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ABSTRACT
This paper reports preliminary yet encouraging findings on the use of causal discovery methods to
understand the interaction between atmospheric planetary- and synoptic-scale disturbances in the
Northern Hemisphere. Specifically, constraint-based structure learning of probabilistic graphical models
is applied to the spherical harmonics decomposition of the daily 500-hPa geopotential height field in
boreal winter for the period 1948–2015. Active causal pathways among different spherical harmonics
components are identified and documented in the form of a temporal probabilistic graphical model. Since,
by definition, the structure learning algorithm used here only robustly identifies linear causal effects, we
report only causal pathways between two groups of disturbances with sufficiently large differences in
temporal and/or spatial scales, that is, planetary-scale (mainly zonal wavenumbers 1–3) and synoptic-scale
disturbances (mainly zonal wavenumbers 6–8). Daily reconstruction of geopotential heights using only
interacting scales suggest that the modulation of synoptic-scale disturbances by planetary-scale disturbances is best characterized by the flow of information from a zonal wavenumber-1 disturbance to a
synoptic-scale circumglobal wave train whose amplitude peaks at the North Pacific and North Atlantic
storm-track region. The feedback of synoptic-scale to planetary-scale disturbances manifests itself as a
zonal wavenumber-2 structure driven by synoptic-eddy momentum fluxes. This wavenumber-2 structure
locally enhances the East Asian trough and western Europe ridge of the wavenumber-1 planetary-scale
disturbance that actively modulates the activity of synoptic-scale disturbances. The winter-mean amplitude of the actively interacting disturbances are characterized by pronounced fluctuations across interannual to decadal time scales.

1. Introduction
Earth’s atmosphere is characterized in general by
motions of continuous temporal and spatial scales.
The interactions among different scales often form
the foundations of various weather and climate phenomena. For example, subweekly, synoptic-scale disturbances constituting storm tracks are known to play
an important role in the development of atmospheric
blocks, that is, quasi-stationary, vertically coherent
high pressure features in the extratropical atmosphere
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(e.g., Green 1977; Nakamura and Wallace 1993; Maeda
et al. 2000; Park et al. 2015; Ma and Liang 2017). Initial
baroclinic development at long synoptic scales followed by increasingly important barotropic growth
often characterizes the life cycle of persistent (thus
low-frequency) negative height anomalies over the
North Pacific in boreal winter that project effectively onto the Pacific–North America (PNA) teleconnection pattern (Dole and Black 1990). Lau and
Holopainen (1984) showed in the quasigeostrophic (QG)
framework that vorticity and heat fluxes associated with
both high-frequency (synoptic-scale) and low-frequency
eddies act together to maintain the winter monthly mean
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flow in the Northern Hemisphere. In a broader sense,
there exists a symbiotic relationship between extratropical synoptic- and planetary-scale disturbances:
the former extract energy from the zonal flow to
compensate for their own energy dissipation and
supply energy to the latter through barotropic inverse
energy cascade; the latter form regions of enhanced
baroclinicity where the former preferentially grow
(Cai and Mak 1990; Cai and van den Dool 1991, 1992).
As the dominant mode of low-frequency variability in
the northern extratropical atmosphere, the northern
annular mode (NAM) in the troposphere is characterized by meridional meandering of the jet in the
zonal-mean zonal wind and such movement is also
largely driven by westerly momentum fluxes of subweekly synoptic-scale disturbances of baroclinic origins (e.g., Robinson 1991, 1996; Yu and Hartmann
1993; Lorenz and Hartmann 2001).
The investigation of atmospheric scale-interaction
processes in the past has relied on a combination of
bandpass or spatial filtering of relevant fields with dynamical diagnoses based upon the evaluation of local
geopotential tendency, vorticity and/or energy budget
(e.g., Hayashi 1980; Lau and Holopainen 1984; Cai and
Mak 1990; Sheng and Hayashi 1990; Sheng and Derome
1991, 1993; Cai and van den Dool 1994; Cuff and Cai
1995; Deng and Jiang 2011; Jiang et al. 2013a,b). These
approaches are easy to comprehend and when applied
to observational or model data often provide excellent
depictions of where and how strongly active scale interactions occur in the physical or frequency domain.
One of the biggest drawbacks of the temporal/spatial
filtering, as recently argued in a series of papers, is that
multiscale energy in physical sense cannot be appropriately defined with just any filters (e.g., Liang 2016a;
Xu and Liang 2017; Ma and Liang 2017). Two minor
drawbacks of the filtering are that these approaches do
not automatically reveal the exact structure of significantly interacting disturbances given the predefined
temporal or spatial filtering, and an examination of the
temporal evolution of the interaction of interest often
demands case compositing requiring prior knowledge
of the occurrences of events, for example, a vorticity
budget analysis applied to multiple blocking events to
understand the contribution of synoptic-scale disturbances to the blocking development.
Some research groups have taken an entropy-based
approach. Liang and Kleeman (2007a,b) proposed a
rigorous formalism of information transfer (flow)
between dynamical system components for both discrete mapping and continuous flow, and the transfer is
measured by comparing the entropy increases between an original system under consideration and a
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modified system where the source component is instantaneously frozen. Liang (2014) derived from first
principles (entropy) a measure of causality based on
the notion of information flow and used this measure
to unravel the cause–effect relation between time
series, and specifically, to understand the causal relation between two modes of tropical SST variability
(i.e., ENSO and the Indian Ocean dipole). Liang
(2016b) further provided a comprehensive discussion
of the concept of information flow (transfer) and
demonstrated information flow and causality as rigorous notions ab initio.
In this study we seek to bring a novel approach
to understanding scale-interaction processes in the
atmosphere, namely, the framework of causal discovery and specifically structure learning for temporal
probabilistic graphical models (e.g., Pearl 1988, 2000;
Spirtes et al. 1993, 2000; Neapolitan 2003; Koller
and Friedman 2009). Probabilistic graphical models
(PGMs) have been used in multiple areas of atmospheric sciences. In a first wave of related research
PGMs were mainly used for prediction tasks, such as
the predictions of severe weather (Abramson et al.
1996), daily pollution levels (Cossention et al. 2001),
and precipitation (Cofino et al. 2002). In the second
wave structure learning of PGMs and similar tools
(e.g., graphical Granger models) have been used to
identify potential cause–effect relationships from
data (e.g., Chu et al. 2005; Strong et al. 2009; Chen
et al. 2010; Bahadori and Liu 2011; Ebert-Uphoff and
Deng 2012a,b; Runge et al. 2012; Hlinka et al. 2013;
Zerenner et al. 2014; Deng and Ebert-Uphoff 2014;
Kretschmer et al. 2016). Runge (2018) provides an
excellent overview of the practical aspects of constructing PGMs from time series. The authors’ earlier
work (e.g., Ebert-Uphoff and Deng 2012a) provides
to the climate research community an introduction
of structure learning using probabilistic graphical
models. It shows how structure learning can be used
to derive hypotheses of causal relationships among
four prominent modes of atmospheric low-frequency
variability in the northern extratropics. The idea was
further expanded to obtain a climate network that
emphasizes flow of information (defined by the directions of directed edges in a PGM) in the 500-hPa
geopotential field and the strength of information
flow (in terms of the number of directed edges coming
out of one geographical location) in such a network
was shown to be decreasing in the future climate with
enhanced forcing from greenhouse gases (EbertUphoff and Deng 2012b; Deng and Ebert-Uphoff
2014). Note that compared to more rigorous quantitative definitions such as those adopted in Liang (2016b),
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FIG. 1. Basic block diagrams of (a) the process of causal discovery in grid space and (b) the process of causal discovery in spectral space.
Here ‘‘SH’’ stands for spherical harmonics.

the concept of ‘‘information flow’’ is used here more
qualitatively. Namely existence of information flow here
indicates that the algorithm identifies directions/time
delays of statistically significant edges along which
information flow occurs, but it does not provide
measures of the actual amount of information transferred, that is, the quantitative strength of the information flow.
The key of structure learning is to detect direct
connections and eliminate indirect ones through the
use of conditional independence tests (Pearl 1988,
2000; Spirtes et al. 1993, 2000). The identified direct connections, either between different teleconnection indices (e.g., Ebert-Uphoff and Deng 2012a),
or between geographical locations for a selected atmospheric variable (e.g., geopotential height; EbertUphoff and Deng 2012b) provide a straightforward
view of potential causal pathways in the field of interest. Figure 1a indicates the process of causal discovery in grid space, as used in the latter type of
study. Ebert-Uphoff and Deng (2017) tested the
performance and accuracy of this approach for dynamic systems using advection–diffusion simulations
as a test bed. Others have studied the general algorithms thoroughly for other settings; see, for example,
Ramsey and Andrews (2017).
Here we apply causal discovery to the time series
of the daily coefficients of spherical harmonics obtained from a spectral decomposition of the Northern
Hemisphere 500-hPa geopotential field to identify the
most prominent direct connections between different
spherical harmonics components, and use these potential causal pathways to build a causality-based view of
the interaction between atmospheric disturbances of
different scales (i.e., spherical harmonics components).
Figure 1b shows the proposed approach of causal discovery in spectral space. There have been a few past and
ongoing efforts that study information flow and causality

between different scales by the geophysical fluid dynamics community (most notably, Liang 2013; Materassi
et al. 2014; Liang and Lozano-Duran 2016; Liang 2019).
However, to the best of our knowledge, only one other
research group has combined structure learning with
spherical harmonics, namely, Zerenner et al. (2014).
Zerenner et al. (2014) discussed the physical basis
why modeling atmosphere as a set of oscillators is
more justified in spectral domain compared to in spatial
domain: spherical harmonics are associated with largescale propagating Rossby–Haurwitz waves in the atmosphere. The nature of the connections identified was
also elaborated as arising through nonlinear advection
of the extratropical quasigeostrophic flow. However,
they only performed a static analysis on monthly mean
atmospheric fields, and the insights they obtained
using this approach were limited, as their graphs
are very sparse with connections primarily between
neighboring nodes. Zerenner et al. (2014) thus cautioned about deriving a network via thresholding
and the potential issue of multivariate Gaussian assumption of the spherical harmonics coefficients. Our
results, on the other hand, show many additional
connections compared to those reported in Zerenner
et al. (2014). This different outcome is likely due
to several differences between their approach and
ours; for example, we derive a temporal model, use a
different data preprocessing scheme, and a different structure learning method. Thus, expanding on
the original idea proposed by Zerenner et al., we
develop a method that succeeds in identifying many
interesting connections in spectral space. The initial
focus of this work is on the interaction between synoptic and planetary scales, which have received most
attention in the past. Following this introduction,
section 2 describes the data used and detailed analysis
steps. The main findings are provided in section 3.
Section 4 gives some concluding remarks.
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2. Data and methods
In this study, we use the daily 500-hPa geopotential
height data at 2.58 3 2.58 horizontal resolution from the
NCEP–NCAR reanalysis (Kalnay et al. 1996; Kistler
et al. 2001) to derive daily fields of atmospheric disturbances of various spatial scales. The study focuses on the
Northern Hemisphere and covers all boreal winter
months [December–February (DJF)] in the period
1948–2015. The winter months are chosen due to the
prominence of eddy–mean flow interaction and scale
interactions in the winter season. To focus on the
Northern Hemisphere, the time series at locations
north of the equator are mirrored along the equator
onto the Southern Hemisphere (Blackmon 1976).
This yields the time series at grid points, which is
shown in block 1 in Fig. 1b.
The next step is to apply spectral decomposition
(block 2 in Fig. 1b). The daily geopotential height data
is decomposed into disturbances of various spatial
scales in terms of spherical harmonics, which form a
complete set of orthonormal basis functions capable
of modeling functions on a sphere (e.g., Blackmon
1976). The properties of the spherical harmonic basis
functions characterizing spatial scales are described
by the total wavenumber L and the zonal wavenumber
M. The daily geopotential height data are projected
onto these basis functions to obtain daily time series
of complex spherical harmonics coefficients (block 3
in Fig. 1b) as a function of L and M (Samarasinghe
et al. 2017). The coefficients for which L 1 M is an odd
number vanish automatically due to the mirroring of
the Northern Hemisphere. This leaves only half of the
original number of spherical harmonics coefficients
for the study.
To apply structure learning of graphical models we
first have to define the nodes of the graph (block 4 in
Fig. 1b). To represent the complex coefficient of each
spherical harmonics component there are two primary
alternatives; namely, we can choose the nodes to represent magnitude and phase, or real and imaginary parts,
of each coefficient. Either alternative results in each
spherical harmonics component being represented by
two separate nodes in the graphical model. We first tried
the magnitude and phase representation, because it
appears to be more physically meaningful, as those
quantities can be related individually to the power and
direction of propagation of atmospheric waves. However, the distribution of the phase variables are cyclic
and non-Gaussian, which violates a key assumption of
many structure learning algorithms. (Algorithms that do
not assume Gaussian distributions exist, but they are of
higher computational complexity, and thus generally
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not feasible for such a large number of variables as required here). Thus, we switched to using the real and
imaginary part of the spherical harmonics coefficients
instead, which matches the choice by Zerenner et al.
(2014), whose algorithms also assume Gaussianity. The
statistically significant edges in the graphical model
identified in the next step among all the nodes (corresponding to different spherical harmonics) thus represent potential causal interactions among these spherical
harmonics, that is, atmospheric disturbances of different
spatial scales.
A customized truncation scheme is adopted to determine how many projection coefficients should be used for
structure learning (also block 4 in Fig. 1b). A triangular
truncation with 0 , L # Lmax 5 50 and 0 # M # L is
applied first. We then impose an additional constraint that
the temporal-mean magnitude of the projection coefficient needs to be greater than a specific threshold (0.4 m in
our case) to ensure a good signal to noise ratio such that
the structure learning techniques perform well. This
truncation results in a total of N 5 570 nodes for a
static model (no time lags considered).
Finally, we apply structure learning (block 5 in
Fig. 1b) to the time series of the selected nodes to find
potential causal interactions between atmospheric disturbances of different spatial scales. We use a constraintbased structure learning technique that is based on
probabilistic graphical models, in contrast to the study
by Zerenner et al. (2014) that uses a Graphical LASSO
(GLASSO) approach. Namely, we use the PC stable algorithm developed by Colombo and Maathuis (2012, 2014),
which is a modification of the classic PC algorithm (Spirtes
and Glymour 1991) for improved robustness and speed.
[For its use in climate science, see also Ebert-Uphoff and
Deng (2012a,b).] The algorithm starts with a fully connected graph, where each node is assumed to have a
direct causal interaction with every other node. Then
a procedure based on conditional independence tests
identifies and eliminates indirect interactions to obtain a
final set of direct causal interactions. We want to emphasize here that using this causal discovery approach, we can
only detect potential causal interactions, since there can
always be latent confounding variables, that is, hidden
common causes that were not included in the model.
Because of that possibility every relationship found can
either be a true causal connection, due to a latent variable or both. All identified relationships must thus be
treated as hypotheses of causal relationships, rather than
taken as a fact. The only way to find out whether these
causal hypotheses represent real causal relations is to
check whether the identified cause–effect connections
can be interpreted in terms of distinct dynamical and
physical processes.
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In this study, we use Fisher’s Z test for partial correlation with a significance level of a 5 0.05 to determine statistically significant edges. Furthermore, to
understand the directionality and time delay of the
causal interactions among different nodes, a temporal
model is developed using an approach first suggested
by Chu et al. (2005) and applied in grid space in
Ebert-Uphoff and Deng (2012a,b). Specifically, we
consider S 5 11 time slices with neighboring time
slices being 2 days apart. This allows us to consider
causal interactions occurring at a maximum time lag
of 20 days. The temporal model thus consists of N 3
S 5 570 3 11 5 6270 nodes. To find the direction of
the edges (i.e., direction of the flow of information),
we adopt the temporal constraint that nodes can only
influence other nodes at the same or a later time. To
handle the initialization problem of temporal Bayesian
networks obtained from structure learning, we dropped
the first time slice, leaving 10 of the original time slices
for analysis. This process finally yields the graph of
dependencies (block 6 in Fig. 1b). In this graph, we
identify interactions that are consistently repeating
over the temporal model. If an edge does not show a
repetitive nature and pops up arbitrarily, it may
indicate a false discovery, so is not shown.
The results presented in section 3 focus on the directed edges among the nodes with nonzero time lags. In
other words, we are seeking causal interactions that
occur over a finite time period among disturbances of
different spatial scales. The initial effort is devoted to
the connection between the Northern Hemisphere
planetary-scale and synoptic-scale disturbances as many
features of the interactions between the two have been
well documented (see discussions in section 1). We define two regimes in the zonal wavenumber space representing, respectively, the planetary-scale (0 # M # 3)
and synoptic-scale disturbances (6 # M # 10). The primary reason for excluding zonal wavenumbers 4 and 5
is that these two wavenumbers sit in between classic
planetary scales and classic synoptic scales, with the
former distinctly tied to large-scale orographic and
thermal (e.g., land–sea contrast) forcing and the latter
associated mainly with baroclinic instability. These two
wavenumbers are often affected by disturbances related
to low-frequency variability in the extratropics such as
blocking and other ‘‘persistent anomalies,’’ which are in
turn partly connected to synoptic-scale disturbances.
Furthermore, the PC stable algorithm used in this study
can only robustly detect linear causal effects due to
the use of partial correlations in the conditional independence test. This limitation has been demonstrated
by applying the algorithm to identify the known linear
and nonlinear causal effects in the Lorenz model and the
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relevant results are summarized in the appendix. Given
such limitations, we choose to focus the discussion on
two groups of disturbances with distinct physics and
sufficiently separated in scales (to create a ‘‘quasi-linear’’
condition) by excluding zonal wavenumbers 4 and 5 in
all the figures even though these two components are
included in the actual process of structure learning.
As our graphical model has separate nodes for the real
and imaginary components of each spherical harmonic,
we need a suitable mapping to the (M, L) space to be able
to interpret these results. Based on our mapping, for the
two defined regimes, when one or more of the four conditions listed below are met, we claim that a node in regime I influences (causes changes in) a node of regime II:
1) Regime I real-part node / Regime II real-part node
2) Regime I real-part node / Regime II imaginarypart node
3) Regime I imaginary-part node / Regime II realpart node
4) Regime I imaginary-part node / Regime II
imaginary-part node
This definition, with the roles of regime I and regime II
reversed, also applies to the situation where a regime II
node influences (causes changes in) a regime I node. To
obtain the underlying structure of the pair of (potentially) interacting disturbances from the two regimes, we
also reconstruct daily geopotential height fields for the
two regimes using spherical harmonic components in
one regime that are found to be actively interacting
with spherical harmonics in the other regime. In other
words, a spatially filtered version of the daily geopotential height field is produced by retaining in the
daily height field of only the spherical harmonics
components that are connected by directed edges in
Fig. 2. These reconstructed disturbances can be created for interactions occurring at different time lags
when only edges of desired time lags are included in
the reconstruction. When considering all statistically
significant edges with a time lag equal to 2 days, we
get an overall view of a pair of synoptic-scale and
planetary-scale disturbances that most actively interact with each other in boreal winter. The choice of
2 days is arbitrary here. However, given the typical
life cycle of synoptic-scale disturbances (less than a
week), we expect the modulation/feedback effects
between the two regimes to occur at a rather short
time scale (2–3 days).

3. Results
Figure 2 provides an overview of the interaction
between planetary- and synoptic-scale disturbances in
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FIG. 2. Directed edges between regime I and regime II with respect to the total wavenumber L and the zonal wavenumber
M. (a) Regime I to regime II. (b) Regime II to regime I. Black dots denote the nodes used for the analysis. A blue circle around a node
indicates that the node has more than two incoming or outgoing edges. The size of each blue circle is proportional to the number of edges
associated with the node. The gray-shaded circles are proportional to the winter-mean magnitude of the coefficient of the corresponding
spherical harmonics component. The number alongside each interacting node denotes the winter-mean magnitude of the spherical
harmonics coefficient scaled by 10.
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regime I and regime II, respectively. A directed edge
(a red arrow in Fig. 2) indicates that changes in the
disturbance with wavenumbers (M, L) at the beginning of the edge (arrow) tends to cause changes in the
disturbance with wavenumbers at the end of the edge
(arrow). In other words, the directed edge depicts
the direction of the flow of information in the wavenumber space. The presence of a blue circle around a
node means that there are more than 2 incoming (or
outgoing) edges toward (or out) of this node,
suggesting a relatively active role played by this node
in the interaction between regime I and regime II
disturbances. The size of the blue circle is proportional
to the number of edges associated with the node. The
size of the gray shaded circle around each node indicates the winter-mean magnitude of the corresponding spherical harmonics component. Based on
these magnitudes, it is evident that the identified
causal structure is not only driven by the magnitudes of
the coefficients. Further, to reduce the impact of
false discoveries, we do not show edges that only occur
once in the temporal model. This information, viewed
together with the directed edges of the node, provides
a more concrete idea how physically important an
identified connection is, as a connection of statistical
significance does not always mean that the connection is ‘‘substantial’’ and the number of edges is not
equivalent to the magnitude of the flow of information.
Figure 2a shows all edges pointing from regime I to regime
II nodes, representing the influence of planetary-scale
disturbances on synoptic-scale disturbances. The total number of such edges is large (;80). However, the
energy of disturbances with large meridional wavenumbers (L 2 M . 6) is rather small (Cai and Mak
1990) and this naturally places more weights on the
edges identified at the lower-right corner of the (M, L)
parameter space in Fig. 2b. Judged by the size of both
the blue circle and gray shaded circle, synoptic-scale
disturbances (6, 10), (6, 12), (6, 14), (7, 17), and (8, 16)
are under the most obvious influence of planetaryscale disturbances with zonal wavenumbers ranging
from 1 to 3. Figure 2b displays the edges characterizing the impact of synoptic-scale on planetary-scale
disturbances (regime II to regime I). Disturbances
(6, 10), (6, 14), (6, 16), (7, 11), (7, 13), and (8, 16) stand
out as those providing most active feedback to
planetary-scale disturbances. Disturbance (2, 4) has the
largest mean magnitude among all planetary-scale disturbances influenced by feedbacks from synoptic-scale disturbances and this verifies the traditional picture that zonal
wavenumber-2 planetary wave actively interacts with the
two Northern Hemisphere storm tracks in boreal winter
(e.g., Deng and Mak 2006; Mak and Deng 2006).
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The reconstructed daily 500-hPa geopotential height
field using only spectral components that are interacting
according to Fig. 2 provides a direct view of the spatial
structure of the actively interacting planetary-scale and
synoptic-scale disturbances. Once the interacting spectral components are identified, the specific disturbance
can be reconstructed as a linear combination of the
spectral components (spherical harmonics bases). For a
specific reconstruction, we use each identified spectral
component only once, regardless of the number of interactions it has with other spectral components.
Figure 3 displays the total (Fig. 3a) as well as the reconstructed geopotential height field for 16 February
2001. Figures 3b and 3c are, respectively, the regime I
disturbance and the regime II disturbance that is being
actively influenced by the regime I disturbance on
16 February 2001. In the extratropics, the planetaryscale flow is characterized by a roughly zonal
wavenumber-1 structure with a major trough (negative
geopotential height anomalies) extending from the east
coast of Asia toward North America and a major ridge
(positive geopotential height anomalies) over western
Europe (Fig. 3b). This wavenumber-1 planetary-scale
disturbance modulates the activity of synoptic-scale
disturbances shown in Fig. 3c, which manifest themselves as a classic circumglobal wave train consisting
of meridionally elongated disturbances. The amplitude
of these shortwave disturbances peaks over the North
Pacific and North Atlantic, indicating significant baroclinic growth and subsequent downstream development
over these two ocean basins and thus the presence of the
two major storm tracks (e.g., Chang et al. 2002). The regime I to regime II disturbance structure revealed here is
consistent with the classic theory of storm-track dynamics
where storm-track disturbances (cyclones/anticyclones)
preferentially develop downstream of the planetaryscale troughs (and time-mean jets) as a result of locally enhanced baroclinicity at the location of the jets
and farther downstream development associated with
ageostrophic flux of geopotential (e.g., Cai and Mak
1990; Chang et al. 2002).
Figures 3d and 3e depict the influence of synopticscale disturbance on the planetary-scale disturbance.
Specifically, the synoptic-scale disturbances in Fig. 3d
are producing a zonal wavenumber-2 structure with
negative height anomalies off the east coasts of Asia
and North America and positive height anomalies over
the eastern North Pacific and western Europe. This
wavenumber-2 structure locally enhances the trough
off the east coast of Asia and the ridge over western
Europe as shown in Fig. 3b. Therefore, the Regime I
disturbance is responsible for the excitation/propagation
of the regime II disturbance whose dynamical feedback
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FIG. 3. Reconstruction of the daily geopotential height (m) on 16 Feb 2001 using only the significantly interacting
spectral components and excluding the interactions with M 5 0. (a) The 500-hPa geopotential height field. (b),(c)
Interacting disturbances from (b) regime I to (c) regime II. (d),(e) Interacting disturbances from (d) regime II to
(e) regime I.
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to the regime I disturbance locally reenforces the trough
and ridge pattern in the original wavenumber-1 structure of the regime I disturbance. This result again verifies the notion that winter planetary-scale flow and the
associated zonal wind jets tend to be ‘‘self-sustained.’’
The feedback of synoptic-scale to planetary-scale disturbances is achieved through the vorticity (momentum)
and heat flux by synoptic-scale disturbances (e.g., Lau
and Holopainen 1984). In Fig. 3d, synoptic-scale
disturbances change the alignment of their major
axis from being southwest–northeast (SW–NE) oriented
over the central North Pacific to being northwest–
southeast (NW–SE) oriented over western North
America. The associated meridional flux of zonal
momentum by these disturbances subsequently changes
from a poleward to an equatorward direction. The
poleward (equatorward) flux of zonal momentum is
consistent with a poleward (equatorward) shift of an
eddy-driven westerly jet and thus the formation of a
negative (positive) height anomaly on the poleward
side of the disturbance over the central North Pacific
(western North America) following the argument of
geostrophic balance (Fig. 3e). The same mechanism
also applies to the North Atlantic and western Europe,
responsible for the formation of the negative and positive height anomalies there, respectively. Comparing the
reconstructed height fields with the total height field
(Fig. 3a), we note that the planetary-scale disturbances
depicted in Figs. 3b and 3e miss another major trough
over central Eurasia. This is likely the result of excluding
zonal wavenumbers 4 and 5 from the figures, for reasons
described in section 2.
Figure 4 shows the winter climatological variance
[root-mean-square (RMS)] of the daily geopotential
height of the actively interacting disturbances identified in Fig. 2 and presented in Fig. 3. When the flow of
information from regime I to regime II (i.e., planetaryscale disturbances influencing synoptic-scale disturbances) is being considered, the dominant day-to-day
variability in the planetary-scale flow peaks at the
trough and ridge locations of the zonal wavenumber-1
disturbance (as shown in Fig. 3b). The corresponding
variability in synoptic-scale flow maximizes along a
well-defined circumglobal band in the extratropics
with elevated amplitudes over the North Pacific and
North Atlantic, where the two climatological Northern
Hemisphere storm tracks reside (Fig. 4b). In the opposite direction of information flow, when synopticscale disturbance affects planetary-scale disturbances,
storm tracks again characterize the day-to-day variability in the synoptic-scale flow (Fig. 4c) while the
variability in the planetary-scale disturbance reflects
the zonal wavenumber-2 structure that is effectively

forced by synoptic-scale disturbances and locally enhances the trough and ridge of the zonal wavenumber1 structure of the winter planetary-scale flow shown in
Fig. 3b (Fig. 4d).
To see whether there is any systematic change in
the amplitude of the actively interacting planetaryand synoptic-scale disturbances, we plot in Fig. 5 the
seasonal-mean amplitude of the disturbances as a
function of time. The amplitudes of the daily reconstructed disturbances are spatially averaged over
the sphere and temporally averaged over each winter
season to create these time series. Blue and orange
curves in Fig. 5a are, respectively, the mean amplitude of regime I and regime II disturbances when
regime I is influencing regime II. No significant trends
can be identified in these time series, but substantial
variations occur across interannual to interdecadal
time scales. Specifically, the mid-1970s to mid-1980s
are characterized by above-normal amplitudes of
disturbances when regime I influence on regime II
is being considered. Similar results are found in the
case of the feedback of a regime II disturbance to a
regime I disturbance (Fig. 5b). There appear no obvious connections between the activity levels of these
wave–wave interactions and increasing greenhouse
gas (GHG) forcing, nor between the activity levels
and primary modes of variability in the climate
system, including the ENSO and the Pacific decadal oscillation (PDO). These results suggest that
the interactions identified by our approach are likely
features internal to the atmosphere and the lowfrequency components of the time series shown
in Fig. 5 are mainly the result of nonlinearity in
the system.

4. Concluding remarks
This paper reports some preliminary yet encouraging
results concerning the use of constraint-based structure
learning to understand scale-interaction processes
in the atmosphere. The analysis focuses on identifying
causal pathways among atmospheric disturbances of
different spatial scales. Temporal probabilistic graphical models illustrating such causal pathways are built
by applying the PC stable algorithm (Colombo and
Maathuis 2012, 2014) to the spherical harmonics decomposition of the boreal winter daily 500-hPa geopotential height data during the period 1948–2015.
With an initial focus on interplays between planetaryscale (regime I) and synoptic-scale (regime II) disturbances, the identified directed edges (information
pathways) suggest active coupling between regime I
disturbances with zonal wavenumber-1–3 structures
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FIG. 4. Variance (RMS) of the geopotential height (m2) reconstructions of the significantly interacting disturbances, excluding the
interactions with M 5 0. (a) Regime I to (b) regime II. (c) Regime II to (d) regime I.

and regime II disturbances with zonal wavenumber6–8 structures. These scales fall nicely into the classic picture depicting interactions between Northern
Hemisphere planetary waves and storm tracks in
boreal winter.
Furthermore, daily reconstruction of geopotential
heights using major nodes [in the (M, L) wavenumber
space] connected by the detected causal pathways suggest that the modulation of synoptic-scale disturbances
by planetary-scale disturbances in the northern extratropics is best characterized by the flow of information
from a zonal wavenumber-1 disturbance to a synopticscale circumglobal wave train whose amplitude peaks at

the North Pacific and North Atlantic storm-track region.
The feedback of synoptic-scale disturbances to the
planetary-scale disturbances manifest itself as a zonal
wavenumber-2 structure driven by synoptic-eddy momentum fluxes that locally enhances the East Asian trough and
western Europe ridge of the original wavenumber-1
structure in the planetary-scale disturbances that are actively modulating the activity of the synoptic-scale disturbances. The seasonal-mean amplitude of the significantly
interacting disturbances detected here exhibits pronounced variations across interannual-to-decadal time
scales that are not correlated with major low-frequency
modes of variability such as the PDO in the climate system.
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FIG. 5. Annual-mean magnitude (m) time series of interacting disturbances excluding M 5 0 interactions. (a) Regime I to regime II
interactions. (b) Regime II to regime I interactions. A spatially averaged magnitude over the sphere is temporally averaged for each winter
season from 1948 to 2015. Regime I and regime II time series are in blue and orange, respectively. The blue and orange dashed lines
indicate the corresponding linear trends.

The analysis presented here provides a new way to
examine the scale-interaction processes in the atmosphere in the context of causal discovery and structure
learning for probabilistic graphical models. The PC
stable algorithm can be applied to identify potential
causal pathways among atmospheric disturbances of
various spatial scales. The structure of actively interacting pairs of disturbances can be reconstructed from
nodes in the graphical models that are connected by
statistically significant edges, making it easier to describe the spatiotemporal characteristics of interacting
scales in the atmosphere. New metrics based on the
detected edges such as the mean amplitude of the
interacting disturbances can be computed for model
simulations and observations to add a new dimension
to the validation of dynamical properties of simulated
atmospheric variability. Despite all the benefits of the

approach, the application of the PC stable algorithm to
real atmospheric and climate data must be pursued
on a cautious note due to the assumed linearity of interactions in the conditional independence test. The
scale interaction in the real atmosphere is largely realized via nonlinear advection processes. Therefore,
in our study the cause–effect relations (i.e., directed
edges) among spherical harmonics components identified by the PC algorithm are most robust and physically relevant only when they are between spherical
harmonics components that are sufficiently different in
scale. The scale separation ensures one of the components remains relatively ‘‘temporally steady’’ and/or
‘‘spatially uniform’’ during the interaction and creates a
‘‘quasi-linear’’ condition for the algorithm to be applicable. The implication of this limitation is that edges
identified between neighboring spherical harmonics
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components in our analysis are subject to much greater
uncertainties. Our aggregation of results into different
regimes helps to create this ‘‘quasi-linear’’ condition
and excluding the scales at the regime I and regime
II interface (i.e., zonal wavenumbers 4 and 5) from
the discussion serves to further reduce uncertainty
in the results presented. However, the difficulty in
reliably detecting nonlinear causal relationships
places a major constraint on this approach’s capability of gaining a significant amount of new insights
into the cross-scale interactions in the real atmosphere. Other approaches designed to identify nonlinear causal effects are being developed [e.g.,
convergent cross mapping (Sugihara et al. 2012) and
causal network learning algorithms that use nonlinear
conditional independence tests (e.g., Runge et al. 2018)],
but the associated computational complexity makes
it hard to apply to high-dimensional problems such
as the one studied here. Another challenge we face in
this approach of causal discovery is constructing a
quantitative measure of the discovered causality.
Compared to the entropy-based information flow, information flow described here does not carry a magnitude associated with known physical quantities. This
prevents us from making a direct comparison with
the conclusion drawn in Liang (2019) emphasizing
‘‘bottom-up causation’’ for midlatitude atmosphere
in a quasigeostrophic setting. Palus (2014) uses conditional mutual information to obtain information flow
and the results based on an application to daily surface air temperature data over Europe suggest transfer of information from larger to smaller time scales,
different with the ‘‘bottom-up causation’’ found in
Liang (2019). All of these highlight the significant
uncertainties in causal discovery for atmospheric processes, especially when real observations are being
analyzed.
Our ongoing work includes an extension of the
analysis to consider the interaction between disturbances in the synoptic- and mesoscale regimes and
also to consider the interactions in boreal summer.
Finally, note that the advective nonlinearities dictate
that scale interactions in a fluid such as the atmosphere occur in the form of wave triads, whose
wavenumber vectors must sum to zero. If zonal and
meridional scales are quantified in terms of Fourier
coefficients and these coefficients serve as inputs for
the PC algorithm, any two or three directed edges
involving three nodes should have the three corresponding wavenumber vectors (zonal and meridional
wavenumber as the two components) sum to zero.
However, in spherical harmonics expansion, zonal
wavenumbers are integers and meridional scales are

VOLUME 77

quantified through the number of nodes between the
poles. The triad interaction therefore does not have a
straightforward reflection in the detected edges that
span a spectral space defined by the integer zonal and
total wavenumber. Future work will include an investigation of the connection between the constructed graphs
and wave triads potentially utilizing a Fourier expansion
of the daily height field.
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APPENDIX
The Lorenz System as a Test Case for the PC
Stable Algorithm
Here we present a few sample causal inference results for the Lorenz system, to showcase the scope of
utility and limitations of the PC stable algorithm
when used to identify cause–effect relationships. The
Lorenz system, which is a simplified mathematical
model for atmospheric convection, is defined by the
three ordinary differential equations given below:

FIG. A1. A 3D plot of the generated data for r 5 28, s 5 10, and
b 5 8/3.

Unauthenticated | Downloaded 01/09/23 08:03 AM UTC

MARCH 2020

937

SAMARASINGHE ET AL.

FIG. A2. Time series and frequency distributions of X, Y, and Z.

dx
5 s(y 2 x) ,
dt

(A1)

dy
5 x(r 2 z) 2 y,
dt

(A2)

dz
5 xy 2 bz.
dt

(A3)

Based on the Lorenz equations, the causality of the system involves both linear (achieved via linear terms on the
right-hand side of the equation) and nonlinear (achieved
via nonlinear terms on the right-hand side of the equation) causal effects.
The linear effects are as follows:
1)
2)
3)
4)
5)

X(t 2 dt) / X(t)
Y(t 2 dt) / Y(t)
Z(t 2 dt) / Z(t)
X(t 2 dt) / Y(t)
Y(t 2 dt) / X(t)
The nonlinear effects are as follows:

here to illustrate the main findings. In case 1, we
adopt the following set of parameter values and initial
conditions:
r 5 28,
x(0) 5 1,

s 5 10,
y(0) 5 1,

b 5 8/3,
z(0) 5 1.

We use a time step of dt 5 0.01.
As shown in Fig. A1, these parameters give rise to
the classic Lorenz attractor in the x–y–z space.
Figure A2 shows the time series plots and histograms
of X, Y, and Z.
To create the temporal model, we use X(t), Y(t), Z(t),
X(t 2 dt), Y(t 2 dt), and Z(t 2 dt) as the nodes of the
graphical model. We then use Fisher’s Z test on partial
correlation to determine conditional independencies.
We repeat this process for different sample sizes (1000,
6000, 12 000), different levels of statistical significance
(0.001, 0.01, 0.05) and different initial conditions {[x(0),
y(0), z(0)] 5 [1, 1, 1], [6, 27, 3], [215, 215, 3]}. The
interactions identified remain unchanged for these

1) Z(t 2 dt) / Y(t)
2) Y(t 2 dt) / Z(t)
3) X(t 2 dt) / Z(t)
We generate multiple sets of realizations of the
Lorenz system with different combinations of parameter values (i.e., r, s, and b) and present two cases

FIG. A3. Summary of interactions identified by the PC stable
algorithm. Here we present 1dt as 1.

FIG. A4. A 3D plot of the generated data for r 5 10, s 5 10, and
b 5 8/3.
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FIG. A5. Time series and frequency distributions of X, Y, and Z.

different parameters. A summary of the interactions
is provided in Fig. A3.
The results indicate that the algorithm identifies all
the linear causal effects as the PC stable algorithm is
supposed to do. None of the nonlinear causal effects are
identified. This is consistent with the fact that the conditional independence test based on partial correlation
assumes that the relationships between the variables are
linear. It is also important to see that the PC stable algorithm does not mistakenly identify a Z / X edge,
which is an indirect connection.
Note that 24.74 is a bifurcation point that changes the
behavior of the Lorenz system from having a single fixed
attraction point for r , 24.74 (i.e., nonchaotic) to the
strange attractor with orbits around two distinct center
points for r . 24.74. Based upon this, in the second case
study, we look at a smaller r value. This also helps to see
whether the method identifies any interactions that were
previously masked by a large r component. We generate
data using the parameter values and initial conditions
below:
r 5 10,
x(0) 5 1,

s 5 10,
y(0) 5 1,

b 5 8/3,
z(0) 5 1.

stable algorithm is to identify stochastic relationships
between variables. Therefore, we only use the values
of X, Y, and Z at time steps prior to convergence. We
use a smaller time step dt to ensure an adequate sample
size and add to each variable a Gaussian noise with
zero mean and a very small variance to ensure that
all variables and their lagged variables used to create
the temporal model do not hold purely deterministic
relationships.
Following these steps, we generate 1000 samples with a
time step of dt 5 0.005. Figure A4 shows the trajectory of
the solution while Fig. A5 shows the time series plots and
histograms of X, Y, and Z.
Figures A6–A8 show the summary results based
on several different levels of statistical significance
(a value). As we increase the value of a, the model
picks up more and more expected causal relationships
and finally identifies correctly all edges (both linear
and nonlinear) when a 5 0.2 is used (80% level of
statistical confidence). However, in contrast to the
results of linear connections shown in Fig. A3, which
are very robust, the results shown in Figs. A6–A8 are

This gives rise to a stable system that converges to a
fixed point with time (Fig. A4). The objective of the PC

FIG. A6. Summary of interactions for a 5 0.001 or 0.01. Here we
present 1dt as 1.

FIG. A7. Summary of interactions for a 5 0.05 or 0.1. Here we
present 1dt as 1.
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for a high-dimensional problem as the one presented
in the paper. Therefore, we resort to this simpler approach as a starting point.
REFERENCES

FIG. A8. Summary of interactions for a 5 0.2. Here we present
1dt as 1.

not robust. Namely, for different sample sizes and
slightly different parameters, many of these edges
appear or disappear.
In summary, the test cases show that the PC stable
algorithm using a conditional independence test based
on partial correlation can robustly identify the linear
causal relationships associated with the Lorenz system
while excluding indirect connections such as Z / X.
For a chaotic solution as in case 1, where the system
spends an equal amount of time on each wing of the
attractor, the changes in signs of the variables can cause
some of the causal components to cancel out on average
and become undetectable by an approach based on
correlation/partial correlation that measure average
linear dependence. The test case shows that when the
samples are taken from a regime in the (x, y, z) space
where x and y do not change sign (e.g., case 2), the
nonlinear dependence that was canceled out in partial
correlation calculations due to changing signs of x and y
(e.g., case 1) can be identified (although not robustly)
when a lower level of statistical confidence is used.
Even though a low-dimensional causal inference
problem, the Lorenz system is considered a challenging
problem because of the nonlinearity of the relationships
as well as the cancellation of causal effects when the
system is considered on average. There exist other
causal inference methods that are more suited to
identify causal effects of a nonlinear system such as
the Lorenz system. Specifically, nonlinear state-space
methods such as convergent cross mapping (Sugihara
et al. 2012). However, these methods are less suited
for time series of stochastic nature (Runge et al. 2019).
Even though causal network learning algorithms that
use nonparametric tests to assess conditional independencies will allow to identify both linear and
nonlinear causal interactions, the associated computational complexity make these methods unsuitable

Abramson, B., J. Brown, W. Edwards, M. Murphy, and R. Winkler,
1996: Hailfinder: A Bayesian system for forecasting severe
weather. Int. J. Forecast., 12, 57–71, https://doi.org/10.1016/
0169-2070(95)00664-8.
Bahadori, M. T., and Y. Liu, 2011: Granger causality analysis with
hidden variables in climate science applications. First Int.
Workshop on Climate Informatics, New York, NY, New York
Academy of Sciences.
Blackmon, M. L., 1976: A climatological spectral study of the 500 mb
geopotential height of the Northern Hemisphere. J. Atmos. Sci.,
33, 1607–1623, https://doi.org/10.1175/1520-0469(1976)033,1607:
ACSSOT.2.0.CO;2.
Cai, M., and M. Mak, 1990: Symbiotic relation between planetary and
synoptic-scale waves. J. Atmos. Sci., 47, 2953–2968, https://doi.org/
10.1175/1520-0469(1990)047,2953:SRBPAS.2.0.CO;2.
——, and H. M. van den Dool, 1991: Low-frequency waves and
traveling storm tracks. Part I: Barotropic component. J. Atmos.
Sci., 48, 1420–1436, https://doi.org/10.1175/1520-0469(1991)
048,1420:LFWATS.2.0.CO;2.
——, and ——, 1992: Frequency waves and traveling storm
tracks. Part II: Three-dimensional structure. J. Atmos. Sci.,
49, 2506–2524, https://doi.org/10.1175/1520-0469(1992)049,2506:
FWATST.2.0.CO;2.
——, and ——, 1994: Dynamical decomposition of low-frequency
tendencies. J. Atmos. Sci., 51, 2086–2100, https://doi.org/10.1175/
1520-0469(1994)051,2086:DDOLFT.2.0.CO;2.
Chang, E., S. Lee, and K. L. Swanson, 2002: Storm track dynamics.
J. Climate, 15, 2163–2183, https://doi.org/10.1175/1520-0442(2002)
015,02163:STD.2.0.CO;2.
Chen, X., Y. Liu, H. Liu, and J. G. Carbonell, 2010: Learning
spatial-temporal varying graphs with applications to climate
data analysis. Proc. 24th Conf. on Artificial Intelligence,
Atlanta, GA, Association for the Advancement of Artificial
Intelligence, 425–430.
Chu, T., D. Danks, and C. Glymour, 2005: Data driven methods for
nonlinear granger causality: Climate teleconnection mechanisms. Carnegie Mellon University Dept. of Philosophy Tech.
Rep. CMU-PHIL-171, 19 pp.
Cofino, A., R. Cano, C. Sordo, and J. Gutierrez, 2002: Bayesian networks for probabilistic weather prediction. Proc. 15th European
Conf. on Artificial Intelligence, Lyon, France, European Coordinating Committee for Artificial Intelligence, 695–700.
Colombo, D., and M. H. Maathuis, 2012: Order-independent
constraint-based causal structure learning. arXiv, https://
arxiv.org/abs/1211.3295.
——, and ——, 2014: Order-independent constraint-based causal
structure learning. J. Mach. Learn. Res., 15, 3741–3782.
Cossention, M., F. Raimondi, and M. Vitale, 2001: Bayesian
models of the pm 10 atmospheric urban pollution. Proc. Ninth
Int. Conf. on Modeling, Monitoring and Management of Air
Pollution, Ancona, Italy, Wessex Institute, 143–152.
Cuff, T., and M. Cai, 1995: Interaction between the low- and highfrequency transients in the Southern Hemisphere winter circulation.
Tellus, 47A, 331–350, https://doi.org/10.3402/tellusa.v47i3.11521.
Deng, Y., and M. Mak, 2006: Nature of the differences in the
intraseasonal variability of the Pacific and Atlantic storm

Unauthenticated | Downloaded 01/09/23 08:03 AM UTC

940

JOURNAL OF THE ATMOSPHERIC SCIENCES

tracks: A diagnostic study. J. Atmos. Sci., 63, 2602–2615,
https://doi.org/10.1175/JAS3749.1.
——, and T. Jiang, 2011: Intraseasonal modulation of the North Pacific
storm track by tropical convection in boreal winter. J. Climate, 24,
1122–1137, https://doi.org/10.1175/2010JCLI3676.1.
——, and I. Ebert-Uphoff, 2014: Weakening of atmospheric information flow in a warming climate in the Community Climate System Model. Geophys. Res. Lett., 41, 193–200, https://
doi.org/10.1002/2013GL058646.
Dole, R. M., and R. X. Black, 1990: Life cycles of persistent
anomalies. Part II: The development of persistent negative
height anomalies over the North Pacific Ocean. Mon. Wea.
Rev., 118, 824–846, https://doi.org/10.1175/1520-0493(1990)
118,0824:LCOPAP.2.0.CO;2.
Ebert-Uphoff, I., and Y. Deng, 2012a: Causal discovery for climate
research using graphical models. J. Climate, 25, 5648–5665,
https://doi.org/10.1175/JCLI-D-11-00387.1.
——, and ——, 2012b: A new type of climate network based on
probabilistic graphical models: Results of boreal winter versus
summer. Geophys. Res. Lett., 39, L19701, https://doi.org/10.1029/
2012GL053269.
——, and ——, 2017: Causal discovery in the geosciences—Using
synthetic data to learn how to interpret results. Comput.
Geosci., 99, 50–60, https://doi.org/10.1016/j.cageo.2016.10.008.
Green, J. S. A., 1977: The weather during July 1976: Some dynamical considerations of the drought. Weather, 32, 120–126,
https://doi.org/10.1002/j.1477-8696.1977.tb04532.x.
Hayashi, Y., 1980: Estimation of nonlinear energy transfer spectra by
the cross-spectral method. J. Atmos. Sci., 37, 299–307, https://
doi.org/10.1175/1520-0469(1980)037,0299:EONETS.2.0.CO;2.
Hlinka, J., D. Hartman, M. Vejmelka, J. Runge, N. Marwan,
J. Kurths, and M. Palus, 2013: Reliability of inference of directed climate networks using conditional mutual information.
Entropy, 15, 2023–2045, https://doi.org/10.3390/e15062023.
Jiang, T., Y. Deng, and W. Li, 2013a: Local kinetic energy budget of
high-frequency and intermediate-frequency eddies: Winter
climatology and interannual variability. Climate Dyn., 41,
961–976, https://doi.org/10.1007/s00382-013-1684-1.
——, K. J. Evans, Y. Deng, and X. Dong, 2013b: Intermediate
frequency atmospheric disturbances: A dynamical bridge
connecting western U.S. extreme precipitation with East Asian
cold surges. J. Geophys. Res. Atmos., 119, 3723–3735, https://
doi.org/10.1002/2013JD021209.
Kalnay, E., and Coauthors, 1996: The NCEP/NCAR 40-Year Reanalysis Project. Bull. Amer. Meteor. Soc., 77, 437–471, https://
doi.org/10.1175/1520-0477(1996)077,0437:TNYRP.2.0.CO;2.
Kistler, R., and Coauthors, 2001: The NCEP–NCAR 50-Year
Reanalysis: Monthly means CD-ROM and documentation.
Bull. Amer. Meteor. Soc., 82, 247–267, https://doi.org/10.1175/
1520-0477(2001)082,0247:TNNYRM.2.3.CO;2.
Koller, D., and N. Friedman, 2009: Probabilistic Graphical Models:
Principles and Techniques. 1st ed. MIT Press, 1280 pp.
Kretschmer, M., D. Coumou, J. F. Donges, and J. Runge, 2016:
Using causal effect networks to analyze different arctic drivers
of midlatitude winter circulation. J. Climate, 29, 4069–4081,
https://doi.org/10.1175/JCLI-D-15-0654.1.
Lau, N., and E. O. Holopainen, 1984: Transient eddy forcing of the
time-mean flow as identified by geopotential tendencies.
J. Atmos. Sci., 41, 313–328, https://doi.org/10.1175/1520-0469(1984)
041,0313:TEFOTT.2.0.CO;2.
Liang, X. S., 2013: The Liang-Kleeman information flow: Theory
and applications. Entropy, 15, 327–360, https://doi.org/10.3390/
e15010327.

VOLUME 77

——, 2014: Unraveling the cause-effect relation between time
series. Phys. Rev., 90E, 052150, https://doi.org/10.1103/
PhysRevE.90.052150.
——, 2016a: Canonical transfer and multiscale energetics for
primitive and quasi-geostrophic atmospheres. J. Atmos. Sci.,
73, 4439–4468, https://doi.org/10.1175/JAS-D-16-0131.1.
——, 2016b: Information flow and causality as rigorous notions
ab initio. Phys. Rev., 94E, 052201, https://doi.org/10.1103/
PhysRevE.94.052201.
——, 2019: A study of the cross-scale causation and information
flow in a stormy model mid-latitude atmosphere, Entropy, 21,
149, https://doi.org/10.3390/e21020149.
——, and R. Kleeman, 2007a: A rigorous formalism of information transfer between dynamical system components. I.
Discrete mapping. Physica D, 231, 1–9, https://doi.org/10.1016/
j.physd.2007.04.002.
——, and ——, 2007b: A rigorous formalism of information transfer
between dynamical system components. II. Continuous flow.
Physica D, 227, 173–182, https://doi.org/10.1016/j.physd.2006.12.012.
——, and A. Lozano-Duran, 2016: A preliminary study of the
causal structure in fully developed near-wall turbulence.
Stanford, CA, Stanford University Center for Turbulence
Research, 233–242.
Lorenz, D. J., and D. L. Hartmann, 2001: Eddy–zonal flow
feedback in the Southern Hemisphere. J. Atmos. Sci., 58,
3312–3327, https://doi.org/10.1175/1520-0469(2001)058,3312:
EZFFIT.2.0.CO;2.
Ma, J., and X. S. Liang, 2017: Multiscale dynamical processes
underlying the wintertime Atlantic blockings. J. Atmos. Sci.,
74, 3815–3831, https://doi.org/10.1175/JAS-D-16-0295.1.
Maeda, S., C. Kobayashi, K. Takano, and T. Tsuyuki, 2000:
Relationship between singular modes of blocking flow and
high-frequency eddies. J. Meteor. Soc. Japan, 78, 631–646,
https://doi.org/10.2151/jmsj1965.78.5_631.
Mak, M., and Y. Deng, 2006: Diagnostic and dynamical analyses of
two outstanding aspects of storm tracks. Dyn. Atmos. Oceans,
43, 80–99, https://doi.org/10.1016/j.dynatmoce.2006.06.004.
Materassi, M., G. Consolini, N. Smith, and R. De Marco, 2014:
Information theory analysis of cascading process in a synthetic
model of fluid turbulence. Entropy, 16, 1272–1286, https://
doi.org/10.3390/e16031272.
Nakamura, H., and J. M. Wallace, 1993: Synoptic behavior of
baroclinic eddies during the blocking onset. Mon. Wea.
Rev., 121, 1892–1903, https://doi.org/10.1175/1520-0493(1993)
121,1892:SBOBED.2.0.CO;2.
Neapolitan, R. E., 2003: Learning Bayesian Networks. Prentice
Hall, 647 pp.
Palus, M., 2014: Cross-scale interactions and information transfer.
Entropy, 16, 5263–5289, https://doi.org/10.3390/e16105263.
Park, T., Y. Deng, W. Li, S. Yang, and M. Cai, 2015: Mass footprints
of the North Pacific atmospheric blocking highs. J. Climate, 28,
4941–4949, https://doi.org/10.1175/JCLI-D-14-00598.1.
Pearl, J., 1988: Probabilistic Reasoning in Intelligent Systems:
Networks of Plausible Inference. 2nd ed. Morgan Kaufman
Publishers, 552 pp.
——, 2000: Causality: Models, Reasoning and Inference. Cambridge
University Press, 384 pp.
Ramsey, J. D., and B. Andrews, 2017: A comparison of public
causal search packages on linear, Gaussian data with no latent
variables. arXiv, https://arxiv.org/abs/1709.04240.
Robinson, W. A., 1991: The dynamics of zonal index in a simple
model of the atmosphere. Tellus, 43A, 295–305, https://doi.org/
10.3402/tellusa.v43i5.11953.

Unauthenticated | Downloaded 01/09/23 08:03 AM UTC

MARCH 2020

SAMARASINGHE ET AL.

——, 1996: Does eddy feedback sustain variability in the zonal
index? J. Atmos. Sci., 53, 3556–3569, https://doi.org/10.1175/
1520-0469(1996)053,3556:DEFSVI.2.0.CO;2.
Runge, J., 2018: Causal network reconstruction from time series:
From theoretical assumptions to practical estimation. Chaos,
28, 075310, https://doi.org/10.1063/1.5025050.
——, J. Heitzig, N. Marwan, and J. Kurths, 2012: Quantifying
causal coupling strength: A lag-specific measure for multivariate time series related to transfer entropy. Phys. Rev., 86,
061121, https://doi.org/10.1103/physreve.86.061121.
——, P. Nowack, M. Kretschmer, S. Flaxman, and D. Sejdinovic,
2018: Detecting causal associations in large nonlinear time
series datasets. arXiv, https://arxiv.org/abs/1702.07007.
——, and Coauthors, 2019: Inferring causation from time series in
Earth system sciences. Nat. Commun., 10, 2553, https://doi.org/
10.1038/s41467-019-10105-3.
Samarasinghe, S., Y. Deng, and I. Ebert-Uphoff, 2017:
Structure learning in spectral space with applications
in climate science. Proc. 17th Int. Conf. on Data Mining, Houston, TX, Society for Industrial and Applied
Mathematics.
Sheng, J., and Y. Hayashi, 1990: Observed and simulated energy cycles
in the frequency domain. J. Atmos. Sci., 47, 1243–1254, https://
doi.org/10.1175/1520-0469(1990)047,1243:OASECI.2.0.CO;2.
——, and J. Derome, 1991: An observational study of the energy transfer between the seasonal mean flow and transient eddies. Tellus, 43A, 128–144, https://doi.org/10.3402/
tellusa.v43i2.11921.

941

——, and ——, 1993: Dynamic forcing of the slow transients by
synoptic-scale eddies: An observational study. J. Atmos. Sci., 50,
757–771, https://doi.org/10.1175/1520-0469(1993)050,0757:
DFOTST.2.0.CO;2.
Spirtes, P., and C. Glymour, 1991: An algorithm for fast recovery of
sparse causal graphs. Soc. Sci. Comput. Rev., 9, 62–72, https://
doi.org/10.1177/089443939100900106.
——, ——, and R. Scheines, 1993: Causation, Prediction, and Search.
1st ed. Lecture Notes in Statistics, Vol. 81, Springer Verlag, 526 pp.
——, ——, and ——, 2000: Causation, Prediction, and Search.
2nd ed. MIT Press, 546 pp.
Strong, C., G. Magnusdottir, and H. Stern, 2009: Observed
feedback between winter sea ice and the North Atlantic
Oscillation. J. Climate, 22, 6021–6032, https://doi.org/10.1175/
2009JCLI3100.1.
Sugihara, G., and Coauthors, 2012: Detecting causality in complex
ecosystems. Science, 338, 496–500, https://doi.org/10.1126/
science.1227079.
Xu, F., and X. S. Liang, 2017: On the generation and maintenance
of the 2012/13 sudden stratospheric warming. J. Atmos. Sci.,
74, 3209–3228, https://doi.org/10.1175/JAS-D-17-0002.1.
Yu, J.-Y., and D. L. Hartmann, 1993: Zonal flow vacillation and
eddy forcing in a simple GCM of the atmosphere. J. Atmos.
Sci., 50, 3244–3259, https://doi.org/10.1175/1520-0469(1993)
050,3244:ZFVAEF.2.0.CO;2.
Zerenner, T., P. Friedrichs, K. Lehnerts, and A. Hense, 2014: A
Gaussian graphical model approach to climate networks.
Chaos, 24, 023103, https://doi.org/10.1063/1.4870402.

Unauthenticated | Downloaded 01/09/23 08:03 AM UTC

