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Abstract

A new statistical technique has been used to optimally diagnose unforced predictable com-
ponents of surface air temperature (SAT) and precipitation on continental scales. The com-
ponents are identified from pre-industrial control runs of CMIP3 multi-model data set in
six continents. The leading components can be predicted in independent control runs with
statistically significant skill for 3-6 years in SAT and 1-3 years in precipitation, depending
on continent, using a linear regression model with global sea surface temperature (SST) as
predictor. The leading unforced predictable components of SAT are related to ENSO and
the persistence of SSTs near the continent itself. The only exception is Europe, which has no
significant ENSO relation. The leading unforced predictable components of precipitation are
significantly correlated with an ENSO-like SST pattern. No unforced predictability of land
precipitation could be found in Europe.

Motivation

Studies have suggested decadal predictability for large scale ocean variables (Pohlmann et al.,
2004; Boer, 2004). By contrast, multi-year predictability over continents, which is of interest
to policy makers, has been difficult to detect (Pohlmann et al., 2004; Boer, 2008). This raises
the need to use optimal spatial filtering technique to find such predictability. Questions to
be addressed in this study are:

• Is there any predictability over continents on multi-year scales?

•What are the possible mechanisms that give rise to such predictability?

Average Predictability Time (APT)

APT is defined as the integral of average predictability over lead times (DelSole and Tippett,
2009).
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where σ2c is the climatological variance, and σ2f (τ ) is the forecast variance at lead time τ .

We seek a linear combination of variables, qTy, that maximizes APT.
Vectors q that maximize APT are the eigenvectors of
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q = λΣ̂cq, (2)

where Σ̂f (τ ) and Σ̂c are sample covariance matrices of forecast and climatology.

• Eigenvalues λ give the APT values.

•Time series and spatial pattern of a single component are qTy and p = Σ̂cq.

•Components are uncorrelated and ordered by their contribution to APT.

Σ̂f (τ ) and Σ̂c are estimated from a linear regression model for the first few principal com-
ponents of x and y:

y(t + τ ) = Lτx(t) + ǫ(t). (3)

APT analysis of CMIP3 Multi-model Pre-industrial Control Runs

•Reject models based on outliers in trends and variances.

•Model grids are interpolated into common grid (5 ◦ × 5 ◦).

• Last 300 years of annual mean land SAT, precipitation and SST .

• First half of 150 years of data are used as training data. The rest are verification data.

• Selected model runs are pooled to create a multi-model data set.

• Each model’s climatology is subtracted out.

• 30 EOF truncation, 20-year maximum lag.

• Significance test using Monte Carlo technique.

•Using global SST to predict continental SAT and precipitation.
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Spatial Pattern and Squared Multiple Correlation of the Leading Component

Surface Air Temperature

−160 −140 −120 −100 −80 −60 −40 −20

20
30

40
50

60
70

80
90

APT=2.52 years (NA)

0.0

0.2

0.4

0.6

0.8

1.0

60 80 100 120 140 160

0
20

40
60

80

APT=2.2 years (Asia)

0.0

0.2

0.4

0.6

0.8

1.0

−90 −80 −70 −60 −50 −40 −30

−
60

−
40

−
20

0

APT=2.23 years (SA)

0.0

0.2

0.4

0.6

0.8

1.0

−20 0 20 40

−
40

−
20

0
20

40

APT=2.01 years (Africa)

0.0

0.2

0.4

0.6

0.8

1.0

0 10 20 30 40 50

40
45

50
55

60
65

70

APT=1.7 years (Europe)

0.0

0.2

0.4

0.6

0.8

1.0

110 120 130 140 150 160

−
45

−
35

−
25

−
15

APT=1.94 years (Australia)

0.0

0.2

0.4

0.6

0.8

1.0

Precipitation

−160 −140 −120 −100 −80 −60 −40 −20

20
30

40
50

60
70

80
90

APT=1.15 years (NA)

−0.5

0.0

0.5

60 80 100 120 140 160

0
20

40
60

80

APT=1.68 years (Asia)

−0.5

0.0

0.5

−90 −80 −70 −60 −50 −40 −30

−
60

−
40

−
20

0

APT=1.49 years (SA)

−0.5

0.0

0.5

−20 0 20 40

−
40

−
20

0
20

40

APT=1.25 years (Africa)

−0.5

0.0

0.5

0 10 20 30 40 50

40
45

50
55

60
65

70

APT=0.868 years (Europe)

−0.5

0.0

0.5

110 120 130 140 150 160

−
45

−
35

−
25

−
15

APT=1.45 years (Australia)

−0.5

0.0

0.5

Surface Air Temperature

0 2 4 6 8 10

0.
0

0.
4

0.
8

Time Lag (Years)

R
2

NA

0 2 4 6 8 10

0.
0

0.
4

0.
8

Time Lag (Years)

R
2

Asia

0 2 4 6 8 10

0.
0

0.
4

0.
8

Time Lag (Years)

R
2

SA

0 2 4 6 8 10

0.
0

0.
4

0.
8

Time Lag (Years)

R
2

Africa

0 2 4 6 8 10

0.
0

0.
4

0.
8

Time Lag (Years)

R
2

Europe

0 2 4 6 8 10

0.
0

0.
4

0.
8

Time Lag (Years)

R
2

Australia

Precipitation

0 2 4 6 8 10

0.
0

0.
4

0.
8

Time Lag (Years)

R
2

NA

0 2 4 6 8 10

0.
0

0.
4

0.
8

Time Lag (Years)

R
2

Asia

0 2 4 6 8 10

0.
0

0.
4

0.
8

Time Lag (Years)

R
2

SA

0 2 4 6 8 10

0.
0

0.
4

0.
8

Time Lag (Years)

R
2

Africa

0 2 4 6 8 10

0.
0

0.
4

0.
8

Time Lag (Years)

R
2

Europe

0 2 4 6 8 10

0.
0

0.
4

0.
8

Time Lag (Years)

R
2

Australia

Spatial pattern and squared multiple correlation in verification data of the leading component for
surface air temperature and precipitation over six continents. Spatial patterns have units of K. The
dashed line indicates the 5% significance level.

Relation between SST and Predictable Surface Air Temperature
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Correlation patterns of SST with the leading predictable component of surface air temperature over
six continents. Insignificant areas are masked out based on a Student’s t test at a 5% significance
level. Each row represents a particular continent, and each column represents a particular lead time.

Relation between SST and Predictable Precipitation
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Correlation patterns of SST with the leading predictable component of precipitation over six conti-
nents. Insignificant areas are masked out based on a Student’s t test at a 5% significance level. Each
row represents a particular continent, and each column represents a particular lead time.


