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Two-way coupling between the stratosphere and troposphere is an important source of subseasonal predictability and can

open windows of opportunity for improved forecasts. However, operational models used for subseasonal forecasting suffer

from systematic biases due to insufficient resolution or poorly performing parameterizations: they underestimate the strength

of upward coupling from the troposphere to the stratosphere, they overestimate downward coupling of the lower stratosphere5

to near-surface polar cap height, and the polar lower stratosphere is too cold. Using data from 22 operational subseasonal

models, we explore the implications of these biases on the skill of the Northern and Southern Annular Modes (NAM and

SAM) in both the troposphere and stratosphere and for regional surface impacts. Updated or upgraded model versions from

nearly all modeling centers show higher skill in both the stratospheric and tropospheric NAM and SAM as compared to their

earlier versions, and models with relatively higher skill for the stratospheric annular modes generally have higher skill for the10

tropospheric annular modes as well. Near-surface AM skill is significantly higher for initializations during strong vortex states,

and to a lesser degree during weak vortex states. Models with particularly poor upward coupling strengths and with too-weak

climatological heat flux at 100 hPa suffer from reduced stratospheric NAM and SAM skill. In contrast, mean state biases in

the stratospheric polar vortex are relatively unimportant for stratospheric NAM and SAM skill. Even as downward coupling

over the North Atlantic and Antarctica tends to be handled well by these models, they produce an overly zonal response with15

a fictitious center of action in the midlatitude North Pacific, while underestimating the midlatitude near-surface temperature

impacts over Eurasia, Australia, and South America. Downward coupling in the North Pacific is particularly pronounced in

models with overly strong variance in this region, and models underestimate the wave-3 pattern in Southern Hemisphere

(SH) midlatitudes by a factor of three. These biases in downward coupling mirror biases in the midlatitude structure of the

tropospheric NAM and SAM. Overall, models with finer vertical resolution near the tropopause, with a better representation20

of tropospheric quasi-stationary waves, and with a better representation of these coupling processes, are more skillful in both

the stratosphere and troposphere. These findings have implications for future research directions of the Stratospheric Network

for the Assessment of Predictability.

1 Introduction

The Southern and Northern Annular Modes (SAM and NAM) are the dominant modes of variability in the extratropical25

atmosphere, describing large-scale fluctuations in pressure between the polar regions and the midlatitudes (Thompson and

Wallace, 2000). The SAM is largely zonally symmetric, whereas the NAM is not and is dominated by variability in the North

Atlantic sector, similar to the North Atlantic Oscillation (NAO; Thompson and Wallace, 1998). When the NAM is in its positive

phase, lower pressure over the Arctic and poleward shifted westerly winds tend to confine cold air to higher latitudes, often

leading to milder winter conditions in regions like Europe and parts of North America (Thompson and Wallace, 2001). In its30

negative phase, the near-surface jet and storm tracks typically shift equatorward, increasing the likelihood of severe winter

weather in northern Europe and extreme precipitation in southern Europe (Thompson and Wallace, 1998). The SAM also

modulates surface climate over Australia, Southern Africa, and South America (Gillett et al., 2006); for example, the negative

phase of the SAM often leads to hot and dry weather in southeastern Australia, and the positive phase to enhanced rainfall
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in southeastern South America (Purich et al., 2026). Through their association with local weather, the SAM and NAM affect35

agriculture, energy demand, transportation, and extreme weather risk (Thompson and Wallace, 2001; Fogt and Marshall, 2020).

Hence, accurately predicting them can lead to improved mitigation of climate-related impacts and weather extremes.

The tropospheric annular modes are year-round phenomena, but the NAM has a longer characteristic timescale in the

boreal extended winter and the the SAM has a longer characteristic timescale in the austral spring and summer (Gerber

et al., 2008, 2010). This longer characteristic timescale allows for enhanced predictability in these seasons (Son et al., 2020;40

Domeisen et al., 2020a), and thus the potential for windows of opportunity for subseasonal prediction (Butler et al., 2026;

Domeisen et al., 2020b). These longer timescales are linked to coupling between variability in the polar stratosphere and the

surface annular modes (Thompson et al., 2003; Simpson et al., 2011), and are associated with long radiative timescales in the

lower stratosphere (Hitchcock et al., 2013) that allow for polar stratospheric vortex extremes to influence surface climate and

weather extremes for weeks to months afterwards (Domeisen and Butler, 2020).45

The vertical coupling is mediated by dynamical interactions between planetary-scale Rossby waves and the mean flow, and

operates in both directions: upward coupling from tropospheric variability modulates the strength of the stratospheric polar

vortex, while downward coupling from polar stratospheric variability can influence the surface annular modes and surface

weather (Scaife et al., 2022; Butler et al., 2026; Hong and Son, 2025). Model biases in either the troposphere or stratosphere

can degrade these coupling processes, and thereby compromise opportunities to increase subseasonal predictability that could50

otherwise be achieved. As part of the collaborative effort of the World Climate Research Programme (WCRP) Atmospheric

Processes and their Role in Climate (APARC) Stratospheric Network for the Assessment of Predictability (SNAP) activity, we

have previously diagnosed biases in the extratropical atmospheric mean state (Lawrence et al., 2022) and in the representation

of stratosphere–troposphere coupling processes (Garfinkel et al., 2025) in subseasonal forecast systems. Lawrence et al. (2022)

and Garfinkel et al. (2025) identified several systematic model biases of relevance to the NAM and SAM. Most forecast systems55

exhibit a warm bias in the global-mean stratosphere, a cold bias in the extratropical lower stratosphere-upper troposphere, and

a strong and cold polar vortex bias. Furthermore, they underestimate the strength of upward coupling from the troposphere to

the stratosphere in the Northern Hemisphere (NH), while they overestimate downward coupling of the lower stratosphere to

near-surface polar cap height. Nearly all of these biases are substantially worse for models with a low model lid height, and

biases in coupling processes are typically worse in models with larger mean-state biases (Garfinkel et al., 2025). The goal of60

this study is to evaluate the connection between these systematic biases across subseasonal forecast systems and forecast skill

for the NAM and SAM, and also to consider the regional impacts of biases in downward coupling.

Our focus on regional impacts of biases in downward coupling has two primary motivations. First, for many societal appli-

cations the primary regions of interest are the midlatitudes, and a biased downward coupling in the polar cap is not inherently

a cause for concern for most end-users. Second, previous work focusing on climate models (Dai et al., 2024) and on seasonal65

forecasting models (Lee and Polvani, 2024) has found a too-strong center of action of the NAM in the Pacific sector, such

that the NAM is overly zonal. The copious daily data available in the subseasonal hindcasts allows for a re-examination of the

development of this bias, and of the midlatitude impacts from the polar stratosphere more generally.
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After introducing the data and methods in section 2 and documenting the skill at different levels and in multiple model

versions from most centers (Section 3), we demonstrate that models with higher skill at predicting the stratospheric NAM tend70

to have a better representation of the mean state and of coupling processes, and also typically have higher vertical resolution

(Section 4). We then demonstrate that models systematically misrepresent the regional structure of downward coupling in both

hemispheres, and specifically simulate too-weak and overly-zonal impacts over midlatitudes even as the downward coupling

over the polar cap is too strong in the NH (Section 5). We summarize our results and place them in the context of previous

work in Section 6.75

2 Data & Methods

2.1 Subseasonal Hindcast and Reanalysis Datasets

We use ensemble hindcast data from the Subseasonal-to-Seasonal (S2S) Prediction Project Database (Vitart et al., 2017), and

depending on data availability, select forecast systems not included in the S2S database: (i) the National Oceanic and Atmo-

spheric Administration’s Global Ensemble Forecast System version 12 (NOAA GEFSv12; Hamill et al., 2022; Guan et al.,80

2022), (ii) the National Center for Atmospheric Research Community Earth System Model version 2 (NCAR-CESM2) with

version 6 of the Community Atmosphere Model as its atmospheric component (NCAR CESM2-CAM6, hereafter CESM2-

CAM), and (iii) CESM2 with the version 6 of the Whole Atmosphere Community Climate Model as its atmospheric compo-

nent (CESM2-WACCM6, hereafter CESM2-WACCM; Richter et al., 2022). Daily gridded latitude-longitude data were only

retained for 18 forecast systems due to the large data volume, and so metrics which rely on these data are only computed for85

these 18 systems.

The specific model versions and the period used for each system are included in Table 1. The models differ in their treatment

of chemistry: WACCM has fully interactive chemistry; ECMWF (both cycles), CNRM (both versions), ECCC (GEPS 7 only)

and NCEP (both versions) use prognostic linearized ozone. All the others prescribe composition to the best of our knowledge.

Lawrence et al. (2022) analyzed biases over the period common to all models (1999–2010), but here we include upgraded90

versions of several models, for which the hindcasts begin several years after 1999. Furthermore, the specific days on which

forecasts are initialized differ across systems even for the same year. We therefore have elected not to focus on a common

period for this analysis.

We compare the hindcast fields to those from the European Centre for Medium-range Weather Forecasts (ECMWF) ERA5/5.1

reanalysis (Hersbach et al., 2020) so that comparisons and biases are all determined with respect to a consistent dataset. Note95

that for the time periods and levels considered here (post-1990 and up to 10-hPa) most modern reanalysis products are in good

agreement (Long et al., 2017; Gerber and Martineau, 2018; Ayarzagüena et al., 2019; Fujiwara, M. et al., 2021), and thus our

results should be robust across reanalyses.

For each variable and forecast system, we derive lead-time-dependent climatologies (F ), which we subtract from the raw

forecast quantities to determine forecast anomalies. These climatologies are calculated by averaging all ensemble-mean hind-100

casts for a given day of year and for each lead time. For those systems providing a fixed set of hindcast initializations that do
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Table 1. Details of the subseasonal-to-seasonal forecast systems used herein.

Modeling Center Model Version(s) Hindcast Period Inits per season Ensembles Forecast Span Model Top

BoM* POAMA P24 1999-2010 15 33 62 days 10 hPa

NCAR* CESM2-CAM 1999-2019 12-13 11 45 days 2 hPa

NCAR CESM2-WACCM 1999-2019 12-13 5 45 days 4.5×10−6 hPa

CMA* BCC-CPS-S2Sv1 1994-2014 90-91 4 60 days 0.5 hPa

CMA BCC-CPS-S2Sv2 2005-2019 25 4 60 days 0.1 hPa

CNR-ISAC* GLOBO 1990-2010 18 5 32 days 6.8 hPa

CNRM CNRM-CM 6.0 1993-2014 12 15 50 days 0.01 hPa

CNRM CNRM-CM 6.1 1992-2017 13 10 47 days 0.01 hPa

ECCC* GEPS 4 1995-2014 25-26 4 32 days 2 hPa

ECCC GEPS 6 1998-2017 23-25 4 32 days 0.1 hPa

ECCC GEPS 7 2001-2020 13-21 4 32 days 0.1 hPa

ECMWF CY45R1 1998-2018 26 11 46 days 0.01 hPa

ECMWF CY47R3 2002-2020 26 11 46 days 0.01 hPa

HMCR RUMS 1991-2014 12-13 11 46 days 0.04 hPa

JMA GEPS1701 1990-2012 9 5 34 days 0.01 hPa

JMA CPS3 1991-2020 6 5 34 days 0.01 hPa

KMA GloSea5-GC2 1991-2016 12 3 60 days 85 km

KMA GloSea6-GC32 1993-2016 12 3 60 days 85 km

NCEP CFSv2 1999-2010 90-91 4 44 days 0.02 hPa

NCEP GEFSv12 2000-2019 12-13 11 35 days 0.1 hPa

UKMO GloSea5 1993-2016 12 7 60 days 85 km

UKMO GloSea6 1993-2016 12 7 60 days 85 km

* Systems with low-top models. Note that we use the high-top HMCR RUMS model version.

not uniformly cover the same days of year in the hindcasts (e.g., every Monday and Thursday), we permit differences of up

to three days when creating the lead-time-dependent climatologies. The reference climatology (indicated by O) is based on

subsampling ERA5 to match the data availability for each model.

2.2 Methods105

We define the NAM and SAM using standardized polar cap height anomalies (60−90◦) at 10 hPa, 100 hPa, 850 hPa, and 1000

hPa (Baldwin and Thompson, 2009), which avoids problems with physically interpreting empirical orthogonal function-based

patterns in models (Lee and Polvani, 2024). We evaluate skill of the forecast (F ) with respect to ERA5 (O for “observations")

using the anomaly correlation coefficient (ACC):
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ACC=

∑N
i=1

(
Fi −F

)(
Oi −O

)
√∑N

i=1

(
Fi −F

)2 ∑N
i=1

(
Oi −O

)2 (1)110

where i refers to each available initialization in December-February (DJF; for the NH) or September-November (SON;

for the SH) over the hindcast period. We primarily evaluate skill in days 22–28 (week 4) after initialization and downward

coupling in week 4 or later, and in all analyses we subsample reanalysis data to match each system. This averaging over week

4 is performed before we compute the skill, and we compute skill using the ensemble mean of each initialization. Because

our focus is on the latter half of the available lead time, the verification window for skill and coupling lies primarily in late115

September to mid December for the SH and late December to mid March for the NH. This choice covers the dynamically

active seasons in both hemispheres; note that most subseasonal models suffer from a too-early SH vortex breakdown, opposite

to the bias in many climate models (Lawrence et al., 2022). There is no exact overlap in the analysis period across models, and

so the precise verification window differs across models. We therefore cannot rule out the possibility of genuine interannual

variability in the predictability of the NAM/SAM that may alias into our assessment of the skill of each model. More generally,120

we are using the available hindcasts as an ensemble of opportunity, and so it is impossible to constrain every possible factor

that could affect skill.

We then compare intermodel spread in the ACC to intermodel spread in vertical resolution, in biases in the mean state, and

in biases in coupling processes. We focus on biases in the following eight key metrics to diagnose coupling strength throughout

this paper: meridional eddy heat flux v′k=1T
′
k=1 and v′k=2T

′
k=2 averaged over 45–75◦ in each hemisphere [500 and 100 hPa];125

polar cap (60− 90◦) geopotential heights [10, 100, 850, and 1000 hPa] and temperature [100 hPa]. v denotes the meridional

wind, T the temperature, a horizontal bar over a quantity indicates the zonal mean and a prime denotes a departure from the

zonal mean. We decompose v and T by wavenumber before computing their product, e.g., v′k=1T
′
k=1 for zonal wavenumber-1

(wave-1) heat flux. The upward flux of planetary waves is diagnosed using the meridional eddy heat flux, which is proportional

to the vertical component of the Eliassen-Palm flux and wave group velocity according to linear theory (Edmon Jr et al., 1980).130

The definition of biases in coupling processes follows Garfinkel et al. (2025), and specifically, we focus on the following

metrics:

1. Vertical propagation of planetary waves from the troposphere into the stratosphere, defined as the regression coefficient

between 500 hPa and 100 hPa of v′T ′ for both wave-1 and wave-2, with v′T ′ at 100 hPa lagged 3 days, and v′T ′ at

500 hPa is taken from days 11 to 22 after initialization.135

2. The sensitivity of the stratospheric polar vortex to upward wave driving from the lowermost stratosphere, defined as

the regression coefficient with 10-hPa NAM (NAM10) lagged 7 days after v′T ′
k=1+2 at 100hPa for days 11 to 22 after

initialization.

3. Downward propagation of stratospheric polar vortex anomalies from the upper- and mid-stratosphere to the lower strato-

sphere related to wave-mean flow interactions, defined as the regression coefficient of NAM10 in days 9 to 12 after140

initialization with 100-hPa NAM (NAM100) lagged 2 days later.
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4. The persistence of the polar vortex signal in the lower stratosphere that arises due to the long radiative timescales and

high static stability, defined as the regression coefficient of polar-cap averaged temperature at 100hPa (Tcap100) with

itself lagged 20 days later for days 9 to 12 after initialization.

5. Downward propagation from the lower stratosphere to the near-surface, defined as the regression coefficient of NAM100145

in days 9 to 12 after initialization with NAM850 lagged 5 or 10 days later.

Analogous indices but for the SH are used to quantify stratosphere-troposphere coupling in austral spring. These metrics are

computed for each ensemble member separately, and then averaged across members. Additional details on the calculation of

these diagnostics and a sensitivity analysis for the precise lags chosen can be found in Garfinkel et al. (2025). For metrics

involving downward coupling, we focus on stratospheric variability for days 9 to 12 only because we then examine surface150

impacts up to 20 days later, and some of the models only forecast out to day 32. The primary focus is linking skill of the

SAM/NAM to the error magnitude (absolute bias), rather than the sign of the error.

For vertical resolution, we focus on the number of model levels from the surface to 300 hPa, from 300 hPa to 100 hPa, and

from 100 hPa to 10 hPa. This allows for the exploration of the importance of better resolving the troposphere, the tropopause

and lowermost stratosphere, and the lower- to mid-stratosphere, respectively. Nonetheless, there is a high correlation in the155

number of levels in each of these layers; for example, the correlation of the number of levels below 300 hPa and the number of

levels from 100 to 10 hPa is 0.67. Hence we cannot fully isolate the relative roles of the vertical resolution in each layer due to

the strong collinearity.

As in Lawrence et al. (2022), we define forecast systems with model tops at or above 0.1 hPa with several levels above 1

hPa as “high-top” models, and all others as “low-top” models. Using this definition results in 17 forecast systems with high-top160

models and 5 forecast systems with low-top models (see Table 1); however, not all models are included in every analysis. We

stress that the computation of high-top and low-top model-means is obtained from an unbalanced distribution of high-top and

low-top models.

3 NAM/SAM predictability for different initial vortex states, pressure levels, and model generations

We begin by demonstrating that the connection between the strength of the lower stratospheric polar vortex (as measured by165

NAM100) and lower tropospheric NAM skill identified in previous work (e.g., Domeisen et al., 2020b) is also evident in this

expanded set of models. We also demonstrate a similar but even stronger stratospheric influence for the lower tropospheric SAM

skill. Specifically, Figure 1 shows the weeks 3-4 ensemble-mean skill of the NAM and the SAM at 850 hPa for initializations

in which the NAM100/SAM100 exceed the climatological 85th percentile (DJF for the NAM100, SON for the SAM100), fall

below the climatological 15th percentile, or are neutral (fall between the 25th and 75th percentiles). Consistent with previous170

work (Sigmond et al., 2013; Tripathi et al., 2015; Sun et al., 2020; Domeisen et al., 2020b), for a majority of models and in the

multi-model mean (MMM) the NAM is significantly more predictable 3-4 weeks after the lower stratospheric polar vortex is

anomalously strong or weak compared to neutral. However, the confidence intervals for individual models are very large and
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overlap across different conditional states, likely due to the relatively small number of DJF initializations, the large event-to-

event variability in NH downward coupling, and small ensemble sizes (Karpechko et al., 2025). Moreover, a couple of models175

show higher skill following neutral states, or only higher skill following either the strong or weak states, which may be due to

the different periods being considered for each model. Using the much shorter “common" period of 1999–2010 produces more

consistent high skill following initializations with strong NAM100 across models (not shown).

In the SH, the lower tropospheric SAM at weeks 3-4 more consistently shows higher skill for initializations with weak and

strong lower stratospheric vortex strength compared to neutral across models, and the overall week 3-4 SAM skill is higher180

compared to the NAM. The MMM shows roughly 60% higher skill for the SAM following initializations with weak or strong

states compared to neutral.

To provide context on the skill of each model in predicting the annular modes, we show in Figure 2 the ACC between each

model and ERA5 for weekly averaged AM at 850, 100, and 10 hPa for the SH and NH. (Note that because these are weekly

averages, the ACC for forecast day 0 is not 1.0). There is a wide range in skill across models, and specifically the ACC for185

AM850 exceeds 0.6 out to day 15 for some models, but only out to day 9 for others. Stratospheric AMs in both hemispheres

are more skillfully predicted at weeks 3–5 than tropospheric AMs, although the period for which the skill remains above 0.6 is

more variable across models than for Z850. Skill is higher in the SH than in the NH in both the stratosphere and troposphere,

and is generally higher for high-top models compared to low-top models. These effects are generally similar to those found in

Domeisen et al. (2020a) and Son et al. (2020); however, our analysis add robustness to previous results as many more high-top190

models have been included here than in these earlier studies.

Next, we consider whether there is a relationship between skill in AMs across the different pressure levels, and additionally

consider whether there is an improvement in model skill across model generations or model versions from the same center,

e.g., comparing GloSea5 to GloSea6 or NCEP-CFSv2 to NCEP-GEFSv12. Figure 3 shows the ACC for each model for weekly

averaged AMs at 850, 100, and 10 hPa, and arrows indicate changes in skill across different models for the same modeling195

center, with the arrow pointing towards the more recent or higher resolution model. Consistent with Figure 3 of Domeisen

et al. (2020a), models with higher skill for AM10 also have higher skill for AM100 and to a lesser degree for AM850. Most,

though not all, of the updated model versions show higher skill than their older versions. For the NCAR models in particular,

the added resolution and interactive chemistry (among other differences; Richter et al., 2022) in WACCM versus CAM leads

to a major improvement in SAM10 skill in the SH. In contrast, GloSea6 has lower skill than GloSea5 (both KMA and UKMO)200

for NAM850.
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Figure 1. Regime-dependent weeks 3-4 ACC skill for the ensemble-mean NAM and SAM at 850 hPa, conditional on the initial NAM/SAM

state at 100 hPa in DJF and SON, respectively. Weak lower stratospheric vortex states (red bars) are defined by NAM/SAM100 less than the

15th percentile; strong lower stratospheric vortex states (blue bars) are defined by NAM/SAM100 greater than the 85th percentile; and neutral

lower stratospheric vortex states (gray bars) are defined by NAM/SAM100 between the 25–75th percentile of the DJF or SON 1990-2019

ERA5 climatology. The numbers on the bars indicate the number of initializations for each subsample used in the calculation. Error bars

show the 90% bootstrap confidence interval of the correlations for 10000 random samples. The multi-model mean (MMM) is not the skill

of the multi-model mean itself, but rather the mean of the individual models’ skill. This was calculated using a Fisher-Z transformation of

the individual model correlations for each category and then averaging; the bootstrap distributions for each model correlation also had the

Fisher-Z transform applied and then averaged to get the multi-model mean uncertainty range.
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Figure 2. Evolution of ACC of NAM and SAM (Zcap, 60◦-pole) at (a, d) 850 hPa, (b,e) 100 hPa, and (c, f) 10 hPa. Low-top models are

dotted. Older versions of high-top models are dashed. (a-c) initializations in December-January-February for the NH, (d-f) initializations in

September-October-November for the SH. Skill is evaluated after first weekly averaging with the midpoint of the averaging period indicated

on the x-axis. For the first three days, the window for the running-mean is truncated and the average is taken over only the available elements

(e.g., on day 1, the average is performed on output up to day 4).
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Figure 3. Summary of the ACC for each model (with ERA5 used as reference) in days 22-28 for (a) the NH in DJF and (b) the SH in

SON. For different models from the same center, an arrow points towards the more recent version. Low-top models are denoted with an

asterisk, older versions of a high-top model with a plus, and the latest version of high-top models with an x. (left) Z10 hPa and Z100 hPa

polar cap; (right) Z10 hPa polar cap and Z850 hPa polar cap. The multi-model mean is black. The correlation is indicated in each panel. Bold

correlations indicate significant relationships at the 95% confidence level using a two-sided Student’s t-test.
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4 Upward coupling and skill of stratospheric AM

We now turn our attention to the role of vertical resolution and of biases in either the mean state or in coupling processes, for

the intermodel spread in skill. Specifically, one might expect that models with poorer performance in coupling strength or in

their mean state would have lower skill, while the null hypothesis is that skill and coupling strength are unrelated. Further,205

Garfinkel et al. (2025) demonstrated that models with poor vertical resolution struggle to capture coupling processes, and this

might also lead to poorer skill. We focus on skill of the NAM and SAM at 10 and 850 hPa (AM10 and AM850), and specifically

evaluate whether biases linked to upward coupling degrade AM10 predictability in this section, and biases linked to downward

coupling degrade AM850 predictability in the next Section (Section 5).

Garfinkel et al. (2025) noted that subseasonal models suffer from a systematic too-weak bias in the strength of upward210

coupling from the mid-troposphere to the lower stratosphere in the NH. Here, we contrast the magnitude of this upward

coupling bias for wave-1 v′T ′ (on the y-axis) with the skill of AM10 (on the x-axis) for the NH and SH in Figures 4a and g,

respectively. The same figures but for wave-2 v′T ′ are shown in Figures 4b,h. In both hemispheres, smaller biases in upward

wave coupling are significantly correlated with higher skill for AM10. This relationship is evident both when we analyze all 22

models, and also when we focus on high-top models only though generally the effect is weaker. In the NH, this relationship is215

significant when considering wave-1 v′T ′, while in the SH it is evident for both wave-1 and wave-2 but statistically significant

only for wave-2. An additional systematic bias in upward wave coupling identified in Garfinkel et al. (2025) is that the polar

vortex is insufficiently sensitive to v′T ′ at 100 hPa in the NH, and is instead overly sensitive in the SH. We consider the

relationship of model spread in this bias with the spread in skill in Figures 4c,i. In both hemispheres, a smaller bias in the

sensitivity of the polar vortex to wave driving is associated with more skill, but the relationship is much more robust in the NH.220

Nonetheless, these relationship generally weaken when we exclude the low-top models, and BoM in particular.

In addition to the too-weak bias in upward coupling strength in the NH, Lawrence et al. (2022) and Garfinkel et al. (2025) also

identified a too-weak bias in the v′T ′ mean state. In both hemispheres, the models with especially too-weak biases in upward

coupling strength also tend to have poor mean states (Figure 6 of Garfinkel et al., 2025). We therefore consider whether

mean state biases in v′T ′ are associated with NAM and SAM skill in Figure 5a,b,g,h. Skill of NAM10 in DJF is significantly225

correlated with mean state biases in wave-1 v′T ′ (Figure 5a), while skill in the SH in SON is significantly correlated with mean

state biases in wave-2 v′T ′ (Figure 5h); that is, skill at predicting AM10 is lower for models with a poorer v′T ′ mean state.

However, excluding the low-top models, and BoM in particular, weakens the effect. These effects are similar in magnitude to

the relationship with upward coupling biases from Figure 4, and hence it is not possible to discern whether a biased mean state

or a biased upward coupling strength is more detrimental for skill at predicting AM10. Finally, the relationship between mean230

state biases in AM10 and skill in predicting AM10 is not robust in either hemisphere (Figure 5c,i).

Lawrence et al. (2022) and Garfinkel et al. (2025) also noted that mean state and upward coupling biases were particularly

large in low-top models, though among high-top models the relationship between the number of levels and the magnitude of

the biases was not typically statistically significant (Supplemental Figures S9-S11 of Garfinkel et al. (2025)). We assess the

role of vertical resolution for the skill of the stratospheric NAM and SAM in Figure 6a-c,g-i. Models with higher vertical235
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Figure 4. Comparison of the ACC in days 22-28 in AM850 and AM10 to coupling strength biases (see section 2.2). Relationship between

(y-axis) the absolute bias in coupling strength as compared to ERA5 for corresponding dates and (x-axis) AM10 ACC (top three rows)

AM850 ACC (bottom three rows). Coupling strength is defined using regression; the corresponding figure for correlations is in Supplemental

Figure S1. The correlation for each panel is indicated, and also the correlation without low-top models in blue if this correlation differs from

the overall correlation by more than 0.2. The left column is for the NH and DJF initializations, and the right column is for the SH and SON

initializations. Low-top models are indicated by an ‘*’, older versions of high-top models with a ‘+’, and the latest version of high-top models

with an ‘×’. (a,g) upward wave-1 coupling; (b,h) upward wave-2 coupling; (c,i) sensitivity of Z10 hPa polar cap to 100 hPa heat flux; (d,f)

coupling strength of Z10 hPa polar cap to Z100 hPa polar cap; (e,k) persistence of T100 hPa polar cap; (f,j) coupling strength of Z100 hPa

polar cap to Z850 hPa polar cap. Bold numbers indicate significant relationships at the 95% confidence level using a two-sided Student’s

t-test.
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Figure 6. As in Figure 4 but with vertical resolution on the y-axis.
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resolution more skillfully predict the stratospheric AM in both hemispheres, with the effect particularly strong for the number

of tropospheric or lower stratospheric levels, but less so for stratospheric levels. While one might have naively expected

stratospheric resolution to matter more, it becomes clear that a well resolved troposphere and lower stratosphere is crucial:

this extra resolution helps with the simulation of the events that generate variability in the v′T ′ that then modulate the vortex

strength. This extra resolution can influence where upward propagating waves break or propagate, which can subsequently240

increase skill higher up and reduce the mean state bias (Wu and Reichler, 2020; Wicker et al., 2023).

Overall, more skillful models tend to have stronger upward coupling between tropospheric v′T ′ and the polar vortex, smaller

biases in their v′T ′ mean state, and higher vertical resolution in the troposphere and lower stratosphere. All three of these

relationships have quantitatively similar correlation coefficients, and thus with the present experiments it is not possible to

distinguish their relative importance or to allow for statements on causality. These relationships are evident even if we exclude245

low-top models, though they are generally weaker. One possible interpretation is that “the good models are good at everything",

i.e., models that invest in improved vertical resolution may also invest more attention to reducing mean state and coupling

biases, and also have better AM10 skill. This is true even as the relationship between resolution and coupling processes is

generally not statistically significant (Supplemental Figures S9-S11 of Garfinkel et al., 2025). Results are similar if we focus

on lead-lag relationships between biases and skill: the biases evident in days 22-28 are also evident in earlier weeks, including250

the relative magnitude across models (not shown). Furthermore, the relationship between skill and resolution is stronger in the

NH than in the SH, perhaps because skill in the SH is less related to biases in stratosphere–troposphere coupling but rather

more strongly influenced by aspects such as biases in chemistry or composition.

5 Downward coupling

5.1 Importance of downward coupling for skill of Annular Modes at 850hPa255

We now turn our attention to whether mean state biases or biases in downward coupling are associated with reduced skill

for the near-surface NAM and SAM. There is no clear relationship between either mean state biases or biases in downward

coupling and the near-surface NAM and SAM skill (Figure 5d,e,f,j,k,l and Figure 4d,e,f,j,k,l). This is true even as skill in the

stratospheric NAM/SAM is significantly correlated with skill in the near-surface NAM/SAM across these models (Figure 3),

and even as these models show that predictability is enhanced for initializations when the vortex is strong or weak (Figure 1).260

One possible interpretation of this result is that other effects can overwhelm the role of the stratosphere when evaluated across

all initializations. One such effect is resolution, and specifically higher resolution models can better resolve the tropospheric

processes that underlie subseasonal prediction. We consider this effect in Figure 6d,e,f,j,k,l, which contrasts the number of

model levels with surface AM skill. Additional levels are associated with higher NAM skill, but the strong relationship among

models in tropospheric resolution and stratospheric resolution makes it difficult to isolate their relative roles in NAM skill.265

SAM skill, on the other hand, is not strongly associated with the number of levels, and it is conceivable that spread in SAM

skill is dictated by the ability of models to represent other tropospheric subseasonal teleconnections or by the representation of

unforced variability.
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5.2 Midlatitude tropospheric response to the stratosphere

5.2.1 Regional structure of the Northern Annular Mode (NAM)270

Downward coupling from the lower stratosphere to the near surface is too strong when evaluated using the polar cap averaged

height in most models (Garfinkel et al., 2025). However, for many societal applications the most important region of interest

is the midlatitudes, and in particular the anomalies over continents. We now assess whether these impacts are also too strong,

and begin by focusing on the temperature impacts over land in Figure 7a-b. This figure shows the correlation of NAM10 with

temperature at 850 hPa lagged 10 days later for 18 of the models for which we archived the necessary data. The multi-model275

mean of the four low-top models with available data is shown in Figure 7a, and of the 14 high-top models in Figure 7b.

Supplemental Figure S2 shows each model individually. The models simulate the expected temperature impacts associated

with the NAM: a negative NAM leads to cold conditions over northern Europe and Siberia and the eastern United States, and

warm conditions over eastern Canada and subtropical Eurasia. The magnitude of these impacts is too weak, however, over

subtropical Eurasia in all models, and in subpolar Eurasia in most models and in the multi-model mean. The too-weak bias280

over subtropical Eurasia exceeds 50% of the magnitude of the observed signal in the multi-model mean. The development of

the bias for each model is shown in Figure 8ab, and the bias on day 10 in each individual ensemble member is shown in Figure

9ab. The only model with a bias in subtropical Eurasia smaller than 20% is NCEP-CFSv2 (Figure 8b, Supplemental Figure

S2e), and only one individual ensemble member of the 135 available show a correlation as strong as observed (Figure 9b).

Biases in downward coupling to subpolar Eurasia tend to be smaller at short lags (Figure 8a) and are not as pervasive across285

individual members (Figure 9a) or in HMCR, ISAC-CNR, and CNRM-CM60. However, biases over subtropical Eurasia are

systematic at all lags (Figure 8b). Results are similar if we consider a regression perspective (Supplemental Figure S3).

This contrast between the polar-cap-averaged NAM response (too strong) and midlatitude temperature impacts (too weak)

shows that polar-cap coupling metrics alone are not sufficient diagnostics of impact-relevant downward coupling, and motivates

a map view of the Z500 anomalies after anomalous conditions in the polar stratosphere. Figure 7cd shows the correlation of290

NAM10 with Z500 anomalies 10 days later. Over the polar cap, the downward impact is too strong by 20% (relative to the

observed response) in the multi-model mean (top left of Figure 7cd, Garfinkel et al., 2025), with the bias emerging more

strongly for later lags (Figure 8c). Nonetheless, in the midlatitude Atlantic, this bias is no longer evident: the Azores center of

the NAO is, if anything, slightly too weak in the multi-model mean rather than too strong, with some models suffering from

too-weak a center of action (BoM, NCEP-CFSv2, both JMA) and others too-strong a center of action (HMCR, both GloSea6;295

Supplemental Figure S4). This bias in the midlatitude North Atlantic is also evident when considering Z500 lagged by 5 or 15

days (Supplemental Figure S5 and S6) or when considering a regression perspective (Supplemental Figure S7). Furthermore,

the high over Southwest Asia is too weak in nearly all models (CFSv2 and JMA-CP3 notable exceptions). This too-weak

response in mid-tropospheric height over the midlatitude Atlantic and southwest Asia is consistent with the too-weak response

in subtropical Eurasian temperatures at 850hPa.300

There is no robust relationship across models between biases in the strength of the Azores high response and the time-mean

strength of the North Atlantic stationary wave ridge (correlation of 0.20; details not shown). Instead, biases in the midlatitude
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Figure 7. Correlation of NAM10 with T850 and Z500 lagged by 10 days. T850 and Z500 are multiplied by -1 to focus on the anomalies

associated with a weak vortex. The low-top multi-model mean (based on 4 models) is shown in the top row, and the high-top multi-model

mean (based on 14 models) in the bottom row. Individual models are shown in Supplemental Figure S2 and S4. The correlation is computed

for each model separately across all available DJF initializations, and then the correlations are averaged to form multi-model means. For (a)

and (b), the area-weighted correlation in the red box over subpolar Eurasia is shown at the top left for each panel, and at the bottom right for

the black box over subtropical Eurasia. For (c) and (d), the area-weighted correlation in the polar cap (north of black line) is shown at the

top left for each panel, and at the bottom right for the blue box over the North Pacific. Stippling indicates where (left column) all included

models agree on the sign of the response, and (right column) all models suffer from the same signed bias.

response to the stratospheric NAM mirror biases in the regional manifestation of the tropospheric NAM in these models. We

demonstrate this with the lagged regression of the NAM at 1000 hPa with Z500 and with T850 (Figure 10). While the models

capture the signal for Z500 anomalies over the polar cap and if anything represent it too strongly, they underestimate the305

low in the Azores region and the ridge over southwest Asia. The North Africa and Middle East warming and the subpolar

Eurasian cooling, are also underestimated (Figure 10). This similarity between midlatitude biases of the stratospheric NAM vs.

tropospheric NAM indicates that the models’ inaccuracy in the representation of internal tropospheric dynamics is leading to a

poor representation of the regional structure of downward coupling.

An additional bias in the Z500 response to stratospheric variability (Figure 7c,d) is evident in the North Pacific. While310

the observed response to the polar stratosphere is weak in the Pacific sector, the models simulate a response that resembles

the Atlantic sector response, projecting onto the Aleutian Low. The net effect is that the modeled response is too zonal, and

insufficiently concentrated in the Atlantic sector. Such a model bias has also been noted in climate models participating in

CMIP6 (Dai et al., 2024) and the C3S seasonal forecast database (Lee and Polvani, 2024), and this bias emerges more strongly

as lags increase (Figure 8d) and is evident in almost all individual ensemble members (Figure 9d).315
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Figure 8. Development of the bias in the ensemble mean of each system (relative to ERA5 subsampled to match each system) of downward

coupling of NAM10 [days 9-12] to the tropospheric response lagged up to 16 days later for DJF initializations in the following four regions:

(a) temperature at 850 hPa in subpolar Eurasia (see red box on Figure 7ab; 22.5-162.5E, 52.5-77.5N); (b) temperature at 850 hPa in subtropical

Eurasia (see black box on Figure 7ab; 32.5-132.5E, 27.5-37.5N); (c) polar cap height at 500 hPa (see black line on Figure 7cd); (d) Z500 in

the North Pacific (see blue box on Figure 7cd; 182.5-212.5E,37.5-57.5N). Low-top models are dotted, and older versions of high-top models

are dash-dot.
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Downward coupling biases

Figure 9. Summary of the bias in each member of each system (relative to ERA5 subsampled to match each system) of downward coupling

of NAM10 [days 9-12] to the tropospheric response lagged 10 days later for DJF initializations in the following four regions: (a) temperature

at 850 hPa in subpolar Eurasia (see red box on Figure 7ab; 22.5-162.5E, 52.5-77.5N); (b) temperature at 850 hPa in subtropical Eurasia (see

black box on Figure 7ab; 32.5-132.5E, 27.5-37.5N); (c) polar cap height at 500 hPa (see black line on Figure 7cd); (d) Z500 in the North

Pacific (see blue box on Figure 7cd; 182.5-212.5E,37.5-57.5N). Low top models are indicated with a star after the name.
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Figure 10. Correlation of NAM1000 with Z500 and T850 lagged by 10 days, with NAM1000 taken in days 9 to 12 after initialization. Other

plotting conventions follow Figure 7.

Previous work has noted two possible explanations for this bias. First, Dai et al. (2023) argue that the muted Pacific sector

response in observations is linked to North Pacific SSTs associated with the Pacific sector tropospheric precursor that initially

drove the vortex anomaly. Namely, a deepened northwest Pacific low helps induce a weaker vortex (Garfinkel et al., 2010;

Cho et al., 2022), while the underlying North Pacific SST anomalies act to suppress the Pacific sector response to the vortex

anomaly. Building on this, Dai et al. (2024) further show that CMIP6 models underestimate these North Pacific SST anomalies;320

as a result, they simulate a Pacific sector response to the vortex anomaly that resembles the Atlantic sector response. Second,

Lee and Polvani (2024) note that seasonal models suffer from too much variance in the Aleutian low region, and that this region

is overly sensitive to zonally symmetric NAM perturbations.
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Figure 11. Variance of Z500 in days 22–28 in the low-top (4 models) and hi-top (14 models) multi-model mean and in ERA5 subsampled

to match the available systems. The area-weighted average in the box over the North Pacific and over the North Atlantic is shown for each

panel. The variance for each model is shown in Supplemental Figure S9. Panel (c) compares the (x-axis) bias in variance of Z500 in the North

Pacific box from panels (a-b) to (y-axis) bias in downward coupling of Z10 to Z500 over the North Pacific [182.5-212.5E, 37.5-57.5N; same

region as in panels (a-b)] at a lag of 10 days (Figure 7cd). Biases are computed with respect to ERA5 subsampled to match each system.

We find evidence for both of these possibilities. First, we demonstrate in Figure 8d that this bias in downward coupling

to the North Pacific is not evident if Z500 is examined simultaneous with NAM10, but rather grows with time as Z500 is325

lagged relative to NAM10 (Figure 8d; cf. lags of 5 days in Supplemental Figure S6). This implies that models capture the

weak response in the Pacific at short lags, and so can capture the initial impact of tropospheric precursors on the immediate

Pacific sector response. However, the Pacific sector imprint strengthens at later lags in the subseasonal models, allowing the

NAM signal to become increasingly zonal. Note that a similar bias is evident if we examine the lagged correlation of Z500

against NAM1000 (Figure 10): the tropospheric NAM is overly zonal as well at later lags, but at earlier lags this bias goes330

away (Supplemental Figure S8). There is a significant relationship between this bias in the tropospheric NAM signature in the

North Pacific lagged 10 days and the bias in downward coupling (r = 0.47): models with too much of a North Pacific low in

the negative phase of the tropospheric NAM also simulate overly strong downward coupling.

Next, we consider the effect noted by Lee and Polvani (2024), whereby too-strong variance in the Pacific sector acts to

enhance the Pacific center of action of the NAM. Figure 11ab shows the variance in Z500 days 22–28 in DJF for the low-335

top and high-top multi-model mean and for subsampled ERA5. Each panel also indicates the variance in the North Atlantic

and North Pacific regions where variance is strongest. While the models simulate a reasonable variance in the Atlantic, they

simulate too much variance in the Pacific sector by ∼ 10% in the multi-model mean, with biases in a few individual models

exceeding ∼ 15% (Supplemental Figure S9). Next, we assess whether this bias in Pacific sector variance (x-axis of Figure 11c)
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Figure 12. As in Figure 7 but for initializations in SON. The mean correlation over southern Australia (black box) is indicated in in the

bottom right of panels (a) and (b), and southern South America (green box) is indicated in the top left of panels (a) and (b). The mean

correlation for polar cap height (black line) is indicated on the top left of (c) and (d), and the wave-3 amplitude of Z500 in midlatitudes

(bounded by blue lines) on the bottom right of (c) and (d). These regions are focused upon in Figures 14 and 13.

is related to biases in Pacific sector downward coupling (y-axis of Figure 11c). The biases are significantly correlated with340

each other (r =−0.48): models with particularly large biases in variance also suffer the most from overly-zonal downward

coupling. This effect is generally consistent with Lee and Polvani (2024). Nonetheless, this effect is strongly influenced by the

few models with weak bias, and if these were removed, the correlation would change substantially.

5.2.2 Regional structure of the Southern Annular Mode (SAM)

Garfinkel et al. (2025) found that downward coupling over the polar cap in the SH from 10 hPa to 100 hPa was too weak in345

subseasonal models, while it was too strong from 100 hPa to 850 hPa. In the net, downward coupling from 10 hPa to 850 hPa

was reasonably simulated in the multi-model mean. We now consider the regional structure of this downward coupling.

We begin with a map view of the correlation of temperature at 850 hPa anomalies lagged 10 days after the SAM at 10hPa

(Figure 12a,b and Supplemental Figure S10). The models simulate the expected temperature impacts associated with the SAM:

a negative SAM lead to warm conditions over Australia and midlatitude South America, and cold conditions over the Antarctic350

Peninsula and southern South America. The magnitude of these impacts in models is too weak, however, in all of these regions

in nearly all models (Figure 13a,b) and in nearly all individual ensemble members (Figure 14a,b). Biases are similar in both

low-top and high-top models (Figure 12a,b), and also if we consider a regression perspective (Supplemental Figure S11).

These biases are also evident if we evaluate the regional response to the tropospheric SAM: while the warming over Antarc-

tica and cooling over southern South America is evident, they are too weak by a factor of 2 over Australia and four over355
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Figure 13. Development of the bias in the ensemble mean of each system (relative to ERA5 subsampled to match each system) of downward

coupling of SAM10 [days 9-12] to the tropospheric response lagged up to 16 days later for SON initializations in the following four regions:

(a) temperature at 850 hPa in southern South America (see green box on Figure 12ab; 77.5-57.5W, 42.5-57.5S); (b) temperature at 850 hPa

in Australia (see black box on Figure 12ab; 117.5-152.5E, 27.5-32.5N); (c) polar cap height at 500 hPa (poleward of black line on Figure

12cd); (d) wave-3 amplitude of Z500 in the SH midlatitudes (37.5-52.5S) (area enclosed by blue lines on Figure 12cd).
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Downward coupling biases

Figure 14. Summary of the bias in each member of each system (relative to ERA5 subsampled to match each system) of downward coupling

of SAM10 [days 9-12] to the tropospheric response lagged 10 days later for SON initializations in the following four regions: (a) temperature

at 850 hPa in southern South America (see green box on Figure 12ab; 77.5-57.5W, 42.5-57.5S); (b) temperature at 850 hPa in Australia (see

black box on Figure 12ab; 117.5-152.5E, 27.5-32.5N); (c) polar cap height at 500 hPa (poleward of black line on Figure 12cd); (d) wave-3

amplitude of Z500 in the SH midlatitudes (37.5-52.5S) (area enclosed by blue lines on Figure 12cd).
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Figure 15. Correlation of SAM1000 with Z500 and T850 lagged by 10 days, with SAM1000 taken in days 9 to 12 after initialization. Other

plotting conventions follow Figure 12 .

southern South America (Figure 15ab). The biases are quantitatively similar whether we consider downward propagation from

the stratosphere or anomalies associated with the tropospheric SAM. This suggests that the bias is not specific to stratosphere-

troposphere coupling per se but rather to an inability to fully represent the regional impacts of the SAM.

A similar story emerges if we analyze Z500 anomalies lagged 10 days after SAM at 10 hPa (Figure 12c,d and Supplemental

Figure S12). Over the polar cap, the downward impact is reasonable in the multi-model average, though it is slightly too weak in360

the majority of models and ensemble members (Figure 13c and 14c). In contrast, the regional wave-3 structure in midlatitudes

is too weak in all models and in the multi-model mean, and entirely missing in some models (e.g., ECCC-GEPS6/7, HMCR,

CMA-S2Sv1, UKMO-GloSea; Figure 13d and 14d and Supplemental Figure S10). This bias in the midlatitude wave-3 pattern

is also evident when considering a regression perspective or at other lags for Z500 (not shown).

The wave-3 pattern is also muted when consider the response to the tropospheric SAM even as the polar cap Z500 signal365

is well-represented (Figure 15c,d), and so indicates that the difficulty in models is not specific to stratosphere-troposphere

coupling but rather is generic to the SAM.

6 Discussion and Conclusions

Operational subseasonal models must capture stratosphere-troposphere coupling processes correctly in order to fully exploit

windows of opportunity that arise when the stratospheric polar vortex is weak or strong, as the prediction skill of the tropo-370

spheric annular modes is higher (the SAM especially) in most models during these active vortex conditions (Figure 1; Sigmond

et al., 2013; Tripathi et al., 2015; Sun et al., 2020; Domeisen et al., 2020b). The previous two papers from the SNAP biases

project (Lawrence et al., 2022; Garfinkel et al., 2025) identified several systematic model biases in the mean state of the polar
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stratosphere and in coupling processes connecting the tropospheric wave flux, polar cap height, and the stratospheric polar vor-

tex. The goal of this study is to evaluate the connection between these systematic biases across subseasonal forecast systems375

and forecast skill for the NAM and SAM, and also to consider the regional impacts of biases in downward coupling.

Updated or upgraded model versions from nearly all modeling centers show higher skill in both the stratospheric and tropo-

spheric NAM and SAM as compared to their earlier versions (GloSea a notable exception), and models with relatively higher

skill for the stratospheric annular modes generally have higher skill for the tropospheric annular modes as well (Figure 3).

Stratospheric NAM and SAM skill is significantly higher in models that better represent the upward coupling of heat flux380

from 500 hPa to 100 hPa, and for the NAM the skill is also enhanced in models that better simulate the sensitivity of the polar

vortex to 100 hPa heat flux (Figure 4). These correlations are quantitatively similar to the corresponding relationship between

NAM skill and biases in climatological wave-1 heat flux at 100 hPa, and between SAM skill and biases in climatological wave-

2 heat flux at 100 hPa (Figure 5). In turn, models with better climatological heat flux also simulate better upward coupling

(Garfinkel et al., 2025). Hence, it is ambiguous whether stratospheric SAM and NAM skill relies on a better heat flux mean385

state or upward propagation of wave activity. Either way, these sensitivities are stronger than the non-significant relationship

between mean state biases in the vortex and in stratospheric NAM or SAM skill (Figure 5c,i).

Tropospheric NAM and SAM skill do not appear to be directly related to biases in downward coupling or to mean state biases

in the lower stratosphere (Figures 4 and 5). However, anomalous states of the polar vortex can open windows of opportunity

for more skillful forecasts of the tropospheric NAM on subseasonal timescales (Figure 1). Tropospheric NAM skill is higher in390

models with higher resolution (Figure 6). Because models with higher vertical resolution in the stratosphere tend to also have

higher vertical resolution in the troposphere (r = 0.67) it is difficult to isolate the role of resolution in each layer for skill.

Downward coupling over the NH polar cap is too strong in most subseasonal models (Figure 8c, Garfinkel et al., 2025). This

bias does not, however, extend to midlatitudes. Rather, downward coupling over Eurasia is too weak in nearly all models, and

is particularly poor when considering the surface temperature over subtropical Eurasia in response to the stratospheric polar395

vortex: it is underestimated by all models by at least 20% and in some models by more than a factor of two (Figure 7, Figure

8a,b). A similar bias is evident when considering the lagged temperature response to tropospheric annular mode variability

(Figure 10 and Supplemental Figure S13): the Azores center of action, the southwest Asia Z500 anomaly, and the surface

temperature impacts in Eurasia are too weak. This effect is consistent with Garfinkel et al. (2024), who found that anomalous

NAM states decay too fast, and that eddy feedback in the North Atlantic is too weak, in a subset of the models considered here.400

We find that downward coupling to the North Pacific is too strong in models. This bias is not evident for simultaneous lags,

but rather develops as we examine the lagged Z500 response to preceding NAM10 anomalies (Figure 8d). This bias is also

evident but weaker when considering the Z500 response to the tropospheric NAM (Figure 10 and Supplemental Figure S14),

which suggests that part of the problem might not be in downward coupling per se, but could be a more generic difficulty

in representing the zonal structure of the annular modes and unforced variability in this sector (Lee and Polvani, 2024). One405

possibility is too strong eddy driving in the Pacific (cf., Figure 8a,b of Garfinkel et al., 2024), but analyzing this possibility is

beyond the scope of this study. An additional interpretation is that tropical forcing of Rossby waves might be poorly represented

by these models, and this missing tropical forcing could weaken the expected meridionally-oriented dipole component centered
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in the Pacific and lead to an overestimated zonal component of the flow. For example, although tropical MJO forcing tends to

contribute to the predictability of heat flux into the stratosphere at timescales of 2–4 weeks in subseasonal models (Garfinkel410

and Schwartz, 2017), the ensemble spread of the extratropical impacts at longer lead times hints at large intrinsic forecast

uncertainty (Straus et al., 2023) and teleconnections are too weak in nearly all models (Garfinkel et al., 2022; Stan et al., 2022).

Future work is needed to consider this possibility.

In the SH, the models realistically represent downward coupling over the polar cap but underestimate the wave-3 pattern in

midlatitudes and the temperature impacts over Australia and South America (Figure 12 and 13). This poor representation of415

midlatitude variability associated with the polar vortex is likely related to a more general inability to represent the midlatitude

impacts of the tropospheric SAM since the wave-3 pattern and warming over Australia are also weaker in response to tropo-

spheric SAM variability (Figure 15 and Supplemental Figure S15). These effects are consistent with Garfinkel et al. (2024),

who found that eddy feedback in the Southern Hemisphere is too zonally symmetric in a subset of the models considered here.

While models simulate a Eurasian temperature response to stratospheric anomalies that is too weak, this is not necessarily420

reflected in their representation of extreme events. For example, Erner and Karpechko (2024) showed that ECMWF, UKMO,

CNRM, BoM, and JMA tend to predict too many cold spells over subpolar Eurasia during weeks 3–4 following weak polar

vortex events, seemingly contradicting the results of the present study. For three of these models (BoM, ECMWF, and UKMO),

the same model versions were used in both studies, suggesting that the discrepancy likely arises from differences in methodol-

ogy. In particular, the models may predict too many cold events without making them too cold, or they may underestimate the425

warm response to strong polar vortex events, neither of which was tested by Erner and Karpechko (2024). Subsequent evalu-

ations should therefore use a wider range of verification metrics to more comprehensively assess forecast-system properties,

such as reliability, that affect forecast quality.

Another aspect to consider in interpreting the results is the possibility of a biased signal-to-noise ratio in the models. Lee

and Charlton-Perez (2024) find that the signal-to-noise ratio is biased too high in the polar stratosphere in some models, while430

the signal-to-noise ratio might be too low in the midlatitude troposphere in others (Garfinkel et al., 2024). This would be in

agreement with the fact that downward coupling is too strong over the polar cap – an overly strong polar stratospheric signal gets

passed down to the tropospheric polar cap via downward coupling – but not in midlatitudes. A complementary effect that could

explain the too-weak and overly zonal impact in midlatitudes is transient eddy feedback: Garfinkel et al. (2024) demonstrated

that eddy feedback is too weak in the NH, and too zonal in the SH, in a subset of these models. Further work is needed to435

also investigate these possibilities. A further effect we have not considered here is the role of planetary waves in mediating the

downward vertical coupling to the troposphere. For example, Dunn-Sigouin and Shaw (2015) showed that wave coupling is

important during vortex events and that the associated tropospheric response has a strong zonally asymmetric component. More

generally, both Boville (1984) and Shaw et al. (2014) argued that planetary-wave coupling provides a mechanism through which

stratospheric anomalies and biases can influence the tropospheric circulation, particularly in its zonally asymmetric component.440

While this is beyond the scope of the present study, it may provide another perspective on the apparent disconnect between the

diagnosed zonal-mean downward coupling metrics and tropospheric NAM/SAM predictability, and the zonally asymmetric

midlatitude impacts.
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While we have identified several systematic biases in the NAM and SAM in subseasonal models, we are using an ensemble

of opportunity and so cannot isolate the role of any specific individual factor. For example, there could be other factors affecting445

the intermodel spread in predictability of the SAM and NAM, besides those considered here (e.g., different hindcast periods

or teleconnections from the tropics). It is conceivable that skill can be lower in some years than others, and this might alias

the results. However, the common period across these models is only 6 years (2005–2010), which we consider insufficient to

robustly evaluate skill. More generally, it is impossible to constrain every possible factor that could affect skill in an ensemble

of opportunity. Only experiments in which the vertical resolution (Xiao et al., 2026) or stationary wave structure are carefully450

controlled can isolate these effects, and thereby confirm the results presented here. Nonetheless, our results are in agreement

with Xiao et al. (2026), showing that stratospheric variability is more predictable when vertical resolution is enhanced.

7 Outlook

The results presented here suggest at least three important questions which the community could/should focus on:

1. "What dynamical pathway actually transfers stratospheric predictability to the surface?" Models with higher stratospheric455

NAM/SAM skill generally exhibit higher tropospheric NAM/SAM skill, yet improved zonal-mean downward coupling

metrics do not appear to translate into improved tropospheric skill.

2. "Why do models systematically produce an overly zonal midlatitude tropospheric Annular Mode response to the strato-

sphere?" The paper identifies a recurring bias across models, namely a spurious Pacific center of action and underesti-

mated regional impacts over midlatitude Eurasia and in the Southern Hemisphere. Understanding why models struggle to460

represent the regional structure of the annular modes in populated regions may be at least as important as understanding

the biases in the strength of the coupling itself.

3. "Which model improvements actually matter most for predictability?" Higher skill is associated with better vertical

resolution, improved mean states, and more realistic coupling diagnostics, but these factors are strongly intertwined.

Determining which model developments are causally responsible for improved predictability remains an important open465

question.

Overall, higher skill in the stratosphere ultimately benefits the troposphere, even though it is not clear what exactly needs

to be done in a model to achieve this. Nonetheless, it is clear that models still have room to improve their representation of

the stratosphere, and that doing so will likely lead to an improved skill for surface climate. Isolating this improvement in skill

can be difficult in an ensemble of opportunity, however the SNAPSI project (Hitchcock et al., 2022) also led by SNAP isolates470

this effect and demonstrates its robustness using targeted model experiments (Lee et al., 2025; Ayarzagüena et al., 2026; Feng

et al., 2025; Seviour et al., 2026).
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