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ABSTRACT

CAUSAL INFERENCE USING OBSERVATIONAL DATA - CASE STUDIES IN

CLIMATE SCIENCE

We are in an era where atmospheric science is data-rich in both observations (e.g., satellite/

sensor data) and model output. Our goal with causal discovery is to apply suitable data science

approaches to climate data to make inferences about the cause-effect relationships between climate

variables. In this research, we focus on using observational studies, an approach that does not rely

on controlled experiments, to infer cause-effect. Due to reasons such as latent variables, these

observational studies do not allow us to prove causal relationships. Nevertheless, they provide

data-driven hypotheses of the interactions, which can enable us to get insights into the salient

interactions as well as the timescales at which they occur.

Even though there are many different causal inference frameworks and methods that rely on

observational studies, these approaches have not found widespread use within the climate or Earth

science communities. To date, the most commonly used observational approaches include lagged

correlation/regression analysis, as well as the bivariate Granger causality approach. We can at-

tribute this lack of popularity to two main reasons. First is the inherent difficulty of inferring

cause-effect in climate. Complex processes in the climate interact with each other at varying time

spans. These interactions can be nonlinear, the distributions of relevant climate variables can be

non-Gaussian, and the processes can be chaotic. A researcher interested in these causal inference

problems has to face many challenges varying from identifying suitable variables, data, preprocess-

ing and inference methods, as well as setting up the inference problem in a physically meaningful

way. Also, the limited exposure and accessibility to modern causal inference approaches is another

reason for their limited use within the climate science community.

ii



In this dissertation, we present three case studies related to causal inference in climate science,

namely, (1) causal relationships between the Arctic temperature and mid-latitude circulations, (2)

relationships between the Madden Julian Oscillation (MJO) and the North Atlantic Oscillation

(NAO) and (3) the causal relationships between atmospheric disturbances of different spatial scales

(e.g., Planetary vs. Synoptic). We use methods based on probabilistic graphical models to infer

cause-effect, specifically constraint-based structure learning methods, and graphical Granger meth-

ods. For each case study, we analyze and document the scientific thought process of setting up the

problem, the challenges faced, and how we have dealt with the challenges. The challenges dis-

cussed include, but not limited to, method selection, variable representation, and data preparation.

We also present a successful high-dimensional study of causal discovery in spectral space. The

main objectives of this research are to make causal inference methods more accessible to a re-

searcher/climate scientist who is at entry-level to spatiotemporal causality and to promote more

modern causal inference methods to the climate science community. The case studies, covering

a wide range of questions and challenges, are meant to act as a resourceful starting point to a

researcher interested in tackling more general causal inference problems in climate.
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1 Introduction

This chapter explains the utility of observational studies for causal inference applications in

climate science and motivates the research contained in this dissertation.

1.1 Causal Inference in Climate Science

The Earth is a complex system with many physical processes interacting across space and time.

Understanding these interactions in a causal perspective, i.e., as cause and effect, can help us get

a deeper understanding of the mechanisms governing Earth’s climate. This type of understanding

can help improve climate and weather prediction models by contributing to identify important pre-

dictors, timescales of interactions as well as pathways of interactions [1–10]. Another challenge

associated with climate models is model uncertainty. Due to nonlinear dynamics, a large amount

of parameterization (i.e., resolving sub-scale processes such as clouds, radiative transfer and mi-

crophysics), and model assumptions, different models simulating the same physical processes can

provide very different results. In such cases, having an understanding of expected cause-effect

relationships between climate variables can serve as a ground-truth or validation scheme to eval-

uate and select models that closely mimick the real-world [11–13]. Further, an understanding of

causes and effects can help identify how the characteristics of atmospheric dynamics, as well as

information flow, change as a response to climate change [14]. It can also allow to anticipate the

effects of changing atmospheric and oceanic flow patterns that can change the frequencies of ex-

treme weather events [15, 16]. These insights can be useful for decision making related to climate

policy as well as disaster response.

A standard approach to identifying cause-effect in climate is through targeted climate modeling

studies. As an example, a targeted modeling approach exploring connections between Arctic sea-

ice concentrations and midlatitude circulations would involve using climate model runs to simulate

the circulation responses to two scenarios related to sea-ice, i.e., for high and low sea ice concen-
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trations. Provided that the simulations have been run for a sufficiently long time, the changes in

midlatitude circulations in the two simulations can be attributed to the changes in sea-ice concen-

tration. However, this type of study has a few limitations. First, the study only allows for exploring

the causal interaction from sea-ice to circulations in isolation from the feedback from circulations

to sea-ice [17] because the amount of sea ice is prescribed in the experimental setup. Second, the

reliability of the inference depends on how well the dynamical model simulates the processes of

interest. Furthermore, these simulations can be computationally expensive and time consuming.

Setting up this type of experimental study can also be very difficult for certain complex dynamical

processes.

In contrast to experimental studies, observational studies do not rely on specific controlled

experiments. These studies use observed or simulated climate data as is and make inferences

about the causal relationships using suitable data-driven approaches. Also, these methods do not

ignore the feedbacks of the system, unlike targeted modeling approaches. They are thus allowing

us to identify two-way causal interactions between variables. However, due to reasons such as

latent variables, these methods do now allow us to prove causal relationships. They provide us

with data-driven hypotheses of the potential causal interactions between the variables used in the

study.

The climate scientist can use their background knowledge to validate whether the potential in-

teractions identified by the inference approach are consistent with the physics/science governing

the system and make a judgment on how to interpret the final results. Furthermore, these hypothe-

ses can be useful to motivate and direct targeted modeling studies in the future. Chapter 2 reviews

observational studies and causal inference methods based on observational studies that are relevant

to this dissertation. The next section outlines the motivation for this research.

1.2 Problem Statement

There are many modern frameworks and approaches that rely on observational studies to in-

fer causality. However, these methods are still not widely used in the climate or Earth science

communities. To date, the most commonly used observational approaches include lagged correla-

2



tion/regression analysis as well as the bivariate Granger [18] causality approach. A main reason

for this lack of popularity is that understanding the cause-effect relationships in the climate is an

inherently challenging task. Many different complex processes in the climate interact with each

other in varying time spans with some interactions happening every couple of days to others hap-

pening at annual to decadal time scales. These interactions can be nonlinear, the distributions of

the relevant climate variables can be non-Gaussian, and the relevant processes can be chaotic.

A researcher interested in a specific science question is faced with the challenges of identifying

the climatological subprocesses that are relevant to the question, determining how to extract the

relevant signals from data, and how to set up the inference problem in a physically meaningful

way. Also, for the inference to be useful, the method has be able to make correct inferences about

the underlying system using sample data. Using appropriate preprocessing steps to amplify the

causal signals in the presence of noise, and avoiding selection bias, measurement errors, and sam-

pling errors can help the method capture a dependency structure that is faithful to the underlying

probability distribution of the variables (see Section 2.2 for details).

The seasonal cycles and underlying trends of the climate variables need to be removed when

the methods rely on stationarity assumptions. These trends can also act as hidden common causes

among variables (where time can act as the hidden common cause). Standard causal inference

methods assume that no hidden common causes are acting on two or more variables included in

the study. This assumption is also known as the causal sufficiency assumption (see Section 2.2

for details). However, it is impossible to practically guarantee that this assumption has been met.

There are causal inference methods such as the Fast Causal Inference (FCI - [19, 20]), time series

FCI (tsFCI - [21]), Greedy FCI (GFCI - [22]) and Really Fast CI (RFCI - [23]) that in theory

are supposed to identify asymptotically correct causal structures even in the presence of hidden

common causes. However, in practice these methods are more computationally expensive, have

limitations for time-series applications, and have not yet found wide-spread use.

In addition to the inherent difficulty of inferring causation in climate, the limited exposure and

accessibility to modern causal inference approaches is another reason for their limited use within
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the climate science community. These methods are currently popular among a small research

community focused on developing inference methods [9] for applications such as neurosciences,

bioinformatics, and econometrics, which rarely deal with spatiotemporal data. Further, the method

descriptions and publicly available code implementations are often based on jargon specific to the

causal inference community making them less accessible. Therefore, a researcher who is interested

in using causal inference approaches for applications in climate will have to initially put effort to

identify and understand suitable methods out of the many methods that are available, and customize

them to spatiotemporal data. Also, as the correctness of some of these methods has been proved

only at infinite sample size, their reliability at fixed sample sizes may vary requiring test cases and

feasibility studies.

Furthermore, even after selecting a suitable causal inference approach, the researcher may have

to make informed choices even within the numerous causal inference frameworks. For example,

for the constraint-based and score-based methods the conditional independence test or scoring

method needs to be selected based on the type of data, i.e., continuous or discrete or mixed, the

type of relationships between variables, i.e., linear or non-linear, and distributional assumptions of

the data, i.e., jointly Gaussian distributed, skewed, etc. It can be especially challenging to identify

suitable inference methods that are scalable to high dimensional problems, particularly when the

data is non-Gaussian and the relationships between the variables are non-linear.

Through this discussion, we see that the list of practical considerations and issues can be ex-

tensive. We have summarized the key points in Figure 1.1 below.

Data

• Number of samples

• Spatial, temporal 

resolution

• Preprocessing

• Non-Gaussian data

• Non-stationary data

• Non-linear dependencies

• Continuous, discrete, 

and mixed variable types

Framework

• Framework selection

• Parameter selection

• Faithfulness

• Hidden common causes

• Scalability to high 

dimensions

Inference

• Setting up the problem

• Variable selection

• Physical interpretation

• Auto-correlation

• Noise

• Statistical reliability

Figure 1.1: Summary of key considerations related to causal inference in climate science
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1.3 Scope of the Disseration

The numerous considerations, questions, and challenges discussed in Section 1.2 are likely to

impose a burden on a researcher interested in carrying out causal inference in the Earth sciences.

This research attempts to ease this burden by investigating how several of these issues can be

addressed. Specifically, we analyze a few causal inference questions in climate science, case-by-

case, and document the scientific thought process of setting up the problem, the challenges faced,

how the challenges are dealt with, and - in the process - also generate new scientific findings

of interest to the climate science community. The main objective of this research is to make

causal inference methods more accessible to a researcher/climate scientist who is at entry level to

spatiotemporal causality.

The scope of this research is limited to constraint-based structure learning methods, and graph-

ical Granger methods, which we hope will form the basis of the greater effort required to bridge

the gaps between the causal inference and climate science communities. As case studies, we in-

vestigate (1) the causal relationships between the Arctic temperature and midlatitude circulations,

(2) relationships between the Madden Julian Oscillation (MJO) and the North Atlantic Oscillation

(NAO), and (3) the causal interactions of atmospheric disturbances at different spatial scales (e.g.,

Planetary vs. Synoptic). The key considerations relevant to each case study is listed in Table 1.1.

Table 1.1: The key considerations of each case study

Case study Key considerations

1. Links between the Arctic and the

midlatitude jet-stream

Method selection:

PC vs. VAR-Granger and LASSO-Granger

2. Tropospheric and stratospheric causal

pathways between the MJO and NAO

Problem setup

Variable representation: MJO (cyclic phase)

Mixed (continuous-discrete) variables

Small sample size

Utilizing conditional probabilities

3. Interactions between synoptic- and

planetary-scale atmospheric disturbances

High dimensionality

Variable representation: complex numbers

Problem setup: from question to graph

Extracting relevant information

Validating results
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As shown in Table 1.1, these case studies tackle a wide range of key considerations and chal-

lenges relevant to causal inference in climate. Therefore, we hope that the solutions and sugges-

tions that we provide for each case study will act altogether as a resourceful starting point to many

general causal inference problems in climate science. The additional contributions of this research

are listed below.

Additional Contributions

1. Provide insights to atmospheric science. The case studies suggest the following.

• Case 01: Arctic temperature is linked together with jet speed and position by two robust

positive feedback loops that operate on timescales of 5-25 days.

• Case 02: MJO can impact the NAO via both a tropospheric and stratospheric pathway.

The stratosphere conditions the NAO to be conducive, or not, to MJO influence.

• Case 03: The observational study provides insights into planetary-synoptic scale inter-

actions that are consistent with the current understanding of the climate science com-

munity. a) Modulation of synoptic-scale disturbances by planetary-scale disturbances

is best characterized by the flow of information from a zonal wavenumber-1 distur-

bance to a synoptic-scale circumglobal wave train whose amplitude peaks at the North

Pacific and North Atlantic storm track region. b) The feedback of synoptic-scale to

planetary-scale disturbances manifests itself as a zonal wavenumber-2 structure driven

by synoptic-eddy momentum fluxes.

2. Provide step-by-step tutorials containing Python-based implementations of the bivariate

Granger causality approach and the PC stable algorithm [24, 25]. The motivation is to make

these methods more accessible to the climate science community.

3. First successful use of a causal inference algorithm in spherical harmonics space.
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1.3.1 Organization of the Dissertation

The remainder of this dissertation is organized as follows. Chapter 2 reviews the primary

frameworks for causal inference of relevance to this dissertation. Chapters 3–5 cover the 3 case

studies mentioned in the Table 1.1 in that respective order. These 3 chapters all contain research

that have been published at peer-reviewed scientific journals [8, 26, 27] as listed below.

• S.M. Samarasinghe, M.C. McGraw, E. A. Barnes, and I. Ebert-Uphoff: A study of links

between the Arctic and the midlatitude jet-stream using Granger and Pearl causality. Envi-

ronmetrics, 30:e2540, https://doi.org/10.1002/env.2540.

• E.A. Barnes, S.M. Samarasinghe, I. Ebert-Uphoff, and J. Furtado: Tropospheric and Strato-

spheric Causal Pathways between the MJO and NAO. Journal of Geophysical Research:

Atmospheres, 124, 9356-9371, https://doi.org/10.1029/2019JD031024.

• S. M. Samarasinghe, Y. Deng, and I. Ebert-Uphoff: A Causality-Based View of the Interac-

tion between Synoptic- and Planetary-Scale Atmospheric Disturbances. Journal of the Atmo-

spheric Sciences, 77, 925-941, https://doi.org/10.1175/JAS-D-18-0163.1.

Chapter 6 provides conclusions and discusses suggestions for future work.
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2 Observational Studies for Causal Inference

The formal framework of causality that allows to positively prove or disprove causal relation-

ships is based on interventions [20, 28, 29]. In an intervention analysis, a scientist intervenes or

performs experiments in the system of interest by changing/manipulating the state of any variable,

and then observes the cascading effects of that change on other variables. However, performing

intervention analysis in climate science is difficult, and requires targeted modeling approaches that

use dynamical models and specific experimental design. As discussed in Chapter 1, these modeling

approaches have certain limitations.

In such situations, resorting to an observational study (instead of an intervention analysis) that

uses observed or simulated data (as is without any experimentation) can help get insights into

questions that can otherwise be difficult to answer. Due to reasons such as the potential existence

of latent variables, we cannot prove any interactions through an observational study. However, we

can nevertheless disprove causal interactions through an observational study (see Section 2.2.1 for

details). Thus, an observational study only yields hypotheses of potential causal interactions that

need to be further evaluated by a climate scientist.

Even though observational studies cannot be used to prove causal relationships, causal discov-

ery methods based on observational studies have been proven to be useful to gain valuable insights

from observational data in many domains such as social sciences, economics, biology, and bioin-

formatics when interventions may be impossible, difficult or unethical [20, 30]. Understanding

interactions between different regions of the brain using fMRI data [31] and identifying gene reg-

ulatory networks using gene expression data [32, 33] are some examples. Over the years, many

different methods and efficient algorithms have been developed to identify potential cause-effect

relationships from observational studies. However, most of these methods are still not very well

known within the climate science community. The common approaches to identify associative and

causal relationships in climate science to-date are based on correlation analysis, simple/traditional
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lagged regression, and to some extent on bivariate Granger causality [18, 34] approach. Equation

2.1 provides an example of predicting a time series Y = {yt}Tt=1 using the past of X = {xt}Tt=1

using a simple lagged regression approach. Note that the auto-correlation/memory of Y is being

ignored in this model.

Simple lagged regression: yt = β+a1xt−1+a2xt−2+ . . .+apxt−p+ e, t = (p+ 1), . . . , T (2.1)

Here ai (for integer i ∈ [1, p]) are scalar regression coefficients and β is the model intercept. p

is the maximum lag of X used for prediction. e is the error term of the model.

Even though correlation analysis and lagged regression methods are fundamental tools to the

field of climate science, there are limitations of using them for causal analysis. For example, a

simple lagged regression model predicting Y using the past of X (but excluding the past of Y as

in Equation 2.1) might give the impression that X causes Y, when in reality (a) Y causes X but

the analysis is affected by the autocorrelation of Y (see [35] or [36] for details), (b) X and Y are

connected indirectly through another variable Z, (c) X and Y do not have any causal interactions

between them but are driven by a common variable Z (Z is a common cause of X and Y). Figure

2.1 shows these three examples graphically.

X Z Y

X Y

X

Z

Y

a)

b)

c)

Figure 2.1: Sample scenarios where simple lagged regression could incorrectly indicate that X causes Y.

Figure adapted from [4].

Causal discovery frameworks that are based on rigorous definitions have supported the devel-

opment of methods that seek to correctly determine the directionality of causation, distinguish
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between direct and indirect connections, handle the memory and feedbacks in a system, and in

certain cases be able to identify causal connections correctly even in the presence of hidden (la-

tent) common causes in contrast to correlation analysis and simple lagged regression. Out of the

different causal inference approaches, we list the two key approaches below.

• Granger causality (e.g., VAR-Granger, LASSO-Granger, Transfer entropy, and other non-

linear Granger approaches. See Section 2.1 for details.)

• Graphical causal model approaches (e.g., constraint-based structure learning methods

such as PC [37], PC-Stable [38] and Fast Causal Inference (FCI) [19,20], score based struc-

ture learning methods such as Fast-GES (FGES) [39], Fast Adjacency Skewness (FASK),

Greedy FCI (GFCI) [22], and Gaussian graphical methods. See Section 2.2 for details.)

These methods based on observational studies also provide advantages over the traditional

targeted modeling approach by allowing to identify causal pathways relative to other drivers and

feedbacks and by allowing for a direct comparison of results from observations and models.

Despite these advantages, only a handful of research groups have used more modern causal in-

ference approaches for climate science applications. [1,36,40–47] are a few examples. This lack of

popularity may be attributed to the fact that inferring causality in climate science is inherently more

difficult compared to other disciplines, as discussed in Section 1.2. In addition, Runge et al. [9]

provide an excellent overview of causal inference in Earth system sciences. Amidst challenges, us-

ing causal discovery approaches to identify causal interactions provides a major step forward from

the traditional approaches. Scalable implementations of these methods allow us to tackle high di-

mensional problems and infer causality among a large number of climate variables. The graphical

causal model approaches additionally provide a visual representation of the causal structure that

eases the interpretation compared to the pairwise comparisons of the bivariate Granger analysis.

Section 2.1 provides an overview of Granger causality and Section 2.2 provides and overview of

graphical causal models.
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2.1 Granger Causality

Granger causality [18, 34] is a statistical causal inference approach first introduced to econo-

metrics in the 1960s. In bivariate Granger causality, a time series X is said to Granger cause

another time series Y if the past of X contains unique information that is relevant to the current

state of Y, that is not contained in the past of Y or all other past information in the universe. To

determine whether X Granger causes Y in a practical and operational setting, we can ask a simpli-

fied question based on the predictability of these variables – ‘does the past of X help to predict the

current state of Y beyond Y ’s ability to predict itself?’ An alternative approach would be to pose

this question based on transfer entropy (an information-theoretic measure) and ask ‘does X reduce

the uncertainty of the current state of Y, beyond the degree to which the past of Y can already

reduce the uncertainty of Y ?’ [48]

Granger causality is a well-established, practical, and operational definition of causality for

time series variables and is the best known causal inference framework in climate science to date.

For an introductory overview and illustrations of the utility of the Granger causality approach

over simple lagged regression analysis, see [36]. This approach has been used and found useful

in climate attribution studies, for example, to understand the effect of CO2 on global temperature

[49,50], to examine the impact of sea surface temperatures on the North Atlantic Oscillation (NAO)

[51, 52] or the Arctic on midlatitude circulation [36].

2.1.1 Linear Bivariate Granger Causality

A common approach to identify Granger causality is based on the question of predictability

posed before and involves statistically comparing the error performance of two prediction models.

Namely, a restricted model where Y is predicted using the past values of Y alone, and an unre-

stricted model where Y is predicted using the past values of both X and Y . Then a statistical test

is carried out to determine whether the unrestricted model significantly improves the predictability

of Y compared to the restricted model. If so, X is said to Granger cause Y .
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Equations 2.2 and 2.3 show examples of restricted and unrestricted linear auto-regression mod-

els predicting Y .

Restricted: yt = γ + b1yt−1 + b2yt−2 + . . .+ bsyt−s + er (2.2)

Unrestricted: yt = β+a1yt−1+a2yt−2+ . . .+asyt−s+c1xt−1+c2xt−2+ . . .+cpxt−p+eu (2.3)

Here ai, bi (for integer i ∈ [1, s]) and cj (for integer j ∈ [1, p]) are scalar regression coefficients

and β and γ are model intercepts. s is the maximum lag of Y and p is the maximum lag of

X used for prediction. er and eu are the error terms of the restricted and unrestricted models

respectively. To identify the suitable number of lags, we can use information criteria such as the

Akaike information criterion (AIC) or the Bayesian information (BIC) or use an appropriate cross-

validation scheme [53].

In Equation 2.3, X is not a Granger cause of Y if all the regression coefficients related to

X , i.e., c1, . . . , cp, are equal (or very close) to zero. In other words, this is when X does not

significantly contribute to the predictability of Y. Thus the null-hypothesis for non-causality is

H0 : c1 = c2 = . . . = cp = 0, and this can be tested for example by comparing the variances

of the residuals of the restricted and unrestricted models (see for example, [48]). We provide a

step-by-step tutorial containing a Python-based implementation of the bivariate Granger causality

approach in the Data Analysis Tools for the Atmospheric Sciences (DATAS) gateway [25].

2.1.2 Beyond Linear Bivariate Granger Causality Methods

The bivariate Granger causality approach will neither allow us to distinguish between direct vs.

indirect relationships nor identify common drivers in the system. However, setting up the problem

in the multivariate setting can help overcome these problems. Section 3.4.1 shows how Granger

causality approaches based on Vector Auto Regression (VAR) as well as regularized regression can

be useful to identify Granger causes in a multivariate setting. The relationships identified using

these approaches can be represented in a graphical way as graphical Granger models (see [54] for

example).
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In place of the linear auto-regressive models used in this discussion, we can use appropriate

nonlinear models to identify nonlinear dynamics between variables. For example, [55] uses a

nonlinear Granger causality approach based on random forests while [56,57] use models based on

Artificial Neural Networks. Finally, we stress again that any approach based on observational data

only identifies potential causal interactions and does not guarantee ‘true’ causality. The insights

inferred from this type of study will be in the context of the variables used and subject to the

assumptions used by the inference methods such as stationarity of variables.

2.2 Graphical Causal Models

For a set of random variables, the conditional independence structure between them can be

represented as a probabilistic graphical model in which the variables of interest are represented

using graph vertices/nodes, and the direct probabilistic dependencies between them are represented

using graph edges. The directness of a dependency is always conditional (or in context) to the

variables included in the model. We can use a Bayesian network to represent a directed structure

as a Directed Acyclic Graph (DAG) or a Markov random field to represent an undirected structure.

In the context of our research, we will only focus on directed structures.

A directed graph G = (V,E) contains a set of vertices V = {V1, V2, . . . , Vn} and a set of

directed edges E that connect pairs of vertices. For a directed edge between two vertices Vi → Vj ,

we say that the vertex Vi is the parent of the child Vj . A DAG is a directed graph that has no

cyclic paths – a path is cyclic when it starts from a vertex and then cycles back to the same vertex,

for example, Vi → Vj → Vi. A DAG can be used to represent the conditional independence

relationships of a probability distribution, i.e., as a Bayesian network (for details on Bayesian

networks, see for example [58]). Figure 2.2 shows an example related to three discrete random

variables relating to how a specific patient’s tendency to get an asthma attack can be connected to

the occurrence of forest fires and the air quality in the patient’s neighborhood.

1. Forest fire - has states yes/no based on whether there is a forest fire in the neighborhood.

2. Air quality - has states good/bad based on air quality indices in the neighborhood.

3. Asthma attack - has states yes/no based on whether a specific asthma patient gets an attack.
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Forest fire Air quality
Asthma 

attack

Figure 2.2: Graph representing relationships between forest fire, air quality and tendency to get an asthma

attack for a specific patient.

As shown in Figure 2.2, whether there is a forest fire or not can have a direct impact on the

air quality of a geographical region. Having a forest fire can lead to poor air quality, which can

increase the tendency of asthma attacks. Based on this graph, there is a direct dependency between

forest fire and air quality whilst the dependency between forest fire and asthma attack is an indirect

one. If there is a forest fire, the patient will be more likely to get an asthma attack. However, if we

already know about the air quality of the region, knowing whether there is a forest fire or not will

not give us additional information about the patient’s tendency to get an attack. This means that the

air quality variable blocks the information flow between the forest fire and asthma attack variables.

In probability terms, this means that forest fire and asthma attacks are conditionally independent,

given the air quality variable.

Pearl [28, 29] and Spirtes et al. [20] pioneered the research in using DAGs in causal inference

by coming up with rigorous mathematical frameworks that allow to systematically relate DAGs to

probability distributions, arriving at conditions that are required to interpret these graphs as causal

models, and introducing methods that allow learning these structures from data efficiently. We

need to make the following assumptions about the underlying distributions to be able to interpret a

resulting Bayesian network as a graphical causal model [20, 59].

1. The model is causally sufficient.

This means that there are no hidden common causes, aka latent confounders, to the variables

included in the model. If any two nodes X and Y of the graph have a common cause L in the

underlying system, then L must also be included in the graph. Figure 2.3 shows an example

of a hidden common cause.
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L
Hidden 

cause

YX
X and Y : Included in the 

model

L: Causes both X and Y,

but not included in the 

model

Figure 2.3: L is a hidden common cause to the variables X and Y in the model.

It is important to note that based on this assumption, the graph needs to be complete with

respect to common causes. However, this assumption does not imply that the graph cannot

have unobserved variables. For example, there can be an unobserved variable acting as an

indirect cause or an unobserved variable driving only a single variable in the model [59].

2. The model satisfies the Causal Markov condition

The Causal Markov condition states that each variable X in the graph, given its direct causes

(i.e., its parents), is independent of every other variable that is neither a direct cause of X nor

a descendant (an effect) of X [20,59]. This property allows to represent the joint distribution

among all the variables of the graph in a minimal fashion, as in Equation 2.4 below.

P (V1, V2, . . . , Vn) =
n
∏

i=1

P (Vi|parents(Vi)). (2.4)

3. The model is Faithful

This means that the graph is a good representation of the underlying probability distribution.

If a conditional independence does not hold in the probability distribution, then it should not

hold in the graph either.

When these conditions are met, we can interpret a direct connection from node X to node

Y , i.e., X → Y , as X is a direct cause of Y relative to the variables included in the model.

Unfortunately, the required conditions to interpret a DAG as a causal model can be violated in

practical settings, especially the causal sufficiency condition. Causal sufficiency can be violated
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because we usually have to make an educated decision about the variables that are relevant to

the model, resulting in a risk of missing common causes. In addition, some variables that cannot

be directly measured may need to be represented through proxies. This violation of conditions

explains why interactions identified by a causal discovery algorithm need to be treated with caution

as potential interactions. The interactions are either true causal interactions or spurious interactions

that are due to reasons such as hidden common causes or inadequacies of faithfulness. The next

section explains the primary algorithm used in this research to derive a graphical causal model from

data. In addition, see [1] for a detailed discussion of graphical causal models and constraint-based

structure learning for applications in climate science.

2.2.1 Constraint–Based Structure Learning

Constraint-based structure learning methods provide efficient approaches to learn DAGs that

encapsulate the conditional independencies that are seen in observational data. As mentioned

before, an observational analysis can only give information about potential causal relationships -

we cannot use such a study to prove the sufficient conditions of causality. Nevertheless, we can still

eliminate or disprove causal relationships by using the necessary conditions, i.e., we can say that

two variables are not causally interacting if the relationship between them does not at least satisfy

the necessary conditions. With constraint-based structure learning, we use the necessary condition

that two variables X and Y are conditionally dependent given all other variables if there is a direct

causal relationship between them. However, the necessary condition gets violated if we find that

X and Y are conditionally independent given a set of variables (excluding X and Y ), disproving

the causal relationship.

As shown in Figure 2.4, the structure learning methods start with a fully connected undirected

graph (Figure 2.4, blocks 1 and 2). The initial assumption is that all pairs of variables have cause-

effect connections to each other. Then suitable conditional independence tests are used to test

whether each pair of variables are conditionally independent, given a subset of nodes (excluding the

pair of variables being considered) in the graph. A random variable X is conditionally independent

of Z given another variable Y if P (X|Y ) = P (X|Y, Z). Intuitively, this means that Z does not
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contain information about X that was not already contained in Y . Thus Z cannot be a direct cause

of X . Let us assume that this conditional independence holds for X, Y and Z in Figure 2.4. If the

variables are conditionally independent, then a necessary condition for causality is violated. Thus,

the edge between the two variables can be eliminated (Figure 2.4, blocks 3 and 4 where the edge

between X and Z gets eliminated). A great majority of potential connections will be eliminated

this way, leaving only a small set of potential causal relationships.

The final step of learning the DAG representation involves determining the directionality of the

edges such that the edges are directed from cause to effect (Figure 2.4, block 5). This can be done

using orientation rules that are based on conditional independencies [20], and constraints that are

based on the knowledge about the physical/temporal structure of the graph nodes. In the context of

this research, we only use the temporal structure of the nodes to direct the edges, because we have

found it to be the most reliable method for our applications [1].

1. Represent variables 

as graph nodes

2. Create a fully 

connected graph

3. Use independence 

tests to disprove 

interactions

4. Eliminate edges and 

obtain the graph skeleton

5. Find directions of 

interactions

Figure 2.4: A step-by-step overview of the constraint-based structure learning methods.
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PC Algorithm

The best-known algorithm for this purpose is the classic PC algorithm [37], which is named

after its inventors, Peter Spirtes and Clark Glymour. As explained before, this method tests whether

each pair of variables is conditionally independent, given any subset of nodes (excluding the pair

of nodes itself) in the graph. The size of the subset used (i.e., the number of nodes in the subset) is

referred to as the order of the conditional independence test. To make this process systematic and

computationally efficient, the PC algorithm first checks whether each pair of variables connected in

the graph are independent of each other (order = 0 test). If the variables are independent, then the

edge between them will be removed. For the edges that remain after this step, the algorithm will

test whether each pair of variables are conditionally independent, given another node in the graph

(order = 1 test). The algorithm will then continue this process iteratively increasing the number of

nodes included in the subset (increasing the order i.e., the cardinality of the conditioning set) until

no more edges can be removed. This algorithm further improves the computational complexity

of the conditional independence tests by only conditioning on the potential parents of the two

variables. In our research, we use an order-independent variation of the PC algorithm, namely the

PC-stable [38], which is more robust and easier to parallelize.

Temporal Extension of the PC Algorithm

Furthermore, as the causal interactions in climate span over time, we need to use a temporal

model that is capable of capturing causal interactions that span over time. The PC, PC-stable and

many other graphical causal model search approaches were originally introduced for cases that did

not involve time series variables. Here we use a temporal extension of the PC stable algorithm

following [1, 40], by additionally incorporating lagged copies of the original time series variables

as nodes of the graphical model.

Figure 2.5 shows an example of a graphical model based on the temporal variables X, Y and

Z. We provide the temporal information of the variables to the algorithm to ensure that the past and

the present can cause the future, but not the other way around. The variables at the same time step
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construct a tier of variables. In Figure 2.5, graph nodes belonging to the same tier are enclosed

within a dashed brown color box. This tier information is used to determine the directionality of

the graph edges. (We do not allow edges within the same tier, i.e., we do not allow instantaneous

cause-effect relationships.) As discussed in detail in [1], the first few tiers in the temporal model

will have a limited past to condition on, possibly resulting in initialization issues. A solution to

this issue is to discard the first tiers and their connections.

X(t-3) X(t-2) X(t-1) X(t)

Y(t-3) Y(t-2) Y(t-1) Y(t)

Z(t-3) Z(t-2) Z(t-1) Z(t)

Figure 2.5: An example of a temporal model containing lagged variables as nodes of the graphical model.

As the final step, we identify interactions that are consistently repeating over the temporal

causal structure. In Figure 2.5, there is a connection Z → X that occurs at a time delay of 1 time

step. In the temporal model shown in the figure, this interaction repeats 3 times as Z(t − 3) →

X(t− 2), Z(t− 2) → X(t− 1) and Z(t− 1) → X(t). This is the maximum number of times this

interaction could have occurred in this specific model. However, we see that another connection

that is X → Y at a time delay of 1 time step only occurs twice in the model. If there is a robust

causal signal between two variables, we would expect that interaction to be consistent and repeat

many times in our temporal model. However, if an edge does not show a repetitive nature and pops
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up arbitrarily, it may indicate a false discovery. We present the final results as a summarized causal

model as in Figure 2.6 where the directed edges between the graph nodes indicate the presence of

potential causal interactions. The curved arrows indicate auto-correlations. The numbers alongside

the arrows indicate the delay of the interactions in the number of time steps.

X

Y Z

1

1

1 1
(1)

Figure 2.6: Summarized causal graph of the DAG presented in Figure 2.5. The grey edge represents that

the connection from X → Y is less consistent.

Implementations

The method explained above is a simple temporal extension of the original PC-stable algorithm

and is explained in detail in [1]. The author of this dissertation developed a Python based step-by-

step tutorial suitable for low-dimensional applications that is provided in the Data Analysis Tools

for the Atmospheric Sciences (DATAS) gateway [24]. The ‘TETRAD’ program [60], which pro-

vides a suite of methods and conditional independence tests is another powerful tool that can be

useful to arrive at graphical causal models. In addition, the ‘TIGRAMITE’ [61] package provides

tools to derive graphical causal models using linear as well as non-parametric conditional inde-

pendence tests suitable for discrete or continuously-valued time series. The ‘Bayes Net Toolbox

(BNT)’ [62] in MATLAB and the ‘pclag’ [63] package in R provide implementations of the PC

stable algorithm for low dimensional applications. An efficient implementation in C developed by

our group is used for the high dimensional application in Chapter 5.
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Independence test based on partial correlation:

Partial correlation measures the linear association between two random variables, with the

effects of a set of controlling random variables removed. For multivariate Gaussian variables that

are linearly related, a zero partial correlation is equivalent to conditional independence [20]. We

can test whether the partial correlation, ρ, is equal to zero by statistically testing H0 : ρ = 0, using

an appropriate statistical test such as the Fisher’s Z-test [20]. Unless otherwise noted, we use this

approach to determine conditional independence with PC-stable.
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3 A Study of Links Between the Arctic and the Midlatitude

Jet-stream1

This case study investigates causal links between Arctic temperatures and the midlatitude cir-

culations. With respect to the circulations, we focus specifically on jet-streams, which are narrow

bands of fast-moving winds. We apply two different frameworks for this application based on

the concepts of (1) Granger causality and (2) Pearl causality. We use VAR-Granger and LASSO

Granger methods under the Granger causality framework and the PC-stable algorithm under Pearl

causality. This case study showcases how these methods can be useful to determine the time spans

and strengths of the potential causal interactions between variables. It also portrays the similar-

ities, pros and cons of these methods for low-dimensional applications. The motivation of this

case study is to increase awareness of causal inference approaches that are easy to use and thereby

facilitate the reader in questions related to method selection in low dimensional settings. The re-

sults from these methods show that Arctic temperature and jet speed and position all exhibit strong

autocorrelation, but also that these variables are linked together by two robust positive feedback

loops that operate on timescales of 5-25 days.

3.1 Motivation

Arctic amplification–that is, the phenomenon of Arctic temperatures rising much faster than

the global mean [64] – and its present and future effects on midlatitude weather and climate have

received substantial attention in recent years. While it is well known that the midlatitude circu-

lation can drive changes in Arctic temperatures and sea ice, it is unclear how and to what extent

the Arctic influences midlatitude weather [65]. Some argue that Arctic amplification is already

1This chapter contains material that has been published in the Environmetrics as: S. M. Samarasinghe, M. C.

McGraw, E. A. Barnes, and I. Ebert-Uphoff: A study of links between the Arctic and the midlatitude jet-stream using

Granger and Pearl causality. Environmetrics, 30:e2540, https://doi.org/10.1002/env.2540.
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influencing midlatitude weather [66–69], while others state that any possible signal is too small to

have been observed amidst the background of atmospheric variability [70–72]. Regarding Arctic

influence on the midlatitude circulation under climate change, idealized and fully-coupled climate

model simulations have shown an equatorward shift of the jet streams and storm tracks (the regions

where extratropical cyclones occur most frequently) as well as weakening of the zonal winds in

response to Arctic warming and sea ice loss [73–76]. The mean locations of the wintertime jet

streams in MERRA-2 reanalysis data [77] can be seen in Figure 3.1a. While this equatorward

shift of the storm tracks is considered a robust midlatitude response to Arctic amplification, little

is understood about the underlying dynamics behind this response in models or whether the mod-

els can adequately simulate the processes involved. Making progress requires that we study the

two-way causal connections between Arctic temperatures and the midlatitude circulation–that is,

the midlatitude circulation driving changes in the Arctic as well as the Arctic driving changes in

the midlatitudes–in context of one another and the background of atmospheric variability.

The typical approach for assessing causal links in climate dynamics (including studying the

links between the jet streams and Arctic warming/sea ice loss) is targeted modeling studies. While

incredibly useful for understanding the physical mechanisms at play, this approach only allows

for studying cause and effect in isolation, and does not allow for the feedbacks between the jet

streams and Arctic warming to fully develop. A modeling study that examines the response of

the atmospheric circulation to prescribed heating in the Arctic analyzes the circulation response

to this Arctic warming; however, as the heating in the Arctic is fixed, the circulation is unable to

influence, modify, or feed back upon the Arctic temperature. However, the midlatitude circulation

is thought to have substantial impacts on the Arctic, potentially impacting Arctic temperatures, sea

ice thickness and extent, and moisture [66, 78, 79]. These two-way feedbacks are potentially very

important in terms of understanding the full atmospheric response to Arctic warming, and thus, it

is vital to analyze both the Arctic’s influence on the midlatitudes and vice-versa.

In addition, we have entered a period where atmospheric science tends to be “data rich” both

in observations and model output [80]. Thus, there is great need for additional tools that can aid
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scientists in identifying and extracting signals. Causal discovery techniques provide (1) robust

definitions of causality, (2) can have direct ties to forecasting/prediction, (3) augment targeted

model studies, and (4) allow for a direct comparison of results from observations and models.

Here we use two different frameworks to learn about causal relationships for the Arctic-

midlatitude system. The first framework uses vector autoregression (VAR) type models (i.e. VAR

and LASSO), combined with the concept of Granger causality. The second framework is based

on the concept of Pearl causality. We apply both frameworks to the study of causal links between

the Arctic and midlatitude jet streams. The purpose is two-fold: (1) by comparing the results of

two very different frameworks we hope to identify robust results; (2) to make more geoscientists

aware of the different types of causal analysis tools. In this article, we extend and progress from

our initial study presented as a short paper [81], while providing detailed elaborations.

3.2 Causality in Climate Science

The best known concept to identify cause-effect relationships in climate science is Granger

causality, developed by Clive Granger in the late 1960s [18,34] (see Section 3.4.1). However, other

methods for causal discovery also exist, including Pearl causality, which was developed in the late

1980s [20,28,29,82] (see Section 3.4.2). When investigating cause-effect relationships it is crucial

to distinguish between two different types of causal analysis, namely (1) intervention analysis and

(2) observational analysis. Causal calculus [28, 82], which provides a comprehensive mathemat-

ical framework for causal discovery, analyzes what can or cannot be concluded using either type

of analysis. Intervention analysis allows one to positively prove or disprove causal relationships

between considered variables, but it requires that scientists can actually perform interventions on

the system of study, i.e., that one can change the state of any variable and then observe the cascad-

ing effects on the other variables. In climate science, such interventions are very difficult and most

often require the use of dynamical models and a specific experimental design [15].

Here, instead of performing multiple dynamical model simulations to act as interventions, we

focus solely on an observational-type analysis, using model output that already exists in place of ac-

tual observations. Several different frameworks for observational analysis have been applied to cli-
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mate science to provide graphical representations of likely cause-effect relationships [1,36,40–47].

However, of highest relevance to the application considered here are causality studies related to the

Arctic, primarily the work by [83], [84] and [4]. These studies demonstrate the utility of causality

techniques for studying Arctic-midlatitude connections. [83] and [84] use a vector autoregression

(VAR) Granger approach to explore sea ice–North Atlantic Oscillation and sea ice–West Pacific

Pattern connections, respectively. Their approach falls into the category of Granger approaches

discussed in Section 3.4.1. While [83] and [84] assess the performance and significance of their

VAR model and its results by comparing an unrestricted model (all connections are allowed) to

a restricted model (specific connections are not permitted), here we assess significance by com-

paring an unrestricted VAR-Granger model (similar to that described in [83]) to a LASSO model

that uses regularized regression to determine significant coefficients and connections (see Section

3.4.1). Another difference between our work and that of [83] and [84] is that these previous studies

allow for simultaneous connections, while we - for simplicity - do not.

Kretschmer et al. [4] use a combination of Pearl causality and Granger causality concepts to

investigate the role of Barents-Kara Sea ice concentrations on wintertime circulation using a 2-

step procedure. In Step 1 they identify, for each considered variable, its potential causes using

Pearl causality. Step 2 uses Granger causality, namely they perform a regression analysis for each

variable to verify the results obtained in Step 1 and to assess the strength of the connections. Both

steps are performed separately for each variable, i.e. one variable is declared the output variable

(predictand) and the effect of all other variables (predictors) on the specific output variable is

studied using scalar regression models. The results from these individual analyses are then pieced

together at the end to a combined graph of all interactions. In contrast, we present using a vector

approach that studies relationships between all variables simultaneously, without declaring any of

them predictand or predictor, which allows for feedback loops between the variables to be explicitly

identified. Nevertheless, the method by [4] is most closely related to the work presented here.

Another difference between our work and previous studies, e.g., [83,84] and [4], is that previous

studies use empirical orthogonal functions (EOFs) to represent the circulation response to Arctic

25



warming. While EOF-based methods can be quite useful at dimension reduction and capturing

broad-scale spatial variability, they often fail to capture details in the circulation changes. By

focusing here on the position and strength of the jet streams separately, we are able to analyze

potential circulation changes in more detail, as jet position and jet strength do not necessarily

covary [85, 86].

3.3 Data

We analyze daily data from the Community Earth System Model–Large Ensemble (CESM-

LE, [87]), a fully-coupled general circulation model (GCM). We use years 402 to 2,200 of the pre-

industrial control run (all external forcing is fixed at its levels from 1850), resulting in 656,634 days

(1,798 years) of data that acts as a proxy for a very long observational record. The data are gridded

at a 1◦ horizontal grid spacing–that is, 0.9◦ in latitude by 1.25◦ in longitude. The seasonal cycle

is removed from the daily data, and the daily data are then averaged into non-overlapping 5-day

chunks to smooth out higher frequency variability. Afterwards, each time series is standardized–

that is, its mean is subtracted and it is divided by its standard deviation. For our analysis we focus

on the winter season (DJF), roughly dividing the number of data samples for each experiment by

four.

The data are stationary in the long-term, as they were generated by a control run with no

external forcing; and the impacts of the seasonal cycle are minimized by removing the first four

Fourier harmonics of the data. Nevertheless, as pointed out by [88], even if the seasonal cycle is

removed in this way there is still the possibility that seasons affect the relationship between the

different variables, which would necessitate taking the cycle into account when modeling their

causal relationships. This is not a concern in this study, as we only consider a single season

(Dec-Feb), and any seasonal changes can be assumed to be sufficiently small during that time.

(Otherwise one could use the tools provided in [88] to test for periodic correlation, and to adjust

the model accordingly). The mean subtraction in the standardization ensures that all variables

used in the models have zero means. However, this step has minimal impact on the results as the

variables already have means that are almost zero (but not exactly zero) at this stage. The winter
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season is analyzed here because the teleconnection patterns between different regions are strongest

in winter [89], and extratropical storm activity itself is greatest in the winter [90, 91]. Here, we

focus on the North Pacific (120oE - 240oE, covering 97 grid boxes in longitude), and we analyze

the circulation using the following three univariate time series, each consisting of 32,381 5-day

averages:

• jet latitude in the North Pacific, L;

• jet speed in the North Pacific, S;

• 850 hPa Arctic temperature averaged over 70oN-90oN at all longitudes, T .

Jet latitude, L, and jet speed, S , represent the position and strength of the eddy-driven jet, which

are often used as proxies for the position and strength of the jet-streams. L and S are calculated

by determining the maximum position and strength of the zonal component of the winds at 850

hPa over the North Pacific basin (120-240◦E). First, the 850 hPa zonal winds are averaged over all

longitudes in the North Pacific basin to create a zonal-mean profile of the zonal wind. The resulting

zonal-mean zonal wind profile is interpolated to a 0.01◦latitude grid. A quadratic polynomial is fit

around the maximum of this interpolated wind profile, following [92] (see Figure S3 in [93] for an

example of a zonal-mean zonal wind profile). The maximum of this quadratic polynomial is the

jet speed (S), while its latitudinal position is the jet latitude (L). The distributions of 5-day mean

wintertime North Pacific jet position (Figure 3.1b) and jet strength (Figure 3.1c) can be seen in

Figure 3.1, with their means and spreads indicated by vertical lines. Note that the seasonal cycle

has not been subtracted from the jet position and jet speed distributions in Figures 3.1b,c, so as to

show the actual physical values of North Pacific wintertime jet position and speed.
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(a) DJF Zonal Winds, MERRA-2 (1980-2017)

(b) North Pacific Jet Position, 5 day means (DJF)
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(c) North Pacific Jet Strength, 5 day means (DJF)
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Figure 3.1: (a) Daily mean DJF zonal winds calculated from MERRA-2 reanalysis. Only values above 5

m/s are shown. The blue line denotes 70◦N and indicates the cap over which T is calculated. Distributions

of DJF North Pacific jet (b) position and (c) strength. Dashed lines indicate mean (µ) and two standard

deviations (±2σ).
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3.4 Causality Methods

We briefly discuss the two types of causality methods used here, based on (1) Granger causality

and (2) Pearl causality.

3.4.1 Methods Based on Granger Causality

In this subsection we discuss the concept of Granger causality, and introduce two types of

regression models, VAR models and LASSO models, which can be used to identify variables that

are Granger causes of other variables.

Granger causality

The concept of Granger causality is based on the predictability of temporal variables and can be

simply explained using two univariate time series X = {xt}Tt=1 and Y = {yt}Tt=1. The time series

X is said to be a Granger cause of Y , if the past values of X provide information about the current

state of Y , beyond what is already known from the past values of Y , alone. Testing for Granger

causality can thus be achieved by comparing two different prediction models. In the first model,

Y is predicted using the past values of both X and Y (unrestricted model), whereas in the second

model, Y is predicted using only the past values of Y (restricted model). Then a statistical test is

carried out to determine whether the unrestricted model significantly improves the predictability

of Y compared to the restricted model (for details, see for example [83]). If the predictability of Y

is significantly improved by the inclusion of X in the model, X is said to Granger cause Y . As for

the prediction model, a suitable linear or nonlinear model can be used. In the context of this paper,

we only look at linear lagged regression models resulting in restricted and unrestricted models as

follows,

Unrestricted model: yt = β+a1yt−1+a2yt−2+ . . .+asyt−s+c1xt−1+c2xt−2+ . . .+cpxt−p+eu

(3.1)

Restricted model: yt = γ + b1yt−1 + b2yt−2 + . . .+ bsyt−s + er (3.2)
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Here ai, bi (for integer i ∈ [1, s]) and cj (for integer j ∈ [1, p]) are scalar regression coefficients

and β and γ are model intercepts. p and s are the number of lags of X and Y respectively. For

simplicity, we use the same number of lags for each variable, i.e., s = p. er and eu are the error

terms of the restricted and unrestricted models respectively.

This approach, which we call the two-model Granger approach, is the simplest and by far

the most common approach in which Granger causality is used in climate science to date. Use

of Granger causality in this way constitutes a major step forward compared to more traditional

methods in climate science such as single variable lagged linear regression analysis, since the

latter can often lead to misleading conclusions, which are prevented with the two-model Granger

approach [36]. The two-model Granger approach can be extended by connecting the concept

of Granger causality to the coefficients of Vector Auto-Regression (VAR) models. This approach,

which we call VAR-Granger, is a natural generalization of the two-model Granger approach, which

allows us to (1) easily apply Granger analysis in cases with a large number of time series variables

and (2) generate visualizations of the different relationships in the form of graphs, as demonstrated

in later sections.

Vector Autoregression (VAR) model

Vector autoregression (VAR) performs regression on several variables without declaring one

variable the predictand and the remaining ones predictors. Instead, all variables are treated the

same way. Namely, a VAR(p) model estimates the vector zt ∈ R
k, which contains all variables of

interest, in terms of its p lags as follows:

zt = c+A1zt−1 + ...+Apzt−p + et for t = (p+ 1), . . . , T, (3.3)

where vector zt = [z1t, . . . , zkt]
′ contains the values of k considered variables at time t;

c = [c1, . . . , ck]
′ is a fixed vector containing the model intercepts; Ai are the (k × k) coefficient

matrices (for i = 1, . . . , p); and et = [e1t, . . . , ekt]
′ is the vector of error terms (residuals). These

error terms are assumed to be independent and identically distributed with E[et] = 0 and a non-
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singular covariance matrix E[ete
′

t] = Σe. Using this notation, to analyze the relationships between

the two univariate time series X and Y from section 3.4.1, we would simply use k = 2 and define

zt = [xt, yt]
′.

An ordinary least-squares approach is used to solve the standard regression problem and cal-

culate the model parameters of Eq. (3.3), namely vector c and matrices Ai [53]. Once a model of

the form in Eq. (3.3) is obtained, we perform a validation test to ensure that the model is stable,

i.e. that all roots of the characteristic polynomial lie outside the complex unit circle (e.g., see [53]

or [94]). Such a stable VAR(p) process is automatically stationary as well. We derive such a VAR

model for several different values of p, and select a suitable model using a selection criterion, such

as the Akaike information criterion (AIC) or the Bayesian information criterion (BIC) [53,95,96].

Connection to Granger causality

We can apply the concept of Granger causality to VAR models by inspecting the coefficients

in Ai. Let ailm denote the element of row l and column m of matrix Ai, and let the time-series

{zl,t} denote the lth variable without lag, and {zm,t−i} denote the mth variable with lag i. Then

ailm denotes the effect of {zm,t−i} on {zl,t}. Furthermore, since the data was normalized, ailm indi-

cates for a change of one standard deviation of {zm,t−i} the amount of change to expect in {zl,t}.

(This quantitative interpretation should be used with caution, as many geophysical relationships

are nonlinear, and the model is thus only a rough approximation.) Then, for l 6= m, we see in this

model that {zm,t−i} is useful for the prediction of {zl,t}, if and only if ailm 6= 0. Consequently, the

mth variable, {zm}, is said to Granger-cause the lth variable, {zl}, if and only if at least one of the

coefficients ailm 6= 0 for any lag i = 1, . . . , p.

For practical implementation, determining non-zero coefficients from a VAR model often re-

quires applying a threshold on the magnitudes of the coefficients. That is because, due to noise and

numerical accuracy, many - sometimes even most - of the coefficients can be very close to zero,

but not exactly zero. Unless a natural threshold can be identified based on the problem, we need

to set a user-defined threshold, resulting in subjective model selection, that can be highly sensitive
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to noise. The following section describes how regularized regression techniques can be used to

overcome this issue.

Regularized Regression (LASSO)

Regularization techniques can be used to obtain a sparse model that identifies the subset of

predictors that have the strongest effect on the predictability of the responses. Specifically, the

LASSO (Least Absolute Shrinkage and Selection Operator) [95, 97, 98] approach finds a least

squares solution subject to a l1-norm constraint on the coefficients, namely it imposes a bound on

the sum of the absolute values of the coefficients. The imposed constraint shrinks the values of

the regression coefficients and sets many coefficients exactly to zero to obtain a more generalized

and sparse solution2. Therefore LASSO results in a model of the exact same form as Eq. (3.3),

but where many coefficients are exactly zero. This improves the interpretability of the model

(especially when there is a large number of predictors) and simplifies the process of identifying

Granger causes. In addition, regularization allows for a more generalized model with improved

prediction accuracy on test data compared to the ordinary least squares solution [97]. For this

particular study, we use a version of the group LASSO approach, described in Appendix A.1.

For LASSO approaches, the regularization parameter, λ, determines the sparsity of the resulting

matrix. Using λ = 0 is equivalent to the ordinary least squares solution, while a large value

of λ gives a very sparse solution. (See Eq. (1) in Appendix A.1 for the exact definition of λ

for Group Lasso.) λ should be selected as a trade-off, i.e. small enough such that all relevant

relationships in the model are included, but large enough to yield a simple and interpreteable

model. Literature suggests that the elastic-net, which is a regularization technique incorporating

both l1 and l2 constraints, can be more useful than LASSO when predictors are highly correlated

(which is often the case with many climate variables) [98]. However, in our study, the use of an

elastic-net did not provide any noteworthy changes in the dependency structure compared to the

LASSO results (therefore not presented here).

2Note that applying an l2-norm constraint to the coefficients would also shrink them, but not force them to zero

[98].
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3.4.2 Method Based on Pearl causality

Pearl causality [20, 28, 29] follows from causal calculus [82] and is defined through interven-

tions. If interventions are possible, then Pearl causality provides both sufficient and necessary

conditions for causal relationships, i.e. with an intervention analysis one can say with certainty

whether or not variable X is a cause of Y . In the case of observational analysis we can still use

Pearl causality to provide a necessary condition for causality, namely certain conditions have to

be satisfied in order for X to possibly be a cause of Y . The primary reason for losing the ability

to prove sufficiency from observations alone is the potential existence of hidden common causes,

i.e. latent variables. Namely, if two variables X and Y are both related solely due to the effect

on them by an unmeasured third variable, Z, then an intervention analysis would correctly iden-

tify that there is no direct connection between X and Y , while an observational analysis might

incorrectly conclude in that case that X is a cause of Y , or vice versa.

In an observational analysis, we can nevertheless use the necessary condition to eliminate the

great majority of potential connections, leaving only a small number of potential cause-effect rela-

tionships. Namely, we use an elimination method that first assumes that all pairs of variables have

cause-effect connections to each other (for all lags), then uses conditional independence tests as

necessary causality conditions to delete connections. The best known algorithm for this purpose

is the classic PC algorithm [37], which is named after the first names of the two authors, Peter

Spirtes and Clark Glymour.

The PC algorithm usually yields a small set of potential cause-effect relationships, and the set

of true causal relationships is a subset of that set. This type of method is called constraint-based

structure learning, since we seek to constrain - i.e. construct a boundary set for - the set of true

causal relationships. The specific method used here is the temporal version [1,40] of the PC stable

algorithm [38]. PC stable is a variant of PC that is more robust and can easily be parallelized.

For more details on this approach, see [1]. For brevity, we refer to PC stable as simply PC in the

remainder of this document.
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3.5 Application to Arctic-Jet Stream Connections

To study the causal links between the Arctic and the midlatitude jet streams, we model the

relationships between jet speed (S) and Arctic temperature (T ), and, separately, the relationships

between jet latitude (L) and Arctic temperature (T ), using the three methods discussed above, i.e.

VAR-Granger, LASSO-Granger and PC stable.

3.5.1 Implementation Details

Multivariate regression in VAR is implemented using the mvregress function in MATLAB,

while the Glmnet [99] MATLAB package (multi-response Gaussian family scenario) is used to

apply LASSO. We use the AIC and BIC criteria to select the maximum lag for the VAR model,

p–here, we determine that p = 5 (25 days). The λ parameter in LASSO is selected using K-fold

cross validation scheme (with K = 10) based on the mean square error performance on test data.

Namely, the selected λ is the λ that corresponds to the one-standard-error rule as explained in [98,

100]–this λ gives a more regularized model, while keeping the mean squared error (MSE) within

one standard error of the minimum MSE value. Based on this scheme, λ = 0.0179 is selected

for the T vs. S model. (Additional information related to the selection of p and λ parameters is

provided in Appendix A.2).

The learn_struct_pdag_pc function of the MATLAB Bayes Net Toolbox (BNT) [62] is used

for a simple implementation of the PC stable algorithm. We modify the BNT to use temporal

constraints [1, 40] and implement the PC stable version. We use the Fisher-Z test to test for condi-

tional independence using partial correlation. The significance value, α, of the independence test

is chosen as α = 0.05, a common value; results are insensitive to variations in α between 0.01 and

0.1. Instantaneous connections are not permitted between variables in the PC stable algorithm to

make results comparable with VAR and LASSO implementations. The PC model is run with 11

time slices, using the original variables {z} and 10 time shifted versions of {z} shifted by -25, -20,

..., -5, +5, ..., +25 days [1]. As general practice, we check convergence characteristics of the model

to ensure that the model has converged to a solution [1].
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3.5.2 Results and Interpretation

Jet Speed and Arctic Temperature

The VAR and LASSO models (Figure 3.2a,b) show both the magnitudes and the signs of the

jet speed-Arctic temperature (S-T ) relationship. For LASSO (Figure 3.2b), only the significant

(nonzero) coefficients are shown, while all coefficients are shown for the VAR model (Figure 3.2a).

Thus, lag days and coefficients that appear in both the LASSO and VAR models can be considered

robust. To begin, we note that it is clear that the VAR and LASSO models are quite similar–the

signs of the coefficients that appear in both models are largely the same, and their magnitudes are

similar as well. The lags with the strongest coefficients are the same for both VAR and LASSO.

For both the LASSO and the VAR models both S and T are autocorrelated (curved arrows), with

coefficients that decay over the 25 day period but remain non-zero. T drives S 5 days later (as well

as 10, 15, and 20 days later), with the positive coefficient indicating that warmer temperatures drive

a faster jet in the North Pacific. S also drives T at a lag of 5 days, with the negative coefficient

indicating that faster jets are associated with a colder Arctic. However, at a lag of 15 days and

beyond, the relationship between S and T changes–S drives T with positive LASSO coefficients,

indicating that a stronger North Pacific jet drives warmer Arctic temperatures. Collectively, the

LASSO results indicate that there is a positive feedback loop between Arctic temperature and

North Pacific jet speed–a warmer Arctic drives a stronger North Pacific jet, and the stronger jet

drives further Arctic warming.

The jet speed–temperature PC model (Figure 3.2c) agrees quite well with the results of the

LASSO and VAR models, although its formulation does not provide the magnitudes or signs of the

relationships. The autocorrelation relationships (curved arrows) in the PC model are quite similar

to those in the LASSO model. In the PC model, T drives S at a lag of 5 days only, and S drives

T at lags of 15 and 20 days. These lags in the PC model match well with those having significant,

larger coefficients in the LASSO models, highlighting that the different methods yield very similar

(although not identical) results. The only exception is that for a lag of 5 days, LASSO picks up a

moderately strong, negative connection from S to T , while PC does not confirm that connection.
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Figure 3.2: Arctic temperature (T ) and jet speed (S) relationships as described by (a) VAR (p = 5), (b)

LASSO (λ = 0.0179, p = 5) and (c) PC (11 time slices, α = 0.05) models. Parentheses in PC results

denote weak relationships.

Figure 3.4a summarizes these results–the colors of the arrows indicate the sign of the relationship

(determined from VAR and LASSO), while the significant lag days are determined by including

only lags that are significant in both the LASSO and PC models.

Jet Latitude and Arctic Temperature

Jet latitude, L, also shows evidence of a causal relationship with T in the VAR, LASSO, and

PC models (Figure 3.3). The influence of T on L is not as strong as the influence of T on S , with

both PC (Figure 3.3c) and LASSO (Figure 3.3b) showing few lags with significant relationships.

In both the LASSO and VAR (Figure 3.3a, b) models, the T driving L relationship is negative at a

lag of 5 days, and positive at a lag of 10 days. However, the PC model shows that the T driving L
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connection is only significant at 5 days; thus, we consider only the signs of the 5-day coefficients.

This negative coefficient at a lag of 5 days indicates that warmer Arctic temperatures drive an

equatorward shift of the jet in the North Pacific, consistent with results from previous modeling

studies [73, 75, 76].

(a) VAR (b) LASSO
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Figure 3.3: Arctic temperature (T ) and jet latitude (L) relationships as described by (a) VAR (p = 5), (b)

LASSO (λ = 0.0337, p = 5) and (c) PC (11 time slices, α = 0.05) models. Parentheses in PC results

denote weak relationships.

While the T driving L relationship is relatively weak, the influence of L on T is stronger. The

LASSO and VAR models show that L drives T with negative coefficients at most lags, indicating

that a more equatorward jet drives warmer Arctic temperatures and a more poleward jet drives

cooler Arctic temperatures. This relationship is strongest at a 5 day lag; it also strengthens at a
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Figure 3.4: Minimalist graphs showing the dominant feedback loops and their time lags identified by all

three methods when applicable. Note that the two positive relationships between arctic temperature and jet

speed result in a positive (i.e. reinforcing) feedback loop. Similarly, the two negative relationships between

arctic temperature and jet latitude together also result in a positive feedback loop.

25 day lag in the VAR model. The PC model shows a very similar relationship to the LASSO

model–L drives T at a lag of 5 days, with a resurgence at 20-25 days.

Like the positive feedback loop found between T and S (Figure 3.2), the positive feedback loop

in Figure 3.3 indicates that the jet position–Arctic temperature feedback loop also acts to enhance

Arctic warming. This positive feedback loop between jet position and Arctic temperature is more

simply represented in Figure 3.4b. Dynamically, a more equatorward jet could act to enhance

Arctic warming via increased cyclonic Rossby wave breaking activity on the poleward flank of

the jet stream [101], which increases moisture transport into the Arctic, and thus, atmospheric

absorption of longwave radiation [78, 79], further warming the Arctic.

3.6 Discussion and Future Work

Using VAR, LASSO, and PC models, we have quantified robust positive feedback loops be-

tween the North Pacific jet stream and Arctic temperatures on daily timescales. Specifically, a

positive feedback loop is identified between jet speed and Arctic temperatures on timescales of

5-15 days, where a warmer Arctic drives a faster jet, and a faster jet drives a warmer Arctic. Sim-

ilarly, a positive feedback loop is identified between jet latitude and Arctic temperatures, where a

warmer Arctic drives a southward shift of the jet which drives further Arctic warming.
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The interesting similarity between results from different frameworks can be explained by the

fact that partial correlations are used as the underlying indicator of relationships in all of these

methods. In this study, PC uses partial correlation for its conditional independence tests while the

Graphical Granger model uses regression coefficients, which are closely related to partial corre-

lations as well. However, the results are not identical because the VAR-Granger models generate

partial correlations by conditioning on all the variables simultaneously. PC performs partial cor-

relation tests consecutively, starting from small conditioning sets and going to higher dimensions

only as needed. As shown in [102], the PC approach has higher power compared to the VAR-

Granger approach in high dimensional applications consisting of a larger number of variables and

lags.

Throughout this study, we mainly focused on the linear relationships between Arctic temper-

ature and the jet stream variables. We used linear regression models to identify Granger causes

while we used partial correlation (a measure of linear dependence) based conditional indepen-

dence tests in the PC algorithm to identify Pearl causes. However, the actual relationships in

climate can be complex and nonlinear. By using nonlinear regression models (e.g., nonlinear ran-

dom forests in [55]) along with statistical tests, one can identify nonlinear Granger dependencies

between variables. It is possible that such nonlinear approaches would show higher sensitivity to

Granger analysis, as they could pick up both the linear and nonlinear components of the causal rela-

tionship. Also, the use of entropy based measures (such as mutual information) for the conditional

independence tests could capture nonlinear Pearl dependencies from the PC algorithm.

A limitation of any standard observational analysis, no matter whether based on Granger

causality or Pearl causality, is the potential existence of hidden common causes. Results obtained

from observation analysis must thus be interpreted with caution, i.e. they should be interpreted as

hypotheses that need to be confirmed by identifying the physical mechanisms behind each connec-

tion. The Fast Causal Inference (FCI) algorithm [20], which is an extension of the PC algorithm,

can be helpful for alleviating this issue, and is suggested to be studied in future work.
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The work described here is only the beginning of a larger study that aims to apply causal

discovery techniques to quantify Arctic-midlatitude connections. In future work we plan to expand

the current study to include: (1) expansion of these methods to reanalysis, 2-D spatial fields, and

inclusion of additional variables such as sea ice extent; (2) results from significance testing by

comparing unrestricted and restricted VAR models; (3) quantification of the strength of causal

relationships with non-regression-based techniques. By applying causality techniques to the topic

of Arctic-midlatitude connections we aim to not only better understand the feedbacks between the

Arctic and midlatitude weather, but also, provide the climate science community with an example

of how these powerful tools can offer new insights into complex earth science problems.

Support for this work was provided by National Science Foundation (NSF) grants AGS-1545675 (Barnes and

McGraw) and AGS-1445978 (Ebert-Uphoff and Samarasinghe) under the Climate and Large-scale Dynamics program.
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4 Tropospheric and Stratospheric Causal Pathways between

the MJO and NAO4

The Madden Julian Oscillation (MJO), which is a tropical oscillation that occurs above parts

of the Indian and Pacific oceans, is well known as an influencer of the global atmospheric circula-

tion and a primary source of predictability at subseasonal-to-seasonal (S2S) time scales. Previous

work has shown that the Madden-Julian oscillation (MJO) can influence the North Atlantic Oscil-

lation (NAO), which is an oscillation that influences North Atlantic (i.e., Europe and parts of North

America) weather, via a Rossby wave teleconnection that propagates through the troposphere (i.e.

a tropospheric pathway). In addition, recent work suggests that the MJO can influence the strato-

spheric polar vortex which is also known to influence the tropospheric NAO – thus, there likely

exists a stratospheric pathway for MJO influence as well. Here, we apply two methods to shed

more light on the pathways linking the MJO to the NAO. First, we use a traditional approach in

climate science based on analyzing conditional probabilities. Second, we use methods from causal

discovery theory based on probabilistic graphical models. Together, these two analysis approaches

reveal that the MJO can impact the NAO via both a tropospheric and stratospheric pathway. The

study and the results are explained in detail in the Sections 4.1 – 4.6 while Section 4.7 draws rela-

tionships between the two analysis approaches (i.e., conditional probabilities and graphical causal

models). Finally, Section 4.8 provides a discussion of the practical challenges and considerations

related to this case study.

4This chapter contains material that has been published in the Journal of Geophysical Research: Atmospheres as:

E.A. Barnes, S.M. Samarasinghe, I. Ebert-Uphoff, and J. Furtado: Tropospheric and Stratospheric Causal Pathways

between the MJO and NAO. Journal of Geophysical Research: Atmospheres, 124, 9356-9371, https://doi.

org/10.1029/2019JD031024.
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4.1 Introduction & Motivation

Wintertime weather regimes across the Northern Hemisphere are generally typified by the

phase and amplitude of tropospheric modes of variability, like the Northern Annular Mode (NAM)

(e.g., [103, 104]) or its more regional expression, the North Atlantic Oscillation (NAO) (e.g.,

[105–107]). In the positive phase of the NAM, the polar jet stream, and subsequently the storm

track, is located anomalously poleward of its mean position, and equatorward during the negative

phase. Changes in the jet stream position also govern wintertime regimes, with cold conditions pre-

vailing in the Northern Hemisphere mid-latitudes during negative NAM regimes (e.g., [104,108]).

As such, understanding drivers and dynamics of subseasonal-to-seasonal (S2S) variability in the

jet stream is an active goal for wintertime S2S forecasting applications (e.g., [109–111]).

In the last two decades, two large-scale modes of climate variability have been studied exten-

sively as precursors to changes in the Northern Hemisphere midlatitude jet streams. The first is

stratosphere-troposphere dynamical coupling in the Northern Hemisphere extratropics, particularly

that associated with variability in the stratospheric polar vortex, an area of low pressure that resides

10-50 km above Earth’s surface in the Arctic during the boreal cold season. Theory, observations,

and model experiments demonstrate that stratospheric circulation anomalies descend with time and

can affect the tropospheric circulation with same-signed anomalies (e.g., [112–116]). For exam-

ple, for weak stratospheric polar vortex conditions (i.e., when climatological westerlies weaken or

potentially reverse to easterly), anomalous easterlies descend from the stratosphere into the tropo-

sphere, weakening the zonal component of the tropospheric polar jet. Consequently, tropospheric

eddies reorganize and positively feed-back onto these tropospheric jet anomalies (e.g., [116–119]),

shifting the polar jet stream equatorward and inducing a negative NAM regime for the next 2-8

weeks [115]. Therefore, changes in the dominant circulation pattern within the Northern Hemi-

sphere wintertime stratosphere (i.e., the stratospheric polar vortex) project onto changes in the

dominant pattern of the extratropical tropospheric circulation (i.e., the NAM). As such, the strato-

sphere may indeed play a role in long-lead predictability of the Northern Hemisphere midlatitude

circulation [111, 120, 121].
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In addition to stratospheric variability, the Madden-Julian Oscillation (MJO) [122] has also

been investigated for its links to variability in the hemispheric NAM, as well as a similar regional

mode of North Atlantic jet stream variability, the North Atlantic Oscillation [105–107]. Mechanis-

tically, tropical convection associated with the MJO excites Rossby wavetrains in the upper tropo-

sphere that propagate from the tropics into the midlatitudes of both hemispheres (e.g., [123–125]).

For the Northern Hemisphere in particular, these Rossby wavetrains interact with the polar jet

stream, modifying its strength and position across the hemisphere (e.g., [126–128]) and impact

associated teleconnection patterns. As such, the interactions between the MJO and the NAM and

NAO are currently largely considered to act via a tropospheric pathway. Indeed, studies have illus-

trated changes in the phase and amplitude of the NAO associated with different phases of the MJO.

Several studies (e.g., [129–132]) show that the positive phase of the NAM and NAO typically fol-

lows strong (i.e., high-amplitude) MJO Phases 2, 3, and 4, with negative phases of the NAM and

NAO following MJO Phases 7 and 8. Using a statistical model, [133] shows significant 2-week

lead predictions of both phases of the NAO when using the phase and amplitude of the MJO as a

predictor. Similar predictability was found when looking at output from the Global Environmental

multiscale (GEM) model for connecting the MJO to the NAO [134]. Other studies suggest that

the connections between the MJO and the NAO may also be a function of other modes which af-

fect the tropospheric waveguide, including the phase of the El Niño-Southern Oscillation (ENSO)

(e.g., [135, 136]) and/or the Quasi-Biennial Oscillation (QBO) (e.g., [137]).

Moreover, the MJO is also known to have impacts on the state of the Northern Hemisphere

stratospheric polar vortex. These impacts can occur either via vertically-propagating Rossby

waves directly associated with the MJO convection or indirectly from MJO-extratropical tropo-

spheric teleconnections that produce preferential wave patterns that excite planetary-scale waves

which subsequently propagate into the polar stratosphere (e.g., [138–142]). Indeed, the MJO

has been used as a skillful predictor for Northern Hemisphere sudden stratospheric warming

events [143, 144]. These changes in the stratospheric polar vortex can then dynamically alter

the tropospheric circulation and the NAO, as discussed above. Therefore, complexity exists in the
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interactions between the NAO, the MJO, and the Northern Hemisphere stratospheric polar vortex

- as each is thought to have distinct connections with the others. So, while previous work has

suggested that the MJO’s impact on the NAO is via a tropospheric pathway, it also seems possible

that the MJO’s influence on the NAO could also arise because of its interactions with the strato-

spheric polar vortex (i.e. a stratospheric pathway). Alternatively, the stratospheric polar vortex

may instead condition the background flow of the Northern Hemisphere extratropics to be more or

less conducive for MJO-related wave propagation, thus also impacting the MJO-NAO connections.

Furthermore, in all of these cases, there remains the question of timing. For example, how many

days does it take for the signal from the MJO to reach the NAO? These questions are difficult

to answer via traditional statistical analyses (e.g., lagged regressions and composites) given the

continuous interplay among the three phenomena, as well as the confounding issue of memory, or

autocorrelation, in the system.

Here, we apply two methods to shed more light on the relationships between the MJO, the

stratospheric polar vortex, and the NAO. First we use a traditional approach in climate science

based on analyzing conditional probabilities. Second, we use methods from causal discovery the-

ory based on probabilistic graphical models to identify tropospheric and stratospheric pathways

linking the MJO to the NAO, distinguishing different pathways following different phases of the

MJO. This method allows us to also quantify the time lags associated with these different causal

connections. Supported by the causal discovery results, we then interpret the conditional proba-

bilities to determine whether the stratosphere acts as a mediator, or serves as the pathway itself, in

modulating MJO-NAO interactions.

4.2 Data & Approach

4.2.1 Data

We analyze three different daily, wintertime indices in this work, one for the Madden-Julian

oscillation (MJO), one to capture variations in the strength of the stratospheric polar vortex (VOR-

TEX) and one to represent the state of the North Atlantic tropospheric circulation (NAO). For

44



all three indices, the time period spans from 1979-2016. We define the extended winter season

as November-March (NDJFM) and center all of our analysis on these months. However, since

lagged-relationships are at the center of this study, lagged variables are allowed to extend into

October and April for the causal discovery method (Section 4.4). For the conditional probability

analysis (Section 4.3), the MJO index is restricted to October-February which allows the VORTEX

and NAO indices to extend into March and April when appropriate.

The MJO index is that of the Australian Bureau of Meteorology (BoM), and is based on

the real-time multivariate index (RMM) of [145]. This index captures the location and strength

of anomalous tropical convection as well as the larger-scale winds. The RMM MJO index is

composed of two separate indices, RMM1 and RMM2, which represent the two leading princi-

pal components, obtained using extended empirical orthogonal function (EEOF) analysis of the

combined fields of tropical (15oS-15oN) outgoing longwave radiation and the 200 hPa and 850

hPa zonal winds. As is the convention, the amplitude of the RMM MJO index is defined by

√
RMM12 +RMM22 and the angle between RMM1 and RMM2 defines the phase (values 1-8).

The VORTEX index is computed from daily stratospheric geopotential heights from the Eu-

ropean Centre for Medium-Range Weather Forecasts (ECMWF) ERA-Interim reanalysis [146].

All analysis is performed for the VORTEX defined at 100 hPa, and then again defined at 50

hPa. The 100 hPa is of particular interest here as we are focused on the coupling component

between the stratosphere and the troposphere (e.g., [147]), and thus, this level is more likely to

couple with the troposphere. The 50 hPa definition constitutes a more classical definition of the

Northern Hemisphere polar vortex / stratospheric circulation variability used in several other works

(e.g., [104,114,148,149]), and thus allows us to bolster our results with this definition. The geopo-

tential heights are area-weighted averaged over the polar cap, defined as 65oN-90oN, and daily

anomalies are computed by subtracting the daily climatological value over the 1979-2016 period.

The values are then standardized by dividing by the standard deviation of all daily values between

November-March, and finally multiplied by -1 to stick with our convention of a positive index (i.e.

VORTEX >1) denoting a stronger polar vortex.
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The daily NAO index is that of the NOAA Climate Prediction Center [150], and is based on the

Rotated Principal Component Analysis of [151] applied to 500 hPa geopotential height anomalies.

Anomalies are based on the 1950-2000 climatological daily mean and standard deviation. Two

missing values were found in the original NAO index downloaded from CPC, and we replace

these two missing values with the values from the day before. This has no effect on our results or

conclusions.

Both the VORTEX and NAO indices are smoothed by applying a backward 5-day running

mean to the time series in order to capture variability beyond synoptic timescales, with the last day

of the 5-day average used to denote the date. We do not smooth the MJO data. To increase our

sample size within each MJO phase we combine adjacent phases together (e.g. 2/3, 4/5) as is often

done in the literature (e.g., [129, 152]). Sample sizes for Figures 3-6 are provided in the Appendix

B.2.

For the conditional probability results in Section 4.3, the three indices are further simplified

by turning them into discretized values. Specifically, MJO active periods are defined as days

when the MJO amplitude is greater than 1.0, and days when the MJO amplitude is less than 1.0

are considered to have no MJO activity. The VORTEX and NAO indices are labeled “1” if their

indices are above 1.0, labeled “0” if between -1.0 and 1.0, and labeled “-1” if below -1.0, unless

otherwise specified. For the causal discovery results in Section 4.4, the MJO index is also split into

active and inactive periods, but the NAO and VORTEX indices are left continuous.

4.2.2 Causal Discovery Method

Causal discovery methods based on probabilistic graphical models [20, 28] have recently been

used in climate science to identify potential cause-effect relationships [1,3,40]. They yield graphi-

cal representations, such as the one in Fig. 4.1, where each variable is represented as a node (circle)

and arrows between the nodes represent identified potential cause-effect relationships. There are

two key facts to know about such methods. (1) The methods seek to identify only direct causal

relationships. For example, consider the situation indicated in Fig. 4.1, where variable X is a cause

of Y , indicated by the arrow X → Y , and Y is a cause of Z, indicated by the arrow Y → Z. There
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is no arrow directly from X to Z, indicating that the only causal connection between X and Z is

through Y . The connection from X to Z (through Y ) is called an indirect causal connection, and

an important feature of causal discovery is to distinguish between direct connections (shown as

arrows) and indirect connections (no arrow shown). (2) Such methods can only identify potential

cause-effect relationships, that is, the relationships can be true causal relationships, due to latent

(i.e. hidden) variables, or a combination of both. Thus the purpose of these methods is to generate

hypotheses of causal relationships for further testing, not to prove such relationships.

Z

Y

X

Figure 4.1: Causal graph representation of three variables, X , Y , and Z, that form a causal chain from X
to Y to Z. X is a direct cause of Y , Y is a direct cause of Z, but X is only an indirect cause of Z (through

Y ).

The type of method used here is called constraint-based structure learning and is an elimina-

tion process that yields as output a graph structure of the type shown in Fig. 4.1, where the nodes

represent the variables of interest and the arrows, or edges, indicate potential direct causal connec-

tions. The method starts with a full graph, where all nodes are assumed to be connected to all other

nodes. Edges in the graph are then pruned by using conditional independence tests. If two nodes

in the graph are conditionally independent provided a set of other nodes in the graph, then these

two nodes cannot have a direct interaction between them. In such a case, the initially assumed

connection between the two nodes is eliminated. The specific algorithm used to obtain the graph

structure is called PC stable [38], a modification of the classic PC algorithm [20]. Furthermore, we

use a temporal extension, where in addition to the regular variables we introduce lagged copies of

these variables as separate nodes to allow modeling causal relationships that take one or more days

from cause to effect [40, 153]. Once the edges are established through conditional independence
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tests, the edge directions are established through temporal constraints in the temporal model (i.e. a

cause can only happen before its effect). For details on the use of the temporal extension, see [1].

Section 4.8 summarizes some of the assumptions and limitations of this method.

A complete probabilistic graphical model consists of a graph, plus probability tables, namely

one for each node, to form a complete statistical model - thus the name “probabilistic" graphical

model. The interested reader can find a discussion of these probability tables, and of their relation-

ship to the probability tables developed in Section 4.3, in Section 4.7. Note that within the scope of

this paper we are only interested in the graph part of the probabilistic graphical models, for reasons

discussed in Section 4.7.

In this approach we use the three variables, VORTEX, NAO and MJO, and, employing the

temporal extension discussed above, additionally include several lagged copies of each variable,

which in this case are chosen to be 5 days apart. Because we expect that the state of the MJO might

change the causal relationships, we create four different causal graphs, namely one for each MJO

phase pair, i.e. phases 2/3, 4/5, 6/7, 8/1. Developing separate models for each phase pair provides

the freedom to identify significant differences in the causal structure that may exist between differ-

ent phases. If no significant differences exist, then these four models should be very similar. Each

of the four models represent VORTEX and NAO as continuous variables, and MJO as a binary

variable. The MJO variable is set to 1 if the MJO index has an amplitude greater than 1.0 and is in

the relevant phase range for that model, and 0 otherwise.

To determine conditional independencies, we statistically test for zero partial correlations using

Fisher’s Z test. This test assumes linearity of relationships and Gaussianity of data as discussed in

Sections 4.8. In this study, we use this common conditional independence test as a first approxi-

mation of the causal relationships although some of the variables are binary. We do this because

existing independence tests for mixed variables have the limitation that their performance has not

been well tested for real world applications [154], making us less confident in their outputs. Never-

theless, we did try the Conditional Correlation Independence (CCI) and the Conditional Gaussian

Likelihood Ratio tests for this study. However, we do not present results here as the outputs were

48



sensitive to the specific parameter choices used by the different methods. The results using Fisher-

Z are presented in Section 4.4. Specific parameter choices are described in Appendix C.

4.3 Results: Conditional Probability Tables

Before diving into the more complex method of graphical models, we begin with a standard ap-

proach in climate science, namely, conditional probabilities. Specifically, we compute conditional

probabilities of the state of the NAO conditioned on the state of the VORTEX and the MJO indices

at various prior lags (e.g., the probability that the NAO index is 1 conditioned on the MJO being

in phase 2/3, fifteen days before). We introduce the following notation: NAO(t) denotes the NAO

value at time t. Similarly, VORTEX(t − 5) denotes the VORTEX state 5 days before the NAO at

time t. Since conditional probabilities by themselves are not based on causality theory - in contrast

to our constraint based learning results in Section 4.4 - one must be careful when interpreting high

or low probabilities as causal. With that said, these conditional probability calculations provide

strong evidence of the MJO driving the NAO weeks later, and allow us to decipher whether the

stratosphere acts as a mediator of this MJO-NAO link and/or a pathway itself.

To demonstrate our methods before launching into the full results, Figure 4.2 shows the prob-

ability that the NAO(t) = 1 given that the MJO was active 15 days prior (MJO(t − 15) > 1) for

varying VORTEX states 5 days prior (VORTEX(t−5)). This choice of lagging the VORTEX by 5

days is motivated by results from the causal discovery method presented in Section 4.4. The y-axis

denotes the probability that NAO(t) = 1, while the x-axis denotes the MJO phase 15 days prior,

and the two panels denote VORTEX defined at different pressure levels. Different colors denote

the different values of VORTEX(t− 5). The dashed lines denote the probability that NAO(t) = 1

given the state of the VORTEX(t−5) when the MJO is inactive (i.e. the RMM amplitude is below

1.0; or P (NAO(t) = 1|V ORTEX(t − 5),MJO(t − 15) < 1)). Hence, the values are constant

across the different phases of the MJO. These lines act as a baseline about which to assess the

relationship between the MJO and the NAO 15 days later. For example, regardless of the MJO,

the NAO has a higher probability of being positive when the VORTEX is positive 5 days before

(dashed orange line) compared to when the VORTEX is negative (dashed purple line) or neutral
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Figure 4.2: The probability (or fraction of days) that the NAO= 1, fifteen days following different MJO

phases and given the state of VORTEX five days prior. Different colors denote different VORTEX states,

and dashed lines denote the same NAO probability except for non-active MJO periods, i.e. P (NAO(t) =
1|V ORTEX(t− 5),MJO(t− 15) < 1). Open circles denote combinations that occur only 1 or 2 days in

the entire record.

(dashed green line). This is consistent with established literature on stratosphere-troposphere dy-

namical coupling in the Northern Hemisphere (e.g., [114, 115, 155–157]).

Focusing next on the subdivision by MJO phase and the case of VORTEX(t − 5) = 1 (solid

orange line), we find that the NAO has a much higher probability of being positive 15 days follow-

ing MJO phases 2/3 to 5/6. Increased probability of the NAO(t) = 1 (in comparison to an inactive

MJO; dashed lines) is also seen following these general MJO phases when VORTEX(t − 5) is

neutral (green line), but is weak and infrequent when VORTEX(t − 5) is negative (purple line;

open circles denote combinations that occur only 1 or 2 days in the entire record). This will be

further discussed below. Similarly, the NAO has a much lower probability of being positive 15

days following MJO phases 6/7 to 8/1 and 1/2.

The important comparison to make in Fig. 4.2 is the difference between the solid and dashed

curves, which quantifies the additional information about the future NAO state provided by the
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MJO. That is, we know from previous work that the stratospheric polar vortex can drive changes

in the NAO (e.g., [157] and references therein), and thus, it is the additional information provided

by the MJO beyond this baseline (dashed lines) which we wish to quantify. In what follows, we

show the same types of results, only we plot the difference between the solid and dashed curves

(MJO active vs MJO inactive) as a function of time lag.

Figure 4.3: The additional probability (beyond that when the MJO is inactive; as shown in the left-most

column) that the NAO = 1 for various MJO lead times and phases given that (a) VORTEX = 1, (b)

VORTEX = 0, and (c) VORTEX = −1. All VORTEX states are for 5 days prior to NAO = 1. That is,

the P (NAO(t) = 1|V ORTEX(t − 5),MJO(t − T ) > 1) where T is the label on the y-axis. Printed

numbers in each box denote the value, and combinations that occur fewer than three days are grayed out.

Note that unlike the other columns, the left-most column value denotes the total probability when the MJO

is inactive, i.e. P (NAO(t)|V ORTEX(t− 5),MJO(t− T ) < 1).

Figure 4.3 shows the the additional (i.e., beyond that when the MJO is inactive) probability

that NAO(t) = 1 as a function of MJO lead in days (y-axis), and MJO phase along the x-axis, for

different states of VORTEX 5 days before. As a reminder, the orange line in Fig. 4.2 can be thought
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of as a slice at an MJO lead time of 15 days along Fig. 4.3a, except what is shaded in Fig. 4.3 is

the difference between the solid and dashed lines. A quick glance at Fig. 4.3 reveals something

remarkable, namely, the propagation of the MJO can be seen in the probabilities as stripes in MJO

phase/lead space for both VORTEX definitions. Stripes appear from the upper-left corner of the

panels and propagate down and to the right. This striping shows a very clear modulation of the

NAO probability by the MJO and supports the notion that the conclusions we make are built on a

physical relationship between the NAO and MJO.

Fig. 4.3 shows results of the probability that the NAO(t) = 1 given that (a,d) VORTEX(t−5) =

1, (b,e) VORTEX(t − 5) = 0 and (c,f) VORTEX(t − 5) = −1. From these panels, we see that

the MJO is only able to cause changes to NAO(t) when the VORTEX state aligns. That is, when

VORTEX(t − 5) = 1 (Fig. 4.3a,d), the MJO increases the probability that NAO(t) = 1 by 20-

30%, the greatest seen when for MJO Phases 4/5 and leads up to 20-25 days. This is almost a

doubling from the total probability when the MJO is inactive, which is approximately 30% as seen

in the left-most column (Fig. 4.3a,d). When VORTEX(t − 5) = 0 (Fig. 4.3b,e), NAO probability

changes are also nonzero, demonstrating that the NAO responds to the MJO without the VORTEX;

however, the additional probability values are not as large as for VORTEX(t− 5) = 1. Therefore,

the VORTEX being in a positive state may precondition the troposphere to better respond to MJO

teleconnections. Finally, when VORTEX(t−5) = −1 (Fig. 4.3c,f), the odds of the NAO(t) = 1 are

weakly altered (especially when VORTEX is defined at 100 hPa) with only a few instances when

such conditions occur (gray shading in Fig. 4.3c,f denotes combinations that occur fewer than three

times throughout the record), further demonstrating that the VORTEX has a strong influence on

whether the NAO is able to respond to the MJO. When VORTEX is defined at 50 hPa there is

increased probability of the NAO being positive when VORTEX is negative (4.3f), however, only

3 days go into each of these averages (see Appendix B.2 Figure B1).

The picture thus far is that, while the MJO can influence the NAO at up to 30+ day leads, it

can only do so when the stratospheric vortex is in a state that is conducive to the NAO respond-

ing. That is, it can only do so when the future VORTEX and resulting NAO indices do not have
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opposing signs. To further demonstrate this, Fig. 4.4 shows similar plots to Fig. 4.3, but now for

the probability of the NAO(t)= −1. In this instance, the same relationships are found but for the

opposite signs. A propagating signal is found when VORTEX(t− 5) = −1 (Fig. 4.4c,f) and when

VORTEX(t − 5) = 0 (Fig. 4.4b,e). However, when VORTEX(t − 5) = 1 (i.e., a strong strato-

spheric polar vortex), in direct opposition to an NAO(t) = −1 (Fig. 4.4a,d), there is no evidence

of an influence of the MJO on the NAO as these conditions rarely occur.

Figure 4.4: As in Fig. 4.3 except for NAO(t) = −1.

The magnitudes in Fig. 4.4c,f (VORTEX(t − 5) = 1)) are smaller than in Fig. 4.3a,d

(VORTEX(t − 5 = 1)). This may be due to the different response of the troposphere to differ-

ent flavors of weak vortex events (e.g. displacements vs splits) [158] whereas most strong vortex

events are similar to one another. This would likely cause the composite anomaly magnitudes

under VORTEX(t− 5) = 1 to be larger due to this larger consistency in the tropospheric response.
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Note that our analysis thus far does not preclude that the NAO itself is causing the VORTEX to

be of a certain sign, rather than the response of the NAO to the MJO somehow being modulated.

This can occur since we are not considering the autocorrelation of the NAO here - e.g., NAO(t−10)

could affect both VORTEX(t−5) and NAO(t) (e.g., [36]). However, as we will show in Section 4.4,

the causal discovery analysis when VORTEX is defined at 100 hPa suggests that there is a direct

causal connection between VORTEX → NAO but no direct connection of NAO → VORTEX,

implying that our worry of NAO → VORTEX is likely not valid there. When VORTEX is defined

at 50 hPa, a direct connection between NAO → VORTEX, however, is identified for some MJO

phases.

Before moving to the causal discovery method, we present another set of results where we treat

the NAO as a continuous variable (i.e. we do not discretize it to be -1, 0 or 1). In this instance, we

construct plots of the average NAO index (rather than conditional probabilities) following certain

MJO phases. This compositing allows us to visualize changes in the continuous NAO index re-

gardless of whether the NAO changes discrete states. Figure 4.5 shows the results where now the

shading denotes the average NAO index at time t. Once again, we see stripes which represent the

propagation of the MJO and give us confidence that the NAO behaviour is indeed physically linked

to the MJO. When VORTEX(t− 5) = 0 (Fig. 4.5b,e), we see a stripe of positive NAO indices fol-

lowing phases 2,3,4 and negative NAO indices following phases 6,7,8, consistent with the findings

of, e.g., [129] and [133]. When VORTEX(t − 5) = 1 (Fig. 4.5a,d), the shading is almost all

positive, which shows once again that the NAO(t) tends to be positive when the VORTEX(t − 5)

is positive. However, the NAO is even more positive in a stripe starting soon after phase 4/5,

suggesting that certain phases of the MJO are able to make the NAO more positive, or, using our

previous results, more positive more often. We do not find a strong negative NAO stripe here since

the VORTEX(t−5) = 1 condition makes a negative NAO regime highly improbable, fitting nicely

with our earlier results. When VORTEX(t − 5) = −1 (Fig. 4.5c,f), the shading is almost all neg-

ative, indicating that the NAO tends to be negative when the VORTEX(t − 5) is too. However,

like with the positive case, we see a very negative NAO stripe starting soon after phase 8, and in
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quadrature with the stripe seen in panel (Fig. 4.5a,d). Taken together, Figs. 4.4 and 4.5 present

two complementary views for looking at how the MJO may drive changes in the NAO based on

the state of the stratospheric vortex. Namely, the NAO appears insensitive to the MJO when the

VORTEX anomaly is of the opposite sign to that of the expected NAO response.

Figure 4.5: The average NAO index for various MJO lead times and phases given that the VORTEX is in a

certain state 5 days prior. That is, the average

NAO(t)|V ORTEX(t − 5),MJO(t − T ) > 1, where T is the label on the y-axis. The left-most column

shows the average NAO index when the MJO is inactive. Printed numbers in each box denote the value, and

combinations that occur fewer than three days are grayed out.

One can follow a similar method to investigate the influence of the MJO on the VORTEX index

itself. Such an analysis is shown in Figure 4.6, where VORTEX is now allowed to be continuous

(as we did for the NAO in Fig. 4.5) and we plot the average VORTEX index for different MJO

phases and lead times. The results agree well with previous works (e.g., [139, 141, 144]), namely

that negative VORTEX indices (weakened vortex state which can lead to a sudden stratospheric
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warming) tend to follow MJO phases 6/7, while positive VORTEX indices tend to follow MJO

phases 2/3.

Figure 4.6: As in Fig. 4.5 except for the average VORTEX at various lags following different phases of the

MJO.

As stratospheric polar vortex fluctuations are known to drive tropospheric NAO responses (see

Section 4.1), the question arises whether the influence of the MJO on the future state of the NAO

(as presented in Figs. 4.3-4.5) is due to the MJO’s influence on the vortex which then influences

the NAO (i.e. a stratospheric pathway), the MJO’s direct influence on the NAO (i.e. a tropospheric

pathway), or a combination of the two. Furthermore, once a causal pathway is established, what is

the time delay between cause and effect? To address these questions we turn to causal discovery

methods and present the direct connections in the form of graphical models in the next section.

4.4 Results: Causal Graphs

To augment our conditional probability approach in Section 4.3, we additionally provide results

using a much less common approach, namely, the causal discovery method described in Section

4.2.2. Figs. 4.7 and 4.8 show the four graphs obtained for MJO phases 2/3, 4/5, 6/7 and 8/1.

These graphs summarize the potential causal relationships identified with the temporal extension

of the PC stable algorithm. The advantage of these summarized graphs is that, for each MJO

phase pair, they provide a big picture view of all potential direct causal connections between the

three variables, including corresponding lag times, auto-correlation and potential feedback loops.

This summary of possible causal connections cannot be achieved using the conditional probability
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approach presented in Section 4.3, primarily because these conditional probability tables cannot

distinguish between direct and indirect connections.
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Figure 4.7: Summary graphs of the causal links identified for MJO phases (a) 2/3, (b) 4/5, (c) 6/7, (d)

8/1 for VORTEX defined at 100 hPa. Black numbers (in bold) denote the lag (in days) of the identified

connections, while no significant causal connections are detected at any of the other lags (shown in gray).

Arrows that loop back on themselves denote auto-correlation. Thin lines denote connections present using a

90% confidence threshold, while thick lines denote connections that are also present using a 95% confidence

threshold. All connections here are significant at 95% confidence.

To illustrate the meaning of these graphs, consider Fig. 4.7a, which indicates causal relation-

ships when the MJO is in phase 2 or 3. This graph indicates that VORTEX can causally affect

NAO primarily at a time delay of roughly 5 and 15 days (black numbers). That is, a change of

the VORTEX state may cause a change of the NAO 5 days later. Likewise, MJO Phases 2/3 may

causally affect the NAO at a delay of 15-20 days, with no strong connections at any of the other

lead times (Fig. 4.7a, gray numbers). Auto-correlations are indicated by loops that point from each

variable back to itself and are generally consistent across MJO phases.

57



Continuing our focus when VORTEX is defined at 100 hPa (Fig. 4.7), the graphs for MJO

Phases 2/3 (Fig. 4.7a) and 6/7 (Fig. 4.7c) are almost identical, the only difference being in the

significant time lags of the auto-correlation of the MJO. This result is somewhat expected from

the MJO literature, in that phases 2/3 and 6/7 produce similar, but opposite-signed, teleconnection

responses (e.g., [129, 159, 160]). The graph for MJO phases 4/5 (Fig. 4.7b) is quite similar in

overall structure to phases 2/3 and 6/7, although the time delays for several of the connections

differ. That is, in all three graphs shown in Fig. 4.7(a)-(c), causal connections between variable

pairs go from MJO to VORTEX, from VORTEX to NAO and from MJO to NAO. In contrast, the

MJO phases 8/1 graph includes connections from NAO to MJO and from VORTEX to MJO that

are not identified for any of the other phases. Finally, the stratospheric pathway (MJO to VORTEX)

is not present in the 8/1 graph, however, the graphs for phases 1 and 8 individually suggest that this

stratospheric pathway is present for phase 1 alone (not shown). The smaller sample size for single

phases, however, makes us less confident in the resulting graph.

Causal graphs were also produced for VORTEX defined at 50 hPa, and results are shown in

Fig. 4.8. Conclusions are very similar to those at 100 hPa, except that additional causal links are

retained for the VORTEX at 50 hPa case. Namely, for phases 2/3, 4/5 and 6/7, a causal link exists

between the NAO to the VORTEX at lag of 5 days. Phases 2/3 also exhibit a link between the

NAO to MJO. Other than these four extra connections and slight differences in the time delays, the

causal graphs for VORTEX defined at 50 hPa and 100 hPa are identical. With that said, some of the

connections are slightly weaker at 50 hPa compared to 100 hPa (thin lines in Fig. 4.8) since they no

longer appear when a significance threshold of 95% (instead of 90%) confidence is used. Causal

graphs for VORTEX defined at 70 hPa were also computed (not shown), and the connections are

nearly identical to those at 100 hPa except for extra connections from the NAO to VORTEX for

all MJO phases. All connections for 70 hPa are significant at 95%, suggesting that the slightly

weaker connections found at 50 hPa may be due to slightly weaker coupling between 50 hPa and

the troposphere.
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Figure 4.8: Summary graphs of the causal links identified for MJO phases (a) 2/3, (b) 4/5, (c) 6/7, (d)

8/1 for VORTEX defined at 50 hPa. Black numbers (in bold) denote the lag (in days) of the identified

connections, while no significant causal connections are detected at any of the other lags (shown in gray).

Arrows that loop back on themselves denote auto-correlation. Thin lines denote connections present using a

90% confidence threshold, while thick lines denote connections that are also present using a 95% confidence

threshold.

A causal connection between the NAO to the MJO (Fig. 4.7d and 4.8d) is actually supported

by the literature. [130] show that the NAO can influence the tropical winds in the Atlantic-African

sector at lags of 10-25 days through anomalous wave propagation, and this time delay is consistent

with what we find here (Fig. 4.7d). They argue that the anomalous winds in this region could act

to trigger or amplify the MJO. Our results here suggest that the direct causal influence of the NAO

is on MJO phases 8/1 at a lead of 25-30 days.

Modulation of MJO phases 8/1 by the stratospheric polar vortex is less supported by previous

work (Fig. 4.7d and 4.8d). However, several studies have examined how weak vortex episodes

(e.g., sudden stratospheric warmings) impact tropical tropospheric and lower stratospheric tem-

peratures. [161] and [162] show that, for sudden stratospheric warmings events, the mean merid-
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ional circulation features enhanced upwelling across the tropical tropopause, effectively cooling

the lower stratosphere in the tropics. This enhanced circulation changes the vertical temperature

structure which can alter the static stability of the upper troposphere/lower stratosphere, which

impacts tropical convection anomalies. However, as MJO activity is also modulated by different

phases of ENSO (e.g., [136, 163, 164]) and different phases of the QBO (e.g., [137, 165]), disen-

tangling connections from high-latitude processes to tropical convection remains difficult.

We emphasize that the graphs in Figs. 4.7 and 4.8 only include arrows for direct connections,

but indirect connections can easily be inferred. For example, in Fig. 4.7a, we see that a change in

the MJO might have a strong effect on the NAO 15-20 days later, but due to auto-correlation of

both the MJO and NAO, there may be indirect effects that last much longer. In fact, according to

Fig. 4.7a, the MJO may be highly predictive of the NAO state not only after 15-20 days, but even 5,

10, 20 and 35 days after those initial 15-20 days, due to autocorrelation of the NAO (not to mention

the additional autocorrelation of the MJO). Thus, the purpose of these graph representations is not

to derive predictive models since this would require one to consider the combined effects of direct

and indirect relationships. Instead, their purpose is to shed light on the true causal pathways that

are responsible for the combined effects, and for that, one has to untangle the direct and indirect

connections as done here. In contrast, the detailed conditional probability tables in Section 4.3 are

ideal for the purpose of prediction, as they incorporate the direct and indirect connections into one

probability.

4.5 Discussion

The conditional probability tables in Section 4.3 model the combined effect of direct and in-

direct connections from the MJO and the stratospheric polar vortex to the NAO and reveal how

combinations of specific vortex states and MJO phases at certain lead times relate to the differ-

ent states, and amplitudes, of the NAO. In contrast, the causal graphs in Section 4.4 distinguish

between direct and indirect connections, but at the price of losing information about the signs of

the relationships and the propagation of the MJO across its different phases. Thus, the graphical

models extract the direct causal connections across the considered variables, while the conditional
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probability tables allow us to explore the nature of the relationships. By combining results from

these two analyses we are able to draw conclusions about the existence and nature of a tropospheric

and/or stratospheric pathway linking the MJO to the NAO.

Specifically, we find that the there are likely direct connections from the MJO to the strato-

spheric polar vortex (strongest at a time delay of 10 or 20 days), the stratospheric polar vortex to

the NAO (strongest at a time delay of 5 days) and the MJO to the NAO (with varying time delays -

depending on MJO phase - between 5 and 30 days). There is also a robust link from the vortex to

the MJO in MJO Phases 8/1. Thus, there are two clear causal pathways from the MJO to the NAO:

(1) A direct one, and (2) an indirect one from the MJO through the stratosphere and then down-

ward to the tropospheric NAO. While each individual connection has been explored individually

in the literature, our analysis shows that the full pathways are supported by formal methods from

causality theory and places them in the larger context of all possible causal connections across the

three variables. In addition, this work has identified that the stratospheric polar vortex can further

influence the NAO by acting as a “gate” that does or does not let the causal effect of the MJO pass

to the NAO.

4.6 Conclusions

We investigate the causal pathways via which the MJO and the stratospheric polar vortex can

influence the NAO on subseasonal-to-seasonal timescales using two distinct, but related, methods.

The first method follows a standard approach in climate science, whereby one creates conditional

probability tables based on the different combinations of the MJO, stratospheric polar vortex, and

the NAO. While this method helps identify the signs and strengths of the connections, it inherently

combines the effects of direct and indirect connections, including the influence of autocorrelation

of the different phenomena. The second method, based off of causal discovery theory, identifies

the direct connections via probabilistic graphical models and is able to identify specific time lags

of these direct connections but does not quantify the sign of the connection.

While each of these two methods has its limitations, together, they make a powerful pair. Both

methods show that the MJO impacts the NAO via a direct tropospheric pathway, but also confirm
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a distinct, indirect, stratospheric pathway. Specifically, the MJO influences the strength of the

stratospheric polar vortex on a timescale of ∼10 days, and then 5 days later the vortex drives

changes in the NAO. The conditional probability tables also demonstrate that the stratospheric

polar vortex conditions the tropospheric circulation to be conducive (or not) to MJO influence.

Specifically, the NAO is only able to respond to the MJO when the state of the stratospheric vortex

supports the expected NAO response (i.e. the same polarity). When this is the case, the NAO is

up to 30% more likely to be in a particular state following active MJO events. This knowledge

could be useful in subseasonal forecasting frameworks for the NAO and thus improve our skill at

predicting weather regimes across Europe and parts of North America for those timescales.

These results rest on a large volume of work examining relationships between the MJO, the

NAO and the stratospheric polar vortex, as discussed in the Introduction. Based on this previous

knowledge, our work outlines how two different techniques can be combined to offer a more

complete view of the causal pathways connecting these three climate phenomena. In fact, recent

work has utilized a version of causal networks to predict the stratospheric polar vortex state [5],

assess the influence of the stratosphere on cold extremes [166], and quantify specific aspects of

stratosphere-troposphere coupling [4]. While this previous work, as well as our own, has applied

causal discovery techniques to the stratospheric circulation, there is nothing particular about the

stratospheric polar vortex, the MJO or the NAO that makes them particularly conducive to causal

discovery methods. Thus, we fully expect these approaches to be highly relevant for a large array

of climate dynamics research.

4.7 Relationships of Conditional Probability Tables to Graphical Models

As mentioned in Section 4.2.2, a complete probabilistic graphical model consists of a graph

indicating the direct relationships, plus probability tables that indicate the probabilistic nature of

these relationships. In Figures 4.7 and 4.8, we presented summarized versions of the graph part of

the model. However, such graphs alone do not tell us anything about the nature of the connections,

that is, the sign of the relationship, or whether the vortex acts as a mediator between the MJO and

the NAO. To address these types of questions, the second step of learning a probabilistic graphical
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model typically consists of calculating, for each node, the probability table given all of its potential

causes (i.e. the parents in the graph) [20, 28]. These specific probability tables are useful as each

node in a graphical model is conditionally independent of its nondescendants, given its parents.

(For any node X1 in the graph, another node X2 is a nondescendant if there is no directed path

from X1 to X2.) This property is also known as the causal Markov condition [20]. Utilizing this

property, the joint distribution of n nodes, X1, . . . , Xn, can be expressed in a minimal fashion as

(see [20, 58])

P (X1, X2, . . . , Xn) =
n
∏

i=1

P (Xi|parents(Xi)). (4.1)

Eq. (4.1) decomposes the high-dimensional joint probability table (on the left) into a product

of much lower dimensional conditional probability tables (on the right), by taking advantage of the

underlying dependency structure encoded in the graph part of the graphical model. The key point

here is that we know from the graph structure which variables can have a direct impact on which

other variables, and only those need to be considered to express a node’s conditional probability,

P (Xi|parents(Xi)). The two parts of the graphical model, the graph and the conditional probability

tables, P (Xi|parents(Xi)), assigned to each node Xi, thus provide a complete representation of the

joint distribution.

Taking advantage of this minimal decomposition we can study the individual probability tables

of each Xi to determine whether there are any interesting patterns/properties between the variables.

For example, to study the nature of the impact of MJO and VORTEX on NAO, one would first study

the probability table,

P ( NAO(t) | parents(NAO(t)) ), (4.2)

where the parents of NAO(t) denote the set of all nodes with an arrow pointing directly to

NAO in the graphs (the set of potential direct causes).
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Including connections from all four cases in Fig. 4.7 the set of all potential NAO causes is S = {

VORTEX(t-5), MJO(t-5), MJO(t-10), MJO(t-15), MJO(t-20), MJO(t-35), NAO(t-5), NAO(t-10),

NAO(t-20), NAO(t-35)}. The probability table for NAO thus spans 12 discrete variables, i.e. it is

still too high dimensional. Given limited sample size, studying the entries of such a table would

not yield robust insights, as many table entries would rely on very few samples. In such a case re-

searchers often marginalize out individual variables to reduce dimensionality further, i.e. condition-

ing only on subsets of S, to find interesting patterns. This is exactly what was done in Section 4.3

of this study. That is, we already know that some subsets yield interesting patterns, namely Fig. 4.3

and 4.4 show conditional probability tables for NAO for subset Ssub = {VORTEX(t-5), MJO(t-T)}

for different lags T . Thus, the conditional probability tables in Section 4.3 can be seen as a sim-

plified stand-in for the high-dimensional conditional probability tables in Eq. (4.2) that illustrate

important patterns relating VORTEX and MJO to NAO. (Note that even with this interpretation the

simplified conditional probability tables in Fig. 4.3 and 4.4 do not distinguish between direct and

indirect causes, because the auto-correlations - which are part of many of the indirect pathways in

Fig. 4.7 - were marginalized out here.)

4.8 Additional Discussions with a Methods Perspective

As discussed in detail in the previous sections, this case study elucidates the causal pathways

between the MJO and NAO by using graphical causal models alongside simplified conditional

probability calculations. In a methods point of view, setting up the inference problem to answer

the questions of interest to this research posed certain challenges. The first and biggest challenge

in this case study involved setting up the inference problem in a physically meaningful way. As

discussed in section 4.2.1, the MJO has a continuous amplitude, and a phase that is represented as

a categorical variable with 8 cyclic states. With this, we came across the initial question of how to

best represent the MJO in the learning algorithm. The dynamics of the MJO is known to change

based on its phase, also the amplitude is indicative of the strength of the MJO’s influence. Even

though both the amplitude and phase carry information relevant to the MJO, creating a graphical

model representing these variables as separate nodes can result in a complex model (for example,
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with interactions such as the MJO phase causing the MJO amplitude or the MJO amplitude causing

the NAO) that can be difficult to interpret. Therefore as discussed before, we introduce a binary

indicator variable indicating an MJO event such that the information pertinent to the MJO can be

represented using a single node in the graph. The indicator variable is defined such that MJO is 1

when there is an MJO event in the phase of interest, i.e., MJO amplitude is at least 1 and the phase

is in the phase of interest to the study, and 0 otherwise.

With the binary encoding of the MJO variable, we now have mixed variable types - binary

(MJO) and continuous (NAO and VORTEX), which brings out considerations related to suitable

method selection. Creating graphical models for each of the 8 phases separately using this encod-

ing also results in issues related to sample size. For each model, we only have a small number

of samples relating to MJO events in the phase of interest (in other words, the number of samples

with 1s is much smaller than the number of samples with 0s). As a correlation or partial correla-

tion based conditional independence test only captures an average causal interaction between the

variables, a small sample size relating to the events of interest can deter the method’s ability to

capture important relationships. To alleviate this issue, we decide to combine adjacent phases as

2/3, 4/5, 6/7 and 8/1 based on the recommendation of the domain expert. An alternative approach

to the setup used in this research would have been to represent the MJO as a categorical variable

with 5 states. Four states representing MJO events in phases 2/3, 4/5, 6/7, 8/1, and a fifth state

representing MJO non-events. Even though this type of analysis would have been possible with

the use of a mixed (continuous and categorical) graphical model, this would have required exten-

sive analysis of conditional probability tables to extract all the important information encapsulated

within the graph. As an extensive analysis of probability tables can be difficult, especially with a

large number of parent nodes in a temporal model, we selected the simpler option to create causal

models for each phase separately.

As mentioned before, the graphical models presented in the study only capture average causal

interactions between the variables. Also, they do not unravel the specific states associated with

the variables, e.g., whether the interaction is occurring at 1 or 0 of the MJO. Additionaly looking
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into the conditional probability tables allow to clarify and get a deeper understanding of the mech-

anisms governing the relationships encapsulated through these compact graphical representations.

Through this discussion we see that the seemingly simple process of setting up the causal inference

problem actually requires careful consideration and thought. It also requires close collaboration

with a climate scientist or other domain expert to ensure that the graphical models facilitate an-

swering the science questions that we are actually interested in.

4.8.1 Assumptions and Limitations of the Graphical Model Approach

In this section we discuss a few limitations of the graphical model approach used here. It

is common to use this approach in spite of these limitations, but one should be aware of these

limitations for the interpretation of the results.

1) Linearity and Gaussian distribution: The traditional conditional independence test based

on vanishing partial correlations assumes that the model variables are (1) multivariate Gaussian

distributed and (2) that the relationships between the variables are linear. The approach used here

thus only captures the linear relationships between the variables, even though the true physical

relationships can have both linear and nonlinear components. Further, using partial correlation as

the conditional independence test may not be ideal when a predictand is binary, as discussed in

Section 4.2.2.

2) Class imbalance - small number of events per phase: For each of the four causal models

presented in Fig. 4.7 (and Fig. 4.8), the samples of the binary MJO variables contain a relatively

small number of ones compared to the number of zeros. This is because the number of samples

indicating an MJO event occurring in the phase of interest is fairly small. The class imbalance cre-

ated by this small sample size can reduce the accuracy of the learned graphical model to faithfully

represent the true relationships of the population.

3) Latent Confounders: Another important assumption is that the model has no hidden common

causes, i.e. latent confounders. In practice, we cannot guarantee that there are no hidden common

causes to the variables included in the model. Therefore, we emphasize that the relationships iden-
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tified by the causal discovery approach need to be carefully interpreted only as potential causal

relationships.

For a deeper discussion of these and other assumptions, see the review paper by [102]. It

should be emphasized that, in spite of the above limitations, this approach is considerably more

rigorous, and provides more reliable insights into true causal relationships, than the standard prac-

tices of regression and composite analyses currently employed in climate science to identify causal

relationships.
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5 Interactions between Synoptic- and Planetary-Scale

Atmospheric Disturbances6

Atmospheric waves, which are periodic disturbances in the Earth’s atmosphere, have varying

temporal and spatial scales. These atmospheric waves interact with each other, and how they

interact plays a fundamental role in our understanding of climate and weather phenomena. In this

case study, we focus on understanding how atmospheric disturbances of different spatial scales

interact with each other. We use a spectral decomposition based on spherical harmonics of the

daily 500mb geopotential height data field to derive a representation of the different spatial scales.

500mb geopotential height, which is the height at which the air has a pressure of 500mb, is used

as it is known to be the steering level for many atmospheric phenomena. We use the PC stable

algorithm to hypothesize potential causal interactions.

This initial study focuses specifically on the interactions between two regimes of spatial scales,

i.e., the Planetary scale (large scale, e.g., Rossby waves) and Synoptic scale (smaller scale, e.g.,

tropical cyclones and hurricanes). This analysis acts as a proof of concept study as the interactions

between Planetary – Synoptic scales are better known within the climate science community, com-

pared to interactions between other regimes. The preliminary results we present here are encourag-

ing and in-line with the current understanding of atmospheric dynamics. This type of data-driven

approach allows getting insights into the causal interactions between specific spatial scales with

little effort compared to the analytical methods traditionally used in climate science. Further, this

allows studying interactions while taking feedback into account.

6This chapter contains material that has been published in the Journal of the Atmospheric Sciences as: S. M.

Samarasinghe, Y. Deng, and I. Ebert-Uphoff: A Causality-Based View of the Interaction between Synoptic- and

Planetary-Scale Atmospheric Disturbances. Journal of the Atmospheric Sciences, 77, 925-941, https://doi.

org/10.1175/JAS-D-18-0163.1.
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In a methods perspective, setting up this case study as a graphical causal model and extracting

the relevant information out of the model presented several challenges. As the spectral decom-

position used here results in time series of projection coefficients that are complex numbers, we

had to think of meaningful ways to represent these time-series in our implementation of the PC

stable learning algorithm that can only accommodate real numbers. In this study, we gave partic-

ular thought to data preprocessing to ensure that we extract the relevant signals from noise. Also,

this is a high dimensional application compared to the two previous case studies. Sections 5.1–5.4

provide details of this case study, while Section 5.5 gives an overview of the case study from a

methods perspective.

5.1 Introduction

The 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, sub-weekly, synoptic-scale disturbances consti-

tuting storm tracks are known to play an important role in the development of atmospheric blocks,

i.e., quasi-stationary, vertically coherent high pressure features in the extratropical atmosphere

(e.g., [167–171]). Initial baroclinic development at long synoptic-scales followed by increasingly

important barotropic growth often characterizes the lifecycle 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 [172]. Lau and Holopainen [173] showed in

the quasi-geostrophic (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 flow in the Northern Hemisphere. In a broader sense, there exists a symbiotic relationship be-

tween 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 [174–176]. As the dominant mode of low-frequency variability in the

northern extratropical atmosphere, the Northern Annular Mode (NAM) in the troposphere is char-

69



acterized by meridional meandering of the jet in the zonal-mean zonal wind and such movement

is also largely driven by westerly momentum fluxes of sub-weekly synoptic-scale disturbances of

baroclinic origins (e.g., [177–180]).

The investigation of atmospheric scale-interaction processes in the past has relied on a com-

bination of band-pass or spatial filtering of relevant fields with dynamical diagnoses based upon

the evaluation of local geopotential tendency, vorticity and/or energy budget (e.g., [173, 174, 181–

189]). 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 appro-

priately defined with just any filters (e.g., [171, 190, 191]). Two minor drawbacks of the filtering

are that these approaches do not automatically reveal the exact structure of significantly interacting

disturbances given the pre-defined 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, e.g., 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 [192, 193]

proposed a rigorous formalism of information transfer (flow) between dynamical system compo-

nents for both discrete mapping and continuous flow, and the transfer is measured by compar-

ing the entropy increases between an original system under consideration and a 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 [194] further provided a comprehensive discussion of the concept of information flow (trans-

fer) and demonstrated information flow and causality as rigorous notions ab initio. Further, the

studies in [6, 195] use conditional mutual information in a phase-amplitude domain derived us-

70



ing the continuous complex wavelet transform to study causal interactions between processes that

evolve in different time scales.

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., [20, 28–30, 196, 197]. 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

(e.g., [198]), daily pollution levels (e.g., [199]), and precipitation (e.g., [200]). 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., [1, 2, 14, 40, 42–44, 83, 201–203]).

Runge [102] provides an excellent overview of the practical aspects of constructing PGMs from

time series. The authors’ earlier work (e.g., [1]) 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 500mb 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 [2, 204]. Note that compared to more rigorous quantitative definitions such as those adopted

in Liang [194], 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, i.e. 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 [20, 28, 29, 196]. The identified direct connections, ei-

ther between different teleconnection indices (e.g., [1]), or between geographical locations for a
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selected atmospheric variable (e.g., geopotential height, [2]) provide a straightforward view of

potential causal pathways in the field of interest. Figure 5.1(a) indicates the process of causal dis-

covery in grid space, as used in the latter type of study. Ebert-Uphoff and Deng [205] tested the

performance and accuracy of this approach for dynamic systems using advection-diffusion simu-

lations as a testbed. Others have studied the general algorithms thoroughly for other settings, see

for example (Ramsey and Andrews [39]) and many others.

(a)

1. Time series 
at grid points

2. Structure 
learning

3. Graph of 
dependencies 

between 
locations

(b)

1. Time series 
at grid points

2. Spectral 
decomposition

3. Time series 
of SH 

coefficients

4. Node 
selection

5. Structure 
learning

6. Graph of 
dependencies 

between 
spatial scales

Figure 5.1: 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.

Here we apply causal discovery to the time series of the daily coefficients of spherical harmon-

ics obtained from a spectral decomposition of the Northern Hemisphere 500mb geopotential field

to identify the most prominent direct connections between different spherical harmonics compo-

nents, 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). Fig-

ure 5.1(b) 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
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by the geophysical fluid dynamics community (most notably [206–209]). However, to the best

of our knowledge, only one other research group has combined structure learning with spherical

harmonics, namely Zerenner et al. [44]. Zerenner et al. discussed the physical basis why model-

ing atmosphere as a set of oscillators is more justified in spectral domain compared to in spatial

domain: spherical harmonics are associated with large-scale propagating Rossby-Haurwitz waves

in the atmosphere. The nature of the connections identified was also elaborated as arising through

nonlinear advection of the extratropical quasi-geostrophic 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 neigh-

boring nodes. Zerenner et al. 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 Zeren-

ner et al. This different outcome is likely due to several differences between their approach and

ours, e.g., 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 5.2 describes the data used

and detailed analysis steps. The main findings are provided in Section 5.3. Section 5.4 gives some

concluding remarks.

5.2 Data and Methods

In this study, we use the daily 500mb geopotential height data at 2.5oby 2.5ohorizontal resolu-

tion from the NCEP-NCAR reanalysis [210,211] to derive daily fields of atmospheric disturbances

of various spatial scales. The study focuses on the Northern Hemisphere and covers all boreal win-

ter months (December-January-February, DJF) in the period 1948 to 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
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mirrored along the equator onto the Southern Hemisphere [212]. This yields the time series at grid

points, which is shown in Block 1 of Figure 5.1(b).

The next step is to apply spectral decomposition (Block 2 of Figure 5.1(b)). The daily geopo-

tential 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 func-

tions on a sphere (e.g., [212], see Appendix C.1 for review). The properties of the spherical har-

monic basis functions characterizing spatial scales are described by the total wave number (L) and

the zonal wave number (M ). The daily geopotential height data are projected onto these basis

functions to obtain daily time series of complex spherical harmonics coefficients (Block 3 of Fig-

ure 5.1(b)) as a function of L and M [213]. The coefficients for which (L+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 of Figure 5.1(b)). To represent the complex coefficient of each spherical harmonics com-

ponent there are two primary alternatives, namely we can choose the nodes to represent magnitude

and phase, or real and imaginary part, of each coefficient. Either alternative results in each spher-

ical 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 mean-

ingful, 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 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. [44] whose algorithms also assume Gaussianity. The statistically sig-

nificant edges in the graphical model identified in the next step among all the nodes (corresponding
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to different spherical harmonics) thus represent potential causal interactions among these spherical

harmonics, i.e., 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). A triangular truncation with 0 < L ≤ Lmax =

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 = 570 nodes for a static model (no time lags considered).

Finally, we apply structure learning (Block 5) to the time series of the selected nodes to find

potential causal interactions between atmospheric disturbances of different spatial scales. We use

a constraint-based structure learning technique that is based on probabilistic graphical models, in

contrast to the study by Zerenner et al. that uses a Graphical-LASSO approach. Namely, we use

the PC stable algorithm developed by Colombo and Maathuis [23, 38] which is a modification of

the classic PC algorithm [37] for improved robustness and speed. (For its use in climate science,

see also [1, 2].) 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 in-

dependence 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 de-

tect potential causal interactions, since there can always be latent 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.

In this study, we use Fisher’s Z-test for partial correlation with a significance level of α = 0.05

to determine statistically significant edges. Furthermore, to understand the directionality and time

75



delay of the causal interactions among different nodes, a temporal model is developed using an

approach first suggested by Chu and Glymour [40] and applied in grid space in Ebert-Uphoff and

Deng [1, 2]. Specifically, we consider S = 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 × S = 570 × 11 = 6, 270 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 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 5.3 focus on the directed edges among the nodes with non-

zero 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 connec-

tion 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 Sec-

tion 5.1). 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 clas-

sic planetary-scales and classic synoptic-scales, with the former distinctly tied to large-scale oro-

graphic 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
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identify the known linear and nonlinear causal effects in the Lorenz model and the relevant results

are summarized in the Appendix C.2. 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 condi-

tions 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 imaginary part node,

3. Regime I imaginary part node → Regime II real part 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 underly-

ing structure of the pair of (potentially) interacting disturbances from the two regimes, we also

re-construct daily geopotential height fields for the two regimes using spherical harmonic com-

ponents 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 only spherical harmonics components that are

connected by directed edges in Figure 5.2. 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 two days is arbitrary here.

However, given the typical lifecycle of synoptic-scale disturbances (less than a week), we expect
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the modulation/feedback effects between the two regimes to occur at a rather short timescale (2-3

days).

5.3 Results

Figure 5.2 provides an overview of the interaction between planetary- and synoptic-scale dis-

turbances in Regime I and Regime II, respectively. A directed edge (a red arrow in Figure 5.2)

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 wavenum-

ber 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 5.2a shows all edges pointing from Regime I to Regime II nodes, representing the in-

fluence 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 wavenum-

bers (L − M > 6) is rather small [174] and this naturally places more weights on the edges

identified at the lower-right corner of the (M,L) parameter space in Figure 5.2b. 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 planetary-scale disturbances
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Figure 5.2: Directed edges between Regimes I and II with respect to the total wave number (L) and the zonal

wave number (M). a) Regime I to II b) Regime II to I. Black dots denote the nodes used for the analysis. A

blue circle around a node indicates that the node has more than 2 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.

79



with zonal wavenumbers ranging from 1 to 3. Figure 5.2b 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 feed-

back 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., [214, 215]).

The reconstructed daily 500mb geopotential height field using only spectral components that

are interacting according to Figure 5.2 provides a direct view of the spatial structure of the ac-

tively 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 5.3 displays the total (Figure 5.3a) as well as the reconstructed

geopotential height field for Feb 16, 2001. The middle two panels (Figures 5.3b and 5.3c) are

respectively the Regime I disturbance and the Regime II disturbance that is being actively in-

fluenced by the Regime I disturbance on Feb 16, 2001. In the extratropics, the planetary-scale

flow is characterized by a roughly zonal wavenumber-1 structure with a major trough (negative

geopotential height anomalies) extending from the east coasts of Asia toward North America and

a major ridge (positive geopotential height anomalies) over Western Europe (Figure 5.3b). This

wavenumber-1 planetary-scale disturbance modulates the activity of synoptic-scale disturbances

shown in Figure 5.3c, which manifest themselves as a classic circumglobal wave train consist-

ing 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., [216]). The Regime I to II disturbance structure revealed here is consistent with

the classic theory of storm track dynamics where storm track disturbances (cyclones/anticyclones)
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preferentially develop downstream of the planetary-scale troughs (and time-mean jets) as a result

of locally enhanced baroclinicity at the location of the jets and further downstream development

associated with ageostrophic flux of geopotential (e.g., [174, 216]).

Figure 5.3d and 3e depict the influence of synoptic-scale disturbance on the planetary-scale

disturbance. Specifically, the synoptic-scale disturbances in Figure 5.3d 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 Figure 5.3b. Therefore, the Regime I disturbance is responsible for

the excitation/propagation of the Regime II disturbance whose dynamical feedback to the Regime

I disturbance locally re-enforces the trough and ridge pattern in the original wavenumber-1 struc-

ture 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 1984). In Figure 5.3d, synoptic-scale disturbances change

the alignment of their major axis from being SW-NE (Southwest-Northeast) oriented over the cen-

tral North Pacific to being NW-SE (Northwest-Southeast) 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 momen-

tum 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-

ure 5.3e). 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 (Figure 5.3a), we note that the planetary-scale

disturbances depicted in Figs. 3b and 3e miss another major trough over central Eurasia. This is
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Figure 5.3: Reconstruction of the daily geopotential height using only the significantly interacting spectral

components and excluding the interactions with M=0. Upper panel: The 500mb geopotential height field on

Feb 16, 2001 (a). Middle panel: Interacting disturbances from Regime I (b) to Regime II (c) (Feb 16, 2001).

Lower panel: Interacting disturbances from Regime II (d) to Regime I (e). (Feb 16, 2001). Unit: m.
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likely the result of excluding zonal wavenumbers 4 and 5 from the figures, for reasons described

in Section 5.2.

Figure 5.4 shows the winter climatological variance (root-mean-square (RMS)) of the daily

geopotential height of the actively-interacting disturbances identified in Figure 5.2 and presented

in Figure 5.3. When the flow of information from Regime I to Regime II (i.e., planetary-scale

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 Figure 5.3b). 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 (Figure 5.4b). In the opposite direction of information flow, when

synoptic-scale disturbance affects planetary-scale disturbances, storm tracks again characterize the

day-to-day variability in the synoptic-scale flow (Figure 5.4c) 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 wavenumber-1 structure

of the winter planetary-scale flow shown in Figure 5.3b (Figure 5.4d).

To see whether there is any systematic change in the amplitude of the actively-interacting

planetary- and synoptic-scale disturbances, we plot in Figure 5.5 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 cre-

ate these time series. Blue and orange curves in Figure 5.5a 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, 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 Regime II disturbance to Regime I disturbance

(Fig. 5.5b). There appear no obvious connections between the activity levels of these wave-wave
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Figure 5.4: Variance (RMS) of the geopotential height reconstructions of the significantly-interacting dis-

turbances, excluding the interactions with M=0. Regime I (a) to II (b); Regime II (c) to I (d). Unit: m2.
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interactions and increasing greenhouse gas (GHGs) 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 low-frequency components of the time series shown in

Figure 5.5 are mainly the result of nonlinearity in the system.

5.4 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 to the spherical harmonics decomposition of the boreal winter daily 500mb

geopotential height data during the period 1948-2015. With an initial focus on interplays between

planetary-scale (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 to wavenumber-3 structures and Regime II disturbances with zonal wavenumber-6

to wavenumber-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 synoptic-

scale 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 mani-

fest 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
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Figure 5.5: Annual mean magnitude time series of interacting disturbances excluding M = 0 interactions.

a) Regime I-II interactions; b) Regime II-I interactions. A spatially averaged magnitude over the sphere is

temporally averaged for each winter season from 1948 to 2015. Regime I and II time series are in blue and

orange, respectively. The blue/orange dashed lines indicate the corresponding linear trends. Unit: m.
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here exhibits pronounced variations across interannual-to-decadal time scales that are not corre-

lated with major low-frequency modes of variability such as the PDO in the climate system.

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 graphi-

cal 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 sta-

tistically significant edges, making it easier to describe the temporospatial characteristics of in-

teracting 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 vari-

ability. 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 rela-

tions (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 compo-

nents 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 cre-

ates a “quasi-linear” condition for the algorithm to be applicable. The implication of this limitation

is that edges identified between neighboring spherical harmonics 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 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 ma-

jor 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 nonlin-
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ear causal effects are being developed (e.g., convergent cross mapping, [217] and causal network

learning algorithms that use nonlinear conditional independence tests, e.g., [61])), but the associ-

ated 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 [209]

emphasizing “bottom-up causation” for mid-latitude atmosphere in a quasi-geostrophic setting.

Palus [195] 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 informa-

tion from larger to smaller timescales, different with the “bottom-up causation” found in [209].

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 meso-scale 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 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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5.5 Additional Discussions with a Methods Perspective

The goal of this study is to understand how atmospheric disturbances of different spatial scales

are interacting with each other. As discussed earlier, this study poses this research problem as a

question of identifying how the time-series of the non-zero projection coefficients (of the relevant

spherical harmonic bases) are interacting with each other. In this section, we discuss the key issues

and considerations that needed our attention through the process of deriving a graphical causal

model from data to extracting useful information out of this model to answer the relevant research

questions.

Creating a graphical model in an abstract variable space: The first step of applying structure

learning is to define the nodes of the graph. However, as the projection coefficients associated

with spherical harmonic bases are complex numbers, we consider two representations. That is,

(1) to represent the amplitude and phase components of the coefficient as two separate nodes

or (2) to represent the real and imaginary components. Even though an amplitude and phase

representation, which is closely related to the power and direction of propagation of atmospheric

waves, seems to be the more physically meaningful representation, some practical issues make this

path infeasible. First, the phase variable, which is cyclic by nature, does not follow a Gaussian

distribution making it infeasible to use the traditional conditional independence test that relies on

partial correlation. Second, even though there are conditional independence tests that do not use

the assumptions of normality or linearity, these methods are computationally expensive for high

dimensional applications. Therefore, we choose to represent the real and imaginary parts of the

complex coefficient as two separate nodes in the graphical model following Zerenner et al.

Extracting strong causal signals: The study presented here builds on the work performed by

Zerenner et al., where they derive graphs for spherical harmonics based on partial correlation

and use the GLASSO algorithm for structure learning. Their approach yields very sparse graphs

with edges foremost between first and second-order neighbors in spectral space. As they point

out themselves, that is surprising as one would expect dependencies among many more spherical
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harmonics. In contrast to their study, we follow specific steps to facilitate the learning algorithm

to capture the relevant causal signals.

First, we use daily data based on the recommendation of the domain expert, compared to

monthly data used by Zerenner et al. When working with applications in the climate, it is es-

sential to use data with an appropriate temporal resolution. Also, we restrict the study to dates

relating to the northern hemisphere winter (Dec-Jan-Feb), i.e., when we expect the relevant causal

signals to be prominent. As explained earlier, we mirror the data of the northern hemisphere along

the equator to ensure that we only use the signals relevant to the northern hemisphere winter for

this study. Further, when selecting the variable in the structure learning method, we use a trun-

cation scheme based on the temporal mean of the magnitude. The truncation scheme reduces the

dimensionality of the problem while allowing the causal signals to distinguish from noise.

Extracting relevant information to answer the research questions of interest: The graphical

model identifies interactions between Real and Imaginary components of the projection coeffi-

cient time-series. However, we are interested in how a projection coefficient time-series interacts

with another (not just the Real or Imaginary parts). Therefore, we use a suitable mapping from

the (Real,Imaginary) to the (M,L) space to allow physical interpretation of the results. Does the

graphical model answer the research questions of interest? If not, how can we extract the relevant

information out of the graph? These are questions that we need to consider when working with

practical applications.

High dimensionality: The case study presented here is high dimensional with over 6,000 nodes in

the graphical model. We implemented an optimized code that parallelizes the conditional indepen-

dence tests to facilitate structure learning at higher dimensions.
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6 Conclusions

This chapter concludes the dissertation by providing a summary of key contributions and by

discussing suggested future research directions.

6.1 Summary of Key Contributions

The three case studies contained in this dissertation cover a wide range of questions that are

of interest to the climate science community, namely the Arctic mid-latitude connections, telecon-

nection pathways between the MJO and NAO, as well as the causal interactions between Planetary

and Synoptic atmospheric disturbances. We identify key relationships between climate variables

as well as the timescales at which the interactions are occurring. As an observational study cannot

prove causal interactions, due to reasons such as latent variables, we view the results derived from

these studies as data-driven hypotheses of causal interactions.

In this research, we use constraint-based structure learning, as well as graphical Granger meth-

ods to derive these data-driven hypotheses. These methods allow us to distinguish direct inter-

actions from indirect ones and also identify the overall causal structure in a multivariate setting,

providing an advancement from the correlation and traditional lagged regression approaches that

are commonly used in climate science. Further, these approaches allow us to get a two-way feed-

back perspective of these interactions allowing a climate scientist to gain insights that go beyond

to what can be obtained from a targeted modeling approach. As discussed in detail in chapters 3

– 5, each of these case studies generates new scientific insights. We do not have a mechanism to

determine the accuracy of these results as there is no ground truth for the actual causal interactions

between the variables used in these studies. However, through close collaboration with climate

scientists, we have been able to validate that these results agree with the current understanding of

climate physics and dynamics, and provide new hypotheses that may be evaluated using targeted

modeling studies.
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Also, we have discussed each case study with a method perspective as the main objective of our

research is to promote and make modern causal inference methods more accessible to the climate

and Earth science communities. We have documented the scientific thought process of setting up

each case study, the challenges faced, and how we have dealt with these challenges. We hope that

our discussions will facilitate a researcher/climate scientist who is at entry-level to spatiotemporal

causality by providing ideas and suggestions to tackle more general questions in climate science.

The first case study exploring the interactions between Arctic temperature and midlatitude

jet-streams compares the results of three causal inference methods. Namely, VAR-Granger and

LASSO-Granger, that fall under the Granger causality framework and the PC stable algorithm

that falls under the Pearl causality framework. The results show that Arctic temperature is linked

together with jet speed and jet position by two robust positive feedback loops. This study shows

that the results of all three methods agree very well in low dimensional applications when we use

a conditional independence test based on partial correlations with PC stable.

This similarity of results is not surprising as all of these methods use partial correlations as

the underlying indicator of relationships. However, the results are not identical because the VAR-

Granger models generate partial correlations by conditioning on all the variables simultaneously.

PC performs partial correlation tests consecutively, starting from small conditioning sets and going

to higher dimensions only as needed. The study shows how VAR-Granger and LASSO-Granger

approaches allow a researcher to easily identify both the strength and the timescales of the inter-

actions. In contrast, PC only allows identifying the timescales of interactions. Even though the

results of the three methods agree well in low dimensional settings, studies have shown that PC

is the preferred choice over VAR-Granger in higher dimensional applications [102]. In this case

study, all of these methods identify the average, linear interactions between the variables. How-

ever, we have the flexibility to also use PC stable with other appropriate conditional independence

tests that will allow us to identify nonlinear interactions.

The second case study included in this dissertation explores the causal pathways of the telecon-

nections between the Madden Julian Oscillation (MJO) and the North Atlantic Oscillation (NAO).
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This research suggests that the MJO can influence the NAO not only through wave propagation in

the troposphere but also through a pathway involving the stratospheric polar vortex. In this study,

we use climate indices calculated using variations of the principal component analysis to represent

the MJO and NAO oscillations. As discussed in detail in Chapter 3, we derive the amplitude and

phase of the MJO and then use a binary indicator variable to indicate the occurrence of an MJO

event. Identifying physically meaningful nodes/variables for the graphical causal model and set-

ting up the model in a way such that we can use these models to answer the science questions of

interest are two of the main challenges/considerations associated with this study. This study also

elucidates that, in some scenarios, the graphical model alone will not be sufficient. These meth-

ods may need to be used alongside other tools to be able to tackle the more general questions in

science.

With the third case study, we present a complex high-dimensional causal inference application

and the first successful application of causal inference in spherical harmonic space. This study

uses a spectral decomposition based on spherical harmonics along with structure learning based on

the PC-Stable algorithm to hypothesize cause-effect relationships between atmospheric waves of

different spatial scales. This study builds on the ideas by Zerenner et al. [44] and progresses it to

tackle an interesting, yet difficult question in climate science. This study highlights the importance

of selecting data with an appropriate temporal resolution for the study and emphasis on prepro-

cessing data such that the inference methods can easily extract the causal signals of interest. This

case study tackles challenges related to an abstract variable space associated with the time-series of

complex projection coefficients of the spherical harmonics. Also, it showcases the efforts followed

in our research to extract relevant information out of the graphical model. We can think of this case

study as a proof of concept study as the Planetary-Synoptic scale interactions are relatively well

known within the climate science community. Extending this study to different spatial regimes, for

example, to study Synoptic-Meso scale interactions, is thought to be able to provide a significant

contribution to the climate science community.
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In addition to these case studies, we make an effort to improve the accessibility to the causal

inference methods by creating two tutorials containing Python-based implementations and step-

by-step explanations of 1) the PC-stable algorithm for time-series and 2) the bivariate Granger

causality approach. We have made these tutorials publicly available [24, 25].

6.2 Way Forward

The case studies presented in this dissertation attempt to tackle several important questions,

challenges, and considerations related to causal inference in climate. However, this is only a small

fraction of what a researcher/climate scientist will have to face practically. The case studies pre-

sented here all employ linear causal inference techniques. However, we know that the complex

interactions between climate variables can be nonlinear and chaotic. We show an example of

the limitations of the conditional independence test based on partial correlations with our sample

application to the Lorenz system, which is a simplified mathematical model for atmospheric con-

vection (see Appendix C.2). A partial correlation-based method may not capture certain important

interactions between variables if the effects cancel out on average. For example, if two variables

follow a relationship such that they are correlated for a certain time period then anticorrelated for

another, then a correlation-based method may say that these two variables exhibit zero correlation

on average through the full duration (see [217] for details).

With the ubiquitous nonlinearity in the atmosphere, it is important to identify methods that

can capture nonlinear relationships between variables. Runge et al. provide a version of the PC

algorithm along with different conditional independence tests in their TIGRAMITE [61] package

to identify both linear and nonlinear causal relationships between time series variables. This pack-

age provides a linear conditional independence test based on partial correlation as well as several

nonlinear conditional independence tests including a test based on Gaussian process regression

and a distance correlation, and a nonparametric test based on the k-nearest neighbor estimator of

conditional mutual information [61]. This package has already found promising use in test cases as

well as applications related to climate science [3, 4, 61], and we encourage researchers to explore
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it. Making these methods more scalable to higher dimensional applications can provide useful

insights into questions such as the one presented in Chapter 5.

A limitation of most standard causal inference frameworks is that they assume that no hidden

common causes are acting upon the variables included in the model. This assumption is often

violated in climate applications resulting in these methods producing spurious/incorrect results.

There exist causal inference methods that do not rely on the assumption of causal sufficiency.

Identifying the feasibility of these algorithms for the spatiotemporal applications in climate science

will provide a significant advancement to causal inference in climate and is a suggested next step

to this research. On the Granger causality side, there have been some first efforts to infer causal

structure in the presence of hidden variables in climate settings [43, 218]. On the Pearl causality

side, algorithms for inferring hidden common causes exist, but to the best of our knowledge, none

of them have been adequately tested for climate applications. Primary algorithms are the Fast

Causal Inference (FCI) algorithm [19], [20], and tsFCI [21], which is an extension of FCI for

time-series data that enforces that the identified causal structure is time-invariant.

Through the case studies presented in this dissertation, it is clear that causal inference appli-

cations in climate science require substantial attention to steps related to variable identification as

well as setting up the inference problem in a physically meaningful way. These steps need domain

expertise of a climate scientist. Also, the final steps of evaluating, validating, and interpreting the

results require substantial domain knowledge. Therefore, we highlight the importance of carrying

out these research activities as close collaborations between climate and data science communities.

Furthermore, we encourage the research communities focused on method development to make

modern causal inference methods more accessible to their end-users. For example, providing code

implementations that are publicly available and providing documentation that explains the infer-

ence approaches in an easy to understand language can help a climate scientist to get started on

their applications with ease. Also, presenting results of how these methods performed for certain

test cases can help the user evaluate and understand the usefulness of these methods. The accuracy

of these methods, as well as the sensitivity of these methods to method-specific parameter selection
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and sample size, can give useful insights that can guide method selection. Finally, providing case

studies, like the ones provided in this dissertation, can help a user identify the scope and utility of

these methods as well as how these methods can be useful in practical applications.
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Appendices

A.1 Details of Group LASSO Approach

In general a standard LASSO approach is adequate to perform a basic Granger analysis. In

contrast to the standard LASSO approach, the group LASSO approach [95, 98] is often useful,

if the predictors show a natural group structure, as is the case for time series data. By treating a

group of coefficients as a collective entity, and constraining that group (rather than the individual

coefficients), this approach forces entire groups of coefficients to be zero, rather than individual

coefficients. In our case the groups are based on the predictor variables (where predictor variables

= {{zm,t−i}Tt=p+1 | i = 1, . . . , p and m = 1, . . . , k}) and the coefficients of any particular predictor

variable are all set to zero if that predictor does not contribute to the predictability of any of the

response variables. The specific version used here solves the optimization problem given in Eq.

(1), where ai.,m denotes the mth column in Ai and N = (T − p) is the effective sample size.

min
A,c

1

2N

T
∑

t=p+1

‖zt − c−
p

∑

i=1

Aizt−i‖22 + λ

p
∑

i=1

k
∑

m=1

‖ai.,m‖2 λ ≥ 0. (1)

A.2 Parameter Selection

This appendix discusses how the parameters were chosen for the VAR and LASSO models.

A.2.1 Choosing Maximal Lag, p

There is a trade off in selecting the maximal number of lags, p, in the VAR model. While p

should be large enough to capture all the physically meaningful relationships between the variables,

it should not be too large to ensure the generalization and interpretability of the model. In our

study, we used two statistical model selection criteria, namely the AIC and the BIC, to identify

suitable p values. The AIC and BIC values are calculated for VAR models with different values of

p, using the equations 2 and 3 respectively [53, 95, 96]. Here, k denotes the number of variables
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(zt ∈ R
k); N denotes the effective sample size and |Σ̃i

e| denotes the determinant of the estimated

error covariance matrix.

AIC(p) = ln|Σ̃p
e|+

2k2p

N
(2)

BIC(p) = ln|Σ̃p
e|+

ln(N)k2p

N
(3)

The ln|Σ̃p
e| term in these calculations account for the accuracy of the different models while

the second term (2k
2p

N
and

ln(N)k2p
N

) penalizes the model based on the number of parameters to be

estimated. Based on these criteria, the p values that provide low AIC/BIC values provide desirable

models. The only difference between the AIC and BIC calculations is that the factor 2 in AIC is

substituted with a factor log(N) in BIC. When N ≥ 8, as is the case with our results, the BIC

criterion prefers simpler models with a smaller number of lags compared to AIC [96].

The calculated AIC and BIC values for different VAR(p) models are presented in Figure A1.

Based on these values, we can see that a maximal lag between 3 and 5 is approximately suitable for

both the jet speed vs. Arctic temperature model as well as the jet latitude vs. Arctic temperature

model. We select a maximal lag of p = 5 (i.e. 25 days) for both models as it not only provides a

desirable model based on the selection criteria, but also provide a time range that is interesting for

our research question. We use the same number of lags for the LASSO model. Looking at higher

order models with LASSO shows us that the model coefficients for the lags greater than 25 days

get automatically set to zero, justifying our selection.

A.2.2 Choosing Regularization Parameter λ for LASSO

The regularization parameter λ is chosen using cross validation. Figure A2 shows the 10-

fold cross validation error curves used to determine the regularization parameter, λ, in the LASSO

approach. These error curves show the mean squared testing error averaged over the 10 folds along

with their variability. The green dashed line corresponds to the log(λ) value associated with the

minimum MSE while the blue dashed line corresponds to the error that is equal to the minimum
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MSE plus one standard error. The top axis showing the degrees of freedom indicate the number of

non-zero coefficients remaining in the model at specific log(λ) values.

(a)

(b)

Figure A1: AIC and BIC values for VAR models between (a) Arctic temperature (T ) and jet speed (S) and

(b) Arctic temperature (T ) and jet latitude (L). x-axis indicates the number of lags p and the y-axis indicates

the AIC (blue line) and BIC (orange line) values of the VAR(p) model.
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Figure A2: 10-fold cross validation error curves for LASSO for (a) Arctic temperature (T ) vs. jet speed (S)

model and (b) Arctic temperature (T ) vs. jet latitude (L) model. x-axis indicates regularization parameter

λ in logarithmic scale (bottom) and resulting number of degrees of freedom, i.e. number of non-zero regres-

sion coefficients (top). y-axis indicates the resulting mean square error from the 10-fold cross validation

as average (red line) and variation (vertical intervals). Green (blue) dashed lines indicate lambda values

corresponding to minimal (mimimal + one SE) error.
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B.1 Parameter Details for Causal Discovery Approach

Following the notation in [1], the number of lagged copies is 13 for each variable, and we

discard 1 time slice to deal with initialization issues, so we could theoretically study relationships

that are up to 12 × 5 = 60 days apart from cause to effect. However, we only show relationships

up to 35 days here. We only plot edges that have consistent connections throughout the temporal

model (defined as exhibiting significant connections for at least 60% of the possible connections;

see code for details). We do not allow instantaneous connections between variables, e.g., MJO(t)

cannot interact with NAO(t). We use a significance value of α = 0.1, and also examine results

using α = 0.05, for the conditional independence tests.

B.2 Supplemental Figures Showing Sample Size

The figures below are Figures 4.3–4.6 of Chapter 4 but showing sample sizes.

Figure B1: As in Figure 4.3 but showing sample sizes.
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Figure B2: As in Figure 4.4 but showing sample sizes.
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Figure B3: As in Figure 4.5 but showing sample sizes.

Figure B4: As in Figure 4.6 but showing sample sizes.
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C.1 Review of Spherical Harmonics

Spherical harmonics provide a complete set of orthonormal basis functions that can be used to

model functions on a sphere. They are defined as a combination of associated Legendre polyno-

mials and sinusoidal functions, as follows

Y M
L = NM

L eiMφ PM
L (cos θ), (4)

where M and L are integers, NM
L is a normalization factor,

NM
L =

(

(L−M)!(2L+ 1)

4π(L+M)!

)1/2

, (5)

and PM
L (x) is the associated Legendre polynomial.

PM
L (x) =

(−1)M

2LL!

√

(1− x2)M
d(L+M)

dx(L+M)
(x2 − 1)L. (6)

0 ≤ φ ≤ 2π denotes the longitude angle and 0 ≤ θ ≤ π denotes the polar angle, i.e. the latitude

angle, but measured starting at the North pole. Fig. C1 shows basis functions for L = 6.

(a) R(6,0) (b) R(6,1) (c) R(6,2) (d) R(6,3) (e) R(6,4) (f) R(6,5) (g) R(6,6)

Figure C1: Real part of spherical harmonics basis functions, R(L,M), for L = 6 and M = 0, . . . , 6.

[Credit: Image generated using the Matlab package Surface Spherical Harmonic Functions Visualization by

Dimitrios Piretzidis.]

Integers L and M describe the properties of the spherical harmonics, where L ≥ 0 and M ∈

[−L,L]. M , the zonal wave number, denotes the number of zero crossings in the zonal (east-west)

direction, so for example there are none in Fig. C1(a). (L − |M |) is the number of zero crossings
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in the meridional (north-south) direction, so for example there are none in Fig. C1(g). L is called

the total wave number and denotes the total number of zero crossings of Y M
L on the sphere.

For any function f(t) on the sphere, the spherical harmonic coefficient with indices (L,M) can

be calculated by taking the inner product of integration of Y M
L and f(t) over the sphere, S:

CM
L (t) =< Y M

L , f(t) >=

∫

S

Y M
L (ω) f(t, ω) dω,

where the bar on top indicates the complex conjugate and ω parametrizes the integration over the

sphere [219].

C.2 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 con-

vection, is defined by the three ordinary differential equations given below.

dx

dt
= σ(y − x) (7)

dy

dt
= x(ρ− z)− y (8)

dz

dt
= xy − βz (9)

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: Linear effects:

1. X(t− δt) → X(t)

2. Y (t− δt) → Y (t)

3. Z(t− δt) → Z(t)

4. X(t− δt) → Y (t)

5. Y (t− δt) → X(t)
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Nonlinear effects:

1. Z(t− δt) → Y (t) 2. Y (t− δt) → Z(t) 3. X(t− δt) → Z(t)

We generate multiple sets of realizations of the Lorenz system with different combinations of

parameter values (i.e., ρ,σ and β) and present two cases here to illustrate the main findings. In case

1, we adopt the following set of parameter values and initial conditions: ρ = 28, σ = 10, β = 8/3,

x(0) = 1, y(0) = 1, z(0) = 1. We use a time step of δt = 0.01. As shown in Figure C2, these

parameters give rise to the classic Lorenz attractor in the x-y-z space. Figure C3 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−δt), Y (t−δt) and Z(t−δt) 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)] = [1, 1, 1], [6,−7, 3], [−15,−15, 3]). The interactions

identified remain unchanged for these different parameters. A summary of the interactions is

provided in Figure C4.

Figure C2: 3D plot of the generated data for ρ = 28, σ = 10, β = 8/3.
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Figure C3: Time series and frequency distributions of X, Y and Z for ρ = 28, σ = 10, β = 8/3.

X 1

Y

1 1

1

Z 1

Figure C4: Summary of Interactions identified by PC stable. Here we present 1δt as 1. Parameters ρ =
28, σ = 10, β = 8/3.

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 ρ < 24.74 (i.e., non-chaotic) to the strange attractor with orbits around two

distinct center points for ρ > 24.74. Based upon this, in the second case study, we look at a smaller
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ρ value. This also helps to see whether the method identifies any interactions that were previously

masked by a large ρ component. We generate data using the parameter values and initial conditions

below: ρ = 10, σ = 10, β = 8/3, x(0) = 1, y(0) = 1, z(0) = 1. This gives rise to a stable system

that converges to a fixed point with time (Fig. C5). The objective of the PC 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, δt, 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 δt = 0.005. Figure C5 shows the trajectory of the solution while Figure C6 shows the

time series plots and histograms of X , Y and Z. Figures C7 a) to c) show the summary results

based on several different levels of statistical significance (α value). As we increase the value of

α, the model picks up more and more expected causal relationships and finally identifies correctly

all edges (both linear and nonlinear) when α = 0.2 is used (80% level of statistical confidence).

However, in contrast to the results of linear connections shown in Fig. C4, which are very robust,

the results shown in Fig. C7 a) to c) are 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
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Figure C5: 3D plot of the generated data for ρ = 10, σ = 10, β = 8/3.

Figure C6: Time series and frequency distributions of X, Y and Z for ρ = 10, σ = 10, β = 8/3.

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 [217]. However, these methods are less suited for time series of stochastic nature [9].
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Figure C7: Summary of Interactions identified by PC stable. Here we present 1δt as 1. Parameters ρ =
28, σ = 10, β = 8/3. Results for a) α = 0.001, b) α = 0.05 and c) α = 0.2

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 for a high dimensional problem as the

one presented in Chapter 5. Therefore, we resort to this simpler approach as a starting point.
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