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The East Asian summer jet (EASJ) is an important compo-
nent of the East Asian summermonsoon system and its vari-
ability is correlated with precipitation and surface temper-
ature variations over this region. Whilst many studies have
considered the interannual variability of the EASJ, less is
known about variations on a decadal timescale. This study
investigates the relationship between decadal EASJ variabil-
ity and sea surface temperatures (SSTs) and thus the po-
tential predictability that SSTs may provide. Given the rela-
tively short observational record, we make use of the long
preindustrial control simulations in the Coupled Model In-
tercomparison Project phase 6 (CMIP6) in addition to a large
ensemble of atmosphere-only experiments, forcedwith ran-
dom SST patterns. We then create an SST-based recon-
struction of the dominant modes of EASJ variability in the
CMIP6 models, finding a median EASJ-reconstruction cor-
relation for the dominant mode of 0.43. Much of the skill
in the reconstruction arises from variations in Pacific SSTs,
however the tropical Atlantic alsomakes a significant contri-
bution. These findings suggest the potential for multi-year
predictions of the EASJ, provided that skillful SST forecasts
are available.

K E YWORD S

Decadal variability, East Asian summer jet, CMIP6

1



2 Patterson et al.

1 | INTRODUCTION

From the mid twentieth century to the present day, East Asian summer climate has been subject to considerable
interdecadal variability. This has included a weakening of the East Asian summer monsoon system, particularly around
the late 1970s (Wang, 2001;Wang and Ding, 2006;Wang et al., 2015), with a concomitant southward shift of the East
Asian jet (Yu et al., 2004). These atmospheric circulation changes are reflected in the precipitation record including
enhanced rainfall over the Yangtze river valley in southern China and reductions over northern China (Gong and Ho,
2002;Wang et al., 2015), a pattern referred to as Southern Flood Northern Drought. A further change in precipitation
patterns occurred around the early 1990s with intensified precipitation to the south of the Yangtze river (Ding et al.,
2008; Lei et al., 2011).

Given the high impact of these climatic changes on society, a number of studies have sought to understand to
what extent they can be explained through natural and anthropogenically forced variability, though no clear consensus
has yet emerged. Models forced with observed sea surface temperatures (SSTs) have been shown to largely reproduce
observed changes to the East Asian summermonsoon (Li et al., 2010; Dong et al., 2016). Some studies have concluded
that anthropogenic aerosols play a key role in the monsoon weakening (Qian et al., 2003; Xu et al., 2006; He et al.,
2013; Song et al., 2014; Wang et al., 2013), however others have argued for the importance of greenhouse gas-
induced changes (Ueda et al., 2006; Zhu et al., 2012). Tian et al. (2018) found that both forcings play a role, but
in different regions as aerosol forcing dominates precipitation anomalies over northern China while greenhouse gas
forcing is most important for southern regions. Other studies have also emphasised that natural variability may be a
substantial factor (Jiang and Wang, 2005; Lei et al., 2011, 2014).

The focus of this study is the East Asian summer jet (EASJ), an important component of the East Asian summer
monsoon system. Variability of the EASJ is predominantly characterised by a meridonal shifting of the jet and this is
strongly correlated with precipitation anomalies in observations (Liang and Wang, 1998; Lu, 2004; Lin and Lu, 2005;
Huang et al., 2014; Xie et al., 2015). However, this relationship has been found to be too weak in models (Ren et al.,
2017), possibly due to biases in the climatological jet (Lin et al., 2019) or tropical rainfall (Yan et al., 2019). Interannual
variations in the EASJ have been linked to tropical Indian Ocean SST variability (Qu and Huang, 2012), central Pacific
SST anomalies (Huang et al., 2014) and surface temperatures over the Russian far-east (Lin et al., 2018). On longer
timescales, Song et al. (2014) argued that the observed southward jet shift at the end of the twentieth century can
be explained via a combination of aerosol forcing and natural variability. On the other hand, there has been little
work on the specific teleconnections and mechanisms underlying natural decadal EASJ variability. It is possible that
mechanisms which modulate jet variability on interannual timescales also operate on decadal timescales, for instance
decadal variability of the Indian Ocean could affect the jet via the Pacific-Japan pattern (Xie et al., 2009). Additionally,
the PacificDecadal Oscillation (PDO) andAtlanticMulti-decadal Variability (AMV) have both been suggested as drivers
of precipitation over East Asia in observational studies and thesemay also drive EASJ variability (Lei, 2013; Zhang et al.,
2018).

Observational studies of jet variability on decadal timescales typically encounter two main challenges. Firstly,
they are hampered by the relatively short time series’ of available reanalysis datasets which stretch back at most
around 120 years. PDO and AMV anomalies can persist for 20-30 years in the observational record and hence the
associated number of degrees of freedom is very low. Furthermore, upper tropospheric atmospheric circulation is
relatively unconstrained in long reanalysis datasets which assimilate only sea level pressure, surface winds and SSTs,
rendering earlier time periods less reliable. Secondly, disentangling the physical mechanisms which are responsible
for climate variations is also difficult because of the presence of anthropogenic aerosols and direct greenhouse gas
forcing. Consequently, in this study we make use of the long pre-industrial control (piControl) runs performed by
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modelling centres participating in the Coupled Model Intercomparison Project phase 6 (CMIP6, Eyring et al., 2016).
These coupled simulations are typically around 500 years in length, with no externally forced variability. The use of
coupled simulations also allows for the interaction between ocean and atmosphere which is not present in simulations
forced with prescribed SSTs.

In this study, we specifically seek to address three main questions:

1. What is the nature of variability of the EASJ on a decadal timescale and how does this variability affect the surface
climate?

2. To what extent is this variability predictable based on SST forcing?
3. What are the mechanisms by which SST - EASJ teleconnections occur?

The rest of this paper is structured as follows. The data and methods are described in section 2 with an analysis
of decadal jet variability in the CMIP6 models following in section 3. Section 4 quantifies the strength of SST-EASJ
covariability across models, while section 5 seeks to further understand the mechanisms behind these teleconnec-
tions. A brief examination of inter-model differences is given in section 6 and finally, a discussion of the results and
conclusions are given in section 7.

2 | DATA AND METHODS

2.1 | CMIP6 pre-industrial control (piControl) data

In this study we make use of data from the long piControl runs available from 28 climate models in the CMIP6 archive.
These are free-running, coupled simulations, typically of around 500 years in length, though some span up to 1200
years. There is no forced interannual variability in these models due to, for example, volcanic eruptions or insolation,
while orbital parameters and greenhouse gas concentrations are fixed at their approximate level in the year 1850
(Eyring et al., 2016). From this set of model runs, we utilize seasonal mean data for the summer season (June, July,
August - JJA). A full list of the models along with the number of years in each simulation, can be found in the supple-
mentary material.

2.2 | Atmosphere-only experiments

We also analyse an ensemble of 5000 atmosphere-only model runs forced with randomly perturbed SSTs from the
study of Baker et al. (2019), following the method of Li et al. (2012) and Li and Forest (2014). These simulations
provide a useful comparison to coupled simulations, as the SSTs can only force the atmosphere and not vice-versa,
making the direction of causality clear. On the other hand, there are many regions of the real world in which SSTs are
strongly forced by atmospheric variability on interannual and longer timescales and hence themodel will not represent
atmosphere-ocean coupling correctly in these regions. SST perturbations are constructed by creating a 16 x 16 array
of random numbers, with each random number drawn from a uniform distribution at each point between -2K and 2K.
This array is then interpolated onto the grid-points of the full model grid (192 x 144 grid-points) and the perturbation
field is randomly shifted by up to 8 grid-points in latitude and up to 5 in the meridional direction. Using a 16 x 16
array of random numbers and then interpolating onto the model grid means that SST anomalies have some coherence
on larger scales like they would have in the real ocean. Following this, the perturbation field is added to the monthly
varying climatology of SSTs, calculated using the merged Hadley–NOAA optimum interpolation (OI) SST dataset for
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the period 1980-1999. The perturbations are only applied between 60S and 60N. The model runs are performed
using the Met Office HadAM3P model which has a resolution of 1.875◦ × 1.25◦ in the horizontal and 19 hybrid sigma
levels in the vertical. Each ensemble member is run out to 25 months beginning in December, while in our analysis
we only investigate the second summer (JJA).

2.3 | Reanalyses

The Met Office Hadley Centre’s sea ice and sea surface temperature data set (HadISST) version 2.1.0.0 (Titchner
and Rayner, 2014) is used for the analysis of SSTs. Seasonal mean data from three atmospheric reanalyses datasets
covering different time periods are also used. These are ERA20C (Poli et al., 2016), JRA-55 (Kobayashi et al., 2015) and
NCEP/NCAR (Kalnay et al., 1996), which span the periods 1900-2010, 1958-present and 1948-present, respectively.

2.4 | Jet indices

We calculate indices of EASJ variability using Empirical Orthogonal Function (EOF) analysis. We define indices as the
principal component time series associated with the leading two EOFs of 200hPa zonal wind within the East Asian
region, which we define by longitudes 70-150E and latitudes 20-50N (shown by a box in figure 1). The EASJ EOF
patterns are not particularly sensitive to variations of order 10◦ in any direction. Note that wind variability is generally
larger over the eastern part of this region and the EASJ EOF indices thus reflect variations over the eastern part more
so than over the Tibetan plateau. Following this, a low pass filter is applied to the EASJ EOF indices to extract only the
multi-year / decadal signal, apart from in figures 1a-d) and 6a) and those involving the atmosphere-only model, where
the interannual variability is retained. The low pass filter consists of a 7 year running mean applied at all grid-points
and the EOF analysis is performed using the Python package, ‘eofs’ (Dawson, 2016).

2.5 | Linear sensitivity analysis

Data from the atmosphere-only runs can be utilized to calculate the linear sensitivities of the EASJ to SST forcing.
Following Li et al. (2012), under the assumption of a linear response (∆R ) to SST anomalies (∆SST ), the response to
a given SST anomaly field is given by

∆R =

∫
A′
G (x ′)∆SST (x ′)dA′ + e, (1)

where x ′ is the spatial co-ordinate, G (x ′) is a linear operator (or Green’s function), A′ is the area integrated over
x ′ and e is the associated error due to non-linearities and internal variability. G (x ′) gives the linear sensitivity of the
response to SST perturbations at a particular location. In our case, ∆R is the EASJ index response to SST forcing.
Given that the model is discrete, we calculate G at each grid-point using the linear regression model

∆R (t ) = G (xi)∆SST (xi, t ) + e (xi), (2)

where xi is a vector of grid-points. Note that in equation 1, ∆R is the expected response to a given SST anomaly
field and is thus a scalar, whereas for equation 2, ∆R is the observed time series of the response variable. Following
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this, the estimated response of the EASJ index can be reconstructed for any given pattern of SST anomalies via

∆R = γ
∑
xi
G (xi)∆SST (xi)LxLy , (3)

where γ is a constant which depends on the length scale of the forcing (see Li et al., 2012), Lx = aλ0cosφi and
Ly = aφ0 are the zonal and meridional length scales, a is the radius of the Earth, φi is the latitude, while φ0 and λ0 are
the meridional and zonal grid-point spacings in radians, respectively.

In our study, we calculate G using the atmosphere-only runs and use it to attempt to reconstruct EASJ variability
in the CMIP6 models, using only SST anomalies. In doing so, this will allow us to quantify the extent to which SST
anomalies alone can explain EASJ variability. There are a number of limitations to this analysis. Firstly, we assume
that SST anomalies combine linearly to produce the given response, though this appears to be a good assumption in
the case of the EASJ (see supplementary figures S1 and S2). Secondly, prescribing SSTs in the atmosphere-only model
means that the SSTs are unable to respond to atmospheric perturbations. Thirdly, atmospheric circulation anomalies
may correlate with local SSTs in the real world because of reduced thermal damping which does not enhance pre-
dictability (Barsugli and Battisti, 1998). Finally, the atmosphere-only runs are relatively short at only 25 months in
comparison to the decadal timescales in which we are interested. However, we may assume that any long term mem-
ory in the system persists through the ocean component of the system and that the atmosphere responds relatively
quickly (on a timescale of months) to given SST anomalies. In spite of these limitations, this method has previously
proven skillful in predicting tropospheric geopotential height variability over the Pacific (Barsugli and Sardeshmukh,
2002) and jet variability in the North Atlantic (Baker et al., 2019).

2.6 | Significance tests

Given that we are considering long timescale variability, many of the time series under investigation exhibit serial
correlation, reducing the effective size of the sample. Consequently, we employ the method of Ebisuzaki (1997) to
calculate a threshold correlation for statistical significance at the 95% level. Considering two time series, A and B , the
procedure begins by finding the discrete Fourier transform of A and generating 1000 surrogate time series through
multiplication of the Fourier components by a set of random phases, before performing the inverse Fourier transform.
That is, the Fourier components, am are each multiplied by e i θm , where θm are drawn from a uniform distribution
between 0 and 2π . Following this, a distribution is created by calculating correlations between B and the surrogate
time series’, and the correlation between A and B is deemed to be significant if it is larger in magnitude than 95% of
the correlations in this distribution.

3 | DECADAL EASJ VARIABILITY AND ITS IMPACT ON SURFACE CLIMATE

We begin by examining the dominant patterns of decadal jet variability over East Asia and associated patterns of
surface climate variability in CMIP6 piControl runs. Figure 1a,b) shows the observed 200hPa zonal wind patterns
associated with interannual variability of the EASJ EOF indices, calculated using JRA-55 reanalysis data. EASJ EOF 1
is characterised by a meridional shifting of the EASJ, while EASJ EOF 2 is associated with a strengthening / weakening
jet, in agreement with other studies (e.g. Qu and Huang, 2012). Figure 1c,d) shows that these patterns are well
reproduced by the CMIP6 models, though in a few models (‘CNRM-CM6-1’, ‘CNRM-ESM2-1’ and ‘MIROC6’) the
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first two EOFs are not statistically well separated using the method of North et al. (1982, not shown). Overall the
EASJ EOFs 1 and 2 explain around 30-35% and 20-25% of the variance in most models, respectively (figure 1g). We
are primarily interested in multi-year variability of the EASJ, hence we apply a 7 year running mean to the model
EASJ EOF indices to extract the low frequency component of EASJ variability. We regress these decadal EASJ EOF
indices onto 200hPa zonal wind, which has been similarly low-pass filtered at each grid-point, in figure 1e,f). The
associated patterns are very similar to their interannual equivalents (figure 1c,d). Note that almost identical patterns
are obtained if the 200hPa zonal wind data is low-pass filtered before the EOFs are calculated indicating that patterns
of EASJ variability are similar on interannual and decadal timescales (figure S3, supplementary material).

We next regress these decadal EASJ EOF indices onto some variables describing surface climate variability. Com-
paring figure 2a) with figure 1e), upper level EASJ variability exhibits a largely baroclinic structure, that is, the sign of
the wind anomalies varies with height. Specifically, the poleward shifted EASJ (EOF 1) is associated with a surface
high over southern Japan, and hence anomalous low-level, westerly flow at around 40N (figure 2a), with a poleward
low. EASJ EOF 2 is also baroclinic, as strengthening of the jet is linked to a sea level pressure dipole consisting of a low
over most of Japan and a high to its south (figure 2d). There is a strong surface temperature signature linked to EASJ
variability. Poleward shifts of the EASJ are correlated with warm anomalies over most of China and Japan, with the
latter showing multi-model mean correlations in excess of 0.5 over much of the country (figure 2c). EASJ variability is
relatively weakly correlated with precipitation anomalies in the CMIP6 piControl models (figure 2e,f). In observations,
however, EASJ-precipitation covariability is much stronger (figure S4, supplementary material) corroborating previous
literature, which has mostly examined CMIP5 models (Ren et al., 2017; Lin et al., 2019; Yan et al., 2019). The low
correlations in the multi-model mean (figure 2e,f) may also partly be a consequence of the fact that precipitation is
a noisy variable and varies considerably over small spatial scales, hence subtle differences between models in mean
jet position could have large effects on precipitation correlation maps. On the other hand, some individual models do
exhibit realistic amplitudes of EASJ-precipitation covariability (e.g HadGEM3-GC31-LL, figure S4b,f).

4 | SST-BASED PREDICTABILITY OF EASJ VARIABILITY

To investigate the connection between SSTs and decadal EASJ variability, we calculate correlations between the jet
EOF indices and SSTs for each model, with SSTs low-pass filtered at each grid-point. Figure 3a,b) shows the multi-
model mean correlations for EASJ EOFs 1 and 2, indicating that a poleward shift of the jet (EASJ EOF 1) is negatively
correlated with SSTs in the western Indian Ocean, tropical Pacific and tropical Atlantic, with a region of positive
correlations to the east of Japan. Conversely, the strengthening / weakening jet mode (EASJ EOF 2) is not linked to
tropical SST variations, but only local SST anomalies. It is possible that local SST anomalies are important in driving
EASJ variability, for example due to variability of the oceanic front (Tao et al., 2020), however it is also possible
that local SST anomalies are forced by the atmosphere. If the latter is true, SSTs in this region are less likely to
contribute to EASJ predictability. Interestingly, the multi-model mean masks a wide variation in the magnitude of SST-
EASJ correlation strength across models. For instance, some models such as CNRM-CM6-1-HR show no significant
correlation with tropical SST at all (figure 3c,d), whereas others such as HadGEM3-GC31-LL, show correlation values
of −0.6 at some locations. Generally speaking, the EASJ EOF 1 correlation maps resemble the negative phase of the
PDO (figure 3a,c,e) over the Pacific. It is also worth noting that the PDO is defined by extratropical North Pacific SSTs
and the magnitude of PDO projection onto the tropics varies considerably between models (Newman et al., 2016),
which may be related to the inter-model differences in SST-EASJ correlations.

On the other hand, the negative correlations of EASJ EOF 1 with tropical Atlantic and Indian Ocean SSTs suggest
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that variability in these regions may also be important. To investigate the role of different SST anomalies in forcing
EASJ variability, we calculate the linear sensitivity operator, G , as described in section 2. Firstly, it is important that
EASJ variability in the atmosphere-only model is similar to that in the coupled models. Hence, we plot regressions
of the principal component time series associated with EASJ EOFs 1 and 2 in HadAM3P onto 200hPa zonal wind
anomalies in figure 4. The first two EOFs explain a similar amount of variance to the coupled model EOFs at 32% and
22% for EOFs 1 and 2 respectively. Furthermore, as for the CMIP6 models, EOF 1 manifests as a shifting of the EASJ,
while EOF 2 is characterised by strengthening / weakening of the EASJ (figure 1c-f). Therefore, we conclude that the
jet variability in HadAM3P is sufficiently similar to CMIP6 for our analysis.

The sensitivity patterns,G , for the different EASJ EOF indices are shown in figure 5. Similar to figure 3a), negative
SST anomalies in the tropics are generally associated with a poleward shift of the jet (i.e. positive EOF 1, figure
5a). Interestingly, EOF 1 shows a particularly strong sensitivity to tropical Indian Ocean cooling between 10S and
10N, however, EASJ EOF 1 is also associated with opposite signed SST anomalies over northern parts of the Indian
Ocean. There is also a region of sensitivity to warm SSTs over the North-West Pacific, stretching northward to the
climatological jet latitude. With regard to EASJ EOF 2 (strengthening / weakening), the strongest sensitivity is again
theNorth-West Pacific region, however it is worth noting that observed SST variability in this region is primarily forced
by atmospheric anomalies (Wu et al., 2009a). Positive EASJ EOF 2 is also sensitive to warm anomalies over the tropical
Pacific and Atlantic.

Given the sensitivity patterns, we can attempt to reconstruct the EASJ jet indices by projecting SST anomalies
for each year onto the sensitivity patterns using equation 3, and comparing the resulting index to the true EASJ
indices. The interannual variability of EASJ EOF 1 is shown for three reanalysis datasets in figure 6a). In general these
three indices are in relative agreement with each other with correlation values during overlapping periods as follows:
R (NCEP, ERA-20C) = 0.77, R (NCEP, JRA-55) = 0.84 and R (JRA-55, ERA-20C) = 0.82. The SST-based reconstruction
of EASJ EOF 1 is also plotted in red and is significantly positively correlated with all three reanalyses. However, the
focus of the present study is decadal variability, hence we apply a 7 year running mean to these time series and
plot this in figure 6b). The longest time series, ERA-20C, bears little resemblance to the SST-based reconstruction
on these longer time scales and is not significantly correlated. This may be partly because ERA-20C assimilates only
surface observations and hence upper level jet variability is poorly constrained. Conversely, both NCEP/NCAR and
JRA-55 are strongly positively correlated with the EASJ reconstruction, at R = 0.68 and R = 0.72 respectively, though
with the caveat of severely limited sample sizes. Given this limitation, we cannot draw firm conclusions from these
reconstructions, but the strong correlations of the shorter reanalyses suggest that SSTs may provide some skill in
predicting jet variability. Furthermore, the reconstructions are skillful on interannual timescaleswhich provides uswith
confidence in the performance of the atmosphere-only model and suggests that SSTs do indeed influence the jet in
observations. Interestingly the Pacific region makes up by far the largest component of the decadal jet reconstruction
(figure 6c) suggesting that the Pacific is the most important source of skill in this reconstruction. In contrast to EOF 1,
SST-based reconstructions of EOF 2 are not significantly correlated with EOF 2 in reanalysis (not shown) despite the
extensive regions of significant sensitivity shown in figure 5b).

We can study longer time series by applying the same methodology to the CMIP6 piControl runs. Furthermore,
the linearity of the SST-sensitivity approach means that it is straightforward to attribute SST prediction skill to SST
anomalies in different regions by only projecting SST anomalies onto the sensitivity pattern in certain regions. An
example of this is shown for the CESM2 model, with a low pass filter applied as in figure 6b) for the projection
onto the entire sensitivity pattern and for different longitudinal bands in figure 7. The regions are defined by the
longitudes 120E-80W, 80W-30E and 30E-120E, for the Pacific, Atlantic and Indian Ocean regions respectively. In
comparison to the reanalyses, the CESM2 simulation is far longer and hence does not suffer from the same sampling
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issues. The global reconstruction has a correlation coefficient of 0.4, while the Pacific on its own has a correlation
coefficient of 0.42, suggesting that this region provides the majority of the reconstruction skill. The Atlantic SST- EASJ
reconstruction is also significantly correlated with EASJ EOF 1, however the Indian Ocean region is not.

Next, we apply this procedure to all CMIP6 piControl runs and create box plots of the resulting EASJ reconstruc-
tion correlations, shown in figure 8. The length of the piControl runs varies between models, hence the 95% signif-
icance threshold will also vary. Given that all model runs are 500 years or longer, we plot the significance threshold
calculated for a model run of this length (dashed line in figure 8). Similar to CESM2 in figure 7, the majority of models
have an EASJ EOF 1 reconstruction correlation close to 0.4, with quartiles of 0.34 to 0.46, and almost all models
show a significant reconstruction correlation (figure 8a). Once again, the Pacific appears to explain the majority of the
skill and the Atlantic is also significantly positively correlated, while the Indian Ocean SST reconstruction is not. The
lack of Indian Ocean skill is interesting given the strong sensitivity values in this region (figure 5a). It is possible that
circulation anomalies from other decadal timescale patterns such as the PDO dominate any atmospheric variability
forced by the Indian Ocean.

In section 2, we noted that one limitation of this analysis is that atmospheric circulation anomalies may arise
due to thermal damping of local SSTs, a process which doesn’t provide any additional predictability (Barsugli and
Battisti, 1998). The Pacific sensitivity pattern projects onto a region of SSTs close to the jet itself (figure 5a), hence
it is also useful to repeat the SST reconstruction analysis including only the tropics, as regions far from the jet will
not suffer from this issue. The results of the tropics-only analysis are shown in figure 8a) by blue boxplots. Removing
the extratropical SST projection reduces the median global correlation strength slightly to 0.3 and also broadens the
range of correlation values, although global correlations in most models remain significant. A similar picture is seen
for the Pacific-only case, confirming that the sensitivity region east of Japan contributes to the jet correlation skill, but
also that significant skill remains when this region is excluded. For completeness, we also show EASJ reconstruction
correlations for EOF 2 in figure 5b). Similar to EOF 1, the SST-based reconstruction has some skill in reproducing
EASJ variability, however, this skill is largely absent for the tropics-only model reconstructions. This is consistent with
figure 3b) in which only local, extratropical SSTs are correlated with EASJ EOF 2 variability across models. It is also
worth noting that using the piControl models themselves to calculate the sensitivity patterns gives similar results to
using the atmosphere-only model (figure S5, supplementary material), increasing confidence in the method.

5 | SST-EASJ TELECONNECTION MECHANISMS

Given that it is possible to partially reconstruct decadal EASJ variability based solely on SSTs, we now investigate the
mechanisms underlying SST-EASJ covariability. We initially consider the mechanisms present in the atmosphere-only
runs and then compare these to the piControl simulations. We define SST indices for three different regions, namely
the Indian Ocean, tropical Pacific and tropical Atlantic. The Indian Ocean is defined as 10S-10N, 40E-110E; tropical
Pacific is defined as the Nino3.4 region, 5S-5N, 170W-120W; and the tropical Atlantic by SST 10S-20N, 80W-0E.
Note that the SST indices have each been standardised, hence the use of different sizes of areas does give slightly
different magnitudes of SST anomalies in figure 9a,c,e). It is also worth noting that on decadal timescales there is
considerable coupling between the different tropical ocean basins in the real climate system. For example, Meehl
et al. (2020) noted a weak opposite-signed response of Pacific SSTs to SST anomalies forced over the Atlantic and
vice-versa. Consequently, while it is possible to separate the influence of the different ocean basins in the atmosphere-
only model, this is more difficult in a fully coupled system.

Figure 9 shows regressions of the mean SST anomalies within these boxes onto SST, precipitation, sea level
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pressure and 200hPa zonal wind anomalies. We consider the Indian Ocean first as although this does not provide
significant skill to the EASJ reconstructions, it is a region of considerable sensitivity in the atmosphere-only runs
(figure 5a). In this region, warm SST anomalies are associated with negative sea level pressure anomalies, positive
precipitation anomalies (i.e. anomalous convection) and diverging upper level zonal wind (figure 9d,g,j). The presence
of the North-West Pacific anticyclonic anomaly (figure 9g) is consistent with the Indian Ocean capacitor mechanism
(Xie et al., 2009; Wu et al., 2009b), whereby a tropospheric Kelvin wave, initiated by convection over the Indian
Ocean, induces subsidence, boundary layer divergence and suppressed convection over the Philippines. This process
maintains a low level subtropical high over the Philippines (figure 9g). This shifts the EASJ southward (figure 9j),
consistent with the findings of Qu and Huang (2012).

Warm Pacific SSTs are also associated with negative sea level pressure anomalies and anomalous convection
(figure 9e,h). Regarding the mechanism for the teleconnection to the EASJ, this appears to be consistent with the
strengthening and equatorward shift of the subtropical jet under an El Niño-like warming pattern (Seager et al., 2003;
Lu et al., 2008). That is, tropical SSTs warm the tropical troposphere (not shown), which enhances the meridional tem-
perature gradient between the tropics and subtropics, strengthening and shifting the subtropical jet through thermal-
wind balance. Lastly, the local atmospheric response to Atlantic SSTs is again characterised by low sea level pressure
and enhanced precipitation (figure 9f,i). This induces positive sea level pressure anomalies over the Pacific, including
a strengthened North-West Pacific subtropical high (figure 9i). Rong et al. (2010) found a similar result using both
observations and model experiments and argued that enhanced convection over the tropical Atlantic drives an atmo-
spheric Kelvin wave which propagates eastwards affecting both the Indian and East Asian monsoon systems. Similar
to the Indian Ocean and tropical Pacific indices, tropical Atlantic SSTs are linked to positive zonal wind anomalies
to the south of Japan and hence an equatorward shift of the EASJ (figure 9l). To summarise, when warm SSTs are
imposed in the tropics in the atmosphere-only runs, the local response is consistent with deep ascent in each case,
as expected from basic theory (e.g. Hoskins and Karoly, 1981). These local responses then each generate cause an
upper level response which modulates the EASJ.

The EASJ reconstructions assume that the teleconnection mechanisms in the atmosphere-only runs are repli-
cated in the piControl simulations on decadal timescales, hence we test this by defining SST indices in the piControl
runs, using the same regions. This time, the SSTs are low pass filtered when defining the indices to extract only the
decadal variability. Given that there is large covarability between the different ocean basins, particularly on decadal
timescales, we also regress the tropical Pacific index out from the Indian Ocean and tropical Atlantic indices to isolate
the impact that SSTs in the Indian Ocean and tropical Atlantic have. That is, variability associated with the tropical
Pacific is removed from the other two indices so that the tropical Pacific and Indian Ocean / tropical Atlantic indices
are uncorrelated. Each index is standardised before removing the variability associated with the tropical Pacific.

Indian Ocean SSTs do not add skill to the reconstructions of the EASJ in most models (figure 8), in spite of the
EASJ sensitivity to SSTs in this region in the atmosphere-only runs (figure 5a). Two possible hypotheses for this result
are 1), that the atmosphere-only runs capture a teleconnection which is not present in the coupled models and 2),
the teleconnection exists but explains little of the EASJ variance due to dominance of other forcings or internal EASJ
variability. Figure 10 suggests that the former explanation is unlikely. It shows a composite of the seven models
with the largest EASJ-SST covariability, in which the SST indices in these models have been regressed onto low pass
filtered SSTs, precipitation, sea level pressure and 200hPa zonal wind. The models are CESM2, HadGEM3-GC31-LL,
MCM-UA-1-0, MIROC6, EC-Earth3-Veg, GISS-E2-1-G, CanESM5. Warm SST anomalies over the Indian Ocean are
associated with positive rainfall anomalies (figure 10d) and low level convergence (figure 10g), implying that the SSTs
are forcing the atmosphere rather than the atmosphere forcing the SSTs. Similar to figure 9g), a subtropical high
is present, with positive 200hPa wind anomalies over China at 30-40N, though the wind anomalies extend further
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eastwards over the Pacific than in the atmosphere-only simulations (figures 10j and 9j).

Evidence for the second hypothesis, that the variance of EASJ variability explained by the Indian Ocean telecon-
nection is small, is provided by a comparison with the tropical Pacific index (figure 10b,e,h,k). Variations in the tropical
Pacific index are linked to much larger SST anomalies over the Pacific than variations in the Indian Ocean index are
over the Indian Ocean (figure 10a,b). Consequently, tropical Pacific circulation anomalies are of a much greater mag-
nitude, for instance the magnitude of the 200hPa zonal wind anomaly is roughly double the equivalent for the Indian
Ocean (figure 10j,k). Tropical Pacific anomalies are also much larger than those associated with the tropical Atlantic
(figure 10c,f,i,l). Note that warm tropical Atlantic SSTs are associated with positive rainfall anomalies and a similar
modulation of the sea level pressure patterns over the Atlantic and Pacific as in figure 9i). It therefore appears that
while warm SST anomalies over the tropical Indian and Atlantic Oceans do result in a southward jet shift, the greater
magnitude of decadal SST variability over the tropical Pacific means that this latter region explains by far the largest
amount of EASJ variability. Unlike the piControl experiments, the magnitude of SST variability per area is constant by
construction in the atmosphere-only runs, hence the Atlantic and Indian Ocean SSTs can have a larger influence.

To further underline the difference in inter-basin SST variability, we plot interannual vs decadal SST variability
for each model for the Indian Ocean, tropical Pacific and tropical Atlantic regions in figure 11. In each case the
SSTs at each grid-point have been linearly detrended to remove the influence of drift (in the case of the piControl
models) or global warming (in observations) before calculating the mean over the region and the standard deviation.
The grey box in figure 11b) shows the bounds of the Indian Ocean and tropical Atlantic scatter plots (figure 11a,c)
indicating that tropical Pacific varibility is much larger on both timescales than for either of the other two regions in
the piControl models. The lack of external forcing in the piControl runsmeans that the piControl runs and observations
are not directly comparable, however it is worth noting that decadal SST variability in the tropical Atlantic is higher
in observations (black star) than in all but one piControl run (figure 11c). This means that the influence of the tropical
Atlantic may be greater in reality than in the piControl runs and hence the Pacific may play a less dominant role. On
the other hand, the magnitude of SST variability on both timescales is similar between observations and the piControl
runs for the Indian Ocean and tropical Pacific (figure 11a,b).

6 | EXPLAINING INTER-MODEL DIFFERENCES

The correlation maps of EASJ EOF 1 with SST shown in figure 3 indicate that some models are much more strongly
correlated with tropical SSTs than others. It is possible that the climatological state influences this teleconnection.
For instance, differences in mean zonal wind could make the propagation of Rossby waves more or less favourable in
some models. We investigate this by first defining a teleconnectivity index between tropical SSTs and the EASJ EOF
1. We do this by taking the mean correlation coefficient from the SST correlation maps on the left hand side of figure
3 for each model, within the latitudes 10S-10N (the index is insensitive to reasonable variations of these latitudes).
The index is then multiplied by −1 so that a more positive teleconnectivity index implies a stronger tropical SST-EASJ
teleconnection. Figure 12 shows correlation of this index with the climatology of each model. Neither the climatolog-
ical mean 200hPa zonal wind, nor the mean SST appear to explain inter-model differences in teleconnectivity (figure
12a,b), however, mean precipitation is higher in the tropical Pacific region in models with greater teleconnectivity
(figure 12c). This might be indicative that models with a larger magnitude of tropical Pacific variability have greater
teleconnectivity. To specifically show the connection with decadal SST variability, we plot grid-point correlations of
the teleconnectivity index with the standard deviation of low pass filtered SST. This confirms that the teleconnectivity
index is positively correlated with SST variability in the tropical Pacific region. This is intuitive as larger decadal SST
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variability will provide larger anomalies to force an atmospheric circulation response and thus affect the EASJ. Inter-
estingly, the teleconnectivity index is also negatively correlated with extratropical SST variability, particularly over the
North Atlantic. That is, enhanced SST variability over the North Atlantic is linked to an EASJ which is less predictable
based on tropical SSTs. Several studies have linked Atlantic Multidecadal Variability (AMV) to East Asian climate in
both observations (Ding and Wang, 2005; Wu et al., 2016; Hong et al., 2017) and models (Lin et al., 2016; Monerie
et al., 2018, 2021) via modulation of the Circumglobal Teleconnection pattern (CGT), a wave train across Eurasia. It
is possible that larger AMV in some models dominates decadal EASJ variability over tropical Pacific SSTs. However,
many models do not capture the Atlantic SST-CGT teleconnection well (Lin et al., 2016). This is also the case in the
atmosphere-only simulations as SST forcing of the EASJ from the North Atlantic region, outside of 10S to 10N, is not
a feature of the sensitivity map (figure 5a), hence this particular mechanism would not have been picked up in our
analysis.

7 | DISCUSSION AND CONCLUSIONS

The aim of this study was to understand the extent to which SST variability modulates the East Asian summer jet
(EASJ) on a decadal timescale. We have shown that EASJ variability is primarily characterised by a meridional shifting
of the jet (figure 1c,e) and that a poleward shift of the jet is generally correlated with cool SSTs over most of the
tropics in CMIP6 preindustrial control runs (piControl, figure 3a). A set of atmosphere-only model experiments forced
with random SST patterns also showed a similar sensitivity of the EASJ to tropical SSTs (figure 5a). Although the
atmosphere-only simulations are idealised, our analysis showed that the SST-EASJ teleconnection mechanisms were
similar between the atmosphere-only model and coupled piControl runs (figures 9 and 10). This suggests that tropical
SSTs do force the jet response in coupled simulations.

Variability of the EASJ was found to be associated with local, mid-latitude SST variability. However, our analysis
was not able to show whether these SST anomalies help to drive the atmospheric response, for example through
variability of oceanic fronts (Tao et al., 2020), or whether these SST anomalies are primarily driven by the atmosphere.
In the former case this could potentially provide some predictability, but given that we could not distinguish between
these two cases, we largely focused on remote SST teleconnections, where the direction of causality is clearer. It is
likely that targeted model experiments would be needed to unravel whether mid-latitude SST variability can provide
decadal predictability for the EASJ or not.

Subsequently, we attempted to reconstruct EASJ variability in observations and in the piControl runs by projecting
decadal SST anomalies onto the SST-sensitivity pattern calculated from the atmosphere-only simulations. Whilst, the
decadal EASJ time series in the observational record has few degrees of freedom, the SST-based EASJ reconstruction
did reproduce observed decadal jet variability well (figure 6b). The reconstruction also showed skill on interannual
timescales (figure 6a), for which the observed time series has many degrees of freedom, hence this serves as validation
of the jet reconstruction method.

Regarding the piControl runs, almost all models produced a reconstructed jet which was statistically significantly
correlated with the true EASJ EOF 1 variability (figure 8a). The median model had a correlation coefficient of 0.43
and even if only the tropics were considered, most models still showed significant skill. Breaking the reconstruction
skill down by region, the Pacific provided the most skill, however the tropical Atlantic also showed some significant
skill. Considering the differences in skill coming from different regions, it appears that the magnitude of SST variability
on decadal timescales explains much of the difference (figure 11). That is, tropical Pacific decadal SST variability is
considerably larger than tropical Indian and Atlantic Ocean variability, hence the Pacific generates a larger atmospheric
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response, and thus explains the largest proportion of skill (figure 10a,b,c). However, we also noted that the piControl
runs show weaker SST variability over the tropical North Atlantic than in observations (figure 11c). It is therefore
possible that the tropical North Atlantic might play a larger role in the real Earth system, though the fact that this
region did not contribute strongly to the SST-based EASJ reconstruction using observations suggests otherwise (figure
6c). We have largely considered the three tropical ocean basins in isolation, but given the level of coupling between
them, particularly on decadal timescales (e.g. Meehl et al., 2020; Han et al., 2014), it is difficult to truly separate out
their influence. The exact nature of coupled decadal SST variability remains a current topic of research, but a more
involved assessment of its influence on the EASJ could be achieved with the use of pacemaker experiments.

The strength of the tropical SST to EASJ teleconnection was shown to vary considerably between different mod-
els (figure 3). This was also explained by differences in the magnitude of decadal SST variability as models with strong
teleconnectivity exhibited greater tropical Pacific SST variability (figure 12d). Intriguingly, models with a greater tropi-
cal SST teleconnectivity tended to have weaker North Atlantic SST variability. This suggests that Atlantic multidecadal
variability may provide a competing influence on the EASJ. It would be interesting to investigate whether historical
CMIP6 simulations show a similar result and to understand the underlying mechanism.

Finally, this work has shown that given accurate forecasts of multi-year variations in SST patterns, the EASJ may
also be predictable on multi-year timescales. It would therefore be of interest to test whether there is sufficient skill
in the SSTs of decadal hindcasts, for instance in the CMIP6 decadal climate prediction project (Boer et al., 2016), to
make such EASJ forecasts.
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GRAPHICAL ABSTRACT

The East Asian summer jet (EASJ) modulates monsoon
rainfall over eastern China and has been shown to vary
on multi-year timescales. However, the drivers of this
multi-year variability have not been investigated. In
this study, we investigate the extent to which sea sur-
face temperature (SST) variability modulates the EASJ
using an ensemble of climate model simulations. In par-
ticular, we show that SST variability over the tropical
Pacific is a strong driver of jet variations on multi-year
timescales.
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F IGURE 1 The two EASJ EOF indices regressed onto 200hPa zonal wind for the summer (JJA) season. This is
shown by colours for a,b) interannual JRA-55 data and c,d) the multi-model mean of the regression maps for all 28
CMIP6 models using interannual data. e,f) is the same as c,d) except a 7 year running mean has been applied to the
EASJ EOF indices after calculating the EOFs to extract the decadal signal, and this has been regressed onto zonal
wind data which has also been low pass filtered at each grid-point. Unfilled, black contours indicate the zonal wind
climatology in a-f), contoured every 10ms−1. Finally, g) shows box plots of the variance explained by EOFs 1 and 2.
The whiskers on the box plots are defined by the highest and lowest values that are less than 1.5 times the
interquartile range from the upper or lower quartile (whichever is closer). Any models outside of the whiskers are
shown by unfilled circles.
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F IGURE 2 Multi-model means (28 models) of correlation maps of EASJ EOF indices with surface climate
variables. In each case, both the EASJ EOF indices and surface climate variables have been low pass filtered with a 7
year running mean to extract the decadal signal. The maps show the principal component time series associated
with a,c,e) EOF 1 and b,d,f) EOF 2, correlated with a,b) sea level pressure, c,d) surface air temperature and e,f)
precipitation for the summer (JJA) season. In each panel, colours indicate the multi-model mean correlation and
hatching indicates where at least 80% of models agree on the sign of the correlation coefficient at that grid-point.
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F IGURE 3 Maps showing correlations between the EASJ EOF indices and low-pass filtered SSTs at each
grid-point for JJA. The multi-model mean SST correlation values are shown in a) and b), with correlations for the
models CNRM-CM6-1-HR and HadGEM3-GC31-LL shown in c,d) and e,f) respectively. These two individual models
are plotted to represent the fact that tropical SSTs are weakly correlated with EASJ variability in some models (e.g.
CNRM-CM6-1-HR), but strongly correlated with the jet in others (e.g. HadGEM3-GC31-LL). In panels c-f), unfilled
contours are drawn every 0.15, excluding the zero contour, with colours shown where values are significant at the
95% level.
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F IGURE 4 Maps showing regressions of 200hPa zonal wind onto the EASJ EOF indices calculated from the
HadAM3P atmosphere-only model (colours) for JJA. Unfilled contours indicate the summertime zonal wind
climatology, contoured every 5ms−1. A black box shows the East Asia region and the variance explained by each
pattern is indicated by the percentages in brackets.
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F IGURE 5 EASJ EOF index sensitivity maps, showing the sensitivity of the EASJ EOF indices to SST
perturbations at a given location during JJA. Colours show coefficients significant at the 95% level. The units are
[106km2K ]−1.
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F IGURE 6 SST-based reconstructions of the EASJ EOF 1 index in comparison to the EASJ EOF 1 index
calculated from three reanalysis datasets. In a), the interannual variability of the reconstruction is shown alongside
ERA-20C, NCEP/NCAR and JRA-55. Correlation coefficients between the reconstruction and the EASJ EOF 1
indices from the three reanalyses are shown in the bottom right corner, with bold indicating statistical significance at
the 95% level. In b), a 7 year running mean has been applied to the time series’ in a) to show the decadal variability.
In c), the low pass filtered jet reconstruction (red) is separated into contributions from the tropical Pacific (blue),
tropical Atlantic (green) and Indian Ocean (cyan).
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F IGURE 7 SST-based reconstructions of the EASJ EOF 1 index in CESM2 (red) in comparison to the actual EASJ
EOF 1 index (black, dashed). This is shown for SST anomaly projections onto a) the entire sensitivity pattern, b) the
Pacific region, c) the Atlantic region and d) the Indian Ocean region. Correlation coefficients are shown in the bottom
right with bold indicating statistical significance at the 95% level.
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F IGURE 8 Box plots showing correlations between EASJ EOF indices and SST-based reconstructions for all
models for projections onto given regions and for a) EOF 1 and b) EOF 2. Red box plots show projections onto the
entire sensitivity pattern, while blue box plots of EASJ EOF index reconstructions based only on projections onto
the tropics. The 95% significance level for model simulations which last for 500 years is plotted as a dashed line. The
whiskers on the box plots are defined by the highest and lowest values that are less than 1.5 times the interquartile
range from the upper or lower quartile (whichever is closer). Any models outside of the whiskers are shown by
unfilled circles.
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F IGURE 9 Regression of SST indices from the atmosphere-only runs onto a-c) SSTs (K ), d-f) daily mean
precipitation (mm day−1), g-i) sea level pressure (hP a) and j-l) 200hPa zonal wind (ms−1). All values shown by colours
are significant at the 95% level. Black boxes in a-c) indicate the region which defines each SST index.
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F IGURE 10 Composite regression maps of seven models with the strongest tropical SST-EASJ teleconnection
strengths. The maps show the mean of these models for the regression of SST indices onto low pass filtered a-c) SST
(K ), d-f) precipitation (mm day−1), g-i) sea level pressure (hP a) and j-l) 200hPa zonal wind (ms−1). The tropical Pacific
index has been regressed out of both the Indian Ocean and Atlantic Ocean indices. In a-c) black boxes indicate the
region used to define the SST index.

F IGURE 11 Decadal vs interannual SST variability in JJA for all piControl runs in the regions used for figures 8
and 9. The interannual variability is defined as the standard deviation of the mean SST in the given region and the
decadal variability is the same, but with a 7 year running mean applied before calculating the standard deviation.
Each symbol is a different CMIP6 model and the black star shows the value for HadISST. The regions shown are a)
the Indian Ocean, b) tropical Pacific and c) tropical Atlantic. Note that the x and y axes are the same in a) and c), but
different in b). The grey box in b) shows the bounds of scatter plots a) and c).
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F IGURE 12 Correlation maps of the EASJ-SST teleconnectivity index (see text for details) with model
climatology values, across all models, at each grid-point. The teleconnectivity index is correlated with a) 200hPa
zonal wind climatology, b) SST climatology, c) precipitation climatology and d) the standard deviation of 7 year low
pass filtered SST. A thick black contour indicates regions where correlations are significant at the 95% level. A black
box shows the region over which the EASJ-SST teleconnectivity index is calculated.


