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Abstract

Skillful prediction of wintertime cold extremes on seasonal time scales
is beneficial for multiple sectors. This study demonstrates that North
American cold extremes, measured by the frequency of cold days in
winter, are predictable several months in advance in the Geophysical
Fluid Dynamics Laboratory’s SPEAR (Seamless system for Prediction
and EArth system Research) seasonal forecast system. Three predictable
components of cold extremes over the North American continent are
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2 Seasonal prediction of North American wintertime cold extremes in the GFDL SPEAR forecast system

found to be skillfully predicted on seasonal scales. One is a trend-like
component, which shows a continent-wide decrease in the frequency
of cold extremes and is primarily attributable to external radiative
forcing. This trend-like component is predictable at least 9 months
ahead. The second predictable component displays a dipole structure
over North America, with negative signs in the northwest and positive
signs in the southeast. This dipole component is predictable with sig-
nificant correlation skill for 2 months and is a response to the central
Pacific ENSO (El Niño-Southern Oscillation) as revealed from SPEAR
AMIP-style simulations. The third component with the largest load-
ings over Canada and the northern U.S. shows significant correlations
with snow anomalies over mid-to-high latitudes of the North Ameri-
can continent. Predictions using only the three predictable components
yield higher/comparable skill relative to the SPEAR raw forecasts.

Keywords: Seasonal, Prediction, Cold Extremes, North America, SPEAR

1 Introduction

Extreme cold temperatures in wintertime pose challenges for multi-

ple sectors such as electrical and water systems, agriculture, as well as

human health (Wang et al, 2016). It can cause infrastructure failures

and hazardous traveling conditions. During the February 2021 North

American cold wave, records of a century old were broken in Okla-

homa and Texas, leading to widespread power outages. It caused at

least 278 deaths, and damages around $200 billion in the United States

(https://en.wikipedia.org/wiki/February 2021 North American cold wave).

The severe impacts of wintertime cold extremes indicate that their skillful

prediction provides a great benefit to society.

Studies have shown that cold extremes are predictable on synoptic time

scales in numerical models (Dai et al, 2021; Sato et al, 2017). However, a

single extreme event is hardly predictable beyond synoptic time scales due

to the chaotic nature of the climate system. Nevertheless, the statistics of

extreme events in a season can be predicted because of their relationship with
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slow-varying climate drivers such as sea surface temperatures (SSTs), land

conditions and changes in radiative forcing (Sillmann et al, 2017; Hamilton

et al, 2012; Luo and Wang, 2017a,b; Jia et al, 2022). A study by Xiang et al

(2020) showed that the frequency of extreme cold days in winter is predicted by

the European Center for Medium-range Weather Forecasts (ECMWF) model

2-4 weeks in advance over the Northern Hemisphere land area. They found the

sources of the predictability are the land-atmosphere coupling and atmospheric

internal modes. Forecasting of extremes on subseasonal time scales was also

documented in many other studies (Vitart and Robertson, 2018; Vitart et al,

2019; Miller et al, 2021; Becker et al, 2013). A handful of studies showed that

the number of extreme daily events in a season is predictable on seasonal

time scales (Miller and Wang, 2019; Pepler et al, 2015; Hamilton et al, 2012;

Jia et al, 2022; Luo and Wang, 2017a,b). The predictability on seasonal and

longer time scales arises primarily from atmosphere boundary conditions such

as SSTs, land conditions and radiative forcing.

The present study focuses on predicting cold extremes on seasonal time

scales in the GFDL’s (Geophysical Fluid Dynamics Laboratory) SPEAR

(Seamless system for Prediction and EArth system Research) seasonal forecast

system. Unlike previous studies that assess seasonal prediction skill of extremes

at a fixed lead time or over an averaged domain, we are able to identify most

predictable patterns of cold extremes over North America (north of 23◦N)

and explicitly quantify their prediction skill. Moreover, potential predictabil-

ity sources associated with the most predictable patterns of cold extremes are

explored.
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4 Seasonal prediction of North American wintertime cold extremes in the GFDL SPEAR forecast system

2 Model and data

2.1 The SPEAR modeling system

SPEAR is the next-generation GFDL modeling system for seasonal to mul-

tidecadal prediction and projection (Delworth et al, 2020). It is a coupled

ocean-atmosphere-land-sea ice model. The atmosphere and land components

are the GFDL AM4-LM4 models (Zhao et al, 2018); the ocean and sea ice

components are the MOM6 and SIS2 models (Adcroft et al, 2019). The

medium-resolution version of SPEAR has a resolution of approximately 50

km in the atmosphere/land and a coarser resolution of 1 degree in the ocean.

SPEAR has been used for GFDL’s real-time seasonal forecasts, contribut-

ing to the North American Multimodel Ensemble (NMME) project (Kirtman

et al, 2014) since 2021 (https://www.cpc.ncep.noaa.gov/products/NMME/).

The details of the SPEAR model and the forecast system including initializa-

tion and bias correction techniques are documented in Delworth et al (2020)

and Lu et al (2020).

2.2 SPEAR hindcasts

A series of SPEAR hindcasts were conducted to assess the prediction skill

of North American cold extremes. This study used hindcasts from 1992 to

2019. To create the hindcasts, 15 ensemble members were initialized on the

first day of each month and were integrated for 12 months. The initial condi-

tions for the atmospheric, land and sea ice were from a 5-member ensemble

of SPEAR restoring simulations in which the atmospheric temperature, mois-

ture and winds were damped back towards values from the Climate Forecast

System Reanalysis (CFSR, Saha et al (2010)); the sea surface temperatures

(SSTs) were restored to the Optimum Interpolation Sea Surface Temperature

(OISST, Reynolds et al (2002)). The oceanic initial conditions of the hindcasts
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were from a 30-member ocean analysis, produced by an ocean data assimi-

lation (ODA) run in the coupled SPEAR model. A bias correction scheme

called ocean tendency adjustment (OTA) is applied to coupled model seasonal

predictions to reduce model drift. A comprehensive assessment of oceanic vari-

ability in the ODA can be found in Lu et al (2020). The 15-member ensemble

of hindcasts was generated by applying the 5 members of SPEAR restoring

simulations to the first 5 members of ODA, the same 5 restoring members

to ODA members 6 through 10, and the same 5 restoring members to ODA

members 11 through 15. SPEAR has shown significant forecast skill in the pre-

diction of the Niño 3.4 index, surface air temperature over land, midlatitude

baroclinic waves, North American winter temperature swing index, Antarctic

sea ice, North American summertime heat extremes, Kuroshio Extension and

atmospheric rivers over western North America (Lu et al, 2020; Tseng et al,

2021; Bushuk et al, 2021; Zhang et al, 2021; Yang et al, 2022; Jia et al, 2022;

Joh et al, 2022).

2.3 SPEAR historical simulations

Thirty members of SPEAR historical simulations were created using initial

conditions from widely separated (20 yr) points of the SPEAR control simula-

tion with atmospheric composition fixed at levels representative of the calendar

year 1850. Time-varying historical radiative forcings are applied to the period

from 1921 to 2014, while projections for the Shared Socioeconomic Pathway

5-8.5 (SSP5-8.5) (Riahi et al, 2017; Kriegler et al, 2017) are applied for years

after 2014. In this study, we analyze 15 members of SPEAR historical simula-

tions over 1992-2019 to identify the externally-forced pattern of the frequency

of wintertime cold extremes over North America.
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2.4 SPEAR AMIP-style simulations

In order to assess the impact of the El Niño-Southern Oscillation (ENSO)

on North American winter cold extremes, we conducted a pair of AMIP-

style (Atmospheric Model Intercomparison Project) simulations with SPEAR.

This pair of experiments is identical to the SPEAR control simulations with

atmospheric composition fixed at levels representative of the calendar year

1850, except that the SSTs were replaced with the observed SSTs. The first

experiment (called ClimSST) is forced by observed climatological SSTs from

HadISST1 (Rayner et al, 2003), where the SST climatology is calculated dur-

ing 1979-2018. The second experiment (called Nino4SST) is forced by the same

climatological SSTs as in the first experiment plus the Niño 4 SST anomalies

over the tropical Pacific (20◦S-20◦N). The Niño 4 SST anomalies were derived

as the composite of SSTs when the Niño 4 index (i.e., SST anomalies aver-

aged in the central equatorial Pacific from 5◦S - 5◦N, 160◦E - 150◦W) in the

DJF season exceeds one standard deviation (Fig.S1). As the only difference

between the two simulations is the Niño 4 SSTs over the tropical Pacific, any

difference between them represents the response to Niño 4. The Niño 4 SSTs

are chosen because as will be shown in section 3 that central Pacific SSTs are

identified as one of the predictability sources of North American winter cold

extremes. We analyzed 100 years of data from each simulation.

2.5 Verification data

For verification, we use the European Centre for Medium-Range Weather

Forecasts (ECMWF) reanalysis - ERA5 (Hersbach et al, 2020), includ-

ing hourly maximum 2-m temperature (Tmax) reanalysis, monthly mean

2-m air temperature, geopotential height at 500 hPa, snow cover and

SSTs. The daily Tmax of ERA5 is calculated as the maximum hourly
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Tmax of the day. The ERA5 reanalysis data are referred to as the

observations hereafter. The observed Niño 4 index was downloaded from

https://psl.noaa.gov/gcos wgsp/Timeseries/Data/nino4.long.anom.data. The

observed Pacific/North American (PNA) index was downloaded from NOAA

(National Oceanic and Atmospheric Administration) Climate Prediction Cen-

ter (https://www.cpc.ncep.noaa.gov/products/precip/CWlink/pna/

month pna index2.shtml), which is defined as the sum of 500 hPa height

anomalies at (15◦-25◦N, 180◦-140◦W) and (45◦-60◦N, 125◦-105◦W) minus the

sum of 500 hPa height anomalies at (40◦-50◦N, 180◦-140◦W) and (25◦-35◦N,

90◦-70◦W).

3 Methodology

3.1 Review of Average Predictability Time

The Average Predictability Time (APT) analysis is used to identify predictable

components of North American cold extremes. This method determines com-

ponents that maximize predictability. APT was developed by DelSole and

Tippett (2009a,b) and has been widely used in predictability and prediction

studies on various time scales from subseasonal to decadal scales (Jia et al,

2015; Jia and DelSole, 2011, 2012; Yang et al, 2015; Wu et al, 2016; Zhang

et al, 2017; Xiang et al, 2018; Jia et al, 2022).

To determine the predictable components, one must first define a measure

of predictability. In the context of ensemble forecasts initialized at distinct

start times, a standard measure of predictability is the signal-to-total ratio,

which is calculated as:

P (τ) = 1 − σ2
τ

σ2
∞
, (1)
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where σ2
τ is the forecast variance at lead time τ and σ2

∞ is the climatological

variance. APT is then defined as twice the sum of P (τ) over all lead times:

APT = 2

∞∑
τ=0

(
1 − σ2

τ

σ2
∞

)
∆τ. (2)

It yields a time scale that agrees with the usual e-folding time for an exponen-

tially decaying forecast signal. In this study, the sum is from 0 to 9 months for

the target season of December-February (DJF), with lead 0 month correspond-

ing to the forecast initialized on December 1st, lead 1 month corresponding to

the forecast initialized on November 1st, and so forth. Note that the APT is

computed from model forecasts that are independent of the observations.

We then seek the weights q, such that qTx(τ, e) maximizes APT in (2),

where x(τ, e) is the state vector specifying the amplitudes of ensemble forecasts

at fixed lead time τ , and ensemble member e. The superscript T denotes the

transpose operation. It can be shown (DelSole and Tippett, 2009b) that max-

imizing APT leads to a generalized eigenvalue problem with each eigenvector

corresponding to a component:

2

∞∑
τ=0

(Σ∞ − Στ ) ∆τq = λΣ∞q. (3)

where Στ = x(τ, e)x(τ, e)T is the estimated forecast covariance matrix at

lead time τ . The eigenvalue λ gives the APT value, and each eigenvector

q corresponds to a component. By ordering eigenvalues and their associated

eigenvectors in a decreasing order, the first component maximizes APT, the

second component maximizes APT subject to being uncorrelated with the

first, and so on. This decomposition based on APT is analogous to empirical

orthogonal function (EOF) analysis, but instead of decomposing variance, we

decompose predictability. APT is essentially the sum of signal-to-total ratio
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over lead times that can be used to measure predictability. The spatial pattern

associated with each component can be computed by projecting the component

time series qTx(τ, e) on the original data, which is

p = Σ∞q. (4)

When solving the above eigenvalue problem, we project the forecast data

onto 15 leading principal components (PCs) and then maximize APT only in

the subspace spanned by the 15 PCs. This is done because the number of grid

points in the forecast data exceeds the number of samples, which results in

singular covariance matrices and an eigenvalue problem that cannot be solved.

We have determined that the APT values are insensitive to the number of PCs

used.

To determine whether a component is predictable, we tested the signifi-

cance of the APT value of the component using Monte Carlo methods under

the null hypothesis that forecasts are drawn independently from a white noise

process (DelSole et al, 2011). We randomly generate a data array of the same

dimension as the hindcast data by drawing independent numbers from a nor-

mal distribution with zero mean and unit variance. Then the APT method

is applied to this data to calculate an ordered sequence of APT values. The

procedure is repeated 1000 times to determine the 5% significance level as the

APT value at the 95th percentile. A component is potentially predictable if

its APT value is large enough to reject the null hypothesis at a 5% signifi-

cance level. The application of the Monte Carlo method in predictability study

can be found in previous studies (Jia et al, 2022; DelSole et al, 2011; Jia and

DelSole, 2011; Yang et al, 2015; Jia et al, 2015).
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3.2 Signal-to-noise maximizing EOF analysis

The signal-to-noise maximizing EOF (Empirical Orthogonal Function) analy-

sis is a method of extracting the forced variability by maximizing the ratio of

signal variance to the noise variance in the ensemble model simulations (Ting

et al, 2009; Chang et al, 2000; Venzke et al, 1999). The signal variance is

defined as the variance of the ensemble mean and the noise variance is esti-

mated as the variance of the deviations of each ensemble member from the

ensemble mean. This technique applies a spatial prewhitening transformation

that removes any spatial correlations in the internal atmospheric variability

(i.e.,“noise”) contained in the ensemble mean. Thus, the spatial covariance in

the ensemble average of the simulations is purely due to the forced response.

Therefore, the signal-to-noise maximizing EOF analysis is able to isolate the

forced variability better than ensemble average.

3.3 Definition of cold extreme

There are multiple ways to define cold extremes. In this study, we follow the

definition of Zhang et al (2011) and Johnson et al (2018). A day d is identified

as a cold day if its daily maximum temperature (Tmax) anomaly falls below

the 10th percentile of day d’s Tmax anomaly distribution. In the hindcasts, the

Tmax anomaly distribution is from 15 ensemble members during the historical

period of 1992-2019. In the observations, because of the small sample size, the

distribution is based on the 15 days of Tmax anomaly centered on day d during

1992-2019. An example to illustrate the method of defining cold days is shown

in Figure 1a for DJF (February 29 is excluded) of an arbitrary year (1997-

98) at (110◦W, 30◦N) in the observations. The location (110◦W, 30◦N) was

chosen because it showed a large frequency of cold days in the winter season

of 1997-98. The daily Tmax below the 10th percentile threshold (red line) is
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considered to be a cold day. In this case, there are 27 cold days. According

to the 10th percentile threshold of Tmax anomaly, the frequency of cold days,

defined as TX10p (in %), in the DJF season for each year and each grid

point is then calculated. Fig.1b demonstrates the TX10p for the grid point at

(110◦W, 30◦N), which varies over time. The winter of 1997-98 shows the largest

TX10p of 30% (i.e., 27days/90days=30%). We choose the winter of 1997-98 to

demonstrate the spatial map of the DJF mean Tmax anomaly, which shows

a band of northwest-southeast oriented positive anomalies over most areas

of North America, and negative anomalies over south U.S., Mexico and the

northmost of North America (Fig.1c). The corresponding spatial structure of

TX10p (Fig.1d) demonstrates a low frequency of cold days over most areas of

North America and high frequency of cold days in a small area of the southern

United States, Mexico and the northmost of Canada.

4 Results

4.1 Pointwise skill of North American TX10p

We first examine SPEAR’s ability in predicting the frequency of winter cold

extremes. The pointwise rank correlation skill of TX10p over North America

for lead 0, 2, 5, 9 months is shown in Fig.2. At lead 0 month (i.e., initialized

on December 1st), 71.5% of North American land areas show significant cor-

relation skill of TX10p. The skill drops rapidly. At the 9-months lead (i.e.,

initialized on March 1st of the previous year), there are only 25.4% of areas

that show significant skill. Overall, TX10p is more predictable over high lat-

itudes, which may be partly due to the influence of radiative forcing as will

be discussed below. The prediction skill of TX10p is very limited over the

midlatitude regions.
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4.2 The relationship between the skill of TX10p and the

skill of mean winter temperature

Earlier studies found that the skill in predicting temperature extremes is often

related to the skill in predicting mean temperature (Johnson et al, 2018; Xiang

et al, 2020; Hamilton et al, 2012; Pepler et al, 2015). We show in Fig.3 the

anomaly correlation skill of DJF mean 2-m air temperature over North Amer-

ica. The winter mean temperature is more predictable over high latitudes of

North America and limited skill is shown over midlatitudes. The lack of pre-

diction skill over midlatitudes has been documented in previous studies (Roy

et al, 2020; Johnson et al, 2014). The spatial structures of the mean tem-

perature skill bear great similarities with those of TX10p (Fig.2), suggesting

that the prediction skill of the cold extremes is strongly related to the skill of

mean temperature. In fact, the TX10p is highly negatively correlated with the

DJF mean 2-m air temperature in both the observations and model hindcasts

(Fig.S2).

The relationship between the winter mean temperature and TX10p is fur-

ther demonstrated in the plot of the percentage of grid points in each bin

sorted by the correlation skill of TX10p versus the correlation skill of DJF

mean temperature (Fig.4). The result includes all leads from 0 to 9 months. A

value below the diagonal line implies the mean temperature skill is higher than

the skill of TX10p. We see more values below the diagonal line, meaning more

grids have higher skill in mean temperature than extreme cold temperature.

The correlation between the skill of TX10p and DJF mean temperature is 0.72.

This echoes the above result that the skill in predicting the cold extremes is

correlated with the skill in predicting the mean air temperature.
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4.3 Predictable components of North American TX10p

Having shown the point-by-point skill of winter cold extremes, we now identify

large-scale predictable components of North American winter TX10p in model

hindcasts, then calculate the prediction skill of the components by correlating

the time series of the components in the hindcasts and observations, where the

time series in the observations were derived by projecting the ERA5 reanalysis

onto the components. Note that a lack of skill at the grid-point scale does not

necessarily mean skilless locally. Using the statistical optimization method,

APT, we are able to find large-scale components with maximum predictabil-

ity. Figure 5 shows three predictable components of TX10p which demonstrate

significant correlation skill. They explain 11%, 12% and 14% of the total vari-

ance, respectively. The rest of the components do not show significant skill,

and so they are not discussed.

The first component shows continental-scale negative signs over North

America with the largest loadings found in northeastern Canada. The time

series of the first component are dominated by an increasing trend in both

the observations and model hindcasts (Fig.5b). These results indicate that the

frequency of cold extremes decreases with time over most of the North Ameri-

can continent and is likely associated with long-term climate change. The first

component is highly predictable with significant correlation skill at all leads

from 0 to 9 months.

The second component demonstrates a dipole structure with negative load-

ings over the northwest of North America and positive loadings over Mexico

and part of the southern states of the U.S. from Texas to Florida (Fig.5d).

This structure shows similarities to the winter mean temperature teleconnec-

tion pattern with ENSO. As will be shown below that the second component of

TX10p is ENSO-related. The similar ENSO teleconnection patterns in winter
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mean temperature and extreme temperature further reveal the close relation

between them. The second component of TX10p shows interannual variability

(Fig.5e) and is predictable up to 2 months in advance (Fig.5f). The third com-

ponent shows positive anomalies over Canada and northern U.S., with largest

magnitudes over northwest of Great Lakes (around 50◦N). Negative signs are

seen over western Alaska. This third component is predictable at lead 0 month

(i.e., initialized on December 1st).

4.4 The sources of predictability of North American

TX10p

An important question to ask is what the predictability sources of North

American cold extremes are. This section explores the potential predictability

sources that give rise to prediction skill of the components diagnosed above.

To find the predictability source of the first component, we compute the

externally forced variability of TX10p over North American continent from

SPEAR historical simulations using the signal-to-noise maximizing EOF anal-

ysis. The spatial pattern of the forced variability of TX10p (Fig.6) resembles

the pattern of the first predictable component of TX10p (Fig.5a) over most

of the high latitudes, although some differences are seen in part of northwest-

ern and southern North America. The high spatial correlation between the

two patterns (R=0.81) suggests that the first predictable component is pri-

marily the response to external radiative forcing. The differences between the

externally-forced pattern and the pattern of the first component suggest other

predictability sources may potentially be responsible for the predictability of

the first component as well. We notice that considerable interannual variabili-

ties are shown in the observed time series of the first component in addition to

the multidecadal trend (Fig.5b). In fact, the correlation between the detrended
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time series of the first component and the Niño4 index is 0.39 (p=0.04), sug-

gesting that ENSO plays a minor role in this trend-like component. This result

is consistent with the differences between the externally-forced pattern and the

pattern of the first component (Fig.5a and Fig.6), with Fig.5a shows relative

cooling in northwest of North America and relative warming in southern North

America featuring the ENSO-related pattern (Fig.5d) that will be discussed

below.

Figure 7 shows the regression coefficients of global SSTs (in DJF) with the

second predictable component of TX10p in the observations and the SPEAR

hindcasts initialized on December 1st. The role of SSTs in seasonal climate pre-

dictions has been documented in early studies Yu and Zhang (2015); Buchan

et al (2014); Ratnam et al (2016); McKinnon et al (2016); Hamilton et al

(2012); Johnson et al (2018); Jia et al (2016). The SST structure closely resem-

bles the classic pattern of central Pacific El Niño in both the observations and

model hindcasts. The anomaly correlation coefficient between the observed

time series of the second component and the Niño 4 index is 0.6. The signif-

icant correlation implies that the second predictable component of TX10p is

ENSO-related.

Having demonstrated the statistical connection between ENSO and the fre-

quency of North American cold extremes, we further demonstrate their link

in SPEAR AMIP-style experiments (i.e., ClimSST and Nino4SST). Accord-

ing to the experimental setup, the differences between experiments Nino4SST

and ClimSST are merely the responses to Niño 4 SST anomalies. Figures 8a-b

show the climatological differences of TX10p and 500 hPa geopotential height

between Nino4SST and ClimSST. As expected, a northwestern-southeastern

oriented dipole structure in TX10p, resembling the structure of the second

predictable component of TX10p, is evident. The negative values are located



691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736

Springer Nature 2021 LATEX template

16 Seasonal prediction of North American wintertime cold extremes in the GFDL SPEAR forecast system

over northwestern North America but the positive values are over southeastern

North America. The climatological difference in 500 hPa geopotential height

shows a wave-train pattern (Fig.8b). The high-pressure system located over

northwestern North America corresponds well to the negative TX10p there,

and the low-pressure system over the southeastern U.S. corresponds to more

cold extremes over southeastern U.S. and Mexico. A TX10p pattern showing

similarities to the simulated ENSO-related TX10p pattern (Fig.8a) is seen in

the observed composite map of TX10p when the Niño 4 index exceeds one

standard deviation (Fig.8c), albeit the observed pattern shows large negative

anomalies over the northeastern U.S. SPEAR overestimates the cold extremes

over the southeastern U.S. The observed composite map of the 500 hPa geopo-

tential height anomaly also shows a wave-train pattern as in the SPEAR

experiments, although the maximum high-pressure system over North America

is shifted westward in SPEAR relative to observations. Such bias in ENSO-

related teleconnections is also seen in other SPEAR simulations (Delworth

et al, 2020).

In order to reveal predictability sources of the third predictable component

of TX10p, we examine the land conditions. Figure 9 shows the correlations

between the snow cover (snow water) in observations (model hindcasts) and

the time series of the third component. Snow anomalies over land serve as

an important source for seasonal prediction of cold extremes (Luo and Wang,

2017a,b; Cohen et al, 2013). The third component is significantly correlated

with the DJF mean snow cover anomalies over the northeastern U.S. and north-

west of the Great Lakes (Fig.9a). A similar correlation pattern (Fig.S3) is also

found for the correlations between the time series of the third component and

snow cover anomalies on December 1st (i.e., initial conditions for DJF fore-

cast). The regression pattern of 500 hPa geopotential height anomalies shows
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a strong high-pressure system over the North Pacific near the Aleutian Islands

(Fig.9c). A low-pressure system is evident over northeastern North America.

This atmospheric circulation favors the polar cold air masses near Alaska mov-

ing southeastward to mid-to-high latitudes (40◦-60◦N) of the North American

continent. In SPEAR hindcasts, the column-accumulated snow water posi-

tively correlates with the third component in mid-to-high latitudes of North

America, especially over the northeastern U.S. (Fig.9b). This correlation pat-

tern in SPEAR shows some similarities to the observed pattern of snow cover

anomalies, although some differences are also found. The differences may be

partly attributable to the different variables used in the observations and model

hindcasts. As in the observations, the 500 hPa geopotential height in the model

has a high-pressure system over the North Pacific but a low-pressure sys-

tem over the northern North American continent (Fig.9d). The above results

suggest that snow cover initial conditions and land-atmosphere interactions

contribute to the prediction skill of the third component of TX10p. Note that

the 500 hPa circulation patterns show some similarities with the negative

phase of the PNA pattern. The observed time series of the third component

is significantly correlated with the observed PNA index with an anomaly cor-

relation of -0.48 (p=0.01), which implies the PNA could partly contribute to

the prediction skill of the third component.

4.5 Predictions of TX10p using predictable components

Aiming to optimize prediction skill of TX10p and demonstrate the potential

applications for advancing predictions of North American cold extremes, we

reconstruct the predictions of TX10p using the three predictable components

identified above by multiplying the predictable patterns with their associated

time series. As the reconstructed predictions filter out unpredictable noise, they
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are expected to show higher skill than model raw predictions without filtering

out unpredictable components. Figure 10 demonstrates the correlations skill

(averaged over leads 0 to 9 months) of TX10p from SPEAR raw predictions,

reconstructed predictions using the three predictable components, and their

skill differences. On average, similar structures are shown for the skill of the

raw and reconstructed predictions (Figs.10a-b), which demonstrate the largest

skill in high latitudes. However, the reconstructed predictions show higher

skill over southern and central Canada. In terms of the percentage of areas

with significant correlation skill over the North American continent (Fig.10d),

the reconstructed predictions have more areas with significant skill than the

raw predictions for leads from 1 to 9 months. As for the lead 0 forecasts

(i.e., initialized on December 1st.), the raw prediction skill is higher than the

reconstructed skill primarily because of the large contributions from initial

conditions for the first lead. As the lead time increases, the contributions from

boundary conditions such as radiative forcing and SSTs dominate. Overall,

predictions using three predictable components yield higher or comparable

skill in TX10p.

5 Summary and discussion

This study assesses the prediction skill of North American wintertime cold

extremes on seasonal time scales. A statistical optimization technique – APT

is applied to identify large-scale predictable components of cold extremes in

the GFDL SPEAR seasonal forecast system, where the cold extreme is mea-

sured by the frequency of cold days (i.e., TX10p) during the DJF season. The

predictability sources of cold extremes are explored as well.

We identified three components of TX10p over North America that are

skillfully predictable on seasonal time scales. One is a trend-like component,
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which shows a continental scale decrease in the frequency of cold extremes.

The trend-like component is highly predictable at least 9 months ahead in

SPEAR hindcasts. The external radiative forcing is the primary source of

predictability for the trend-like component. The second is an ENSO-related

component, showing a southeast-northwest dipole structure over North Amer-

ican land area. This component is predictable with significant correlation skill

for 2 months. The link between North American cold extremes and ENSO is

further confirmed in SPEAR AMIP-style simulations. A TX10p dipole pattern

reminiscent of the ENSO-related component diagnosed from SPEAR hindcasts

is revealed as the response to Niño 4 SST anomalies. A similar TX10p pattern

appears in the observed composite map of TX10p corresponding with a posi-

tive Niño 4 index. The third component with largest loadings over Canada and

the northern U.S. shows a relationship with snow anomalies there. Predictions

using only the three predictable components lead to higher or comparable skill

in TX10p.

Overall, we diagnosed three components of North American wintertime cold

extremes in SPEAR that are skillfully predictable on seasonal time scales, and

attributed the sources of such predictability as radiative forcing, central Pacific

El Niño and snow cover anomalies. In addition, we demonstrated the poten-

tial applications for improving seasonal predictions of North American cold

extremes by reconstructing predictions using three predictable components.

The results that external radiative forcing, ENSO and snow anomalies con-

tribute to the prediction skill of North American wintertime cold extremes do

not exclude other potential predictability sources of cold extremes such as the

stratosphere (Thompson et al. 2002; Butler et al. 2019; Jia et al. 2017; Cohen

et al. 2021). In the SPEAR seasonal forecast system, we do not find a signifi-

cant association between the stratospheric polar vortex and cold extremes in



875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920

Springer Nature 2021 LATEX template

20 Seasonal prediction of North American wintertime cold extremes in the GFDL SPEAR forecast system

the DJF season. Possible reasons why components due to other predictability

sources do not appear in the analysis are: (1) predictability sources or the con-

nections between the drivers and North American cold extremes are not well

represented in the model due to model biases; (2) components due to other pre-

dictability sources are not predictable on seasonal time scales. A study by Jia

et al. (2017) showed that the predictability of northern extratropical surface

temperature driven by the stratosphere in DJF is not well predicted in GFDL’s

FLOR (Forecast-Oriented Low Ocean Resolution) forecast system because of

the model’s bias in the stratosphere. The SPEAR’s performance in simulating

the stratosphere and its link to the cold extremes could be explored in future

studies.

Predictions of cold extremes benefit from accurate model representations

of the predictability sources such as the tropical Pacific SSTs, the radiatively

forced temperature trend and the snow anomalies in mid-to-high latitudes of

North America. However, state-of-the-art seasonal forecast systems still show

difficulties in representing many aspects of the climate system. Studies have

shown that the NMME seasonal forecast models demonstrate overly strong

temperature trends over much of the United States (Becker et al, 2022), and

more positive SST trends in the central and eastern equatorial Pacific Ocean

than those observed during 1982-2020 (L’Heureux et al, 2022). The SPEAR

seasonal forecast system also shows errors in predicting linear trends of cold

extremes over North America during the period of 1992-2019. Such errors may

be pertinent to cold extremes prediction in real-time. Future work could be

conducted to understand the error source of the model in representing the

trend, aiming to reduce the trend errors and to improve forecast skill of cold

extremes. Also, note that skill assessed from hindcasts is likely overestimates

of real forecast skill because the hindcasts are informed by observations over
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the period assessed that would not be available to real forecasts. Changes in

model biases from historical period to forecast period can lead to differences

between hindcast and forecast skill (Risbey et al, 2021).
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Fig. 1 (a) The observed daily maximum temperature (Tmax, ◦C) anomaly at (110◦W,
30◦N) from December 1st, 1997 to February 28th, 1998. The red line indicates the daily
10th percentile threshold. (b) The year-to-year variation of TX10p at (110◦W, 30◦N) in
DJF from 1992-93 to 2019-20. Units: % (c) The DJF mean Tmax anomalies (◦C) over North
America in the winter of 1997-98. (d) The TX10p (%) for the winter of 1997-98. Data used
in this figure are from ERA5 reanalysis.
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Fig. 2 The pointwise rank correlation skill for the frequency of North American winter cold
extremes (i.e., TX10p) at lead (a) 0, (b) 2, (c) 5, (d) 9 months. The value in each panel is the
percentage of significant points over North American land area. The statistical significance
of the skill is based on the one-tailed Student’s t-test at 5% significance level. Insignificant
points are shown in white. The verification data used here are from ERA5.
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Fig. 3 The pointwise anomaly correlation skill of DJF mean 2-m air temperature over North
American land area at lead (a) 0, (b) 2, (c) 5, (d) 9 months. The value in each panel is the
percentage of significant points over North American land area. The statistical significance
of the skill is based on the one-tailed Student’s t-test at 5% significance level. Insignificant
points are shown in white.
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Fig. 4 The percentage of grid points in each bin sorted by the rank correlation skill of
TX10p (y-axis) versus anomaly correlation skill of DJF mean 2-m air temperature (x-axis)
over North American land area, where each bin has a width of 0.05, for all lead months from
0 to 9 months. The correlation between the two samples is 0.72.



1519
1520
1521
1522
1523
1524
1525
1526
1527
1528
1529
1530
1531
1532
1533
1534
1535
1536
1537
1538
1539
1540
1541
1542
1543
1544
1545
1546
1547
1548
1549
1550
1551
1552
1553
1554
1555
1556
1557
1558
1559
1560
1561
1562
1563
1564

Springer Nature 2021 LATEX template

34 Seasonal prediction of North American wintertime cold extremes in the GFDL SPEAR forecast system

1st componenta)

  80oW  160oW  120oW 

  70oN 

  30oN 

  40oN 

  50oN 

  60oN 

-4 -2 0 2 4

1995 2000 2005 2010 2015
Year

-2

0

2

A
m

pl
itu

de
s

b)

obs
hindcast

0 2 4 6 8
Lead (month)

0

0.5

1

C
or

re
la

tio
n

c)

2nd componentd)

  80oW  160oW  120oW 

  70oN 

  30oN 

  40oN 

  50oN 

  60oN 

-4 -2 0 2 4

1995 2000 2005 2010 2015
Year

-2

0

2

A
m

pl
itu

de
s

e)
obs
hindcast

0 2 4 6 8
Lead (month)

0

0.5

1

C
or

re
la

tio
n

f)

3rd componentg)

  80oW  160oW  120oW 

  70oN 

  30oN 

  40oN 

  50oN 

  60oN 

-4 -2 0 2 4

1995 2000 2005 2010 2015
Year

-2

0

2

A
m

pl
itu

de
s

h)
obs
hindcast

0 2 4 6 8
Lead (month)

0

0.5

1

C
or

re
la

tio
n

i)

Fig. 5 (a,d,g) The spatial patterns (in %), (b,e,h) time series and (c,f,i) rank correlation skill
of three predictable components of North American winter (DJF) TX10p. The hindcasted
time series in b), e) and h) (red lines) are the ensemble mean of hindcasts initialized on
December 1st (i.e., lead 0 month). The horizontal lines in c), f) and i) indicate the 5%
significance level.
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Fig. 6 The externally-forced pattern of TX10p derived from SPEAR historical simulations
using signal-to-noise maximizing EOF analysis. Units in %.
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Fig. 7 Regression maps of DJF mean SST (Units: K) on the time series of the second
predictable component of TX10p in the (a) observations and (b) SPEAR hindcasts initialized
on December 1st. Stippling indicates the regression coefficients are statistically significant
at the 5% level.
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Fig. 8 The climatological differences between the Niño4SST and ClimSST experiments in
(a) TX10p (Units: %) and (b) 500 hPa geopotential height (Units: m); and the observed
composite of (c) TX10p and (d) 500 hPa geopotential height anomalies when the Niño 4 index
exceeds one standard deviation. Stippling indicates the fields are statistically significant at
the 5% level.
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Fig. 9 (Top) Correlation coefficients between the time series of the third predictable com-
ponent of DJF TX10p and DJF mean (a) snow cover anomalies in the observations and (b)
column-integrated snow water in SPEAR hindcasts initialized on December 1st. (Bottom)
Regression maps of 500 hPa geopotential height (Units: m) on the time series of the third
predictable component of TX10p in (c) observations and (d) model hindcasts. Stippling
indicates the correlation/regression coefficients are statistically significant at the 5% level.
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Fig. 10 The rank correlations skill of TX10p in (a) raw predictions directly from SPEAR,
(b) reconstructed predictions from three predictable components shown in Fig.5, (c) the
skill from reconstructed predictions minus the skill from raw predictions, (d) the percentage
of North American land area with significant rank correlation skill at the 5% significance
level based on one-tailed Student’s t-test in model raw predictions (black) and reconstructed
predictions (blue) as a function of lead time. The correlations in (a), (b) and (c) are averaged
over lead times from 0 to 9 months.
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