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Abstract
Past results [Thompson and Wallace in Geophys Res Lett 25(9):1297–1300, 1998; Science 293(5527):85–89, 2001; Wallace and Thompson in J Clim 15(14):1987–1991, 2002a] indicate that over the Eurasian continent, North America, and East
Asia, wintertime surface temperatures tend to be warmer (colder) on high-index (low-index) Northern Hemisphere annular
mode (NAM). However, a linear correlation is neither necessary nor sufficient to establish causality between them. Here,
we apply a recently developed method, convergent cross mapping (CCM), to examine the causal connections between NAM
and wintertime surface air temperature (SAT) over Northeast Asia. Our analysis indicates that both NAM and SAT exhibit
nonlinear dynamical structure and that NAM information is encoded in the SAT data but not the other way around. This
indicates a causality between them in the direction NAM → SAT. This result opens the possibility to use the NAM index as
the external driving factor to forecast winter SAT over Northeast Asia.
Keywords Northern Hemisphere annular mode · Convergent cross mapping · Surface air temperature over Northeast Asia ·
Causality

1 Introduction
NAM is an atmospheric teleconnection pattern which refers
to a large-scale reverse change between the mid-latitudes
and high-latitudes sea level pressure (SLP) (Thompson and
Wallace 1998, 2000; Lorenz 1951). Essentially, it represents
a hemispheric north–south seesaw in air mass which has
a zonally symmetric appearance (Kutzbach 1951; Wallace
and Gutzler 1981). The objective index of NAM (NAMI)
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is defined by the leading empirical orthogonal function
(EOF) pattern of zonally-averaged sea-level pressure (SLP)
(Thompson and Wallace 1998).
There is a growing body of evidence indicating that
NAM is implicated in the variability of wintertime surface
air temperature over both the Eurasian continent and North
America (Thompson and Wallace 1998, 2001; Wallace and
Thompson 2002a, b; Zhang and Hu 2015). More specifically, NAM modulates wintertime surface air temperature:
at the positive (negative) NAM phase, the wintertime surface
air temperature across Eurasia and East Asia continent has
a positive (negative) temperature anomaly. Its impacts can
extend to East Asia, modulating the frequency of cold surges
(Wallace 2000; Gong and Wang 2003; Xiong et al. 2013).
In addition, it has been shown that, during positive (negative) phase of NAM, there is a positive (negative) abnormal
surface temperature band in middle latitudes, which affects
most significantly Eurasia and eastern USA, resulting in
nearly 2 °C warming (cooling) in some regions (Sun and Li
2012; Liang 2011; Shen 2013).
These results suggest that NAM signals may be useful in
improving prediction skill for wintertime climate prediction
(Xie et al. 2009; Jia et al. 2014). However, unless there is
dynamics involved, linear correlations between NAM and
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SAT may not necessarily guarantee causation. The use of
correlation to infer causation is risky, especially in systems
characterized by nonlinear dynamics (Hsieh et al. 2015;
Wagner et al. 2008; Chen et al. 2006; May et al. 2008). Here
we apply CCM to search for causality between NAM and
wintertime SAT.

2 Data and methods
Sugihara et al. (2012) developed the convergent cross mapping (CCM) method to identify causality especially in nonlinear dynamic systems with weak to moderate coupling.
This method is based on Takens’s theorem, which states that
the essential information of a multidimensional dynamical
system is retained in the time series of any single variable of
that system (Takens 1981). For example, if variables X and
Y belong to the same dynamical system, a time series of X
and a contemporaneous time series of Y can reconstruct the
attractor of the underlying dynamical system using lagged
coordinates. We call these reconstructed attractors “shadow”
manifolds and denote them as Mx and My, respectively. The
idea behind CCM is that information in the variation of X is
encoded in the variation of Y and vice-versa and thus local
neighborhoods in Mx and My will map to each other. CCM
looks for the signature of X in Y’s time series by examining
whether at some proper embedding dimension E there is a
correspondence between a “library” of points in the attractor manifold My and points in the attractor manifold Mx
(cross-mapping). A key property of CCM is convergence,
that is, cross-mapped estimates improve in estimation skill
with time-series length L (sample size used to construct a
library) (Sugihara and May 1990; Deyle and Sugihara 2011;
Packard et al. 1980; Ascioti et al. 1993; Tsonis et al. 2015;
McGowan et al. 2017). For example, CCM tests for causation by measuring the extent to which the historical record
of the affected variable Y reliably estimates states of a causal
variable X, which is quantified by calculating the correlation
coefficient ρ between predicted and observed X. If the estimation skill ρ increases with the length of the time-series, it
can be inferred that there is a direct or indirect causal effect
of X on Y. We call this Y cross-maps X. For more details
see supplementary material. For an extensive discussion on

Table 1  Correlations between
NAMI at different levels in the
troposphere
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NAM_1000 hPa
NAM_850 hPa
NAM_700 hPa
NAM_500 hPa
NAM_300 hPa

CCM the reader is directed to the supplementary material
of Sugihara et al. (2012).
CCM has been used successfully to identify causality in
many cases where a weak to moderate forcing is the case
(Sugihara et al. 2012 and references therein). In such cases,
other approaches to infer causality such as Granger causality
(Granger 1969) fail to establish directional influences.
For this analysis, we use the NAMI as the NAM proxy.
NAMI is defined by the leading empirical orthogonal function (EOF) pattern of zonally-averaged sea-level pressure
(SLP). The EOF is calculated using geopotential height
anomaly fields from 20°N to the North Pole, after applying a 90-day low pass filter (Baldwin and Dunkerton 2001).
The winter mean NAMI (DJF) from 1958 to 2006. (https://
people.nwra.com/resumes/baldwin/nam.php) is available at
various pressure levels. However, as Table 1 indicates in the
troposphere NAMI at any level is highly correlated to NAMI
at other levels. This allows us to concentrate the analysis on
the 1000 hPa level where the data for NAMI can be extended
back to 1901. This is beneficial because the sample size is
larger, which is desirable in reconstructing dynamics.
For SAT we use the Climatic Research Unit (CRU) TimeSeries (TS) Version 3.20 of high resolution gridded data of
month-by-month variation in climate over Northeast Asia
(90°E–130°E, 40°N–50°N) which is archived as monthly
averages on 0.5°× 0.5° grid for the period 1901–2001. For
NAM from 1901 to 2001, we use the NAMI calculated by
Thompson and Wallace. (https: //web.archiv e.org/web/20050
205041514/http://www.atmos.colost ate.edu:80/ao/Data/
ao_index.html.) From the data, the area-average monthly
value is calculated and then a winter (DJF) value time series
is constructed. Note that the 1901 value is the average of
December 1901 and January, February 1902 values, and so
on. Figure 1 shows SAT and 1000 hPa NAMI as a function
of time.

3 Results
Since CCM is based on Takens’s theorem and since we are
dealing with complex aperiodic time series, we require that
the time series we use are part of a nonlinear dynamical
system. Thus, before we proceed with CCM we have to test
the signals for nonlinearity. To determine whether a time

NAM_1000 hPa

NAM_850 hPa

NAM_700 hPa

NAM_500 hPa

NAM_300 hPa

NA
0.99
0.96
0.89
0.82

0.99
NA
0.99
0.94
0.88

0.96
0.99
NA
0.97
0.93

0.89
0.94
0.97
NA
0.99

0.82
0.88
0.93
0.99
NA
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Fig. 1  Wintertime monthly mean SAT and 1000 hPa NAMI in the period 1901–2001

Fig. 2  Simplex projection for determining the optimum embedding
dimension (a, b) and the S-map analysis for SAT (c). ∆ρ (blue solid
line) is the difference in the correlation between actual and predicted
values between a linear model (global linear map) and an equivalent nonlinear model (local or non-local linear mappings). Evidence

for nonlinear dynamics is demonstrated if predictability improves as
the S-map model parameter theta is tuned toward nonlinear solutions
(theta > 0). The shaded areas the 5th/95th and the dashed blue dashed
line the 10th/90th percentile confidence intervals using surrogate data
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series reflects linear or nonlinear processes we compare the
out-of-sample forecast skill of a linear model (AR) versus
an equivalent nonlinear model. To do this, we apply a twostep procedure: (1) we use simplex-projection (Sugihara
and May 1990) to identify the best embedding dimension,
and (2) we use this embedding in the S-map procedure
(Sugihara 1994) to assess the nonlinearity of the time series
(see supplementary material for details). It shows the correlation coefficient between actual and predicted values for
SAT (prediction skill) (Fig. 2a) and the mean absolute error
(MAE) (Fig. 2b) as a function of the embedding dimension, E. By combining these results, one can estimate that
the “optimum” E is 6 (good forecast skills and very low
MAE). Using E = 6 the Fig. 2c shows the S-map analysis for
SAT. Δρ is the difference in the correlation between actual
and predicted values of a linear model (global linear map)
and an equivalent nonlinear model (local nonlinear mapping). Evidence for nonlinear structure is demonstrated if

predictability improves as the S-map model parameter θ
is tuned toward nonlinear solutions θ > 0. (blue solid line).
The increase of Δρ as the nonlinearity parameter θ increases
indicates nonlinear structure in the SAT data. However, due
to data limitation, in order to establish statistical significance, we compare this result with results obtained using a
large sample of surrogate data. The blue shaded area is the
5th/95th and the dashed blue line is the 10th/90th percentile
confidence intervals using 1000 surrogate time series of the
same length as the data. The surrogates are generated by
inverting the spectra for SAT and randomizing the phases
(Ebisuzaki 1997). This analysis confirms that the nonlinear
structure in SAT is statistically significant.
Figure 3a–c shows the same results as in Fig. 2 but for
the 1000 hPa NAMI. Here a choice of an embedding E = 6
appears like a good choice since it combines a good prediction skill and very low MAE. This should be expected if the
two variables used in CCM come from the same dynamical

Fig. 3  a–c Shows the same results as in Fig. 2 but for the 1000 hPa
NAMI. The d shows the CCM analysis between SAT and 1000 hPa
NAMI. The blue solid line shows the correlation coefficient between
actual and predicted values (ρ) as a function of sample size L when
SAT cross-maps 1000 hPa NAMI (in other words information about
1000 hPa NAMI is encoded in SAT) and the red solid line when
NAMI cross-maps SAT (information about SAT is encoded in
1000 hPa NAMI). The blue solid line shows convergence (increasing

ρ as L increases). Because our sample size is not very large, in order
to show statistical significance, we compare the results with those
obtained from 1000 surrogate time series of the same length as the
data. The blue shaded area is the 5% and 95% percentile confidence
intervals of CCM results for observed SAT cross-mapping surrogate
1000 hPa NAMI. The red shaded area is the same intervals when
observed 1000 hPa NAMI cross-maps surrogate SAT
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Fig. 4  Same as Fig. 2 but for 100 hPa NAMI in the period 1958–2006 for E = 5

system. The S-map analysis demonstrates nonlinear dynamics in this case as well. Figure 3d shows the CCM analysis between SAT and 1000 hPa NAMI. The blue solid line
shows the correlation coefficient between actual and predicted values (ρ) as a function of sample size L when SAT
cross-maps 1000 hPa NAMI (in other words information
about 1000 hPa NAMI is encoded in SAT) and the red solid
line when NAMI cross-maps SAT (information about SAT
is encoded in 1000 hPa NAMI). The blue solid line show
convergence (increasing ρ as L increases), but the red solid
does not. Again, in this case because our sample size is not
very large, in order to show statistical significance, we compare the results with those obtained from 1000 surrogate
time series of the same length as the data. The blue shaded
area is the 5% and 95% percentile confidence intervals of
CCM results for observed SAT cross-mapping surrogate
1000 hPa NAMI. The red shaded area is the same intervals
when observed 1000 hPa NAMI cross-maps surrogate SAT.
Since the blue line is above the blue shaded area it means
(in a statistical sense) that the forcing of 1000 hPa NAMI
on SAT is dynamical rather than an artifact of sample size

limitations. This is not the case (as expected) when NAMI
cross-maps SAT (red line is in the red shaded area; SAT has
no causal influence on 1000 hPa NAM).
In addition to the above analysis we performed some
sensitivity tests by considering other embeddings near the
optimum. The results are rather robust. An example for E = 4
is given in Fig. S1 in the supplementary material. Note that
in all cases the lag used to construct the submanifolds was
τ = 1. The prediction horizon (how far ahead we forecast),
was set zero meaning that on the DJF time scale NAM
affects SAT with no delay (or it takes less than 3 months
for the effect).
Finally, due to possible coupling of troposphere-stratosphere we considered the 1958–2006 SAT and NAMI at
100 hPa. Figure 4 is as Fig. 2. We see that an embedding
dimension E = 5 combines a high prediction skill and a
low MAE and that for that embedding there is significance
nonlinear structure in the 100 hPa NAMI. Figure 5 is the
CCM analysis. While the blue solid line (SAT xmap 100 hPa
NAMI) shows convergence, it does not rise above the 95%
confidence level. We believe that this is because now the
sample size is rather small. Here also we experimented
with other embeddings. In all cases we see the tendency
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Fig. 5  CCM results between SAT and 100 hPa NAMI for E = 5

Fig. 6  CCM results between SAT and 100 hPa NAMI for E = 6

for convergence in the SAT xmap 100 hPa NAMI. Indeed
(Fig. 6) for E = 6 we find that the blue solid line rises above
the 95% confidence level. We conclude that some information from the stratospheric NAMI may be also encoded in
SAT.
The possible physical mechanism between NAM and
SAT is illustrated in Fig. 7. When NAM is in its negative

Fig. 7  Flow chart of the physical mechanism between NAM
and SAT
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phase, pressure is relatively high over the polar cap and relatively low over mid-latitudes. The see-saw between polar
and mid-latitude pressure in NAM induces a stronger East
Asian Trough and abnormally weak westerlies. A weaker
westerly jet stream aloft tends to have broader meanders that
are more likely to form closed loops which block the usual
eastward propagation of weather systems, often setting the
stage for incursions of cold, polar air mass to lower latitude.
The weaker westerly jet stream is, the weaker the closed
loops becomes. And the weaker closed loops the easier for
the cold, polar air mass to invade lower latitude. Thus, the
negative NAM leads to lower winter mean temperature—
they also lead to a greater likelihood of extremely cold
temperatures. When NAM is in its positive phase, stronger
westerlies and weaker East Asian Trough lead to higher winter mean temperature (Wallace and Thompson 2002a, b; Li
et al. 2003).
Before concluding we would like to point that the demonstrated causality should not be considered as absolute.
In the climate system, there are instances where (1) there
is an absence of physical theory to completely explain/
predict a phenomenon and (2) there is limitations to data.
Takens’s theorem would also work for linear attracting
sets (such as limit cycles or fixed points) and because
we are dealing with limited data sets it is possible to be
looking at some transient to a linear attracting set that
will appear as a nonlinear object. In addition (and again
because of limited data), Takens’s theorem does not
exclude the possibility of a false positive result (i.e. a
false indication that a nonlinear attractor exists). Nevertheless, we argue that a statistical/dynamical methodology while limited may be the best we can do to determine determinism with finite denumerable data and we
should try it. We need, however, to be rigorous and test
the results against a surrogate data analysis, which adds
a probabilistic component to the dynamical analysis, and
present and /or propose plausible physical reasoning and
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processes that support the results from the dynamical/
statistical analysis.

4 Conclusions and discussion
We demonstrated that wintertime surface air temperature
changes in phase with NAM over Northeast Asia. The
results suggest that NAM contributes to wintertime SAT
over Northeast Asia, but not conversely. There is significant
cross-mapping between them in the direction NAM → SAT.
Information about tropospheric and stratospheric NAM is
encoded in the SAT time series but not vice-versa. We thus
verify the presence of a traditional forcing in the climate
system, which suggests that we may employ nonlinear methods to possibly improve forecasting of SAT in winter from
NAM. Work in this area is in progress and it will be reported
elsewhere in the future.
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