Weather Clim. Dynam., 6, 1661-1681, 2025
https://doi.org/10.5194/wcd-6-1661-2025

© Author(s) 2025. This work is distributed under
the Creative Commons Attribution 4.0 License.

Weatherand

Climate Dynamics

Signal, noise and skill in sub-seasonal forecasts: the role of

teleconnections

Alexey Yu. Karpechko'!, Amy H. Butler’, and Frederic Vitart®

I Finnish Meteorological Institute, Helsinki, 00101, Finland

2National Oceanic and Atmospheric Administration (NOAA) Chemical Sciences Laboratory, Boulder, CO, 80305, USA
3European Centre for Medium-range Weather Forecasts, Reading, RG2 9AX, UK

Correspondence: Alexey Yu. Karpechko (alexey.karpechko @fmi.fi)

Received: 30 May 2025 — Discussion started: 30 June 2025

Revised: 15 September 2025 — Accepted: 3 November 2025 — Published: 4 December 2025

Abstract. A set of relaxation experiments with a forecast
model is used to explore the influence of tropical and strato-
spheric teleconnections on forecast skill, variability of fore-
cast ensemble mean (EM) and ensemble spread (ES) in the
wintertime Northern Hemisphere at sub-seasonal timescales.
The influence is diagnosed by comparing the relaxation ex-
periments, which relax the temperature and wind fields in
specific regions to observed values, with the free running
(control) experiment. During weeks 3—6 the tropical relax-
ation increases the forecast skill for sea level pressure (SLP)
mostly south of 50°N but also over the North Atlantic,
Northern Europe and eastern Canada. The stratospheric re-
laxation improves the skill mostly in high latitudes, over
Europe, and North Atlantic. Skill improvements are smaller
for surface temperature and total precipitation, suggesting a
smaller role of the teleconnections in their predictability. The
increases in skill are generally associated with increased vari-
ability of EM, considered to represent the predictable signal,
and reduced ES representing noise. However, this does not
happen in all areas where the skill is increased. In high lati-
tudes, where the stratospheric impacts are strongest, the EM
variability does not increase in the stratospheric relaxation
experiments consistently with increases in skill, implying
that EM does not reflect the predictable signal. We suggest
that the ensemble size available in the experiments (11 mem-
bers) is not always enough to make it possible to fully extract
signal from noise, and that larger ensembles (20-50 mem-
bers or even more depending on area and variable) would
be beneficial for studies of sub-seasonal predictability asso-
ciated with the teleconnections in mid- and high latitudes,
including windows for forecast opportunities.

1 Introduction

The signal-noise model of atmospheric predictability as-
sumes that atmospheric variability consists of two compo-
nents: a signal, the component that can be predicted by a
forecast model given initial and boundary conditions, and a
noise, a component that cannot be predicted. The model can
be expressed using variances as:

2 _ 2 2
Ototal = o—signal *+ Onoise 6]

2 . . 2 . . .
where Oforal 18 the total variance, O ignal 1 the signal variance,

and O—I?Oise is the noise variance. As the signal to noise ratio
declines with forecast lead time, the skill of weather forecasts
deteriorates. In the extratropics the skill usually becomes
small after 10-14 d; however, sometimes the forecasting op-
portunity extends beyond two weeks, i.e. to sub-seasonal
timescales (Mariotti et al., 2020). According to the signal-
noise model, these “windows of opportunity” are charac-
terized by an anomalously large signal to noise ratio (e.g.
Newman et al., 2003). Detecting forecasting opportunities is,
however, difficult and some of the related problems are anal-
ysed in this article.

In an ensemble forecast system, the predictable signal is
represented by the ensemble mean (EM), and the unpre-
dictable noise by the ensemble spread (ES). The signal-noise
model (1) rewritten for a forecast system takes the form:

2 2 2
Oiotal = OEM T OFg 2)
while oy, is the best estimate for og,,, and ogg is the

best estimate for o2

oise» 1D general these are not the same

Published by Copernicus Publications on behalf of the European Geosciences Union.



1662 A. Yu. Karpechko et al.: Signal, noise and skill in sub-seasonal forecasts

things because the models have structural errors and be-
cause the ensembles have a finite size. Yet, as long as the
model has skill in predicting the real world, a correspon-
dence between signal-noise ratio estimated from the prop-
erties of the forecast ensemble and the forecast skill is ex-
pected. Consequently, one can ask whether a forecasted large
signal-noise ratio (either due to an anomalously large EM or
anomalously small ES) indicates an enhanced predictability
and skill. Previous studies demonstrated that, at sub-seasonal
timescales, ES provides little information about the skill
(Barker, 1991; Whitaker and Loughe, 1998; Hopson, 2014).
It has been shown that the forecasting systems are often
under-dispersive, and ES does not always represent the actual
uncertainty (Pegion and Sardeshmukh, 2011; Kumar et al.,
2014; Pegion et al., 2019), although recent studies suggest
that some state-of-art models can capture the spread-skill re-
lationship at sub-seasonal timescales (Vitart et al., 2025). On
the other hand, at seasonal timescales, the skill is found to
be related to the magnitude of the EM (Tang et al., 2008),
and there is evidence that the same might also be true for
sub-seasonal timescales (Newman et al., 2003; Pegion and
Sardeshmukh, 2011; Albers and Newman, 2019).

Forecasting opportunities in the extratropics at sub-
seasonal timescales typically appear when the extratropical
troposphere is dynamically linked to other components of the
climate system, such as the tropical atmosphere or the winter-
time stratosphere (Mariotti et al., 2020; Richter et al., 2024).
Such remote links are known as “teleconnections”. In partic-
ular, the forecast skill in the extratropics often increases fol-
lowing sudden stratospheric warmings or weak polar vortex
states (Sigmond et al., 2013; Karpechko et al., 2018; Butler
et al., 2019; Domeisen et al., 2020; Erner et al., 2022), pe-
riods of the strong stratospheric polar vortex (Tripathi et al.,
2015; Lee et al., 2020; Rao and Garfinkel, 2021) or episodes
of active Madden Julian Oscillation (Vitart, 2017; Ferranti et
al., 2018; Lin et al., 2019). On the other hand, not all these
episodes lead to detectable impacts, and appearance of these
phenomena in the initial conditions does not guarantee skilful
forecasts (Karpechko et al., 2017; Kautz et al., 2020; White
et al., 2019; Kolstad et al., 2022). Studies suggest that fore-
cast models may misrepresent teleconnections both from the
stratosphere (Garfinkel et al., 2025; Erner and Karpechko,
2024; Afargan-Gerstman et al., 2024) and the tropics (Stan et
al., 2022; Roberts et al., 2023; Erner and Karpechko, 2024;
Vitart and Balmaseda, 2024), resulting in missed forecast op-
portunities.

Studies of teleconnections typically focus on the associ-
ated forecast skill, but less is known about how teleconnec-
tions affect the signal and noise, how the changes in sig-
nal and noise are captured by the forecast models and how
the changes in skill are related to changes in the signal-to-
noise ratio. Understanding how the signal and noise proper-
ties of the forecast are related to skill is crucial for diagnosing
forecasting opportunities in operational practices. Recently,
Spaeth et al. (2024) demonstrated that the forecast spread is
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reduced following periods of a weak polar vortex; suggest-
ing that, contrary to earlier studies (e.g. Barker, 1991) the
spread may be a predictor of the skill at sub-seasonal scales.
However, whether a reduced spread is indeed associated with
increased skill has not been demonstrated.

The main goal of this article is to investigate how the atmo-
spheric teleconnections from the stratosphere and the tropics
affect the signal and noise in the forecasts and whether there
is a relationship between increased signal-noise ratio and in-
creased skill due to teleconnections. We will show that such
a relationship exists if the signal-noise ratio is sufficiently
large, but that it breaks down when the signal-noise ratio be-
comes small, a situation typical for mid- and high-latitudes at
sub-seasonal timescales. We will further argue that, in many
cases, extracting teleconnection signals in mid- and high lat-
itudes may require larger ensemble sizes than are in most
datasets available for research (Vitart et al., 2017); and pro-
vide some estimations of what ensemble sizes are required
for capturing a substantial fraction of the signals associated
with the stratospheric and tropical teleconnections.

The method used here to isolate the effect of the tele-
connections is based on the nudging technique (Jung et al.,
2010a, b; Hitchcock et al., 2022). In nudging (or relaxation)
simulations, a forecast model is constrained to follow a pre-
determined state (typically reanalysis) in one part of the at-
mosphere considered to be the skill source, while allowing
the rest of the atmosphere to evolve freely, so that the fore-
cast errors associated with the evolution of the skill source
are eliminated. Jung et al. (2010a) showed that the nudg-
ing of the tropics and the stratosphere increases the skill of
wintertime sub-seasonal forecasts over parts of the Northern
Hemisphere extratropics, confirming that the teleconnections
play a significant role in extratropical weather.

The study is structured as follows. The data, methods and
diagnostics are presented in Sect. 2. Section 3 starts by pre-
senting the forecast skill and its relation to signal-noise ratio
for sea level pressure, followed by estimations of required en-
semble size. Section 3 ends with the results for surface tem-
perature and total precipitation. Implication of the results and
conclusions are discussed in Sect. 4.

2 Data and Methods
2.1 Data

We use data from the experiments reported in Vitart and
Balmaseda (2024) and Karpechko et al. (2024). A set
of extended-range ensemble reforecasts is produced by
the European Centre for Medium-range Weather Forecasts
(ECMWF) model version CY47R. The atmospheric compo-
nent of the model has horizontal resolution Tco319 (about
32km) and 137 levels in the vertical. The ensembles cover
the period from December 1999 to January 2019 with initial-
ization dates on 12 December, 16 December, 19 December,
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Table 1. Description of the relaxation experiments.

Name Relaxation
CTRL No relaxation
TROP Winds, temperature and humidity are relaxed between 10° S—10° N with
tapering applied at the boundaries of the nudging and 1000-0.01 hPa with relaxation time of 12 h.
STRAT  Winds, temperature and humidity are relaxed between 90° S—90° N and

50-0.01 hPa with tapering starting above 70 hPa with relaxation time of 12 h.

23 December, 26 December, 30 December, 2 January, 6 Jan-
uary and 9 January of each year. This sums up to 180 hindcast
ensembles, each consisting of 11 members. In addition to the
free running experiment, referred to as the control experi-
ment (CTRL), we use two relaxation experiments initialized
on the same dates as CTRL. The details of the experiments
are summarized in Table 1. In the first experiment (TROP),
temperature and winds in the tropics are relaxed towards cor-
responding fields from ECMWEF’s ERA-5 reanalysis (Hers-
bach et al., 2020) with relaxation time of 12 h. In the second
experiment (STRAT), the mid- to upper-stratospheric winds
and temperatures above 50 hPa are relaxed globally toward
ERA-5 with a relaxation time of 12 h. The results are shown
for sea level pressure (SLP), 2 m temperature (T2M) and total
precipitation (TP). ERA-5 reanalysis (Hersbach et al., 2020)
is used for forecast verification. All data are interpolated on
the 1° x 1° latitude-longitude grid prior to the analysis.

2.2 Signal, noise and skill metrics

The hindcast anomalies X’ are calculated for each ensemble
member m and initialization time ¢ with respect to season-
ally varying daily mean hindcast climatologies (1999-2019),
which are functions of longitude (i), latitude (j), and lead
time (/). The climatologies are calculated for each exper-
iment separately. The anomalies are then averaged weekly
(week 1 is days 1-7; week 2 is days 8—14 ... week 6 is days
36—42) and bi-weekly (weeks 1-2 is days 1-14; week 3—4 is
days 15-28, week 5-6 is days 29-42). The analysis is mostly
focused on bi-weekly anomalies.

The ensemble mean anomaly (EM) is defined at each grid
point, initialization time, and lead time:

1 M
BMjir =302 Xijndon' 3)

here M = 11 is the number of ensemble members.
Similarly, the ensemble spread (ES) is defined as a (biased)
standard deviation across ensemble members:

1 M
ESi jo1= \/Mzmzl(xi,j,t,l,m/ —EM; 1) “

The biased estimate of the standard deviation is used be-
cause it simplifies the separation of the total variance into
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cr]%M and G]%s as in Eq. (2). ES in Eq. (4) is calculated from
the weekly (or bi-weekly) mean anomalies, rather than from
daily anomalies as in Spaeth et al. (2024) because the sepa-
ration of the total variance in Eq. (2) requires that both EM
and ES are calculated from the same anomalies.

The variance of EM (oéM) and mean ES (aés) are defined
at each grid point and lead time as:

1 T
2 _ 2
OBM; j; = TZtZIEMi,j,t,l 4)
1 T
2 2
OFs; ., = TZ;:lESi»N,I (6)

where T = 180 is the total number of forecasts. (Note that
the time mean ensemble mean EM,; ;; is zero because we are
working with anomalies.) The ratio of the variables defined
by Eqgs. (5) and (6) gives the signal-to-noise ratio (STN):

2
UEM[: il
2 (7

OES; ;4

STN; ji =

Two measures of skill score are calculated. First is the
anomaly correlation coefficient for timeseries (o) which is
calculated for each grid point and lead time with respect to
ERAS reanalysis as follows:

T
D=1 BMi 11051
T 2 T 72
\/Zt:]EMi,j,t,l\/Zt=l o i,j.t,l

where O’;. j,r,1 are the reanalysis anomalies calculated in the
same way as the hindcast anomalies. The second skill score,
the squared error (SE), is calculated as a squared difference
between the ensemble mean and the observations:

®)

Pi,jl =

SE; ji1=EM; . 1— 0 j.1)° )

We use SE as a measure of skill for individual forecasts. We
also looked at the mean squared error (or root mean squared
error), which is a skill metric for each grid point, and found
little additional information compared to that provided by p,
hence these are not shown.

Comparing the forecast skill with the signal-noise esti-
mates may be more convenient when a “perfect model” fore-
cast skill (operf), i.e. the skill of the model predicting itself,
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is used instead of STN. Two perfect skill metrics are used.
Following Pegion and Sardeshmukh (2011) we define pSTN
using the STN estimate for each grid point (7, j) and lead
time (/) as:

pSTN _ STN;, 1
pe i,
M JSTNG - DTN, 1+ )

(10)

The other metric is the anomaly correlation coefficient
(ACC) analogous to that defined by Eq. (8) except that the re-
analysis anomalies are replaced with one forecast ensemble
member and the ensemble mean is defined using the remain-
ing M — 1 members. Here we obtain the perfect skill metric

ACC for each grid point and lead time by first calculating the
correlatlon coefficients for each ensemble member and then
averaging the results across all members.

2.3 Estimating teleconnection signals and size of
ensembles

Separating signal from noise using ensemble technique as-
sumes that the noise is cancelled out when the forecasts are
averaged across ensemble members. However complete can-
cellation is only possible for ensembles of infinite size. For fi-
nite ensembles, aéM contains uncancelled noise (e.g. Siegert
et al., 2016; Hardiman et al., 2022):

o2
2 2 Onoise
OEM = amgnal +— M (11)

Assuming that the model captures the signal and noise well,
one can use Eq. (11) to estimate the size of ensembles re-
quired to separate the signal from noise, or more speciﬁ—
cally, for O’EM to be a reasonable approximation to o2 If

signal®
(a1 Can be estimated from the forecast
O'EM+GES) then expressing o, . . as

the total Varlablhty a

( Ototal = s1gndl+an01se
2
the difference between o, and Usignal allows one to rewrite

Eq. (11) as:

o2 M- UEM

o2
51gna1 M—1 Zioul (12)

The above equation can be used to estimate the strength
of the signal using the forecast outputs. In this paper we
are interested in the signals associated with teleconnections
(o, telecon) The effects of the teleconnections are estimated as
the difference between CTRL and respective relaxation ex-
periments. Thus, the teleconnection signal can be estimated
as:

5 M- AGEM Ao

Otelecon = 1

total ( 1 3)

2 — 2
where otelecm‘l = Aasignal’ and A(TEM and Ac?2 total &€ calcu-
lated as the differences between the respective relaxation ex-

periment (either TROP or STRAT) and CTRL. Note that if a
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part of the teleconnection signal is captured by CTRL, then
Eq. (12) would underestimate the magnitude of the signal.
More details on using Eq. (12) are given Sect. 3.4.

If the teleconnection signals are expected to be well repre-
sented in free running forecasts, then the size of the ensem-

bles should be such that o2 > 3 Onoie , where Mieq is the

telecon
minimum size of ensembles requlred to satlsfy the inequality.

In this article we arbitrarily define Meq as the size of the en-

sembles required for Gtelecon to constitute 2/3 of aéM (equiv-

2
alent to o2 being twice as large as 3‘};;‘6? ). Assuming that

telecon

is the main contributor to
can be expressed as the

atzsub seasonal timescales Utelec n
o

signal® and consequently that o

: 2
difference between Ooral and atelecon,
derived from Eq. (1 1) as:

I'l01§e
the equation for Myeq is

2 2
g — 0,
Mreq —2. total R telecon (1 4)

Oelecon

where G%M is the sum of UEM and OES in CTRL, and Utelecon
is calculated using Eq. (12).

2.4 NAO and PNA

To analyse regional predictability, we calculate North At-
lantic Oscillation (NAO) and Pacific North American (PNA)
indexes. The NAO index is calculated by projecting observed
and forecasted SLP anomalies on the NAO loading pattern,
which is calculated as the first EOF of the regional (90° W-
40°E, 20-80°N) November to March monthly mean SLP
anomalies from ERA-5. The PNA index is usually calculated
from the 500 hPa geopotential anomalies but for consistency
with NAO, here it is also calculated from SLP anomalies.
To calculate the PNA loading pattern, we regressed Novem-
ber to March monthly mean SLP anomalies from ERAS onto
the monthly PNA index downloaded from the NOAA Cli-
mate Prediction Center (https://www.cpc.ncep.noaa.gov, last
access: 26 November 2025). The loading PNA pattern is
defined as the regression pattern over 210-90° W and 40-
75° N. The PNA index is then calculated by projecting ERAS
and forecasted SLP anomalies on the PNA loading pattern.
The original PNA index downloaded from the Climate Pre-
diction Center and the PNA index calculated from ERAS
SLP anomalies here correlate at 0.84, which sufficiently cap-
tures the regional variability attributable to PNA.

2.5 Statistical significance testing

To test whether the relaxation experiments are significantly
different from CTRL we perform bootstrap testing. This is
done by (i) randomly selecting with replacement 180 hind-
casts from the original set, (ii) recalculating the diagnos-
tics for this reconstructed set of hindcasts, and (iii) repeating
steps (i) and (ii) 1000 times. The actual difference between
the experiments is considered statistically significant if it lies
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outside the 5 %-95 % range across the bootstrapped differ-
ences.

3 Results
3.1 Forecast skill in SLP

The correlation skill score (p) for SLP fields is shown in
Fig. 1. During weeks 1-2, the model has high skill, and the
improvements in the relaxation experiments are small. Dur-
ing weeks 3—4, the skill in the mid- and high latitudes de-
creases considerably but remains significant (o > 0.5) in the
sub-tropical Atlantic and Pacific basins. During weeks 5-6,
the skill is low everywhere. The relaxation experiments re-
veal areas where teleconnections contribute to the skill. In
TROP the skill is mostly improved south of 50°N while
in STRAT the improvements are largest in high latitudes
between 60°W and 180°E, in the subtropical Atlantic and
western Mediterranean. The increases in skill in the At-
lantic sector are expected because downward stratosphere-
troposphere coupling preferentially influences this region via
the North Atlantic Oscillation (e.g. Hitchcock and Simpson,
2014). In both TROP and STRAT significant skill (p > 0.5)
appears over sub-tropics and extends north to 50-60° N over
the oceans during weeks 3—4. The improvements in the relax-
ation experiments are in general larger in magnitude during
weeks 5-6 than during weeks 3—4 because some of the signal
associated with the teleconnections is captured during weeks
3-4 by CTRL.

Significant decreases of the skill can also be seen in some
areas in the relaxation experiments, specifically, in northern
Eurasia in TROP in weeks 3—4 and in central North America
in STRAT in weeks 5-6. The decreases can indicate biases in
simulated teleconnections although a more detailed analysis
would be needed to test this hypothesis.

The results shown in Fig. 1 are broadly consistent with
those by Jung et al. (2010a), but some differences are to be
expected. Firstly, the model used here has undergone signifi-
cant improvements resulting in increased skill (Vitart, 2014);
thus, some of the skill that could be achieved in the older
model version only using the relaxation is now achieved by
the free running model. Therefore, the difference between
CTRL and the relaxation runs is expected to be smaller in our
experiments. Secondly, we have considerably larger statistics
and thus more robust estimates of the differences. Interest-
ingly, a decrease in skill can also be seen in northern Eura-
sia in the older tropical relaxation experiment (Jung et al.,
2010a), suggesting that some biases in teleconnections might
have persisted through model generations.

To highlight the regional changes, we show the correla-
tion skill for weekly NAO and PNA indexes (Fig. 2). NAO
and PNA indexes provide an integral picture of the atmo-
spheric flow over the North Atlantic /European and North
Pacific /North American regions respectively. In CTRL, the
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Table 2. Spatial correlation coefficients (30-90° N) between the

forecast skill (p) and the forecast properties (J]%M, U]%S’ STN, psg;lf\l,

pr‘;(rjfc) in CTRL. The values above the diagonal are for Weeks 3—4.

The values below the diagonal are for Weeks 5-6.

P Pt Pyt STN ofy o
p 1073 073 074 015 -027
Pra 062 1 1099 026 —0.22
Phet 062 1 1098 026 -022
STN 062 099 099 1 030 —0.19
aéM 0.10 034 033 037 1 083
ofg  —0.14 =007 —0.08 —0.03 0.7 1

NAO skill is 0.47 for week 3 but declines to ~ 0.2 for longer
lead times. In STRAT, NAO skill is 0.52 for week 3 and
remains above 0.4 for longer lead times suggesting consid-
erable influence from the stratosphere-troposphere coupling
as expected. Charlton-Perez et al. (2021), using a statistical
model, estimated that for an 11-member forecast model with
a perfect stratosphere the NAO week 3 skill is ~0.52, con-
sistent with what we find in our experiments. In TROP the
increase in the NAO skill is smaller than that in STRAT but
still significantly different from CTRL during weeks 4 and 6.
Karpechko et al. (2024) using the same dataset suggested that
both direct tropospheric pathway (Barnes et al., 2019) and
indirect stratospheric pathway contribute to increased NAO
skill in TROP.

The PNA has a high skill (o =0.65) during week 3 in
CTRL, indicating that the predictability in the Pacific region
at sub-seasonal timescales is considerably larger compared to
that over the North Atlantic. As expected, nudging the tropics
has a stronger impact on PNA skill than nudging the strato-
sphere, and the skill in TROP remains above 0.5 even for
week 5. STRAT also has a skill exceeding that in CTRL, but
the difference is only significant during weeks 2 and 4. Since
the zonal mean downward coupling following Sudden Strato-
spheric Warmings has usually small impacts over the Pacific
region (Dai et al., 2023) it is not clear which processes con-
tribute to the increased PNA skill. One possible explanation
is that STRAT better predicts the wave reflection episodes
which particularly affect North America (e.g. Matthias and
Kretschmer, 2020), and might potentially project onto the
PNA, but this hypothesis will not be tested here.

3.2 Teleconnection signal and noise in SLP and the link
to global skill

Signal to noise ratio (STN) for SLP is shown in Fig. 3. At
sub-seasonal time scales (weeks 3—4 and 5-6), STN is largest
in subtropical ocean basins — the Pacific and western Atlantic
— broadly coinciding with the regions of the largest corre-
lation skill (Fig. 1), consistent with other studies (e.g. Ku-
mar et al., 2014). A resemblance between changes in STN

Weather Clim. Dynam., 6, 1661-1681, 2025
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STRAT-CTRL
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Figure 1. Anomaly correlation coefficients (p) for bi-weekly mean SLP anomalies for (left) CTRL; and the differences in p between (centre)
TROP and CTRL and (right) STRAT and CTRL experiments. Dark blue line marks p = 0.5 contour in CTRL. Light green and magenta
lines mark p = 0.5 contour in TROP (centre) and STRAT (right) experiments respectively. During weeks 1-2 p exceeds 0.5 everywhere and
in all experiments. During weeks 5-6 p is below 0.5 everywhere in CTRL. Grid points with elevation above 2000 m are masked in white.
The black boxes show regions used in Fig. 7. Stippling in (centre, right) indicates significant differences between CTRL and the respective

relaxation experiments.

and p can also be seen, most clearly in TROP in the sub-
tropics where both STN and p increase, suggesting that an
improved representation of the remote signal due to nudg-
ing leads, via teleconnections, to increased STN and conse-
quently to increased skill. However, there are discrepancies
too. For example, STN increases over the polar regions in
TROP during weeks 3—4 (Fig. 3), but the skill there does not

Weather Clim. Dynam., 6, 1661-1681, 2025

change (Fig. 1). Conversely, the skill increases significantly
over northern Europe in STRAT during weeks 5-6, but the
changes in STN are minimal.

The relationship between the model’s actual skill (p) and
the “perfect” skill, pseTrlf\I calculated using Eq. (10) at each

grid point is shown in Fig. 4. Since ,osgrlf\] is a function of STN

https://doi.org/10.5194/wcd-6-1661-2025
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(b) PNA index correlation

1.0
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1 2 3 4 5 6
Forecast week
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Figure 2. Anomaly correlation coefficients (o) for (a) weekly mean NAO and (b) weekly mean PNA indexes. Error bars indicate 95 %
confidence intervals. The coefficients for the relaxation experiments that are significantly different from those for CTRL (p = 0.05) are

circled.

only, a correspondence between ,oseTrIf\I and p is similar to that

between STN and p (Table 2). The spatial correlation be-
tween the p and pSTN fields in CTRL (Fig. 4a, d, g) declines
with lead time, but it remains significant until weeks 5-6. The
relationship breaks down below the level of p & 0.4 where
the actual skill degrades much faster than the perfect skill
(Fig. 4a, d, g). The results obtained with p&% are very sim-

ilar except that pACC

sponding pSTN

are smaller on average than the corre-

values, especially at sub-seasonal timescales

perf
(Fig. S1 in the Supplement). Furthermore, ,oseTrIf\I is mostly

larger than the actual skill, i.e., the values fall below the di-
agonal line in Fig. 4a, d, g, especially where the actual skill is
low. However, pAe(r:fC is more comparable to the actual skill in
magnitude, and the values in Fig. Sla, d, g are more evenly
distributed around the diagonal line.

The relationship between the p and pSeT N fields (as well as
between p and p*CC fields) in TROP and in STRAT behave

perf
similarly to that in CTRL (not shown). It is more interesting
to focus on the changes in p (Ap) and in pPpert (A Ppert) in the
relaxation experiments. Since the results obtained with either

A pseTrIf\I or A pACC are nearly identical (cf. Figs. 4 and S1), we

only discuss the results for A,oSeTrIf\I In TROP Ap and Apggr{?]
correlate at all lead times (r ~ 0.6), although the changes dur-
ing Weeks 1-2 are less than 0.01, i.e. negligible (Fig. 4, cen-
tre and right columns). At the subseasonal scales (Weeks 3—
4, 5-6) ApSTN in TROP are mostly positive, but they are
often smaller than Ap. However, the correlation between the
changes in p and ,oseTrlf\Im STRAT is weak. The difference be-
tween TROP and STRAT can be understood by analysing
the geographical distribution of the changes. In TROP, the
increases in p and in psgr]f\] are mostly in low latitudes where
the skill and STN are relatively large already in CTRL; while
in STRAT, the increases are mostly in high latitudes, where

the skill and STN are low (Fig. 4).

https://doi.org/10.5194/wecd-6-1661-2025

Since the perfect skill is a property of a model only, in gen-
eral, there need not be a correspondence between the actual
and the perfect skill (Kumar et al., 2014). However, the lack
of correspondence between the changes in the actual and the
perfect skill in the relaxation experiments indicate that the
signal-noise ratio estimated from the model does not reflect
the signal and noise properties of the actual atmosphere.

We next take a closer look at O'EM, O'ES and their changes
in the relaxation experiments (Figs. 5-6). In general, o2y,
is largest during weeks 1-2 and it decreases with lead time
(Fig. 5). The opposite is true for Ués (Fig. 6). The three re-
gions where aéM maximizes are the climatological Icelandic
and Aleutian lows coincident with the location of the North-
ern Hemispheric storm tracks (Chang et al., 2002) and the
Ural high, and these are the same regions where aEs maxi-
mizes too. Overall O'EM and UES fields correlate strongly pos-
itively with each other at all lead times but neither of them

correlates with pgglf\l, p{jegfc, or STN (Table 2). Thus, it is

STN that affects p, not UEM or UES separately.

In TROP, UEM mostly increases in the subtropical regions,
eastern subtropical Pacific and western subtropical Atlantic
where the tropical teleconnections are expected to be strong.
These are also the regions where o decreases. Also, oy
increases in the Arctic but O’ES does not significantly change
there during weeks 3—6. Recalling that there is a significant
increase in STN in the Arctic during weeks 3—4, we can as-
sociate this increase with increased aéM. In STRAT, aéM in-
creases in the Arctic, with largest increase over northeastern
Canada during weeks 5-6, as well as in the subtropical At-
lantic. The largest decrease in O'és is over northern Europe
during weeks 5-6 but a corresponding increase in (TE there
is missing. Comparing now changes in aéM and ofg with
those of p (Fig. 1) we see that in TROP the largest changes
are in the subtropics where the relaxation increases o7y, de-
creases 01%5 and increases p. However, in the Arctic, where

increased O'EM contribute to increased STN there is no sig-
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CTRL TROP-CTRL STRAT-CTR

Weeks 1-2

Weeks 3-4
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Figure 3. Signal to noise ratio (STN) for bi-weekly mean SLP anomalies for (left) CTRL; and the differences between STN in (centre) TROP
and (right) STRAT experiments with respect to CTRL. Dark blue line marks p = 0.5 contour in CTRL. Light green and magenta lines mark
p = 0.5 contour in TROP (centre) and STRAT (right) experiments respectively.

Table 3. Spatial correlation coefficients over 30-90° N between the changes in the forecast skill (Ap) and changes in the forecast properties
(Ao AoZg. ASTN, ApSTN A pACE

verf * A Pperf ) in the relaxation experiments.
TROP \ STRAT
2 2 STN ACC 2 2 STN ACC
Aogyy  Aogg  ASTN A’Operf A,operf ‘ Aogy  Aogg  ASTN Apperf Apperf
Weeks 1-2  0.05 —-0.26  0.35 0.57 0.57 -0.01 -0.29 0.10 0.17 0.17
Weeks 34 0.13 —-033 054 0.60 0.59 0.18 —-043 023 0.18 0.16
Weeks 5-6 029  —048  0.57 0.60 0.59 023 -0.55 0.26 0.33 0.36
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Figure 4. (a, d, g) Scatterplots between p and Pperf

for SLP anomalies at each grid point between 30° N and 90° N in CTRL. 2nd and 3rd

columns show differences for p and psgrlf\l between relaxation experiments (TROP and STRAT respectively) and CTRL. Spatial correlation

STN

coefficients between p and Pperf

fields are shown as r-values in each panel. Red dots mark grid points south of 40° N, blue dots mark grid

points north of 60° N, and grey dots mark grid points between 40—60° N.

nificant increase in p. In STRAT the areas where changes in
both oy and ofg correspond to increased p include South-
ern Europe, Mediterranean and western subtropical Atlantic
during weeks 5-6. On the other hand, the increase in p over
northern Europe during weeks 5-6 is only associated with
decreased aés.

To summarize the above discussion, Table 3 lists the
spatial correlation coefficients between the changes in the
properties of the forecast ensemble (AaéM, Aoés, ASTN,
Appert) and the changes in the actual forecast skill (Ap).
Looking at changes in TROP, both AaéM and Aaés perform
worse than Apperf (either Apsgﬁ or A p;\e?fc) in predicting
Ap. Here, the situation is similar to what is found in CTRL
where ppef correlates with p better than either O'I%M or oés
(Table 2). Looking at changes in STRAT, change in neither
forecast property correlates well with changes in p; how-

https://doi.org/10.5194/wecd-6-1661-2025

ever, it is noticeable that Aoés performs better than A pSTN

perf °
Aplf‘e(;fc or A STN. In particular, this reflects the situation

over northern Europe, where increases in Ap and decreases
in Aaés coincide with each other, but increase in STN is
small and insignificant while increase in aéM is absent. This
latter case suggests that the skill increase in this region might
be due to reduced forecast uncertainty rather than due to in-
creased predictable signal, and we will consider this situation
in the next section.

3.3 Teleconnection signal and noise in SLP and the link
to local skill

In this section we will analyse the differences between the re-
gions where the skill increases together with increases in aéM
and STN, as expected, and those where the skill increases,

Weather Clim. Dynam., 6, 1661-1681, 2025
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Figure 5. Variance of ensemble mean (aéM) for bi-weekly mean SLP anomalies for (left) CTRL; and the differences between (’éM in (centre)
TROP and (right) STRAT experiments with respect to CTRL. Dark blue line marks p = 0.5 contour in CTRL. Light green and magenta lines
mark p = 0.5 contour in TROP (centre) and STRAT (right) experiments respectively.

but ‘71%1\/1 and STN do not (or increase only slightly). The two
regions considered are shown in Fig. 1. The first region is in
the Eastern Pacific (35-45° N and 155-125° W) and the other
one is in northern Europe (60—80° N and 20-60° E). There is
a strong increase in the correlation skill relative to CTRL in
the Pacific location in TROP and in the European location
in STRAT during weeks 5-6 (Table 4). There is also a sig-
nificant reduction in the mean ensemble spread (O'}%S) at both
locations in the respective experiments. The reduction in Ués
suggests that the teleconnections (the tropical and the strato-

Weather Clim. Dynam., 6, 1661-1681, 2025

spheric ones respectively) play a role in the climate variabil-
ity, and hence contribute to predictability, at these locations.
However, O’I%M increases only at the Pacific location but not
at the European location.

Figure 7 shows the changes in EM?2, ESZ, and SE at these
locations for each individual forecast. To facilitate the anal-
ysis, the forecasts are ranked according to the magnitude of
the EM? change in the relaxation experiments (Fig. 7a, c).
EM? can either decrease or increase by Weeks 56 for each

individual forecast initialization. However, in the Pacific the

https://doi.org/10.5194/wcd-6-1661-2025
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Figure 6. Ensemble spread (aés) for bi-weekly mean SLP anomalies for (left) CTRL; and the differences between GI%S in (centre) TROP
and (right) STRAT experiments with respect to CTRL. Dark blue line marks p = 0.5 contour in CTRL. Light green and magenta lines mark
p = 0.5 contour in TROP (centre) and STRAT (right) experiments respectively.

increases in EM? dominate over the decreases leading to an
overall increase in GI%M and consequently in STN. In Europe,
there is nearly as many forecasts with increased EM? as with
decreased EM2, which balance each other and result in an
overall lack of change in o2,

Figure 7b, d and Table 4 also show that it is the shift
in the ensemble mean that leads to reduced forecast error
in the individual forecasts at these locations. This is seen
from a significant negative correlation between the absolute
changes in EM? and the forecast error SE at both locations.

https://doi.org/10.5194/wecd-6-1661-2025

The absolute changes in EM? are considered because both
the negative and the positive changes in EM? correlate with
SE: negative EM? changes correlate positively while posi-
tive EM? changes correlate negatively, i.e. both lead to re-
duced SE. The negative EM? changes correspond to “false
alarms” in CTRL, which are corrected in the relaxation ex-
periments. These “false alarms” potentially contribute to ar-
tificially higher STN in CTRL despite low skill. The changes
in ES? on the other hand do not correlate with SE (Table 4).
Thus, while the ensemble spread, and so the uncertainty, is

Weather Clim. Dynam., 6, 1661-1681, 2025
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Table 4. Forecast actual skill (p), perfect skill (p
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STN
perf

the two locations shown in Fig. 1 during Weeks 5-6.

and p

ACC
perf

), variability in EM (aéM, hPaz) and ES (UI%S’ hPaz), STN, correlation
between the changes in the forecast error (SE) and the absolute squared EM (rgys2), and between the SE and the ensemble spread (rgs?) in

Pacific
STN ACC 2 2
P Poert  Ppert %EM ORs  STN  rgyp Tgg2
CTRL 037 042 0.32 12 41 0.29
TROP 0.63  0.63 0.57 19 24 0.79 —0.48 002
Northern Europe
CTRL 0.05 026 0.07 10 81 0.13
STRAT 042 0.30 0.13 10 61 0.16 —0300.04
(a) Pacific: AEM2, AES? and ASE (b) Pacific: ASE vs abs(AEM?2)
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Figure 7. Changes in EM?2, ES?, and SE (hPaz) in (a-b) Pacific (35-45° N and 155-125° W) in TROP and (c—d) Northern Europe (60—-80° N
and 20-60°E) in STRAT during weeks 5-6. (a, ¢) Changes in EM?2, ES?, and SE in each individual forecast. The forecasts are ranked
according to the change in EM? between the CTRL and the respective relaxation experiments: from the largest decrease to largest increase.
(b, d) Scatterplots between absolute change in EM? and change in SE (hPaz).

reduced in these areas in the relaxation experiment, and this
reduction contributes to overall increased skill in the region,
the magnitude of the error reduction in individual forecasts
is not proportional to the magnitude of the ES? decrease.

The regions discussed above are selected to illustrate the
two contrasting situations, but the results are not specific to
the regions, nor to the type of the relaxation experiment. For
example, the skill increase over southern Europe in STRAT
coincides with both a decrease in O’és and an increase in GI%M’
i.e. the situation there is similar to the example from TROP
shown in Fig. 7a-b.

Based on the analysis of Fig. 7 and Table 4 we highlight
several important results regarding the northern Europe loca-

Weather Clim. Dynam., 6, 1661-1681, 2025

tion: (i) variability of EM?Z does not increase between CTRL
and STRAT but the skill does; (ii) a reduction of EM? in
many individual forecasts leads to increased skill, which can-
not be reconciled with the assumption that EM? is propor-

tional to the magnitude of signal; (iii) pggrlf\I (which is di-

rectly proportional to cr]%M) is considerably larger than p in
CTRL but they are closer to each other in STRAT. Taken to-
gether these results suggest that O'éM in CTRL overestimates
the variability of the predictable signal, i.e. EM does not rep-
resent the signal in CTRL sufficiently well. Note that, unlike

psgrlf\], pﬁe(rjfc is comparable to p in CTRL but it strongly un-
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derestimate p in STRAT demonstrating some sensitivity of
the results to the definition of ppert.

According to Eq. (11), as long as M < oo, EM is only an
approximation for the predictable signal, and a]%M is contam-
inated with noise. The results for the northern Europe imply
that the increased signal due to the stratospheric relaxation is
balanced by reduced noise, and that the contribution of noise,
the second term in Eq. (11), to o]%M in CTRL is comparable
to the magnitude of the stratospheric signal. In contrast, in
the Pacific location, the increased UéM corresponds well with
the increased skill (compare changes in p and pgg;lf\l or ,olfe(r:f:
in Table 4), suggesting that it captures well the predictable
signal, and the contribution of the noise is relatively small.

Both the level of noise and the size of the ensemble control
how closely UI%M approximates the signal. While the level of
noise cannot be changed, the size of the ensemble can be
changed to ensure that EM more reasonably captures the sig-
nal. We next estimate the size of the ensembles required to
capture the tropical and stratospheric signals.

3.4 Ensemble size estimate for SLP

We use Eq. (13) to calculate the size of forecast ensemble
required to ensure that Uszignal represents at least 2/3 of aéM
in SLP, i.e. it is at least twice as large as the contribution of
noise (the second term in Eq. 11). To estimate crszignal for the
teleconnections (Ot%elecon)’ we use Eq. (12) assuming that the
teleconnection signal is given by the difference between the
relaxation experiments and CTRL. This assumption is obvi-
ously not valid if CTRL captures the signals, which is the
case especially for shorter lead times. To overcome this lim-
itation, we focus on week 5—6 when the skill difference be-
tween the relaxation experiments and CTRL is largest, im-
plying that the difference captures as large a fraction of the
teleconnection signal as possible.

The results are shown in Fig. 8. Looking first at the re-
sults for TROP (Fig. 8a) one can see that capturing the trop-
ical teleconnections across most of the sub-tropics requires
an ensemble with ~ 10 members or even less. This is con-
sistent with our previous analysis that showed a significant
skill in CTRL and a strong increase of O'I%M in TROP. The
fact that there is a significant skill in CTRL indicates that
Eq. (12) probably underestimates the strength of the telecon-
nection signal in the sub-tropics, and thus even smaller en-
sembles than what is suggested by our results are likely suf-
ficient to capture the tropical teleconnections there. However,
over most of Europe where the tropical signal is weak, > 30
members, even ~ 100 members over northern Europe, are
needed to capture the signal. For the stratospheric telecon-
nection (Fig. 8b), for most of the European and Atlantic re-
gion an ensemble size of 20-40 members is required for aéM
to be a reasonable representation of the stratospheric signal.
The exceptions include the regions in northern Europe and
the northern Atlantic close to 60° N, where the stratospheric
SLP signal changes sign and is close to zero (e.g. Spaeth et

https://doi.org/10.5194/wecd-6-1661-2025

al., 2024) and so large ensembles (~ 100 members), not nec-
essarily available in most modern operational forecast sys-
tems, are required to extract the small signal. Note that the
region over Northern Europe largely overlaps with the region
analysed in Fig. 7c—d, i.e. it represents an extreme case. The
other exceptions are the two regions in subtropical Atlantic
and around Greenland where ensembles with 10-15 mem-
bers are sufficient. These regions probably correspond to the
two nodes of NAO, and the relatively strong stratospheric in-
fluence there is well captured even by small ensembles com-
parable in size to the hindcasts used here. Scaife et al. (2014)
showed that the seasonal NAO skill keeps increasing with en-
semble size > 20 members. Our results do not contradict this
because our estimate only requires that the signal constitutes
2/3 of oéM. Further increase of the ensemble size would in-
crease the contribution of the signal and so the skill.

3.5 Results for surface temperature and total
precipitation

We next look at the results for T2M and TP, the two pa-
rameters directly relevant for social and economic impacts.
The T2M skill in CTRL (Fig. 9) is in general higher over
the ocean than over the land and there are areas with high
skill (> 0.5) even during weeks 5—6. This is a consequence
of the large thermal inertia of the ocean resulting in long per-
sistence of the T2M anomalies. The area with high skill in
the Barents-Kara seas lasting into weeks 5-6 is likely at-
tributable to the variability of the sea ice edge. Similar re-
gions can be seen in the Baffin Bay and northern Bering
Sea during weeks 3—4. There are also areas over the land
with high sub-seasonal skill. One possible explanation is that
the skill is associated with persisting surface anomalies, e.g.
from the snow cover. However, this is not consistent with the
results of Richter et al. (2024) who found that, in their model,
most of the skill at sub-seasonal timescales comes from the
atmosphere, not from the land. Their result, however, can be
model specific. The T2M skill distribution is spatially more
heterogeneous than that of SLP, which reflects larger influ-
ence of the local factors such as orography and surface type.

While the skill generally increases in the relaxation ex-
periments, the increases are small and mostly insignificant.
In TROP, significant increases are mostly in the sub-tropics,
but during weeks 5-6 they are also in the eastern US coast,
eastern Europe and high latitudes around the date line. In
STRAT, significant increases are found in eastern Europe, as
well as in the Far East and north-eastern Canada. In these re-
gions the temperatures are known to be affected by the NAO
variability, so the skill is likely increased because of better
represented NAO circulation. On the other hand, there is no
skill increase across Northern Eurasia, the region known for a
strong T2M response to SSWs (Sigmond et al., 2013; Butler
et al., 2017; Domeisen et al., 2020) and strong polar vortex
events (Tripathi et al., 2015).
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Figure 8. Ensemble size required for at least 2/3 of O‘éM in SLP to represent the (a) tropical and (b) stratospheric signal. Areas where
the correlation skill increases by less than 0.05 between CTRL and the respective relaxation experiment are assumed to have no signal and

therefore masked in grey.

The skill in TP drops much faster than that of SLP or T2M
(Fig. 10). By weeks 3—4 the skill is small (< 0.4) nearly ev-
erywhere. The increases in the relaxation experiments are
small and strongly spatially heterogeneous. In TROP, signif-
icant increases at sub-seasonal time scales (Weeks 3—4 and
5-6) are seen in the sub-tropics over Pacific and Atlantic
oceans, California, Japan, and also during Weeks 5-6 over
the southwestern US and China. In STRAT, the skill is in-
creased during Week 5-6 over the Atlantic coast of Spain,
Morocco, southern UK, France and Norway, as well as over
the Mediterranean. Like with the other variables, these in-
creases are attributable to the increased NAO skill in STRAT
(Fig. 2).

Because the increases in T2M and TP skill in the re-
laxation experiments are rather small, the discussion of the
changes in signal and noise is shortened, and the figures are
given in the Supplement (Figs. S2-S11). As for SLP, there is
a correlation between p and pperr (both ,oSeTrIf\I and pl;(r:fc) at
all lead times (Figs. S3—S4 and S8-S9), but for TP the cor-
relation drops with lead times faster than that for SLP, and
the relations break down for p < 0.4. As for SLP, there is a
weak correlation between changes in p and pperf in TROP
at weeks 3—4 and 5-6 for both T2M and TP (Tables S1-
S4 in the Supplement), mostly because there are large areas
in the sub-tropics where both p and STN increase (Figs. S2
and S7), but the correlation is absent in STRAT. As for SLP,
O'éM mostly increases (Figs. S5 and S10) while crés mostly
decreases (Figs. S6 and S11) in the relaxation experiments,
but unlike for SLP, these changes do not correlate with Ap,
probably because Ap for T2M and TP are smaller than those
for SLP, and so more uncertain.

Finally, we estimate the size of the ensembles required to
capture the teleconnection signals in T2M and TP follow-
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ing the methodology outlined above for SLP (Fig. 11). The
strong tropical signal in the Pacific requires 10-20 members
to be well represented by EM, but the areas with such a
strong signal are limited. Outside of the subtropics, the tele-
connection signals are mostly weak and require large ensem-
bles to be detected. One of the exceptions is the relatively
strong STRAT signal in western Europe which requires about
20 members to be detected in T2M over UK and Scandi-
navia, and 30-50 members to be detected in TP over Nor-
way, UK and Spain. This signal is assumed to be associated
with NAO variability. The stratospheric signal can also be de-
tected with relatively few members in T2M over the eastern
Mediterranean (40-50 members), China (10-30 members),
and Japan (40-50 members), and in TP over southern Siberia
(3040 members). This latter TP signal has received rela-
tively little attention in literature, although it appears to be
arobust response to SSW (Butler et al. 2017).

4 Discussion and conclusions

Atmospheric teleconnections can increase the forecast skill
in the extratropical troposphere at sub-seasonal timescales by
communicating the predictable signal from the stratosphere
or the tropical atmosphere, the regions with enhanced pre-
dictability. Relaxation experiments used in our study demon-
strate where and by how much the forecast skill could be
increased in winter season due to the teleconnections if the
stratospheric and tropical variability were perfectly repre-
sented in the model. When looking at SLP, the tropical tele-
connections mostly increase the skill in the subtropics and in
the Pacific - North American region, in particular, the regions
associated with the PNA. The stratospheric teleconnections
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Figure 9. As Fig. 1 but for T2M p skill.

affect the high latitudes and the regions affected by NAO
variability. The predictability of the NAO found in the strato-
spheric relaxation experiment agrees well with a theoretical
limit based on a simple signal-noise model (Charlton-Perez
et al., 2021). Our study focuses on winter season and the re-
sults do not necessarily apply to the other seasons because
the influence of the teleconnections varies between seasons
(e.g. Breeden et al., 2022).

According to our results, the teleconnections have smaller
contributions to the skill of surface temperature and total pre-
cipitation compared to that of SLP, except in the subtrop-
ical oceans where the signal from the tropical teleconnec-
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tions is strong. Both surface temperature and precipitation
parameters are strongly affected by local processes (type of
surface, orography); therefore, even perfect representation of
the teleconnections in the models would have only limited
impact on their skill. Over Eurasia, stratospheric variability
is known to affect both surface temperature and precipita-
tion and the forecast models capture the link (Domeisen et
al., 2020); however, demonstrating its influence on the skill
has so far been difficult (Domeisen et al., 2020), consistent
with our results. Nevertheless, small but significant increases
in temperature and precipitation skill are demonstrated over
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Figure 10. As Fig. 1 but for TP p skill.

regions affected by NAO, mostly over Europe but also over
Far East and northeastern North America.

Care must be taken in interpreting these results. Firstly, the
difference between the relaxation and control experiments
does not fully quantify the strength of the teleconnections
because the teleconnections are represented to a certain de-
gree already in the control forecasts. Secondly, the free run-
ning model will unlikely be able to achieve the level of skill
present in the relaxation experiments. The relaxation exper-
iments assume a perfect deterministic predictability in the
nudging area, and therefore the impact of the nudged regions
(the Tropics or the stratosphere) on the forecast skill is over-
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estimated. On the other hand, if some processes are missing
in the model to produce realistic teleconnections, then the
impact on forecast skill will be underestimated.

An equally interesting question is how the skill increase in
the relaxation experiments is related to changes in the fore-
cast ensemble properties. Assuming, that the ensemble mean
represents a predictable signal and the ensemble spread rep-
resents noise, an increase in the variability of the ensem-
ble mean and a decrease in the ensemble spread are ex-
pected, and this is what we find over regions with a relatively
large signal-to-noise ratio, such as the maritime subtropics.
However, across most of the mid- and high-latitudes, where
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Figure 11. Ensemble size required for at least 2/3 of a]%M in (a, b) T2M and (¢, d) TP to represent the (a, ¢) tropical and (b, d) stratospheric
signal. Areas where the correlation skill increases by less than 0.05 between CTRL and the respective relaxation experiment are assumed to

have no signal and therefore masked in grey.

the signal-to-noise ratio at sub-seasonal timescales is low,
the variability of the ensemble mean does not increase con-
sistently with increased skill, suggesting that the ensemble
mean is a bad approximation for a predictable signal there.
The degree to which the ensemble mean approximates the
signal depends on both the signal-to-noise ratio, and the size
of the forecast ensemble. We propose a simple method to es-
timate the size of forecast ensembles required to capture the
teleconnection signal, given the signal-to-noise ratio. More
specifically, the method estimates the ensemble size required
for the ensemble mean to capture a certain fraction of the
signal. The method relies on estimating the teleconnection
signal from the difference between the relaxation and con-
trol simulations, which demonstrates another application of

https://doi.org/10.5194/wcd-6-1661-2025

the relaxation experiments. In subtropical regions with high
signal-to-noise ratio, as little as ~ 10 members (or less) are
sufficient for the ensemble mean to represent at least 2/3 of
the tropical teleconnection signal in SLP. This size is compa-
rable to the one used in our study, as well as in most other
predictability studies that rely on the use of historical refore-
casts. However, the size of ensembles required to capture
weak teleconnection signals in most of the mid- and high
latitudes (20-50 members) exceeds those typically available
in the reforecasts. These ensemble size estimates are in rea-
sonable agreement with those recently reported for seasonal
forecasts based on analysis of the large ensembles (Koster
et al., 2025). While the dependence of the skill on the size
of ensemble is not a novel result, especially for long-range
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forecasts (e.g. Scaife et al., 2014; Butler et al., 2016), we be-
lieve that our estimates will raise the awareness about the po-
tential limitation of small-sized reforecast ensembles which
underestimate the skill of sub-seasonal forecasts. However,
it should be emphasized that our method underestimates the
strength of the teleconnection signal, and thus overestimates
the required size of the ensembles, because it relies on the
difference between the relaxation and control simulations
while a part of the signal is captured by both simulations.
While this effect is likely very small in the mid- and high lat-
itudes where the control has virtually no skill during weeks
5-6, in the subtropics, where the control has skill, the re-
quired ensemble sizes are likely smaller than what our esti-
mates suggest.

The result that small ensembles may not represent well
the predictable signal associated with teleconnections im-
plies, in particular, that such ensembles are not well suited for
studies of windows of forecast opportunities. For example,
Domeisen et al. (2020) found that, although forecast models
capture the signal associated with stratosphere-troposphere
coupling, it does not lead to increased skill in T2M over Eu-
rope following weak polar vortex conditions often associated
with enhanced predictability. In light of our results, we sug-
gest that demonstrating increased skill might require larger
ensembles than those available to Domeisen et al. (2020).

The comparison between control and nudged simulations
allows us to detect issues that might appear because of small
ensemble sizes, but it does not mean that increasing ensemble
sizes would eliminate other issues. Improving representation
of the teleconnection (Erner and Karpechko, 2024; Afargan-
Gerstman et al., 2024; Stan et al., 2022; Vitart and Bal-
maseda, 2024) is also important for improving sub-seasonal
forecasting.

We have also investigated the relationship between the
skill and ensemble spread. Recently, Spaeth et al. (2024)
found a decrease in the ensemble spread following weak po-
lar vortex events over Northern Europe suggesting reduced
uncertainty of the forecasts. In agreement with them, we also
find a decrease in the spread in the stratospheric relaxation
experiment, confirming a strong stratospheric influence in the
region. The decrease in the spread apparently contributes to
the skill increase in this region; however, we find no rela-
tionship between the magnitude of the spread decrease and
reduction in forecast error across individual forecast. Thus,
while a decrease in the spread can be an indicator of in-
creased skill following some events, in general we find that
the spread is not a reliable predictor of skill, consistent with
previous studies (Barker, 1991). Again, hindcasts with ~ 10
ensemble members may be not well suited to address this
question.

There is an ongoing discussion about whether the signal
and noise at subseasonal and seasonal lead times are well
represented in the forecast models with some studies high-
lighting the possibility that the level of noise in the models
may be larger than it is in nature (Eade et al., 2014; Scaife
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and Smith, 2018; Garfinkel et al., 2024; Weisheimer et al.,
2024). Although our results based on estimations of changes
in signal and noise in nudged simulations do not exclude this
possibility, they do suggest that caution is needed when inter-
preting the estimates of sub-seasonal predictability in the ex-
tratropical troposphere obtained with small hindcast ensem-
bles. We propose that the results based on small ensembles
might need to be verified in the future when larger ensem-
ble sizes that allow better separation of the signal and noise
in the models will become available. Since 2023, operational
ECMWEF sub-seasonal ensemble forecasts have 101 mem-
bers, and these may serve as a testbed for studies focusing on
signal, noise and their relation to skill.

Code and data availability. Data from the nudging experiments
are available from the ECMWF website under a Creative Commons
Attribution 4.0 International license (CC BY 4.0). To view a copy
of this license, visit https://creativecommons.org/licenses/by/4.0/
(last access: 26 November 2025). ERAS reanalysis data can
be downloaded from https://doi.org/10.24381/cds.bd0915c6
(Copernicus ~ Climate  Change  Service, Climate Data
Store, 2023). Data and scripts used to produce the re-
sults are available from: https://doi.org/10.57707/FMI-
B2SHARE.FC392EBDC5724265B4B7D6A98B 149D48
(Karpechko, 2025).
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