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Outline 

•  Bayesian climate prediction & evidence 
–  Modifying prediction using data 
–  Huang et al. 2011: Rating data types 

•  Testing models’ multi-decadal predictive capability 
–  Multi-decadal prediction and sensitivity? 
–  What data type contains the most information? 
–  Are means or trends a better test? 
–  Extracting maximum information from data 
–  A tabulation 

•  Conclusions 
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Bayesian approach 
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ymost likely = yprior +ΣyxΣxx
−1(d− xhindcast )

Σyy, posterior = Σyy, prior −ΣyxΣxx
−1Σxy

=σ prior
2 (1− ρ2 )
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A few more concepts… 
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Ranking Data Types 
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Satellite Measurements 

In Situ Measurements 

Huang, Y., S. Leroy, and R. Goody, 2011: Discriminating between climate observations in terms of 
their ability to improve an ensemble of climate prediction. Proc. Nat. Acad. Sci., 108, 10405–10409.  



Next steps… 

•  Strengthen conclusions by using more models 
–  Use CMIP5 archive (ca. 50 models) 

•  Consider spatial dimension 
–  Expect global averages to wash out important information 
–  Spatial dimension may compensate for missing information, e.g. radiative forcing 

•  Consider information in temporal trends and temporal means 
–  Check assumption that climate models ought to be tested by climate trends 
–  Check that sensitivity is more closely related to radiation trends rather than to 

radiation means 

•  Assume that we are testing atmospheric models only 
–  Model simulations will use prescribed sea surface temperature 
–  Use CMIP5 historical runs with prescribed SST as simulated data 

January 8, 2014 Leroy: Climate Prediction Windows 6 



1900 1920 1940 1960 1980 2000 2020 2040 2060 2080 2100
Year

-1

0

1

2

3

4

G
lo

ba
l T

2m
 A

no
m

al
y 

[K
]

Historical RCP 4.5

Consider means & trends 
of temperature and 
radiation !elds 

Predict 
temperature 

anomaly 

CMIP5: History and Projection 

January 8, 2014 Leroy: Climate Prediction Windows 7 



Sensitivity and climate prediction 
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Andrews, T., J.M. Gregory, M.J. Webb, and K.E. Taylor, 2012: Forcing, feedbacks and climate sensitivity in CMIP5 
coupled atmosphere-ocean climate models. Geophys. Res. Lett., 39, doi:10.1029/2012GL051607.  
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Sensitivity and climate prediction 
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Andrews, T., J.M. Gregory, M.J. Webb, and K.E. Taylor, 2012: Forcing, feedbacks and climate sensitivity in CMIP5 
coupled atmosphere-ocean climate models. Geophys. Res. Lett., 39, doi:10.1029/2012GL051607.  
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Obs: Temporal Trend( T2m ), 1970-2004; Predict: Global Anomaly( T2m ), 2090-2099
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ymost likely = yprior +ΣyxΣxx
−1(d− xhindcast )

Σyy, posterior = Σyy, prior −ΣyxΣxx
−1Σxy



Improved prediction 
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Diagnostics: Net TOA radiation 
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Obs: Temporal Mean( TOA Forcing ), 1970-2004; Predict: Global Anomaly( T2m ), 2090-2099
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Diagnostics: Net TOA shortwave 
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Obs: Temporal Mean( TOA Shortwave Forcing ), 1970-2004; Predict: Global Anomaly( T2m ), 2090-2099
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Improved prediction: Net shortwave 
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Diagnostics: TOA longwave 
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Obs: Temporal Mean( TOA Longwave Forcing ), 1970-2004; Predict: Global Anomaly( T2m ), 2090-2099
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Improved prediction: TOA longwave 
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EOF Decomposition 
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EOFs: Net TOA radiation 
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Obs: Mean( TOA Forcing ), 1970-2004; Predict: Global Anomaly( T2m ), 2090-2099
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Improved prediction using EOFs 
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Radiative imbalance EOF decomposition 
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Variance and relevance spectra 
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Longwave EOF decomposition 
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Prediction improvement: All data types 
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Data type Global EOF 1 EOF 2 

ρ % variance ρ % variance ρ 

Longwave 0.070 30.5 0.131 17.9 0.276 

Longwave trend -0.311 19.8 0.312 10.5 0.309 

Shortwave -0.103 33.2 0.285 14.7 0.235 

Shortwave trend 0.360 14.4 0.419 9.5 0.397 

Temperature 0.053 26.9 0.261 15.5 0.060 

Temperature trend 0.081 22.6 0.137 12.2 0.240 



Observation-prediction covariances 
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Conclusions 

•  It is possible to optimize by spatial !ngerprinting.  

•  Indications point toward mean state being more important than 
trends for verifying atmospheric models for multi-decadal 
prediction. 

•  Indications point toward top-of-atmosphere shortwave being 
more important than top-of-atmosphere longwave and surface 
air temperature for verifying atmospheric models for multi-
decadal prediction.  

•  Truncating EOFs in Gaussian regression is an unsolved problem.  

•  It will be necessary to work with much larger ensembles in the 
future.  
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–  Huang, Y., S.S. Leroy, and R.M. Goody, 2011: Discriminating between climate 

observations in terms of their ability to improve an ensemble of climate 
predictions. Proc. Nat. Acad. Sci., 108, 10405–10409.  

–  Leroy, S.S., and M.J. Rodwell, 2014: Leveraging highly accurate data in diagnosing 
errors in atmospheric models. Bull. Amer. Meteor. Soc., In Press.  

–  Leroy, S.S., G. Redaelli, and B. Grassi, 2014: Climate prediction windows: 
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