091



Can SMYLE beat an AR1 Model fit to the observed PDO?

First-order Auto-Regressive Model (AR1):
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Can SMYLE beat an AR1 Model fit to the observed PDO?

First-order Auto-Regressive Model (AR1):
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Can SMYLE beat an AR1 Model fit to the observed PDO?

SMYLE sKkill is better. But is it

significantly better?
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SMYLE uncertainty using standard confidence intervals
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SMYLE & AR1 uncertainty using standard confidence intervals
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SMYLE & AR1 uncertainty using standard confidence intervals

Problem: SMYLE and AR1

predictions are not independent — § 5q1
because they are verified
against the same observations.
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SMYLE & AR1 uncertainty using standard confidence intervals

Problem: SMYLE and AR1

predictions are not independent — § 5q1
because they are verified
against the same observations.
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Solution: Use a significance 5 _—
test which explicitly accounts for £
Inter-model correlation.
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Significance test explicitly accounting for inter-model correlation

Siegert et al., 2017

Tay- correlation between model A and observations
1py- correlation between model B and observations

r,p- correlation between model A and model B
n: number of samples
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(Has a Student’s t distribution with n — 3 degrees of freedom)
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(Determinant of 3x3 Correlation Matrix)



Significance test explicitly accounting for inter-model correlation

* Original: Hotelling (1940) 1.y correlation between model A and observations
. Modified: Williams (1 959) 1py- correlation between model B and observations
r,p- Correlation between model A and model B
» Suggested for psychological studies: n: number of samples
Steiger (1980)

« Suggested for weather and climate
prediction: Siegert et al. (2017)
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(Has a Student’s t distribution with n — 3
degrees of freedom)

R=(01- riy — ri}, — rﬁb) + (Zrayrbyrab), (6)

(Determinant of 3x3 Correlation Matrix)



“Steiger” test outperforms standard test for correlated models
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Applying the test to SMYLE and AR1 PDO predictions

e \‘v‘—‘ A. FEB T,y correlation between model A and observations
075 e - 1py- correlation between model B and observations
r,p- Correlation between model A and model B
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1. Calculate 7, 13,5, and ry,

2. Calculate T,

3. Find T,,;;+ for your significance level and
number of samples (e.g., a = 0.95, n = 50) Re(l—P—F =2y +@rrr). (6
a )Y a ay’ by ab/?

4. If T, > |T.it|, reject Hy

(Has a Student’s t distribution with n — 3
degrees of freedom)

(Determinant of 3x3 Correlation Matrix)



SMYLE significantly outperforms AR1 from leads 4-13
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SMYLE FEB has the longest lasting statistical significance
SMYLE is insignificant (or significantly worse) at all leads
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SMYLE

10014 &

0.75

ACC [r]
o
Ln
o

0.25 1

0.00

06/11/25

struggles to predict the PDO
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Conclusions
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Inter-model correlation must be accounted for when
comparing model prediction sKill. (see Siegert et al., 2017)

SMYLE PDO prediction skill out-performs AR1
predictions for FEB initialization from leads 4-13

initialization does not significantly outperform AR1
at any lead time.

Full results to be published in GRL pending second review:
Meeker et al., Seasonality of Pacific Decadal Oscillation Prediction Skill
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Extra Slides
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Extra Slides

ACC (normalized RMSE)

ACC [r]
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AR1+ENSO
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Extra Slides

Perfect-ENSO
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Bookkeeping: ACC & AR1

« Anomaly Correlation Coefficient (ACC)

« How well do predictions for a given lead
correlate with observations?

Doesn’t account for magnitude of error

SMYLE predicted PDO

SMYLE FEB PDO, lead=02, r=0.92

-2 -1 0 1 2
observed PDO

SMYLE predicted PDO

SMYLE FEB PDO,|lead=16, r=0.43

-2 -1 0 1 2
observed PDO
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Bookkeeping: ACC & AR1

P, = aP,_{ + on,;

AR1 PDO predictions
(one line per year)

PDO index

Lead time
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