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Ab;tract . . 2. A model selection method for DeFoReSt 3. Apply model selection to decadal forecasts
One issue frequently observed for decadal probabilistic forecasts is that they tend to
be not reliable and thus need to be re-calibrated. Methods for seasonal time scales Data:
have to be adapted for decadal time scales, e.g. climate trend and lead time | Decadal forecast recalibration strategy (DeFoReSt) “: * surface temperature » Startyears: 1961-2015  * Observation: HadCRUT4
dependent bias. * This approach accounts for a lead and start year dependent * MPI-ESM-LR, preop * Annual mean * Reference: Historical runs
With DeFoReSt3, we proposed a Decadal Climate Forecast Recalibration Strategy to unconditional bias (drift), conditional bias and * 10 ensemble member
tackle these problems. The original approach of DeFoReSt assumes 3™ and 2" order : Identified coefficients after boosting. (Global mean)
polynomials to capture lead year dependent errors and 1st order for start time || ® Assumption: the forecast distribution is Gaussian, thus SRR Raw Model Recalibrated Model
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dependency. Here, we propose not to restrict orders a priori but use a systematic FCal v (e ) + B D), ( (t.7)2) CIRRRRRERR R NN RN EE (no post-p g) /
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model selection strategy based on non-homogeneous boosting to identify the ; 3 ) M f
relevant predictors for recalibrating the MiKlip decadal prediction system. a(t 1) = Z(a2k )T Bl T gy e NI
1. Introduction .
fC¢a: Calibrated Forecast t:Startyear ¢?2(t,7): Ens. variance 3 RERREEE i ?
B(t,T) = E(bZR + b2k+1t)1-k u(t,7): Ensemble mean  7: Lead year 2 |
What is a good Probabilistic forecast? =0 o L el
... an important goal is to maximize sharpness without sacrificing calibration.” %¢ . o . . IRREEEE S b S e
” P g ficing » Find an a, b, d that minimize the negative log-Likelihood L: . . | | . .

, . o Identified coefficients for uncond. bias (blue bars), cond. bias (red Top: Global mean preop-Lr before (left) and after (right)
Callbrathn or rellabllltVZ SharpneSS: bars)’ uncond. dispersion (orange bars) and cond. dispersion (green recalibration with model selection (colored Iines). The black line
»Ensemble members are reliable if the Forecasts take a risk, i.e. are frequently 1% 1 (0;—a+Bu; f’f,;ﬁ’yiﬂc;rapﬁfg‘;‘;IQ‘ZV‘;iifef'C'e”“ ore standardied, Le. gher values - fepresents Hodtiutt
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MSE between the ensemble mean and  different from the climatological value? £, 09\ 5a, 7 o;
observations is identical to the time =t . . . o . .
Mean intra-ensemble variance (For a Gaussian assumption & mean over N time steps) Validation of recalibration with model selection:
- 0j: Observation at time step ] ¢: PDF of std. norm. distribution * Continuous ranked probability skill score (CRPSS) is used for validation:
- 3; | . : . _ L CRPSS =1 — CRPSFe. CRPSS > 0: Forecast is more skillful than ref.
| | I | I | | * Ordersof a, f and ¢ are fixed a priori! CRPSRef.  CRPSS < 0: Ref.is superior to forecast.
J - | | ' | * Isthere a better approach? * Fair-CRPSS is independent from different ensemble sizes?
ol e ed . i \ , \ \ * All Scores were calculated in a cross-validation setting.
" Model selection with Non-homogenous boosting?: __ Fair-CRPSS: f"5 (preop) vs. f¢* (preop) ____ Fair-CRPSS: f"*(preop) vs. Historical
Problems of probabilistic decadal forecasts: ' ST e gy e
... ensemble distributions typically underestimate the true forecast uncertainty » Number of predictors is increased in order to catch all features: T [ o) N Y e sl 50~ T 7
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and tend to be overconfident ...“> - Adjust ensemble spread s SHE o o e, N AT = |
| | fMSNN(a(t’ T) + ﬁ(t’ T)l/l(t’ T)’ (y(t’ T) _I_ O—(t’ T))Z) -: 0 . y XX .......... : .x ) | bR "7 x x“(gz;:g xxxxxx : X | ‘ i x 5 x .
Characteristic problems of decadal forecasts: ) B s iy e A 2] [ 403 sl L e N A (Dasy 1| {03
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* limited number of hindcasts * different clldmgte;rendsd f o a(t, 7) = Z(aZR + )T (L) = Z(CZ" P 1B f
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 dependence on lead years (drift) Ens. spread Is dependent from lea k=0 k=0 |
and start year ° = '
B(t,T) = Z(bzk + by 1t)T" o " RS
Before recalibration After recalibration k=0 O .
* Boosting iteratively increases model coefficients. >
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g o R A (VA O / * Most relevant parameters are increased first. g
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DA MV found by cross-validation - :
o o 5 fﬁ o % D Fair-CRPSS of Preop with recalibration with model selection (fM5) w.r.t. to recalibration without model selction (f¢*) (left panels) and
' (CV) Zg ———— g& §g L fib Historical runs (right panels) for lead years 1-4 (top) and 6-9 (bottom). The dotted grid points indicate significant changes w.r.t. to Historical
| DefoRest > - ° ThUS, not re|evant para- 5 5 | runs. The significance was calculated with a 500-wise bootstrapping approach.
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time time ) ot meters are zero.
Exemplary drift of a decadal toy model (colored lines) with associated pseudo-observations (black line) before (left) and after =L | | | | ‘ 2 | i | | o
recalibration with DeFoReSt (right). The dotted lines represent the ensemble minimum/maximum. T gt T e 4- Su m mary & CO"CIUS'O“S
 Model selection with boosting shows a major influence of linear start year dependency.
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