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Front: ©Photo by Joe Raedle/Getty Images—A vehicle drives through flooded streets The flood was 
caused by a combination of the lunar orbit which caused seasonal high tides and what many believe is 
the rising sea levels due to climate change. (on September 30, 2015, in Fort Lauderdale, Florida) South 
Florida is projected to continue to feel the effects of climate change, and many of the cities have begun 

programs such as installing pumps or building up sea walls to combat the rising oceans.
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Reforecasting the cold February 2015 
Attribution to surface boundary conditions 
forcings

Calibration of the model ensembles and bias correc-
tion. Changes in event probabilities derived from model 
ensembles are sensitive to the accuracy of absolute prob-
abilities (a property termed “reliability” in forecasting) as 
discussed in Bellprat and Doblas-Reyes (2016). To ensure 
reliable simulated event probabilities, the model en-
semble therefore needs to be calibrated using retrospec-
tive predictions (carried out for this study for the period 
1981–2010). The calibration applied relies on ensemble 
inflation (Doblas-Reyes et al. 2005), a standard technique 
used in seasonal prediction. The calibration corrects both 

the variability of the ensemble mean and the spread of 
the predictions, such that the probabilities of observed 
anomalies are reliably simulated. An illustration of the 
calibration is provided in the supplemental information 
of Bellprat and Doblas-Reyes (2016). For the tempera-
ture predictions, the calibration results in a decrease of 
total variability by 10% for the predictions starting on 
1 January and an increase by 20% when starting on 1 
February. This is consistent with the notion that predic-
tions starting on 1 February are more constrained and 
thus more likely to be overconfident. For the jet index, 
the prediction spread is too large in the model for both 
starting dates which leads to a reduction of the ensemble 
variability by 15% and 10%, for January and February 
start dates, respectively. Note that the calibration affects 
only the quantitative changes in probabilities but not 
the qualitative ones (sign of change). The hindcast (i.e., 
retrospective forecast) is further used to compute the 
model climatology and subsequently forecast anomalies 
and hence corrects the model bias in the mean state. 
Note that bias correction (of any type) alone is not able 
to ensure reliable probabilities and hence the calibration 
is complementary to it.

Fig. S8.1. Observed February temperatures (°C) over eastern North America (ENA) in Had-
CRU T4 (Morice et al. 2012) and jet index [anomaly in v (m s-1) at 500 hPa averaged over the 
central North America (CAN) region] in ERA-Interim. The jet index describes how strongly 
the jet stream meanders southward. Data prior 1900 for temperature is not shown due 
to poor data coverage. The red dot denotes the anomaly studied in the main manuscript.
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Fig. S8.2. Geopotential height anomalies of monthly mean (a)–(c) Jan 2015 
and (d)–(f) Feb 2015 with respect to climatology (1981–2010) in ERA-Inter-
im. The anomalies are shown at the levels of 500 mb, 200 mb, and 50 mb.

Fig. S8.3. Leading three EOFs of the North Pacific derived following the same pro-
cedure as described in Hartman (2015). The three maps show the leading modes 
while the time series below show their principal components. The North Pacific 
Mode (NPM) is the third EOF.
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Fig. S8.4. Global SST anomaly (°C) during February 2015.

Fig. S8.5. Evaluation of the role of the stratosphere in January 2015 as a possible 
precursor of the event. The panels show the spatial anomaly correlation coef-
ficient (ACC) of the geopotential height at 50 hPa (Z50) between each ensemble 
member and the observations with respect to the (a) cold temperature (°C) and 
(b) jet index anomaly m s–1 in February 2015. The missing relationship in both 
cases shows that the stratospheric anomaly (shown in Fig. S8.2c) is unrelated to 
the event in the model under consideration. 
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Fig. S8.6. Peak over threshold analysis (a),(b),(e), and (f) as presented in Fig. 8.2 in the main 
text but for the predictions starting in January instead of February and additional analysis 
using a Gaussian estimate for the temperature anomaly in January (c),(d).
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