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Abstract
This study investigates the medium-range predictability of warm and cold
extremes in the Northern Hemisphere and the role that upper-tropospheric cir-
culation biases play in this regard. Deterministic ERA5 reforecasts for the period
1979–2019 are evaluated based on the ERA5 reanalysis of the respective period,
thus providing a large sample for verification and bias identification. The pre-
dictability of temperature extremes at 850 hPa is assessed based on the Gilbert
Skill Score and other metrics and is shown to exhibit regional and seasonal vari-
ations. Summer is generally characterized by lower forecast skill scores than
winter for both warm and cold extremes. Moreover, cold extremes in summer
have slightly lower skill scores than warm extremes, while the opposite is true
in winter. Biases in the frequency of temperature extremes are, to some extent,
consistent with biases in mean temperature and indicate an underestimation in
the total amount of extremes for much of the hemisphere in summer. Associ-
ated with the latter, biases also emerge in the standard deviation of the daily
temperature distribution, with the summer values being largely underestimated
over most of the hemisphere. The role of upper-tropospheric circulation in these
biases is then assessed by verifying the representation of Rossby-wave packet
(RWP) properties. It is found that the amplitude of RWPs is systematically under-
estimated in most of the hemisphere in summer, while it is overestimated in
many parts of the midlatitudes in winter. Overall, the results suggest that the
underestimation of RWP amplitude in summer hinders the medium-range pre-
dictability of temperature extremes in the explored retrospective and operational
forecasts. Although operational European Centre for Medium-Range Weather
Forecasts (ECMWF) forecasts gradually improve between 2013 and 2022 in
terms of the 850-hPa temperature and 300-hPa RWP amplitude absolute errors,
the aforementioned summer biases remain qualitatively similar.
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1 INTRODUCTION

The increasing frequency of extreme weather events calls
for research efforts to focus on understanding their phys-
ical drivers better and improving the quality of their fore-
casts (Robinson et al., 2021; Sillmann et al., 2017). Early
and accurate warnings of these events are crucial in mobi-
lizing the authorities and mitigating societal impacts. Nev-
ertheless, basic aspects of the medium-range predictabil-
ity of such high-impact weather events remain barely
explored.

Utilizing a modern numerical weather prediction
(NWP) model version to issue retrospective forecasts
(hereinafter referred to as reforecasts) for a sufficiently
long period in the past is highly beneficial for both
model development and process understanding. On the
one hand, monitoring the model’s performance on a large
set of dates allows robust assessments of its overall skill
and biases during typical and atypical weather conditions.
On the other hand, evaluating the reforecasts of specific
weather events or atmospheric flow configurations may
hint at the physical mechanisms at play and unveil varia-
tions in practical predictability between regions, seasons,
and lead times. Despite the clear potential of reforecast
datasets, their availability and utilization in medium-range
predictability studies are so far rather limited.

Wulff and Domeisen (2019) investigated reforecasts
from several models for the period 1999–2010 and found
that summer warm extremes in Europe are character-
ized by higher medium-range predictability than cold
extremes. Lavaysse et al. (2019) examined European
Centre for Medium-Range Weather Forecasts (ECMWF)
ensemble reforecasts for the period 1995–2015 and found
that winter cold waves are predicted more accurately than
summer heat waves. The emergence of systematic errors
in ECMWF forecasts in the Northern Hemisphere was
recently investigated in terms of winter jet-stream position
in Vitart et al. (2022) and summer tropospheric tempera-
tures in Magnusson et al. (2022).

Several studies have examined the link between the
upper-tropospheric flow properties and weather extremes,
and the concept of Rossby-wave packets (RWPs) has
proved very useful in this regard (Fragkoulidis et al., 2018;
Grazzini et al., 2021; Wirth et al., 2018). The magnitude and
duration of temperature extremes, in particular, have been
found to be associated with the amplitude and phase speed
of RWPs (Fragkoulidis & Wirth, 2020). The correct repre-
sentation of RWPs in NWP models is thus crucial (Quint-
ing & Vitart, 2019). The nonlinear dynamics governing the
evolution of RWPs makes their medium-range prediction
highly sensitive to small-scale errors at short lead times.
If errors in their properties (e.g., amplitude, phase, phase
speed, group velocity) grow substantially, then RWPs

effectively transmit erroneous forecast “signals” of
synoptic scale downstream (Lojko et al., 2022; Magnusson,
2017). Crucially, part of these errors may be systematic.
Recent analyses on operational forecasts have reported
negative biases in the amplitude of Rossby waves during
winter, possibly attributed to the too coarse model resolu-
tion and insufficient representation of physical processes
(Gray et al., 2014; Harvey et al., 2018; Martínez-Alvarado
et al., 2016). Specifically for the Euro-Atlantic region,
Matsueda and Palmer (2018) utilized operational and
retrospective forecasts and found that winter exhibits
wavy regimes much too frequently. We are aware of no
published work on the predictability of Rossby-wave
amplitude during summer.

Several questions regarding the representation of tem-
perature extremes and RWPs in modern NWP models
remain open. What is the spatiotemporal variability in the
medium-range predictability of warm and cold extremes?
How does the local temperature distribution evolve with
lead time? Does the skill of reforecasts improve over time?
Do biases in RWP properties emerge in reforecasts and
operational forecasts and do they affect the predictabil-
ity of temperature extremes? This study aims to address
these questions by employing reforecasts from ECMWF
and the National Oceanic and Atmospheric Administra-
tion (NOAA) spanning the 1979–2019 and 2000–2019 peri-
ods, respectively, as well as ECMWF’s operational forecasts
for the 2013–2022 period.

The remainder of the article is organized as fol-
lows. The data and methods employed are presented in
Section 2. Section 3 assesses the ECMWF Reanalysis ver-
sion 5 (ERA5) model performance in forecasting warm
and cold extremes and reports on the regional and sea-
sonal variability in a number of skill metrics. Biases in
basic properties of the temperature distribution are evalu-
ated in Section 4. Section 5 reports biases in Rossby-wave
amplitude and explores their effect on the predictabil-
ity of temperature extremes. Finally, Section 6 draws the
conclusions of the study and provides further remarks.
Additional analyses that are related to the main outcomes
of this study are provided in the Supporting Information
for reference.

2 DATA AND METHODS

2.1 Data

Primarily, this study employs deterministic ERA5 refore-
cast data of temperature (T) at 850 hPa and meridional
wind (v) at 300 hPa for the 1979–2019 period. These fore-
casts have been produced retrospectively by the ECMWF
using the ERA5 model (Hersbach et al., 2020), that is,
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5392 DOENSEN et al.

version Cy41r2 of the Integrated Forecasting System (IFS;
operational from March 8–November 22, 2016) and the
ERA5 reanalysis as initial conditions. The subset used
in this study includes forecasts issued daily at 0000 and
1200 UTC with 12-hourly lead times up to +240 h and
stored on a regular latitude–longitude grid of 2◦ × 2◦
horizontal resolution. For comparison, we also employ
NOAA’s Global Ensemble Forecast System Version 12
(GEFSv12) reforecasts issued daily at 0000 UTC for the
period 2000–2019 (Hamill et al., 2022), as well as ECMWF’s
operational forecasts issued daily at 0000 and 1200 UTC
for the period 2013–2022. The verification of all forecasts
is carried out uniformly based on the corresponding ERA5
reanalysis fields.

2.2 Definition of extreme temperature
events

In order to minimize small-scale features (e.g, land–sea
contrasts and small-scale topographic effects) and focus
on the synoptic-scale evolution of the temperature field,
we identify events of extreme temperature at the 850-hPa
isobaric level (Fragkoulidis et al., 2018). As a first step, we
compute the climatological annual cycles of the 10th and
90th percentiles of 850-hPa temperature based on reanal-
ysis data for the 1979–2019 period. The annual cycle of
every grid point is computed separately for the 0000 and
1200 UTC time series as follows. Each day of the year is
represented by a probability distribution that comprises
all temperature values in the 21-day windows centred
around it in every year. The nth percentile for a given
day is then computed robustly based on this distribution,
which consists of 861 data points (21 values from each of
the 41 available years). After repeating this for every day
in the year, the resulting climatological annual cycle is
smoothed via a Fourier-series expansion and restriction to
frequencies 0–4 year−1.

Time instances of extreme temperature are then
defined as follows. Warm extremes are defined as those
time instances when 850-hPa temperature exceeds the
90th percentile. Cold extremes are defined as those time
instances when 850-hPa temperature is lower than the
10th percentile. This identification procedure is followed
for both reanalysis and forecast data, that is, extreme days
in forecasts are defined based on the reanalysis percentile
annual cycles.

Given this definition of temperature extremes, each
season in the 12-hourly ERA5 reanalysis dataset (daily
time instances at 0000 and 1200 UTC) will have around 18
warm and 18 cold extremes on average, out of a sample
size of 180. For reference, the sample size of a single season
for a given lead time (e.g., Day +5) is also 180 in the ERA5

reforecasts (two forecast initializations per day), while the
41-year total sample size of each season is about 7380. In
the case of GEFSv12, the corresponding sample size of a
single season is 90 (one forecast initialization per day) and
the 20-year total sample size of each season is about 1800.
The threshold to define extreme events is subjective in any
case, and depends on the objectives of a study (Bouallègue
et al., 2019). In this study we opt to label instances in the
lower and upper 10% tails of the distribution as extreme
events, such that the forecast verification accounts for nei-
ther too large nor too small a sample of dates. With the
chosen thresholds, the focus remains on high tempera-
ture anomalies and the statistical analyses are sufficiently
robust.

2.3 Forecast skill metrics

In the analyses that follow, forecast errors are computed
as the deviations of the forecast fields from the reanaly-
sis fields valid at the respective time. Moreover, the Gilbert
Skill Score (GSS) is used to evaluate the deterministic
skill of the model at correctly predicting the occurrence
of observed 850-hPa temperature extremes at a specific
lead time (Hogan & Mason, 2011). In particular, the GSS
formula is defined as

GSS = h − hc

h +m + f − hc
, (1)

where h denotes the number of hits, that is, cases when
both the reforecast and reanalysis identify an extreme
instance, m denotes the number of misses, that is, cases
when an extreme instance is only identified in reanalysis,
f denotes the false alarms, that is, cases when an extreme
instance is only identified in the reforecast, and

hc =
(h +m)(h + f )

n
, (2)

denotes the correction term that accounts for random hits,
given by the number of forecast events times the observed
event frequency (n denotes the total number of verified
forecast instances). A GSS value of one indicates a perfect
model for extremes (i.e., no misses or false alarms), while
GSS=0 indicates a model that is equally capable with
random predictions.

In addition, the frequency bias score (FBS) is used in
order to assess whether and to what extent the occurrence
frequency of the events of interest in reforecasts agrees
with the one in reanalysis. The FBS is thus given by the
ratio of the extreme events count in reforecasts over that in
reanalysis:

FBS =
h + f
h +m

, (3)
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DOENSEN et al. 5393

where FBS = 1 denotes that the amount of extremes in
reforecasts at a specific lead time is the same as in reanaly-
sis, FBS < 1 denotes an underforecast event, and FBS > 1
denotes an overforecast event.

2.4 Diagnosis of rossby-wave amplitude

The upper-tropospheric meridional wind (v) field is
well-suited for the diagnosis of RWP properties, since the
succession of northerlies and southerlies at synoptic scales
directly reflects the notion of Rossby waves along the jet
(Chang, 1993). The amplitude of these waves is a highly
dynamic field that typically exhibits eastward-propagating
features of pronounced amplitude, namely wave pack-
ets. These RWPs span several thousand kilometres in
the zonal direction and their spatially varying amplitude
is effectively diagnosed as the two-dimensional “en-
velope” function (E) of v. In this study, E is computed by
applying a Hilbert transform to latitude circles of the v field
at 300 hPa, as originally proposed by Zimin et al. (2003).

This is done in spectral space by zeroing-out the
negative wavenumbers, doubling the positive ones, and,
finally, performing an inverse Fourier transform to the
spatially smoothed v′ field (Fragkoulidis & Wirth, 2020).
This results in the complex-valued analytic signal of v′,
the modulus of which yields the local in space and time
RWP amplitude. Moreover, the argument of the ana-
lytic signal can be exploited to diagnose the local phase
and phase speed of RWPs as described in Fragkoulidis
and Wirth (2020) and Fragkoulidis (2022), results on
which are presented in the Supporting Information for
reference.

3 PREDICTABILITY OF
TEMPERATURE EXTREMES

Figure 1 shows the GSS values of Northern Hemi-
sphere warm and cold extremes at a forecast lead time
of +5 days in December–January–February (DJF) and
June–July–August (JJA). Figure 2 shows the evolution of

F I G U R E 1 Gilbert Skill Score
values in ERA5 Day +5 reforecasts of
warm (left column) and cold (right
column) extremes at 850 hPa in the DJF
(upper row) and JJA (lower row)
seasons of the 1979–2019 period. Grid
points where the multi-annual
minimum surface pressure is smaller
than 850 hPa (i.e., the 850-hPa isobar is
below ground) are masked in black.
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5394 DOENSEN et al.

midlatitude (30◦N –70◦N) GSS values with lead time up
to Day +10 for both seasons and types of extremes (see

F I G U R E 2 Evolution of midlatitude ERA5 reforecast Gilbert
Skill Score (GSS) with lead time for warm (solid lines) and cold
(dashed lines) extremes at 850 hPa in the DJF (blue) and JJA
(orange) seasons of the 1979–2019 period. The GSS values
correspond to a weighted average over the 30◦N –70◦N latitude band.

also Figures S1 and S2). The expected decrease in the
number of hits and increase in the number of misses and
false alarms with lead time explain the gradual decrease
of GSS values for both event types and seasons. However,
pronounced seasonal and regional differences do emerge
and are worth reporting. Although winter exhibits higher
temperature absolute errors than summer (Figure S8),
forecasts of both warm and cold extremes are gener-
ally characterized by lower skill (GSS) in summer than
in winter. Moreover, cold extremes in summer appear
to have slightly lower skill scores than warm extremes,
while the opposite is true in winter. These outcomes
also apply to the Probability of Detection (i.e., the ratio
of hits over the total number of observed events) maps
(not shown).

For reference, throughout the hemisphere the GSS val-
ues in GEFSv12 reforecasts are clearly lower than the
ones of ERA5 reforecasts presented here (Figure S5).
The implied drop in predictability from winter to sum-
mer in both models is consistent with the outcomes of
Lavaysse et al. (2019), whereas the slightly higher scores
of warm over cold extremes in summer ERA5 refore-
casts is consistent with Wulff and Domeisen (2019). It

F I G U R E 3 Frequency bias scores in ERA5 Day +5 reforecasts for warm (left column), cold (middle column), and all (right columns)
extremes at 850 hPa in the DJF (upper row) and JJA (lower row) seasons of the 1979–2019 period.
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DOENSEN et al. 5395

F I G U R E 4 Mean 850-hPa
temperature (left column) and
temperature error of ERA5 Day +5
reforecasts (right column) in the DJF
(upper row) and JJA (lower row)
seasons of the 1979–2019 period.

should be noted, however, that our analysis is restricted
to assessing the occurrence of daily temperature extremes
and not the predictability of persistent event properties
like their onset, intensity, and duration (e.g. Pyrina &
Domeisen, 2023).

Since we define temperature extremes in forecasts
based on the climatological distribution of reanalysis data
and not the forecast model itself, frequency biases of the
extremes potentially emerge. Figure 3 shows the DJF and
JJA frequency bias scores of warm, cold, and all (either
warm or cold) extremes at a lead time of five days. DJF
is characterized by a negative (positive) frequency bias in
warm (cold) extremes over the North Pacific and North
Atlantic oceans, with the opposite behaviour characteriz-
ing parts of Asia. A pronounced pattern that emerges in
JJA is the negative (positive) bias of cold extremes in the
subtropics (high latitudes) and warm extremes in high lat-
itudes (subtropics). These patterns remain rather steady
with lead time, as evidenced in Figures S6 and S7.

The aforementioned frequency biases indicate whether
misses or false alarms are the primary factors behind

the GSS decrease with lead time. Areas where the fore-
cast model generates too many (few) extremes typically
experience an increased number of false alarms (misses).
Regarding the bias patterns, it is evident that areas exhibit-
ing cold extreme frequency biases in DJF typically exhibit
warm extreme frequency biases of similar magnitude and
opposite sign. This suggests that a shift in the temperature
distribution toward higher or lower temperatures may be
at play. In contrast, the total amount of extremes in JJA
is substantially underestimated in much of the Northern
Hemisphere, suggesting a narrowing of the temperature
distribution. Areas of eastern North America constitute a
prominent exception to this, as they exhibit an overestima-
tion of extremes in JJA.

4 FORECAST BIASES IN THE
TEMPERATURE DISTRIBUTION

As already implied, the aforementioned frequency bias
patterns may reflect systematic errors in the properties
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5396 DOENSEN et al.

F I G U R E 5 Standard deviation of
daily 850-hPa temperature in ERA5
reanalysis (left column) and its error in
Day+5 ERA5 reforecasts (right column)
in the DJF (upper row) and JJA (lower
row) seasons of the 1979–2019 period.

of the 850-hPa temperature distribution. In this section
we assess the DJF and JJA forecast biases in the mean
and standard deviation of the daily temperature distri-
bution and compare the skill of the ERA5 reforecasts
with that of GEFSv12 reforecasts and ECMWF operational
forecasts.

The results shown in Figure 4 reveal that Day+5 biases
in mean 850-hPa temperature are, to some extent, consis-
tent with biases in the occurrence frequency of temper-
ature extremes. An overestimation or underestimation of
mean temperature is typically associated with correspond-
ing shifts in the entire temperature distribution and its
tails, such that biases in the amount of extremes emerge.
For instance, the JJA overestimation of mean tempera-
ture in southern Europe is in principle consistent with the
reported overestimation of warm extremes and underes-
timation of cold extremes (Figure 3). Moreover, Figure 4
shows that the circumglobal meridional temperature
gradient tends to increase in JJA, due to the underestima-
tion of temperature at higher latitudes and overestimation

of temperature in the midlatitudes. This pattern seems to
reverse in DJF, albeit with larger zonal asymmetries (see
also Figure S8).

Figure 5 shows the relative error of the 850-hPa tem-
perature standard deviation in ERA5 Day +5 reforecasts
with respect to the one in reanalysis. A striking outcome
in this analysis is that the width of the 850-hPa temper-
ature distribution in JJA already exhibits a widespread
underestimation on Day +1 (Figure S10), which then
grows with lead time over most of the hemisphere. This
effect is more pronounced over the North Pacific ocean
and is associated with the aforementioned frequency bias
fields that reveal an underestimation in the amount of
extremes for many parts of the hemisphere (Figure 3). This
is arguably an important factor behind the overall worse
skill scores of JJA compared with DJF (Figure 1). More-
over, the underestimation in temperature variability may
be one of the drivers behind the aforementioned increase
in the meridional temperature gradient (less northward
warm-air advection and less southward cold-air advection
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DOENSEN et al. 5397

lead to warming of low latitudes and cooling of high
latitudes). The DJF bias in the width of the 850-hPa
temperature distribution is less widespread and less pro-
nounced. No plausible relation to the mean temperature
bias can be derived in this case.

The ERA5 reforecast bias in JJA temperature standard
deviation is also apparent in GEFSv12 reforecasts for the
2000–2019 period, while no apparent discrepancy arises
in DJF (Figure 6). Evidently, the ECMWF operational
forecasts of the most recent decade (2013–2022) are also
characterized by an underestimation of similar magnitude
in the JJA temperature standard deviation. For reference,
the seasonal-mean absolute errors in 850-hPa tempera-
ture in ERA5 reforecasts (see also Figure S9) are simi-
lar to ECMWF operational forecasts between 2013–2019
and systematically smaller than the GEFSv12 reforecasts.
Finally, the gradual decrease of the temperature mean
absolute error in ERA5 reforecasts is faster in DJF than
in JJA, which suggests that the increase in the number
and quality of observations over the 1979–2019 period is
more influential in DJF forecasts. In contrast, the afore-
mentioned ERA5 reforecast bias in the JJA temperature
standard deviation shows no signs of weakening over
the years.

5 FORECAST BIASES IN THE
AMPLITUDE OF ROSSBY WAVES
AND IMPLICATIONS FOR THE
PREDICTABILITY OF
TEMPERATURE EXTREMES

The widespread underestimation of temperature variabil-
ity in JJA is arguably associated, among other things,
with model deficiencies regarding dynamical processes
that involve the large-scale circulation. In this section we
assess this hypothesis by exploring forecast errors in the
upper-tropospheric circulation, with a focus on the RWP
amplitude (E).

Figure 7 shows the climatological-mean E values in
DJF and JJA as well as the Day +5 mean E error in ERA5
reforecasts. The evolution of E errors with lead time is
shown in Figure S11. Evidently, an E overestimation in
many parts of the midlatitudes (e.g., North Pacific, North
Atlantic, Eurasia) emerges in DJF, while E is underesti-
mated in parts of the Arctic and the subtropics. In contrast,
a pronounced E underestimation characterizes JJA for
most of the Northern Hemisphere. In this case, the JJA
E biases are more prominent than the DJF ones in both
absolute and relative (to climatology) terms.

F I G U R E 6 Upper row: annual evolution of the midlatitude 850-hPa temperature standard deviation in the ERA5 reanalysis
(1979–2022; black) and the corresponding Day +5 forecast value in ERA5 reforecasts (1979–2019; blue), GEFS reforecasts (2000–2019;
orange), and ECMWF operational forecasts (2013–2022; red) during (a) DJF and (b) JJA. Lower row: annual evolution of the midlatitude
seasonal-mean 850-hPa temperature absolute error of Day +5 ERA5 reforecasts (1979–2019; blue), GEFS reforecasts (2000–2019; orange),
and ECMWF operational forecasts (2013–2022; red) during (c) DJF and (d) JJA. All time series correspond to a weighted average over the
30◦N –70◦N latitude band.
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5398 DOENSEN et al.

F I G U R E 7 Mean 300-hPa E (left
column) and E error of ERA5 Day +5
reforecasts (right column) in the DJF
(upper row) and JJA (lower row)
seasons of the 1979–2019 period.

The JJA E underestimation is already evident on Day
+1, grows fast with lead time, and maximizes roughly over
areas of the midlatitudes (e.g., North Pacific) where the
temperature variability underestimation also maximizes
(Figures 7 and 5). Since a causal relation between such
forecast bias patterns can hardly be established, we merely
hypothesize that one factor behind the pronounced tem-
perature variability underestimation in JJA is the equally
pronounced E underestimation.

For reference, Figures S12 and S13 show that, while
E absolute errors are clearly larger in DJF, the E absolute
errors scaled by the climatological E values are slightly
larger in JJA. Interestingly, JJA is also characterized by
more pronounced bias patterns than DJF in terms of
the phase speed, the absolute phase index (diagnosed
following Fragkoulidis (2022)), and the wavenumber of
RWPs (Figures S15–S17). When it comes to the zonal wind
velocity (Figure S14), the bias pattern of both seasons is
more complex and does not indicate any clear relation to
the E bias patterns.

Operational ECMWF forecasts and GEFSv12
reforecasts also exhibit an E underestimation in JJA

(Figure 8). Although the bias of GEFSv12 reforecasts
appears weaker than the ERA5 one, the former are char-
acterized by systematically larger E absolute errors in both
seasons. Examining the decadal evolution in the ERA5
reforecast errors and biases shows that the E negative bias
in JJA is only slightly reduced between 1979 and 2019,
while E absolute errors show a substantial decrease over
time. As in the case of the temperature absolute errors
(Figure 6), the latter decrease is more pronounced in
DJF than JJA. As expected, the reduction in E absolute
errors over the years is faster for the operational forecasts
than the reforecasts, driven by improvements in both the
observations and the model.

The Northern Hemisphere summer season, in par-
ticular, exhibits a clear relationship between the upper-
tropospheric RWP amplitude and lower-tropospheric
temperature anomalies (Fragkoulidis et al., 2018). Moti-
vated by that and the previous findings in this section,
we now assess to what extent the systematic E forecast
errors may hinder the predictability of 850-hPa tempera-
ture extremes. To this end, we compare the GSS values
for time instances when E in ERA5 reforecasts is below

 1477870x, 2024, 765, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/qj.4875 by U
niversitätsbibliothek M

ainz, W
iley O

nline L
ibrary on [29/04/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



DOENSEN et al. 5399

F I G U R E 8 Upper row: annual evolution of the midlatitude seasonal-mean 300-hPa E error in the Day +5 ERA5 reforecasts
(1979–2019; blue), GEFS reforecasts (2000–2019; orange), and ECMWF operational forecasts (2013–2022; red) during (a) DJF and (b) JJA.
Lower row: annual evolution of the midlatitude seasonal-mean 300-hPa E absolute error of Day +5 ERA5 reforecasts (1979–2019; blue),
GEFS reforecasts (2000–2019; orange), and ECMWF operational forecasts (2013–2022; red) during (c) DJF and (d) JJA. All time series
correspond to a weighted average over the 30◦N –70◦N latitude band.

average with those time instances when E is above
average. In order to compare samples of similar climato-
logical conditions (i.e., the splitting should not be mod-
ulated by the fact that the mean E values vary within
seasons) and equal size, we first compute climatological
annual cycles of the 50th percentile of E (as described in
Section 2 for temperature) for each lead time separately.
The 12-hourly time series of E forecasts at a given season,
lead time, and grid point is then split into two samples
depending on whether or not E exceeds the corresponding
50th percentile.

Figure 9 shows the difference in Day +5 GSS between
the two equally sized E samples (Figures S3 and S4 show
the evolution with lead time). The results show that
the low-E sample is characterized by lower GSS values
than the high-E sample, which provides further support
to the hypothesis that the negative E bias in JJA hin-
ders the predictability of temperature extremes. The GSS
decrease in low-E cases appears particularly pronounced
for high-latitude warm extremes in DJF and midlatitude
cold extremes in JJA. These extremes tend to occur with
intense E positive anomalies (not shown), which explains
the drop in their predictability when the RWP amplitude
is relatively low (low-E sample).

As a final note, one could repeat this last analysis by
comparing the GSS values for time instances when the E
error is relatively low (i.e., cases of E underestimation)

with those time instances when the absolute E error is
relatively low (i.e., cases when E is well predicted).
Again, GSS values in the first sample are lower than
those in the second one in much of the hemisphere,
so the same conclusions would be derived (figure
not shown).

6 CONCLUSIONS AND FURTHER
REMARKS

In this study we analyzed retrospective and operational
forecasts in order to investigate the medium-range pre-
dictability of Northern Hemisphere temperature extremes
and the role of upper-tropospheric circulation biases in
this regard. Evaluating ERA5 reforecasts for the period
1979–2019 allowed us to verify a large sample of warm
and cold extremes at the 850-hPa isobaric level and iden-
tify forecast errors and biases that may hinder their pre-
dictability. Maps of the GSS exhibit pronounced regional
and seasonal variability, with summer extremes gen-
erally associated with lower skill scores than winter
extremes. Moreover, asymmetries emerge between warm
and cold extremes; summer cold extremes are character-
ized by slightly lower predictability than warm extremes,
while the opposite is true in winter. Forecast misses and
false alarms of these extremes are partly attributed to
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F I G U R E 9 Gilbert Skill Score
difference in ERA5 Day +5 reforecasts
between cases with lower and greater
than average E for warm (left column)
and cold (right column) extremes at
850 hPa in the DJF (upper row) and JJA
(lower row) seasons of the 1979–2019
period.

biases in the mean and standard deviation of the daily
temperature distribution. A widespread underestimation
of the summer temperature variability that grows with lead
time constitutes a striking example of biases in the tem-
perature distribution and is consistent with a negative bias
in RWP amplitude at 300 hPa, which also characterizes
most of the hemisphere. In contrast, the winter season
features mean temperature biases that imply a reduced
meridional temperature gradient and a RWP amplitude
overestimation in many parts of the midlatitudes. It is then
shown that time instances of lower than average RWP
amplitude are associated with lower GSS than the ones
with higher than average RWP amplitude. Overall, the
results suggest that the underestimation of RWP ampli-
tude in summer hinders the medium-range predictability
of temperature extremes, while a pronounced seasonal
variability in biases and predictability emerges. Finally,
broadly similar biases to the ERA5 ones are also found in
GEFSv12 reforecasts of the 2000–2019 period and ECMWF
operational forecasts of the 2013–2022 period.

Tracing the root of the reported biases in mean
temperature and RWP amplitude was beyond the scope of
this study. The aim was rather to detect these biases, exam-
ine their spatiotemporal variability, and assess hypotheses
about their role in the predictability of temperature
extremes. Building on the results of this study, an inter-
esting next step would be to explore the causes behind
the pronounced negative RWP amplitude bias in JJA that
seems to remain largely unaffected in recent years, while
absolute errors in this respect gradually decrease. The
baroclinically less unstable but convectively more unsta-
ble summer season is characterized by weather systems
and flow configurations of smaller scale, while physical
processes at the subgrid level become more important
than in the winter season. As an example, the notori-
ously hard to resolve and predict summer deep convec-
tion can have far-reaching effects that grow with lead
time by inducing strong divergent outflow that effectively
perturbs the upper-tropospheric flow. If this process is
misrepresented in NWP models, an underestimation of
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Rossby-wave amplitude is to be expected (Schemm, 2023;
Teubler & Riemer, 2021).
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