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ABSTRACT

TOWARDS USING NEURAL NETWORKS FOR GEOSCIENTIFIC DISCOVERY

How can we use computational methods to extract physically meaningful patterns from geosci-

entific data? This question has been asked in some form for decades within the geoscientific com-

munity, with many landmark discoveries resulting from the novel application of computational

methods to a geoscientific dataset. For example, the Madden-Julian Oscillation was discovered

through Fourier transforms of tropical time-series, while the defining structures of the Northern

Hemispheric annular modes were first captured using principal component analysis. These dis-

coveries rooted in computational methods have since driven decades of geoscientific research and

innovation, and are only two of among many similar examples. It is therefore clear that compu-

tational science and geoscience are inextricably intertwined, and so the continued advancement of

both fields in tandem is beneficial to future geoscientific discovery.

Many methods exist to discover patterns within geoscientific data, although each is limited by

its own set of assumptions. The most common assumption is that of linearity, which oftentimes

conflicts with our understanding that the earth system can be both dynamically and statistically

nonlinear. However, a recently popularized subset of methods within the computer science com-

munity known as neural networks can identify nonlinear patterns and are therefore potentially

powerful tools for geoscientific discovery. Neural networks learn how to map one dataset to an-

other using a combination of nonlinear relationships, and are generalizable to a broad range of

tasks including forecasting and identifying patterns within images. Regardless of the application,

a common limitation of neural networks has been the difficulty to understand how and why they

make their decisions. Therefore, while they have been used in geoscience for more than two

decades, they have mostly been applied when accuracy is valued more than understanding, such as

for making forecasts.
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Within this dissertation, we first propose a framework for how neural networks can be used for

geoscientific discovery by applying recently invented methods from the computer science com-

munity. We focus on methods that explain which aspects of the input dataset are useful for the

neural network when making connections to the output dataset. This framework enables physical

interpretations of how and why neural networks make decisions, since the geoscientist that designs

the neural network is likely familiar with the physical meaning of each input.

In the first study of the dissertation, we outline the framework and apply it to two simple tasks

to ensure the neural network interpretations abide by our current understanding of the earth sys-

tem. The interpretable neural networks successfully identify the pattern of the El Niño Southern

Oscillation and oceanic patterns that lend seasonal predictability, which lends confidence that the

framework is reliable. In the second study, we then further test the methods by applying them to

a more spatially and temporally complex oscillation called the Madden-Julian Oscillation (MJO).

The interpretable neural networks correctly identify the known spatial structures and seasonality

of the MJO, and also suggest that the MJO is nonlinear and expresses its nonlinearity through the

uniqueness of each event. The final study assesses whether the proposed framework can be used to

identify predictable patterns of earth-system variability within climate models through its applica-

tion to decadal predictability. We find that the interpretable neural networks identify known modes

of oceanic decadal variability that contribute to predictability of continental surface temperatures.

The interpretations can also be used to identify distinct regimes of predictability, wherein spatially

and temporally unique oceanic modes contribute predictability for the same location at different

times.

From a broader perspective, these studies suggest that neural networks are a viable tool for

geoscientific discovery and are particularly useful given their ability to capture nonlinear, time-

evolving patterns. It is likely that new neural network algorithms and methods for their interpre-

tation will continue to be developed by the computer science community, and so this research

provides a guideline for how such methods can be gainfully applied within the geosciences.
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Chapter 1

Introduction

Computational methods are essential to modern geoscience. Discoveries of dominant earth-

system patterns such as the annular modes and Madden-Julian Oscillation have relied on automated

pattern detection techniques [4,5]. Assessments of future impacts of anthropogenic climate change

depend on computationally demanding earth-system models run on the world’s largest supercom-

puters [6–8]. Computational methods even accelerate observational data retrieval and dictate the

types of information that can be extracted from observations [9–12]. This is not to say theoretical

studies are unimportant to the past and future of geoscience, as theory has oftentimes guided the

future development and application of computational methods. Regardless, it has become clear

that the advancement of geoscience depends on the continued integration of novel computational

methods into its domain.

Most recently, machine learning methods have emerged as a powerful computational tool

across many areas of geoscience [13, 14], including marine science [15], solid earth science [16],

and atmospheric science [17–20]. This revolution in machine learning within the geosciences has

been spurred by the coincident introduction of novel algorithms, an influx of large quantities of

high-quality data, and an increase in computational power for processing immense quantities of

data simultaneously. The algorithmic advances were originally inspired within the computer sci-

ence community, for applications that are quite different from those within geoscience.

A decade ago, the computer science community introduced a dataset called Imagenet, which

focused efforts in the community towards more advanced algorithms for image recognition [21,22].

At the surface, the task of the Imagenet challenge appears straight-forward: the participants must

build an algorithm to accurately categorize which type of object is contained within images, with a

total of 1,000 types of objects contained in the database. The complexity of the task lies in the fact

that images of each type of object within the dataset contain different perspectives, orientations,

and sizes of the object. In turn, this challenge led to the focused, rapid expansion of machine
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learning algorithms capable of identifying and extracting useful information from images [23]. If

the developed algorithms can distinguish between images of different objects within the Imagenet

database, then it is possible that similar algorithms may be used for geoscientific problems such

as automated feature detection within satellite images [24–26] or even the detection of predictable

climate patterns [27].

Conveniently, a vast quantity of geoscientific datasets are also available in the form of im-

ages. From climate models to satellite images, the geosciences are ripe with image-like datasets

from which useful information can be extracted. Extracting information from spatial patterns is

not new to the geosciences, however, as the field has already used various methods over the past

decades to extract meaningful information from these data. For example, the discovery and iden-

tification of annular atmospheric modes, tropical intraseasonal oscillations, and global modes of

oceanic variability have utilized principal component analysis, which is a decades-old method for

extracting information from many forms of data, including vectorized images [4, 28, 29]. The

surge of machine learning usage within geoscience therefore is not the result of a lack of methods

for processing image-like datasets. Rather, the newfound algorithms incepted by efforts targeted

originally towards the Imagenet challenge may offer a new pathway for discovering geoscientific

patterns.

Neural networks, the main type of algorithm advanced by the Imagenet challenge and tangen-

tial computer science research, offer a way to assess the nonlinear, time-evolving characteristics

of geoscientific patterns [30]. As will be discussed in the subsequent chapters, the complexity of

a neural network can be varied depending on the application, which enables a flexible framework

for modeling the nonlinear relationship between datasets. This versatility is what drives the usage

of neural networks in this dissertation. Can we use neural networks to identify new patterns in

earth-system variability that are spatially or temporally nonlinear? This question is non-trivial. We

must first assess whether neural networks are viable tools for identifying geoscientific patterns.

If this is possible, we must then be able to thoroughly interpret what such models have learned

about the patterns they have been trained to identify. It is well known that neural networks are
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difficult to interpret and have therefore been colloquially referred to as “black boxes", because of

the challenges in understanding how and why they make decisions [31, 32]. If the networks are

interpretable, we must then thoughtfully use our geoscientific expertise to ensure the patterns the

neural networks identify are physically meaningful. And, if the patterns are not yet known by the

geoscientific community, the task then becomes particularly challenging when it must be tested

whether the novel patterns are physically meaningful or spurious artifacts of a chaotic earth sys-

tem. These challenges are immense, and this dissertation contributes a step towards understanding

how neural networks can drive such geoscientific discovery.

This dissertation is organized into four subsequent chapters, the first three of which detail indi-

vidual efforts to advance the usage of interpretable neural networks in geoscience, and the final of

which summarizes these efforts. Each chapter focuses on different patterns of earth-system vari-

ability, the details of which are described within each chapter such that the reader can appreciate

the unique importance of each pattern to each individual study.

The second chapter proposes a framework for extracting physically meaningful interpretations

from neural networks using methods originally proposed within the computer science community.

This chapter marks the first attempt to make interpreting what a neural network has learned the

primary focus of using a neural network for a geoscientific study, and thereby provides a new

framework for using such methods within the field. The proposed framework is then applied

throughout the remaining chapters to further assess its reliability and to make new insights into

the nonlinearities of geoscientific patterns. This manuscript has been published in the open-access

American Geophysical Union journal, the Journal of Advances in Modeling Earth Systems.

The Madden-Julian Oscillation is the focus of the third chapter, in which myself and my col-

laborators assess whether the proposed framework can identify known structures of the spatio-

temporally complex, global-scale tropical disturbance. We more thoroughly challenge the pro-

posed framework through its application to a more complex problem, and also make a first attempt

at its usage for geoscientific discovery. We find that interpretable neural networks do capture the

defining characteristics of the Madden-Julian Oscillation, and so we then extend the interpreta-
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tions to make new statements regarding its nonlinearities and seasonality. As of the writing of this

dissertation, this manuscript is under review for publication in the European Geophysical Union

journal Geoscientific Model Development.

Within the fourth chapter of the dissertation, we use the interpretable neural network frame-

work to identify modes of predictability on decadal timescales within a climate model. While we

apply the method to identifying predictable modes on decadal timescales, it can be applied to any

timescale of interest. This chapter is the first attempt within the geosciences to use the interpretable

neural network framework to advance our understanding of subseasonal-to-decadal earth-system

variability. This study has not yet been submitted for review in a peer-reviewed journal, but will

be submitted within a few weeks of the writing of this dissertation.

The final chapter ties these three independent studies together and provides some closing

thoughts about the future of neural networks in geoscience. The work towards this dissertation

began two years ago when the geosciences had not yet fully embraced the potential of neural net-

works. This research has occurred during a rather dramatic increase in interest in applying such

methods to geoscientific problems, and I hope has contributed and will continue to contribute to

their usage for geoscientific discovery. The following text describes this journey and summarizes

the findings from my PhD.

Before venturing into the scientific findings of my PhD, I will note that the following chapters

are only one part of my contributions to the geoscientific community throughout my four years

in graduate school. I have had the opportunity to teach within and lead conference workshops,

present my work at conferences and various institutions across the country, and serve as a coauthor

on a few studies for which the lead authors were generous to include me [33,34]. These additional

roles have offered me at least as much personal and scientific growth as the research detailed in

this dissertation. With that said, I hope that the following research has advanced the geoscientific

community’s understanding of how neural networks can be gainfully applied within our domain.

4



Chapter 2

Physically Interpretable Neural Networks for the

Geosciences

2.1 Introduction

Machine learning methods are emerging as a powerful tool in scientific applications across

all areas of geoscience [13, 14], including marine science [15], solid earth science [16], and at-

mospheric science [17–20]. This revolution in machine learning within the geosciences has been

spurred by the coincident introduction of novel algorithms, an influx of large quantities of high-

quality data, and an increase in computational power for processing immense quantities of data

simultaneously. There have been limitations to the application of machine learning methods within

geoscience, however, as their interpretation is commonly deemed difficult, if not impossible. Here,

we show that two recent techniques from computer science for interpreting one of the most com-

mon forms of machine learning methods – neural networks – have the potential to transform how

geoscientists use machine learning within their research. More specifically, these methods en-

able the usage of neural networks for the discovery of physically meaningful relationships within

geoscientific data.

Neural networks, also occasionally dubbed “deep learning" [35], are one of the most versatile

types of machine learning methods and can be used for a broad range of applications within the

geosciences. Such models have been used for time-series prediction [36,37], identifying patterns of

weather and climate phenomena within observations and simulations [38–41], and parameterizing

sub-grid scale physics within numerical models [42–47]. The structure of the neural networks

employed within these applications can vary substantially, although the general concept is the

same: given a set of input variables, the neural network is tasked with identifying the desired

output as accurately as possible.
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Neural networks consist of consecutive layers of nonlinear transformations and adjustable

weights and biases [48]. The mathematics of how these layer-to-layer transformations are applied

to the data are well understood since the individual transformations themselves are mathematically

simple [49]. However, once a neural network has been trained, the reasoning of how and why it

combines information across its weights and biases and from each transformation to the next to

arrive at its ultimate output is not easily deduced, due to the potentially high complexity of the

network architecture and the increasing level of abstraction in later layers of the network [50].

Thus, in practice, neural networks are often used - including in geoscience - without a detailed

understanding of the reasoning they employ to arrive at their output.

Even for applications where the network’s output is all that is desired, a lack of understanding

of a network’s reasoning can lead to many problems. For example, the neural network can overfit

to the data and attempt to explain noise rather than capturing the meaningful connections between

the input and output. Additionally, within the geosciences sample sizes are typically limited, which

means that the available samples might not capture the full range of possible outcomes and thereby

might also not be representative of the true underlying physics driving the relationship between the

inputs and outputs. In this scenario, the network may fail to model the relationship correctly from

a physical perspective, even if it accurately captures a relationship between the inputs and outputs

given the provided training data. Thus, the ability to interpret neural networks is important for

ensuring that the reasoning for a network’s outputs are consistent with our physical understanding

of the earth system.

The various applications of neural networks within the geosciences commonly rely on indirect

scientific inference. In many cases, the primary objective of the neural networks has been to

maximize the accuracy of the networks’ outputs, from which indirect inferences have been made

about the earth system. For example, by using neural networks to predict the likelihood that a

convective storm would produce hail, Gagne et al. (2019) showed that the neural networks made

accurate predictions by identifying known types of storm structures. In another case, Ham et

al. (2019) used a neural network to predict the evolution of the El Niño Southern Oscillation
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(ENSO), and then used interpretation techniques to show that ENSO precursors exist within the

South Pacific and Indian Oceans. However, even in these cases, the primary objective was to

construct a neural network that most accurately predicted its output, with the interpretation being

used to ensure the network attained high accuracy using reasoning consistent with physical theory.

This theme is common throughout geoscientific applications of neural networks: the network’s

output is the ultimate objective, and interpretation techniques are used to ensure the network is

making decisions according to our current understanding of how the earth system evolves. There

have also been recent efforts within the geoscience community to compile methods for improving

machine-learning model interpretability, including those by McGovern et al. (2019).

We propose an additional use for neural networks, whereby the ultimate scientific objective of

using a neural network is its interpretation rather than its output. From this perspective, we show

how neural networks can be used to directly advance our understanding of the earth system. To

do so, we focus on two methods – backwards optimization and layerwise relevance propagation

– which trace the decision of a neural network back onto the original dimensions of the input

image, and thereby permit the understanding of which input variables are most important for the

neural network’s decisions. These methods are particularly well-suited for scientific inference

when a physical understanding of relationships is important, such as within geoscience. We find

that layerwise relevance propagation is particularly well suited for geoscientific applications, and

has yet to be introduced to the geoscience community to the best of our knowledge.

We first discuss the theory and logic behind the two interpretation methods, then provide two

examples of how these methods can be used to explore physically meaningful patterns of earth

system variability. The objective of this paper is to showcase the utility of using neural network

interpretations for scientific inference. So, we analyze two commonly studied climate phenomena,

the El Niño Southern Oscillation and its relationship to seasonal prediction, so that we can first en-

sure the interpretation methods capture known patterns of geophysical variability before extending

into the unknown.
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2.2 Neural Network Architecture

In this work, we use separately trained fully-connected neural networks of identical design (de-

tailed in Figure 2.1). A fully-connected neural network is the most basic form of neural network.

Each neural network that we use has an input layer which receives the input sample, two inter-

mediate “hidden" layers of nodes with eight nodes each, and an output layer with two nodes that

classifies which of two categories the input is associated with. This type of network is commonly

known as a classifier. The inputs for our examples are vectorized maps (i.e. images) of geospa-

tial phenomena and are labeled with a two-unit vector that describes which of two categories, or

classes, the image is associated with. Within the two-unit labeling vector, a 1 is placed in the index

that the sample is associated with and a 0 is placed in the other. The output of the neural network

is also a two-unit vector which represents the neural network’s estimation of the likelihood that the

input sample belongs in each class such that the output vector always sums to 1, and is calculated

using a softmax operator (see appendix for more details). If the neural network is more confident

that a sample belongs in a particular class, then the output for the corresponding unit of the output

vector will be closer to 1. The objective of the neural network is to output a two-unit vector that is

as similar to the label vector as possible, which means it is tasked with maximizing its confidence

that each input sample belongs in its labeled category. More extensive details of the neural network

architecture and training procedure are provided in the appendix.

It is worth noting that we use a basic form of a neural network for our examples, but could have

chosen more advanced architectures such as convolutional neural networks (CNNs, e.g. Kriszhevsky

et al., 2012). The neural networks we employ are relatively shallow in that they have few layers,

whereas it is becoming more common to use “deep" neural networks with many layers. However,

the intent of this paper is to present the usage of the interpretation of neural networks as a tool

for scientific inference and not to showcase the utility of various neural network architectures. We

therefore opt to keep the networks as simple as possible. In addition, we will show that this basic

network architecture is sufficient to capture the known relationships between the inputs and outputs

of our examples. The interpretation methods we use also place some restrictions on the structures
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Figure 2.1: Illustration of the neural network architecture used in this study.

of the neural networks, the details of which are discussed in the subsequent sections, and so our

neural networks abide by these requirements. With that said, the interpretation methods we discuss

here are also applicable to a variety of other neural network architectures.

2.3 Neural Network Interpretation Methods

2.3.1 Backwards Optimization (Optimal Input)

The technique called backwards optimization calculates the input that maximizes a neural net-

work’s confidence in its output, and we therefore refer to the generated pattern as the “optimal

input" [51–53]. This method offers insights into which patterns the neural network thinks are most

associated with a particular output by using the weights and biases of a trained neural network to

iteratively update an input sample until it is most closely associated with a user-specified output of

the network.

Once a neural network is trained, the weights and biases can be frozen, which means that they

are no longer updated as the neural network sees new samples. So, in turn, the backwards opti-
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mization method takes the reverse approach to how a neural network is trained, and rather than

updating the weights and biases of the network itself, an input sample is iteratively updated given

a trained neural network with frozen weights and biases. The fact that the optimized input has the

same dimensions as the samples used to train the network is particularly useful and is helpful for

determining which patterns within the input vector are most important for describing any relation-

ships between the input and output variables. The optimized input can also be interpreted in the

same units as the input samples used to train the network.

The backwards optimization method is illustrated in Figure 2.2, detailed in code in the support-

ing information, and proceeds as follows:

Method Input: User-defined output of a trained neural network

Method Output: An optimized input that shows the input pattern most closely associated with the

user-defined output according to the trained neural network

Procedure:

1. A neural network is trained, and the weights and biases are frozen, which means that they

are not updated when a sample is input into the neural network.

2. A desired output from the neural network is defined. For example, if the network is trained to

identify whether a sample belongs in one of two categories, the desired output could be when

the neural network is 100% confident that the input belongs in one of the two categories.

3. A sample is generated of the same shape as the samples used to train the neural network, but

the sample is initialized as all zeros.

4. This all-zero sample is passed through the network, and the output is gathered. The output

is then compared to the desired output, and the loss (i.e. error) of the all-zero sample is

calculated with respect to the desired output. The loss function is the same function used to

train the network.
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Figure 2.2: Illustration of the backwards optimization procedure used in this study for interpreting neural
networks. The steps illustrated here correspond to the steps listed in Section 2.3.1. The neural network
within this schematic has already been trained, and the training procedure is not illustrated.

5. The loss is translated backwards through the neural network to the input layer using back-

propagation. But, rather than updating the weights and biases of the network along the way,

the input sample itself is updated in a manner which reduces the loss using an increment of

the information, or gradient, that was translated back to the input layer.

6. Iterate over steps 4 and 5 until the input is optimized such that iterations no longer reduce

the error of the neural network’s output.

Gagne et al. (2019) and McGovern et al. (2019) provide other examples of how the backwards

optimization technique has been used in geoscience, and more specifically meteorology. We note

that other techniques for the initialization of the unoptimized input sample have been suggested,

such as using Gaussian noise rather than all zeros, but we have found that the optimized patterns

are not sensitive to these initialization techniques for our examples.

As will be discussed throughout the remainder of this paper, the backwards optimization tech-

nique offers valuable insights into a neural network’s decision-making process, but it is not without
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its limitations. Briefly, the optimized input offers one composite perspective of the patterns the net-

work looks for within the input data. This composite perspective introduces problems when applied

to domains where, for example, multiple modes of variability may lead to the same outcome. In

these cases, the optimal input may contain a combination of each mode, but will not elucidate how

these modes may evolve either independently or in tandem with each other. There are ways that

the backwards optimization method can be used for some of these applications too, however, such

as by optimizing an actual input sample rather than an all-zero sample toward a target output from

the neural network. We do not discuss this application here, but McGovern et al. (2019) briefly

discuss such a technique.

Because of the complications of optimizing for a single optimal pattern, it is useful to also

understand what information within each input sample is important for the neural network’s asso-

ciated output. Fortunately, there are methods for interpreting a neural network in this manner, one

of which is called layerwise relevance propagation, which we discuss next.

2.3.2 Layer-Wise Relevance Propagation (LRP)

While backwards optimization has previously been used by the geoscience community, we are

unaware of any published applications of layerwise relevance propagation to geoscientific prob-

lems, and so we go into additional detail describing this method. In contrast to the optimal input

technique which generates a single optimized input given a desired output, layerwise relevance

propagation (LRP) considers one input sample at a time. The form of LRP that we use was intro-

duced to the computer science community by Bach et al. (2015). This form of LRP is also referred

to as a “deep Taylor decomposition" of the neural network because of its relationship to Taylor

series expansion [55], although the more general class of methods is referred to as LRP and we

will therefore refer to the method as such.

For each input sample, LRP identifies the relevance of each input feature for the network’s

output, and therefore helps isolate which input features are important for a network’s output on a

sample-by-sample basis. For example, if the input is an image, the resulting output from LRP is
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a heatmap in the dimensions of the original image that shows the regions of the image which are

most important for generating the network’s output for that particular sample. It bears repeating

that the heatmap is specific to the input sample and so different inputs yield different heatmaps, the

patterns of which depend on how the information from that input is transferred through the network

as it makes its decision. LRP can be applied to any sample that is of the same dimensions as those

used to train the network, even if the neural network did not see the sample during training.

Next, we generally describe how LRP traces the reasoning of a neural network’s decision-

making process, although we refer the reader to the manuscripts of Bach et al. (2015) and Mon-

tavon et al. (2017) for more details. We note that while the LRP methods presented by Bach

et al. (2015) and Montavon et al. (2017) are one formulation of LRP, new formulations can be

developed according to the more general guidelines posed within Bach et al. (2015).

The algorithm of LRP is illustrated in Figure 2.3 and proceeds as follows:

Method Input: An input sample

Method Output: The relevance of each feature within the input sample for the associated output of

the neural network

Procedure:

1. A neural network is trained, and the weights and biases are frozen, which means that they

are not updated when a sample is input into the neural network.

2. A sample is then input into the frozen neural network, and the output values are retained. If

the neural network has categorical output and uses a softmax operator following the output

nodes, then the output values prior to the softmax operator are retained. A single node of the

output layer is identified as the node for which the relevance should be calculated. For cases

of categorical output, this node is typically the one with the highest output likelihood for the

given sample.
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3. The output value of the single node is then propagated backwards through the network using

information about the weights and biases of each node of the neural network. The propa-

gation is done according to a particular set of propagation rules, which are discussed below.

These rules depend on the types of the neural network and input data, and what type of

information is to be inferred from the network.

4. This backwards propagation through the network is done until reaching the input layer. The

resulting values have the same dimensions as the input and correspond to the relevance of

each input feature for the neural network’s decision of its output.

5. This process is completed for each sample of interest, from which the relevances for each

sample can be studied independently or through composites or clusters of similar patterns of

relevance.

An important aspect of LRP is the rules by which the relevance is translated backwards from

the output layer toward the input layer. For our purposes, we only show the relevance propagation

rules that are most fundamental to the theory of LRP. The rules that we use here, and which were

introduced by Bach et al. (2015), have been constructed such that the total summed relevance after

propagation back to the input layer is equal to the value of the output. For these rules, only in-

formation that positively contributes to the output is propagated backwards, and negative weights

and biases are therefore ignored. That is, only information that makes the network more confident

in its categorical output is propagated backwards, and information that makes the network less

confident is ignored. However, there are variants of LRP that permit the inclusion of information

that reduces the network’s confidence which are also useful for network interpretability, but extend

beyond the scope of this paper [55].

We note again that LRP traces information for a single output node [54]. So, in the case of

categorical output as we present within this paper, the relevance is propagated backwards for one

of the categorical output nodes – typically the node with the maximum output likelihood for the

sample of interest. If the neural network uses a softmax operator in its output layer, then during
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the relevance calculations the softmax operator is ignored and the relevance is calculated for the

network’s output prior to the softmax. The softmax operator is helpful to ensure the network con-

verges on a solution during training, but the pre-softmax output is more useful for interpretability

purposes since it is an unscaled representation of the network’s confidence in its output.

Once a sample has been input, passed forward through the network, and the output has been

collected, the first step in LRP is to use the following propagation rule to pass the information

backwards from the output layer to the previous layer of nodes:

Ri =
∑

j

aiw
+

ij +max(0, bj)
∑

i
aiw

+

ij +max(0, bj)
Rj. (2.1)

Within Equation A.1, the i subscript represents the i-th node in the layer of the network to which

the relevance is being translated backwards, the j subscript represents the j-th node in the layer of

the network from which the relevance is being translated, Ri is the relevance translated backwards

to the i-th node, Rj is the relevance of the j-th node, ai is the output from the i-th node after the

non-linearity has been applied when the sample is passed forward through the network, w+

ij is the

weight of the connection between the i-th and j-th nodes where the + signifies that only positive

weights are considered, and bj is the bias of the j-th node. The terms within this equation are

illustrated schematically within Figure 2.3. As previously mentioned, the form of LRP that we use

neglects all negative weights and biases and only traces information backwards through positive

weights and biases. This rule in Equation A.1 is used to propagate the relevance backwards through

the network from one layer to the next, starting with the output layer and extending backwards to

the first hidden layer.

There are separate rules for translating information to the input layer from the first layer of

hidden nodes, the rules of which depend on whether the values of the input features are bounded

or unbounded. A case where the values are unbounded is when the data is standardized and so has

zero mean and unit variance, but is not necessarily restricted from varying across all real numbers.

A case where the values are bounded, on the other hand, is when all the input values are normalized
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between 0 and 1. For the case where the input values are unbounded, the rule for translating the

relevance from the first hidden layer to the input layer is:

Ri =
∑

j

w2
ij

∑

i
w2

ij

Rj (2.2)

where all terms are as previously discussed for Equation A.1. We use unbounded input data within

our examples, and so we provide the propagation rule for the case of bounded data within the

supporting information. Additional information about other propagation rules is available within

Samek et al. (2019).

The rules for LRP presented within the literature have thus far been formulated for a specific

subset of activation functions, types of neural networks, and neural network tasks. The rules that

we present have been developed to work best with the Rectified Linear Unit (ReLU) activation

function, since they test whether a node has been “activated" or not [54, 55]. Neurons that use the

ReLU activation function are activated in the sense that their output is equal to the input if the input

is greater than zero, but is zero if the input is less than zero (see Figure 2.1b for an illustration of

the ReLU function). So, the formulation of LRP that we use ensures that it only traces information

back through the network if the nodes are activated and therefore pass information forward when

the neural network is making its decision for a particular sample. If the i-th node is not activated

during the forward pass through the network, then the ai term is zero in Equation A.1, the relevance

for the unactivated neuron i is zero, and the relevance is distributed to the other activated neurons

within that layer of nodes.

As we have discussed, we use a form of LRP that only propagates information that positively

contributes to the output node, which means that the relevance heatmaps show regions that con-

tribute to increases of the output likelihood that a sample belongs to a particular category. This

interpretation is helpful for classification tasks, when increasing the likelihood that an input be-

longs in a particular category is of interest. There are limitations to this approach for regression

problems, however, where it is desirable to understand which inputs cause an increase or decrease
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in the final output. For this reason, we have found that the formulations described by Bach et al.

(2015) are not well suited for interpreting neural networks tasked with regression, and we therefore

suggest that an LRP formulation needs to be developed specifically for regression problems. How-

ever, there have been examples of using LRP for regression problems in other fields [57], and so

while LRP may similarly be a viable approach for regression problems in geoscience, care should

be taken in how the interpretations are used.

In addition, this formulation of LRP works well for fully-connected neural networks (as we use

in this study) and convolutional neural networks, for which the propagation rules are similar [58].

There have been efforts to expand LRP to more complicated neural network architectures, but in

these cases other propagation rules need to be used [59]. It is therefore critical that the neural

network architecture be carefully considered prior to training if LRP is to be used.

Additional propagation rules for other cases, such as when negative relevances are to be con-

sidered, can be found in the supporting information of this paper or within Montavon et al. (2017)

and Samek et al. (2019). We use an implementation of LRP from the authors of the method, which

is described in detail within Alber et al. (2019), although an abundance of similar implementations

also exist. The implementation we use is available as the innvestigate package within Python,

which has been written to work with the Keras neural network package. Tutorials covering how to

implement LRP within other programming languages are available at heatmapping.org, and a list

of other resources for LRP in Keras and other Python packages is offered within the supporting

information.

While there are limitations to LRP, neural networks can be thoughtfully constructed to mediate

some of these limitations. For example, many problems of regression can be reformulated as

categorical problems by discretizing a continuous output into a number of categories. Additionally,

many tasks in geoscience do not seem to require exceedingly complex neural network architectures

[27, 33, 40], and in many cases a basic form of neural network is sufficient to attain high accuracy.

Therefore, while the current formulations of LRP do not solve all the limitations of interpreting

neural networks for geoscience, we show throughout the remainder of this paper that it still offers
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opportunities for interpreting neural networks that are thoughtfully constructed with the ultimate

objective of interpretation in mind.

2.4 Applications to Earth System Variability

To illustrate how the interpretation of neural networks can be used to advance scientific knowl-

edge, we apply the backwards optimization and LRP methods to two well-known patterns of cli-

mate variability within the earth system. We intentionally choose patterns that have been exten-

sively researched by the earth system/climate community, because our intent is to demonstrate the

usage of neural networks for scientific inference by first showing that the techniques can replicate

what we already know before extending into the unknown. Our aim is to provide readers with the

intuition and confidence to use the techniques for their own research questions.

For our examples, the inputs to the neural networks are vectorized geospatial fields, the do-

mains of which are discussed in their respective subsections. The neural network is tasked with

identifying which of two categories the input geospatial fields are associated with, and what the

categories represent depends on the example. It is worth noting that backwards optimization and

LRP can be applied to neural networks with any number of output categories, but we limit the

output to two categories for the sake of illustration. Additional details about the neural network

architectures we use are discussed in Section 2.2 and the appendix.

2.4.1 The El Niño-Southern Oscillaton (ENSO) Pattern

The first example we use is the simpler of the two, and shows how the backwards optimization

and LRP methods can be used to interpret a neural network’s understanding of the spatial structure

of a well-known climate pattern. We show that backwards optimization is useful for gaining a

composite interpretation of the neural network’s understanding of the climate pattern, and that LRP

extends beyond this composite and also allows the interpretation of what information is useful to

the neural network within each individual sample. This example is intentionally simple so we can
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test the abilities of the interpretation techniques, rather than gain new knowledge about the climate

pattern itself.

A neural network is tasked with identifying whether a sea-surface temperature (SST) pattern is

characteristic of a positive (El Niño) or negative (La Niña) phase of the El Niño Southern Oscil-

lation (ENSO). ENSO is a dominant mode of earth-system variability that acts on an interannual

timescale and manifests as sea-surface temperature anomalies within the tropical Pacific, although

its indirect influences on weather and climate are global [61, 62]. We define the state of ENSO

using the conventional Niño3.4 index, which is a spatial average of the sea-surface temperature

anomalies within the equatorial Pacific Ocean (between 5◦S to 5◦N and 170◦W to 120◦W). We

calculate the spatial average using the 1◦ by 1◦ Cobe V2 dataset [63]. According to this index,

negative sea-surface temperature anomalies within the east-central tropical Pacific are character-

istic of La Niña, while positive sea-surface temperature anomalies are characteristic of El Niño.

Composite sea-surface temperature anomalies for each phase are shown in Figure 2.4.

For the neural network setup (shown in Figure 2.5), the first index of the label vector corre-

sponds to La Niña samples and the second index to El Niño samples. An example vector label

for a La Niña case is therefore [1, 0], and the output of the neural network is of similar form with

the output value in each index corresponding to the network’s estimated likelihood that the sample

belongs in each category. The input dataset is monthly sea-surface temperature anomalies for the

years 1880 through 2017 from the 1◦ by 1◦ Cobe V2 dataset [63]. We calculate the anomalies

separately for each grid point by removing the mean for the years 1980 through 2009 and there-

after removing the linear trend. Samples from the years 1880 through 1990 are used to train the

network and those from 1990 through 2017 are used to test the network, and we only test and train

on months during which the Niño3.4 index magnitude was greater than 0.5. The network does

not see the 1990 through 2017 samples during training, and those samples are only used to test

whether what the network learns during training generalizes to samples on which the network was

not trained. We vectorize the global images of sea-surface temperature anomalies before inputting

them into the neural network.
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Figure 2.4: Composites of the monthly sea-surface temperature anomalies during (a) El Niño (337 samples)
and (b) La Niña (485 samples). The composites include all events with a Niño3.4 index magnitude of greater
than 0.5.

We also compare the results to linear regression to verify that the neural network is capturing

physically reasonable patterns, since the sea-surface temperature signal of ENSO is predominantly

linear although does exhibit nonlinearities [64, 65]. For this approach, we first obtain a map of

regression coefficients by regressing the time series of global sea-surface temperature anomaly

maps onto the Niño3.4 index time series. We then project this map of regression coefficients onto

the observed sea-surface temperature anomalies to identify the ENSO phase.

The trained neural network identifies the ENSO phase with 100% accuracy on both the train-

ing (654 samples) and testing (168 samples) datasets. It is expected that the neural network would

have nearly perfect accuracy given the intended simplicity of this example, which we use to illus-

trate the usefulness of the interpretation techniques. Regardless, in order to achieve this accuracy,

the weights and biases of the neural network must contain information about the spatial patterns

of sea-surface temperature variability characteristic of ENSO. The linear regression approach is
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Figure 2.5: Illustration of the neural network design for ENSO phase identification.

accurate for only 82.5% of samples, and this lower accuracy is likely caused by noise within the

global inputs. That is, with enough input samples, the linear regression should determine that the

bounding box used to define the Niño3.4 index (between 5◦S to 5◦N and 170◦W to 120◦W) is the

most useful region and ignore the remainder of the globe. To support this idea, the linear regression

approach is 100% accurate when only sea-surface temperatures from this box are used as inputs.

We focus on the interpretation of the neural network’s understanding of El Niño, although the

interpretation for La Niña is similar and provided in the supporting information (Figure S2). We

first generate the optimal input to identify the composite spatial pattern of sea-surface temperature

anomalies that maximizes the network’s confidence that the sample is an El Niño event (Figure

2.6a) and the composite relevance heatmaps for all of the El Niño samples (Figure 2.6b). Then,

we use LRP to identify the regions on which the network focuses its attention for El Niño events

on a sample-by-sample basis (Figure 2.7). The relevance values output from LRP for each sample

are normalized to range from 0 to 1 by dividing each heatmap by its own maximum relevance

value. We do this so that the relevances for each sample are weighted equally when compositing

the relevance across samples.
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Figure 2.6: Interpretation of the neural network’s understanding of the spatial structure of El Niño based
on 337 total El Niño samples (including both training and testing data). a) The optimal input field that
shows the input image that maximizes the confidence of the network that the sample is an El Niño event. b)
The LRP composite for all El Niño events, where higher values denote greater relevance for the network’s
decision. Relevance values are normalized between 0 and 1 for each sample, such that 1 denotes the highest
relevance in each individual sample and 0 denotes the lowest relevance. c) Composite observed monthly
sea-surface temperature anomalies for all El Niño samples (Niño3.4 > 0.5), identical to what is shown in
Figure 2.4.
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Backwards optimization recovers a map of sea-surface temperature anomalies that is similar to

the observed ENSO pattern in both spatial structure and magnitude, particularly within the tropical

Pacific (Figure 2.6a,c). There are some differences in the sign and magnitude of the anomalies

outside of the tropical Pacific, such as in the Atlantic Ocean, although these regions are not con-

ventionally considered to be a part of the predominant ENSO pattern and are also not highlighted

to be important to ENSO by the LRP relevance composites (Figure 2.6b) [61]. The composite

relevance for the El Niño samples also shows that the neural network mainly focuses its attention

on the tropical Pacific (Figure 2.6b). A region of non-zero relevance exists within the North Pacific

(Figure 2.6b), which may be associated with a well-known correlation between oceanic variabil-

ity within this region and the tropical signal of ENSO [66]. The linear regression coefficients are

spatially similar to the optimal input pattern, which increases confidence in the robustness of the

neural network visualization methods (Figure S1).

The utility of LRP is further highlighted by analyzing relevance heatmaps for individual sam-

ples. Figure 2.7a shows examples of eastern Pacific and central Pacific (i.e. Modoki; Ashok et

al., 2007) ENSO events in 1998 and 1987 respectively, and highlights that the network refocuses

its attention on different regions of the tropical Pacific to identify an El Niño event depending on

the input. Furthermore, the neural network focuses its attention on the regions of sea-surface tem-

perature anomalies that are most commonly associated with the two types of El Niño, and learns

to ignore other anomalies of similar magnitude within the western Pacific that are distinct from

ENSO. We only show the spatial relevance patterns for these two examples, although the relevance

time series for the central and eastern Pacific show that the network correctly refocuses its atten-

tion for all of the input samples depending on the type of El Niño event (Figure 2.7c). Samples

associated with central Pacific El Niño events have higher relevance within the central Pacific than

within the eastern Pacific, and vice versa for samples associated with eastern Pacific El Niño events

(Figure 2.7c).

We have shown that the neural network learns the physical structures of the various modes

of ENSO, which lends confidence that backwards optimization and LRP can be used to better
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Figure 2.7: An illustration of how the neural network focuses on different regions of sea-surface temperature
anomalies for different types of El Niño: a) an eastern Pacific El Niño event and b) a central Pacific (Modoki)
El Niño event. The observed sea-surface temperature anomalies for each case are shown in fill and the LRP
relevance is contoured. The relevance has been normalized to lie on a scale from 0 to 1, and the contours
range in value from 0.2 to 1.0 in increments of 0.2. Relevance values less than 0.2 have been omitted. c)
(top) The Niño3.4 index time series from 1968 to 2011; (bottom) Time series of the normalized relevance
values for locations within the central Pacific and eastern Pacific from 1968 through 2011. Relevance values
are only shown for months during which the Niño3.4 index was greater than 0.5. The central (eastern)
Pacific location is denoted by the orange (purple) dot in panels a and b, and is located on the equator at
a longitude of 200◦ (250◦). The types of each El Niño event during the 1968 through 2011 period are as
labeled in Ashok et al. (2007), Lee and McPhaden (2010), and Wang and Wang (2014), and are denoted
above the time series as either central (“C") or eastern Pacific (“E") events. If an event was not determined
to be separable into a central or eastern Pacific event by Ashok et al. (2007), Lee and McPhaden (2010), or
Wang and Wang (2014), then it is not labeled.
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our understanding of other patterns of earth system variability. This example also highlights the

capability of LRP to identify what information a neural network uses in its decision-making process

for each individual sample. The earth system rarely behaves according to a composite, and so the

ability to analyze which aspects of each individual sample are important for the neural network’s

associated output is particularly useful for gaining new insights into earth-system variability.

2.4.2 Seasonal Prediction Using the Ocean

To further illustrate the usefulness of the backwards optimization and LRP methods, we next

extend their usage to a slightly more complex example in which we train a neural network to pre-

dict a surface temperature response to sea-surface temperature anomalies months in advance. We

focus on seasonal prediction, for which the ocean is a predominant source of atmospheric pre-

dictability [67–69]. Specifically, while it is well known that ENSO is a dominant contributor to

atmospheric seasonal predictability [70,71], there are other regions of oceanic variability that offer

extended atmospheric predictability. One such region is the North Pacific, which can impact sur-

face temperature and precipitation across North America [72–74]. We therefore predict continental

surface temperature anomalies along the west coast of North America, which is more complicated

than predicting the phase of ENSO since the neural network must identify the numerous coincident

patterns of sea-surface temperature anomalies across different spatial and temporal scales that can

contribute to seasonal temperature predictability.

As shown in Figure 2.8, we train the neural network to predict the sign (above or below zero) of

surface temperature anomalies at a location along the west coast of North America (50◦N, 240◦E)

using maps of sea-surface temperature anomalies within the tropics and Northern Hemisphere

(north of 20◦S). Surface temperatures at the chosen location, which is denoted by the red dot in

subsequent figures, have previously been shown to have extended predictability due to sea-surface

temperature forcing on seasonal to annual timescales [72, 75]. We input sea-surface temperature

anomalies from the 1◦ by 1◦ Cobe V2 monthly sea-surface temperature anomaly dataset that is

linearly interpolated onto a daily basis [63], and we use the years 1950 to present day. The corre-
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Figure 2.8: Illustration of the neural network design for the seasonal prediction example.

sponding daily surface temperature anomaly labels are gathered from the Berkeley Earth Surface

Temperatures (BEST; Rohde et al., 2013) dataset, also spanning from 1950 to present day. For

both the sea-surface and continental surface temperatures, we calculate the anomalies separately

for each grid point by subtracting the mean values for the years 1980 through 2009 and thereafter

removing the linear trend. The training dataset spans from 1950 through 2000 (∼18,000 samples),

and the testing dataset spans from 2000 through 2018 (∼7,000 samples). The surface temperature

anomalies are averaged over a 60-day period to ensure the predictions are capturing longer-term

surface temperature variability, and the averages are centered such that a prediction with a lead

time of 60 days implies a prediction of the average 30- to 90-day surface temperature anomalies.

We use interpretations of the neural network to identify which sea-surface temperature patterns

are useful for making extended surface temperature predictions at various prediction lead times.

We first train a neural network to predict the sign of the 30- to 90-day average surface temperature

anomalies (i.e. a 60-day lead time using our definition), for which the network has 67% accu-

racy. We then focus on interpreting the neural network for cases when the surface temperature

anomalies are positive, although the interpretation for the cases with negative anomalies is sim-

ilar and provided within the supporting information (Figure S3). For this lead time, the optimal
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input and LRP composite identify similar regions of SST patterns that lend predictability across

the tropical Pacific and North Pacific (Figure 2.9a,b). Both of these regions have been identified

by previous studies as sources of seasonal temperature predictability for the west coast of North

America [71, 72, 75].

We next test the fidelity of the neural network interpretations by varying the prediction lead

time of the continental surface temperature anomalies from 180 days prior to 60 days following

their occurrence. We compare the neural network interpretations with that of linear regression

to test whether the interpretations are reliable and if they offer any unique insight compared to

more conventional approaches. Our linear regression approach is similar to the approach used for

the ENSO example. We first obtain a map of regression coefficients by regressing the time se-

ries of global sea-surface temperature anomaly maps onto the time series of surface temperature

anomalies over the west coast of North America. We then project the regression coefficient map

onto the global maps sea-surface temperature anomalies to predict the sign of the surface temper-

ature anomaly. The resulting accuracies of both prediction methods and the associated sea-surface

temperature patterns that lend predictability are shown in Figure 2.10.

At extended leads, the spatial patterns of sea-surface temperature anomalies identified by back-

wards optimization and LRP are similar to those identified by regression (Figure 10). Particularly,

the tropical Pacific stands out as being a predominant source of surface temperature predictability

across the 180-day, 120-day, and 60-day prediction lead times for both the neural network inter-

pretation and the regression maps (Figure 2.10a,b,c). For the 60-day prediction lead time, within

the neural network interpretations the importance of the North Pacific begins to increase relative to

the ENSO region, and the North Pacific becomes the dominant source of predictability for the con-

current and 60-day lagged sea-surface temperature anomalies (Figure 2.10c,d,e). Unlike the neural

network, the regression approach continues to highlight the tropical Pacific Ocean as important for

identifying the concurrent and 60-day lagged surface temperature anomalies.

The neural network is more accurate than the regression approach for all prediction ranges,

which suggests that the neural network interpretations likely capture the sea-surface temperature
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Figure 2.9: Interpretation of the neural network tasked with predicting 30- to 90-day average surface tem-
perature anomalies at the red dot based on ∼12,000 total samples (including both training and testing data).
Only the interpretation for positive surface temperature anomalies is shown, and the interpretation for neg-
ative anomalies is shown in Figure S3. a) The optimal input field that maximizes the network’s confidence
that the input sample is associated with positive temperature anomalies at the red dot. b) The LRP com-
posite for all correctly categorized samples of positive temperature anomalies, where higher values denote
greater relevance. Relevance values are normalized between 0 and 1 for each sample, such that 1 denotes the
highest relevance in each individual sample and 0 denotes the lowest relevance. c) Composite observed sea-
surface temperature anomalies for all cases where the neural network accurately predicts positive surface
temperature anomalies.
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Figure 2.10: A comparison of the spatial patterns of sea-surface temperature deemed important for pre-
dicting surface temperature at the red dot using neural networks and linear regression. An evolution of the
sea-surface temperature patterns at various lead times is shown, ranging from 180 days prior to the surface
temperature anomalies to 60 days afterwards. The prediction is made for surface temperatures averaged
across a 60-day window, and the prediction lead time listed above the sub-figures is the center of this win-
dow. So, for example, the 180-day lead time prediction is actually a prediction of the 150- to 210-day
average surface temperature. For each lead/lag, the top panel shows the neural network optimal input in fill
and LRP relevance in open contours, and the bottom panel shows the regression coefficients for the linear
regression approach. The open contours denote LRP relevance values ranging from 0.1 to 0.3 in increments
of 0.05.
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patterns more closely associated with the seasonal surface temperature anomalies. Specifically,

the neural network interpretations suggest that the North Pacific is the predominant modulator of

concurrent surface temperature anomalies along the west coast of North America, while the tropi-

cal Pacific offers extended lead predictability (Figure 2.10). This idea is corroborated by previous

research that found the North Pacific modulates temperatures across western North America sep-

arately from the tropical Pacific [72]. So, while the neural network is only slightly more accurate

than the linear regression model, the increase in accuracy is caused by an improved understand-

ing of the most relevant sea-surface temperature patterns. Either nonlinearities or the increased

pathways for information to flow through the neural network likely contribute to this improved

understanding.

2.5 Discussion and Conclusions

The recent surge in the popularity of neural networks within the geosciences has inspired the

need for techniques to interpret their decisions. Neural networks are conventionally thought of

as “black boxes" within the geosciences with limited tools for the interpretation of the reasoning

behind their decision-making process. We have shown that the usage of two separate techniques

enables physically meaningful inference from thoughtfully designed neural networks. This ability

to reliably interpret neural networks opens the door to using the interpretation of how and why the

network makes its decisions as the ultimate science outcome.

The backwards optimization method can be used to quantify the patterns within the input data

that maximize a neural network’s confidence that an input is associated with a particular output.

For the case of categorical output as we present within this paper, backwards optimization itera-

tively changes an input to maximize the neural network’s confidence that it belongs in a particular

category. The optimized input has the same dimensions and can be interpreted in the same units as

the input samples used to train the network, but provides no direct indication as to which charac-

teristics of the optimized input are most important. In general, however, backwards optimization is

useful for identifying the dominant pattern of variability the neural network looks for when making
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its decisions. In our examples of ENSO phase identification and seasonal prediction, backwards

optimization was able to extract the dominant modes of variability known to be associated with

each problem (Figure 2.6; Figure 2.10).

Layerwise relevance propagation (LRP), on the other hand, considers each sample individually,

and provides information about the characteristics of each sample that are most important, or rele-

vant, for the network’s associated output. LRP can thereby provide insights into how relationships

between the inputs and outputs of a neural network vary on a case-by-case basis. The usefulness

of this quality is exemplified by comparing the relevance heatmaps for two types of El Niño events

– the eastern Pacific and central Pacific, or Modoki, patterns (Figure 2.7). Although the optimal

input pattern does not distinguish between these two modes of El Niño variability because it of-

fers a composite interpretation (Figure 2.6a), LRP shows that the network does redirect its focus

depending on where the sea-surface temperature anomalies occur (Figure 2.7). While we do not

examine this capability within this paper, it is possible to cluster the LRP relevance heatmaps to

identify secondary modes variability within each input category if there is no a-priori knowledge

of their existence [77]. The fact that the neural network learns the variable spatial structures of

ENSO, and that LRP can elucidate this understanding, suggests that LRP can be used to identify

physically meaningful patterns within other geoscientific datasets, as well.

There are particular requirements of the backwards optimization and LRP techniques that con-

strain how a neural network is constructed, the details of which are discussed in Section 2.3. We

therefore emphasize that neural networks must be constructed thoughtfully so as to maximize

the scientific value of their interpretation. The network architecture must be complex enough to

capture any existing relationships between the input and output data, but not so complex that in-

terpretation methods are no longer usable, the balance of which depends on the use-case. The

relative value of the accuracy and interpretability of a neural network is of critical importance to

scientific analyses, and should be assessed carefully prior to training. For example, first training

a simple neural network and building towards a more complex model enables an understanding

of whether more complex and thereby less interpretable networks are necessary. If a network is
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too simple to accurately capture the relationships between the input and output, then its accuracy

will be low and any interpretations of its understanding will be limited in scientific value. On the

other hand, if a network is too complex and interpretation is impossible, then its value is limited

solely to its output. A balance between network complexity and interpretability must be struck if

the interpretation of what a network has learned is to be scientifically useful.

We have shown that techniques for interpreting neural networks have the potential to extend

their usage to the discovery of unknown patterns within geoscientific data, a concept which will be

further explored in future research. The ultimate scientific outcome of a neural network can now

also be the interpretation of what the neural network has learned, rather than only the output of the

network itself. Regardless of the specific application, it is now apparent that neural networks offer

scientists a useful new way to discover and understand connections within geoscientific data.
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Chapter 3

Testing the Reliability of Interpretable Neural

Networks in Geoscience Using the Madden-Julian

Oscillation

3.1 Introduction

Neural networks have the potential to improve our understanding of the earth system in ways

that are unique from other statistical and machine learning methods. Recent research within the

geosciences has shown that neural networks can be used to accelerate climate model parameteriza-

tions [44,45], discover patterns of earth-system variability [78], and make accurate global weather

predictions [79], among numerous other applications in weather and climate [38, 80]. These ad-

vances have been rooted in the theory that neural networks are universal function mappers – that

is, given a sufficient level of neural network complexity and quality of input data, a neural network

can map any relationship between two datasets [81].

Neural networks may be particularly useful within the geosciences if the relationships con-

tained within their learned parameters can be understood and interpreted. Numerous methods have

been proposed for such interpretation within the computer science community, and have even been

shown to be applicable to improving the understanding of geoscientific phenomena such as ENSO,

sources of seasonal predictability, and severe convective storms [32,40,78,80]. The critical caveat

of using interpretable neural networks within geoscience is that the interpretations must accurately

portray the relationships captured by the neural network and not mislead the scientist toward incor-

rect conclusions. Therefore, any interpretability methods should first be tested on topics that are

well understood so that trust can be lent to studies that use the methods to discover entirely new

patterns.
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The Madden-Julian Oscillation (MJO) [5, 29] has been a focus of hundreds of publications

across numerous decades, and although it is not fully understood, a few of its characteristics are

commonly accepted by the scientific community. For example, its core characteristic is an anomaly

in deep convection and associated cloud cover within the tropics that forms within the western trop-

ical Indian Ocean and propagates eastward toward the tropical eastern Pacific ocean over the course

of 3 0 to 60 days [29, 82, 83]. While we will focus on the tropical characteristics of the MJO, it is

also generally accepted that the atmospheric response to deep convective heating within the MJO

can generate teleconnection patterns across the globe [84–86]. The formation and propagation of

the MJO are not as well understood, although numerous theories have been put forth [87], one of

which suggests that the MJO propagates in response to gradients of tropical water vapor anoma-

lies [88, 89]. Another theory suggests that the MJO could be a large-scale envelope of eastward

and westward propagating gravity waves, and that its eastward propagation occurs because the

eastward waves travel faster than the westward waves [90, 91]. Anomalies in atmospheric state

variables that coincide with the MJO are also well documented [83, 92–94], although their rela-

tionship with the seasonality of the MJO is less clear, particularly given remaining uncertainties in

mechanisms driving the seasonality of the MJO itself [95, 96].

We use the MJO as an opportunity to test whether interpretable neural networks can capture

known patterns of variability within complex geoscientific data, and we then extend our analysis

into inferring new information about the MJO itself. We also provide a new definition of MJO sea-

sonality, for both the conventional outgoing longwave radiation definition and across atmospheric

state variables. The aim of this paper is threefold: 1) to highlight the ability of neural networks

to capture complex relationships within geoscientific data; 2) to test neural network interpretation

methods to ensure they can reliably infer the relationships captured by neural networks; and 3)

use the interpretations to gain new insights into the MJO. This paper thereby offers a conceptual

guideline for how a geoscientist might go about using a neural network to discover new patterns

within geoscientific data. Those interested in the MJO itself will also find new insights into its

spatial structures and seasonality.
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3.2 Data and Methods

We first discuss the data we use to define the MJO and then detail how we design a neural

network to infer information about its spatial structure and seasonality.

3.2.1 Data

We define the MJO according to the Outgoing Longwave Radiation MJO Index (OMI) [97],

which tracks the state of the MJO using anomalies in top-of-atmosphere outgoing longwave ra-

diation (OLR) [98]. Increased cloud-cover inhibits the upwards ventilation of longwave radiation

to space, so outgoing longwave radiation is generally used as a proxy for cloud cover in studies

of the MJO. Some of the details of OMI are listed below, and it can generally be defined as a

linear representation of the MJO based on outgoing longwave radiation anomalies with periods of

20 to 96 days. An important advancement of OMI beyond other MJO indices is that the structure

of the MJO is calculated for each day of the year across a 121-day rolling window, and thereby

accounts for seasonality. The index is constructed by calculating the two leading principal com-

ponents in tropical (20◦S to 20◦N) outgoing longwave radiation anomalies, following the removal

of the seasonal cycle and filtering the outgoing longwave radiation field to contain only eastward

propagating waves with a periodicity of 30 to 96 days. The MJO also exhibits higher frequency

modes of variability and occasional westward propagation [99, 100], so outgoing longwave radia-

tion anomalies that include both eastward and westward propagating waves with periods of 20 to

96 days are then projected onto the 30- to 96-day principal components. This projection results in

OMI including all eastward and westward propagating components of the MJO with periods of 20

to 96 days, with the caveat that they must coincide with the dominant, eastward propagating, 30-

to 96-day mode of the MJO.

While the process of calculating OMI is complicated, the resultant phase-space and spatial

perspectives of the MJO are relatively simple, as shown in Figure 3.1. A two-dimensional phase

space is commonly used to define the phase and amplitude of the MJO, with each axis represent-

ing the two OMI principal components. As the MJO progresses, it completes a circle about its
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two-dimensional phase space, which represents the eastward propagation of a spatially coherent

dipole in outgoing longwave radiation anomalies (Figure 3.1a). The phase space is convention-

ally separated into eight octants for convenience, so the MJO is commonly studied according to

its evolution across eight discrete phases. The phase of the MJO is based on the azimuth of the

linear combination of the two principal components, and its magnitude is determined based on the

distance of this point from the origin. An MJO event is generally considered to be “active" once

the principal component magnitude is greater than 1, which is delineated by the red dots in Figure

3.1b. Because the principal components are standardized to have zero-mean and unit variance,

MJO events of increasing amplitude become increasingly rare, such that most events have low

amplitude and are clustered about the origin.

We test whether a neural network can identify the phase of the MJO given inputs of cloud

characteristics and atmospheric state variables. The inputs to the neural network are tropical (30◦S

to 30◦N), 20- to 96-day filtered fields of outgoing longwave radiation and 850-hPa, 500-hPa, and

200-hPa zonal wind, meridional wind, temperature, water-vapor mixing ratio, and geopotential

(Figure 3.2a), and the outputs are the eight discrete phases of the MJO according to OMI. Only

days during which the MJO was active are used (i.e. its principal component magnitude was greater

than one). We use atmospheric state variables from the NASA MERRA-2 reanalysis [101] and

outgoing longwave radiation from the NOAA once-daily outgoing longwave radiation climate data

record [102], both spanning from January 1, 1980 through December 31, 2016. We remove the

seasonal cycle, defined as the annual-mean cycle from all 37 years of input data, before applying

a 20- to 96-day Lanczos bandpass filter with 121 weights and interpolating each variable onto a

homogeneous 2◦ grid. The training data spans from January 1, 1980 through December 31, 2009,

and the validation data span from January 1, 2010 through December 31, 2016. The training and

validation data generally capture similar phase and amplitude distributions across each MJO phase

(Figure 3.2b).
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Figure 3.1: Spatial and phase-space perspectives of the Madden-Julian Oscillation. a) The phase space
depiction of the MJO, again according to OMI for all MJO cases from January 1, 1980 through December
31, 2016.; (b) The spatial evolution of the MJO through its eight-phase phase space according to the outgoing
longwave radiation MJO index (OMI)
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Figure 3.2: (a) An example input sample, which corresponds to a Phase 7 MJO day. Each variable was
standardized for each grid point to have zero mean and unit variance across all samples from January 1,
1980 through December 31, 2016. (b) A visualization of how the samples are split between the training and
validation datasets. The red dot corresponds to the sample shown in (a), the gray denotes denote the training
samples, and the purple dots denote the validation samples. The gray rings denote the training sample mean
phase and amplitude for each phase, and the blue rings denote the same but for the validation data.

39



3.2.2 Neural Network Design

We design a neural network to be as simple as possible, while still ensuring it can capture

any relationships between the input atmospheric state variables and the phase of the MJO. We use

fully-connected networks, which can be thought of as a chain of nonlinear regression functions

that map the relationships between input and outputs datasets. The neural network has one input

layer, two hidden layers with 64 and 128 nodes each, and one output layer with eight nodes, each

of which represent a phase of the MJO (Figure 3.3). The hidden nodes all use the ReLu activation

function, which applies the max(0, x) operator to the output of each node. A softmax operator is

applied to the output layer, which normalizes the output of the neural network such that the sum

across all output nodes is equal to one. The outputs can therefore be thought of as a likelihood,

with higher values for each node corresponding to a higher likelihood that the input sample belongs

in that particular phase of the MJO. During labeling, each MJO event is labeled using an eight unit

vector, and each unit represents one phase of the MJO. An input associated with phase three of

the MJO would therefore have an output label of [0,0,1,0,0,0,0,0], which in the perspective of the

neural network implies a 100% likelihood that the sample is associated with phase 3 of the MJO.

We train separate neural networks on data from 121-day bins centered on each calendar week of

the year in order to study the seasonality of the MJO. Each neural network is therefore tasked with

identifying the phase of the MJO according to the outgoing longwave radiation and state variable

patterns during the period of the year to which it is assigned. Comparisons between interpretations

of each neural network offer insights into the seasonality of the MJO, as discussed in subsequent

sections.

Neural network interpretability generally becomes more challenging with increasing network

complexity [58]. The neural network design we use is simple enough to enable robust interpre-

tations, but complex enough to capture useful relationships between the input state variables and

MJO phase. We find that decreasing the number of internal nodes reduces the accuracy, pre-

sumably because the network is then not complex enough to model the relationships between the

atmospheric state variables and MJO. On the other hand, increasing the number of nodes also re-
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Figure 3.3: Schematic for the neural network used in this study. The first layer ingests vectorized input
images, with two subsequent hidden layers the first with 64 nodes and the second with 128 nodes, and an
output layer of 8 nodes that correspond to the eight phases of the MJO. A separate neural network is trained
for each calendar week of the year.

duces the accuracy of the neural network on the validation dataset, because it is able to overfit

on meaningless noise within the inputs using the additional weights and biases. We address any

overfitting by applying L2-regularization to the weights connecting the input layer to the first layer

of hidden nodes, which forces the network to focus its attention on broader spatial patterns within

the inputs. We thoroughly tested the accuracy of convolutional neural networks (CNNs) for our

particular problem, and found that the fully connected networks were both more accurate and inter-

pretable than their CNN counterparts when L2 regularization is applied to the first layer of hidden

nodes.

3.2.3 Neural Network Interpretability

The novelty of this paper is the demonstrated ability to interpret what the neural networks have

learned, and to then gather scientific value from the interpretations. We use two interpretation

methods which we briefly discuss here and are explained in more extensive detail in the context of

geoscience within Toms et al. (2020). The two methods we use are called backward optimization
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and layerwise relevance propagation, both of which map the decision-making process of the neural

network onto the original input dimensions.

Backward optimization uses the same method that is used to train a neural network (i.e. back-

propagation) to instead interpret what a trained network has learned [51–53]. Rather than updating

the weights and biases of the network, the input itself is updated to minimize the difference be-

tween the network’s associated output and a user-defined output. This process generates a single

optimized pattern associated with a particular output, and thereby offers a composite interpretation

of patterns contained within a neural network. In our case, we input blank (i.e. all-zero) maps, and

optimize them to be most closely associated with a particular phase of the MJO. In doing so, we

can identify the optimal patterns in each state variable for each phase of the MJO.

Layerwise relevance propagation (LRP) interprets the neural network’s decision-making pro-

cess for each individual input sample [54,55,58]. Given a trained neural network, an input sample

is passed forward, the associated output is collected, and the unique pathways through which infor-

mation flows from the input to the output for that specific sample are analyzed. The pathways are

traced by propagating information backwards from the output layer to the input layer using rules

specific to LRP. By tracing these pathways, the “relevance" of each input variable to the network’s

associated output can be quantified for each individual input example. The resultant relevance is

unique to each input sample, because the pathways through which information flows through a

neural network is similarly unique for each sample. A particularly important aspect of LRP is that

the formulation of neural network that we use (i.e. fully connected networks with ReLu activa-

tion functions) conserves the relevance from the output layer to the input layer, meaning that all

information important to the network’s decision is included within the final LRP interpretation.

LRP traces the information that positively contributes to the output of the neural network, so is

well suited to categorical output. So, in our case, LRP shows which regions of atmospheric state

variables are most relevant to increases in the neural network’s confidence that the sample belongs

to a particular phase of the MJO.

42



3.3 Results

3.3.1 Neural Network Accuracy

We first ensure the neural networks are accurate enough to offer scientifically valuable interpre-

tations. As a reminder, we train separate neural networks on data from 121-day windows centered

on each calendar week of the year. The accuracy of the neural network for the window centered

on January 10th is presented from both a deterministic and probabilistic perspective in Figure 3.4.

The deterministic accuracy is assessed by counting the number of input samples the neural network

assigns to the correct phase of the MJO. The most common error of the neural network is to assign

an input sample to a phase that is one phase prior to or after the correct phase, which is likely

caused by the MJO being a continuous phenomenon that we have discretized for the sake of inter-

pretation. So, another useful accuracy metric is how often the neural network correctly assigns the

input samples into either the correct phase or one phase before or after the correct phase. For the

neural network centered on January 10th, the deterministic accuracy without a one-phase buffer is

74% and the accuracy with a one-phase buffer is 92%. From the composite probabilistic perspec-

tive (Figure 3.4b), the neural network assigns the highest likelihoods to the correct phase, although

the phases immediately before and after the correct phase also have appreciably high likelihoods.

An important question regarding the usage of neural networks is whether they out-perform

conventional methods, such as regression. If regression performs similarly to a neural network,

then the increased complexity and nonlinearity of a neural network is not required. We therefore

similarly use linear regression to identify the phase of the MJO using the input state variables and

outgoing longwave radiation across 121-day windows centered on each calendar week. The lin-

ear regression models have no hidden nodes and no nonlinearities, but are otherwise identical to

the neural networks in that the regression model assigns a normalized likelihood that the input is

associated with a particular MJO phase by using a softmax operator before the final output. We

regularize the regression models using L2-regularization to ensure they are not overfit to the train-

ing data, similar to the neural networks. The accuracies of the neural network and linear regression

approaches are compared in Figure 3.5. The neural networks are nearly twice as accurate as lin-
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Figure 3.4: Example visualizations of the accuracy of the neural networks, in this case for the neural
network centered on January 10. (a) Deterministic accuracy, where samples that are correctly classified are
colored grey, those assigned to a phase one before or after the true phaes are colored blue, and those assigned
to a phase two or more different from the true phase are colored red. (b) Probabilistic accuracy, where the
average probabilities assigned to each sample within the validation dataset is shown for each target phase.
The probabilities summed across each row sum to one.
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Figure 3.5: The accuracy of the neural network and linear regression approaches for each calendar week
throughout the year. The neural network accuracy is plotted in blue, and the regression accuracy is plotted
in red. The solid lines show the accuracy for all input samples, and the dashed lines show the accuracy if a
one-phase error is permitted.

ear regression for all weeks of the year, which means the nonlinearities and increased number of

pathways for information to flow through the neural network are essential to modeling the spatial

structures of the MJO. We therefore conclude that interpretations of the neural networks can of-

fer insights into relationships between the MJO and atmospheric state variables that conventional

linear methods can not.

3.3.2 Interpreting the Neural Network

Identifying the Spatial Structures of the MJO

We use backward optimization and layerwise relevance propagation (LRP) to infer the spatial

structure of the MJO and its seasonality according to the neural networks. Examples of LRP ap-

plied to inputs for the neural network trained on the 121-day window centered on January 10th

are shown in Figure 3.6. We use four examples of MJO phase 7 for which the neural network

correctly identifies the phase of the MJO, and for simplicity we only show the LRP maps for out-
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Figure 3.6: Example relevance heatmaps from the layerwise relevance propagation interpretation technique.
The outgoing longwave radiation field from four example inputs into the neural network are shown, each
corresponding to a separate Phase 7 MJO day. The corresponding relevance heatmaps are shown below
each example outgoing longwave radiation field, and shows where the neural network focuses its attention
to determine that the examples are associated with a Phase 7 MJO day.

going longwave radiation although similar maps are generated for each input variable. The LRP

maps show that the neural network focuses its attention on outgoing longwave radiation anoma-

lies across the Maritime Continent, particularly within its eastern extent, which is consistent with

previous research on the regions of convection associated with phase 7 of the MJO [29, 97]. The

LRP heatmaps also highlight the spatial uniqueness of each phase 7 MJO event, which can not be

inferred by a linear regression model. It is likely that the increased accuracy of the neural networks

compared to the linear regression models is caused by this ability of the neural network to capture

the spatial uniqueness of each event.

We next test the neural networks more rigorously, and challenge them to identify the most com-

mon spatial structures of the MJO across its eight phases. To do so, we use backward optimization,

and optimize inputs such that the spatial patterns within the inputs make the neural networks most

confident that the inputs are associated with a particular phase of the MJO. Numerically, this means

46



that the outputs associated with the optimized inputs have a likelihood of approximately 1 in the

phase for which they are optimized, and likelihoods of 0 for all other phases. We again only show

the optimized outgoing longwave radiation fields for simplicity, although the optimization also

identifies the characteristic patterns in the 15 other state variables.

The spatial pattern of the MJO during boreal winter (January 10th) and boreal summer (August

1st) according to both OMI and the neural networks are shown in Figure 3.7. The neural networks

capture similar features to OMI during both seasons, in particular the prominent eastward propa-

gation during boreal winter and the transition to northeastward propagation during boreal summer.

The neural network focuses on a core of outgoing longwave radiation anomalies across the Indo-

Pacific region and within the eastern Pacific, while OMI includes a greater magnitude of anomalies

within the central Pacific. Given the similarities between OMI and the composite neural network

interpretations, we conclude that nonlinearities of the MJO are primarily manifested through the

uniqueness of each event as highlighted in Figure 3.6. The composites of LRP relevance similarly

capture the dominant structures of the MJO during both seasons, and agree rather well with the

optimized inputs (Figure 3.7).

Testing the Seasonality of the MJO

Because the neural network so accurately captures the seasonal evolution of the MJO within the

outgoing longwave radiation composites, we now extend the interpretations to study the seasonality

of the MJO. We first test how the spatial structure of the MJO changes across seasons using LRP.

To do so, we calculate the composite relevance for each variable for each calendar week of the year,

and present the annual evolution of the relevance in Figure 3.8. The relevances of each variable

exhibit unique seasonal cycles, aside from outgoing longwave radiation which is similarly relevant

throughout all periods of the year. For example, the seasonal cycle of lower-tropospheric zonal

wind (U850) reaches a maximum in relevance during boreal summer, whereas upper-tropospheric

zonal wind (U200) is most relevant during the spring and fall. Some variables exhibit a uni-

modal seasonal cycle (e.g. U850, T200), whereas other variables exhibit a bimodal seasonal cycle
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Figure 3.7: (a, b) The outgoing longwave radiation fields for each MJO phase according to the OMI for
the boreal winter (January 10) and boreal summer (August 1) examples and those identified by the neural
network. (c, d) The outgoing longwave radiation fields for each MJO phase according to the neural network
based on the backward optimization and layerwise relevance propagation interpretation methods. The fill
value shows the optimized outgoing longwave radiation patterns for each phase of the MJO, and the open
contours show the composited relevance from LRP for all samples within each phase.
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Figure 3.8: Composite normalized LRP relevance across all variables for each calendar week throughout
the year. The relevance is normalized to sum to one across all variables for each calendar week (i.e. along
the vertical axis).

(e.g. U200, V200, Z850) In general, upper-tropospheric anomalies are most relevant during boreal

winter, while lower-tropospheric anomalies are most relevant during boreal summer.

The fact that upper-tropospheric anomalies are most relevant to the MJO during boreal winter

may explain the seasonality in coupling between the MJO and the stratosphere [86,103,104]. Pre-

vious research has hypothesized that the MJO can be modulated by sources of stratospheric vari-

ability such as the quasi-biennial oscillation through a downward influence of upper-tropospheric

temperature anomalies [105, 106]. So, because upper-tropospheric thermodynamic anomalies are

particularly relevant to the MJO during boreal winter (Figure 3.8), then any influences on the ther-

modynamic structure of the upper troposphere by the stratosphere may have an increased impact

on the MJO. This discussion highlights the capability of neural network interpretations to guide

and test proposed hypotheses, although a direct test of this hypothesis is beyond the scope of this

paper.

We now examine the optimal spatial patterns of the MJO throughout the year to provide some

spatial context to the seasonality of the relevances shown in Figure 3.8. Figure 3.9 shows the opti-
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Figure 3.9: Optimized patterns for phase 6 of the MJO for different periods of the year. The central date
on which the neural network is trained for each optimization is shown in the title of each subfigure. Each
subfigure shows outgoing longwave radiation, 850-mb zonal wind, 200-mb zonal wind, 200-mb meridional
wind, 200-mb temperature, and 850-mb specific humidity.
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mal spatial patterns associated with phase 6 of the MJO at four different times of the year, the times

of which are denoted by the dashed white lines in Figure 3.8. In general, the spring structure of the

MJO is more similar to the winter structure than the summer structure. The April 15 optimal pat-

terns are nearly identical to the January 15 optimal patterns, aside from lower-tropospheric mois-

ture anomalies which are more similar between April 15 and August 1. The upper-tropospheric

anomalies during boreal winter are more representative of a Matsuno-Gill type response to con-

vective heating [107], whereas during boreal summer the signature is more diffuse and elongated

across the equator. Figure 3.9 is generally supportive of the idea that lower-tropospheric anomalies

are most relevant during boreal summer whereas upper-tropospheric anomalies are most relevant

during boreal winter.

Mechanistic studies of the MJO commonly depend on accurate definitions of when each MJO

seasonal mode occurs, since the spatial structures of the winter and summer modes differ so sub-

stantially (Figure 3.9). Should the seasonal definitions of the MJO be inaccurate, then there is a

risk that the mechanistic studies themselves are not targeting processes specific to each season.

We therefore use the backward optimization interpretations of the neural networks to define the

MJO seasonal modes. To do so, we spatially correlate the optimal patterns for each state variable

to the optimal patterns on January 10th and August 1st, which are generally considered to be the

peak of the boreal winter and boreal summer modes. We then define the boreal winter mode to

exist during periods for which the optimized MJO patterns have a correlation of greater than 0.75

with the optimized pattern for January 10th, and similarly define the boreal summer mode to exist

when the correlation is greater than 0.75 with the optimized pattern for August 1st. Using our def-

inition, the seasonality differs across atmospheric state variables, although the boreal winter and

summer modes generally span from late November through early March and early June through

early October, respectively (dark colors in Figure 3.10). Lower-tropospheric variables generally

lead the transition from the boreal winter mode to the equinoctial transition toward the boreal sum-

mer mode, although a less clear relationship exists during the transition back to the boreal winter

mode.
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Figure 3.10: Seasonality of the Madden-Julian Oscillation according to interpretations of the neural net-
works. The extended boreal summer and winter modes are shown in red and blue, respectively, and periods
of transition are denoted by the lighter red and blue colors. The winter (summer) mode is defined as peri-
ods during which the correlation between the optimized MJO pattern on January 10th (August 1st) and the
optimized pattern for each respective calendar week is greater than 0.75. and the transition periods extend
between these two modes. The extended boreal winter mode is defined as periods during which the opti-
mized pattern for each respective calendar week is more highly correlated with the January 10th optimized
pattern than the August 1st optimized pattern, and visa versa for the extended boreal summer mode.
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Finally, we define extended boreal winter as the period during which the correlation between

each weekly optimal pattern and the January 10th optimal pattern is greater than that between the

weekly optimal patterns and the August 1st optimal pattern. Extended boreal summer spans the

rest of the year. Using this definition, extended boreal winter MJO extends from early November

through late April across most state variables, and from mid-November through late April for

outgoing longwave radiation in particular (dark and light colors in Figure 3.10). Many studies of

the MJO have previously used extended winter and summer seasons which span the months of

October through March and April through September, respectively [108, 109]. Our results suggest

that these extended seasons should, at a minimum, be shifted one month later in the year.

3.4 Discussion and Conclusions

We have tested the ability of interpretable neural networks to identify complex, multi-scale

geophysical phenomena via their application to the Madden-Julian Oscillation (MJO). We first

evaluated whether neural networks can identify the MJO, and then used neural network inter-

pretability methods to study the seasonality and spatial structure of the MJO and its relationship

to atmospheric state variables. Our study therefore contributes both to the general usage of neural

networks within geoscience and to knowledge of the MJO itself, so we separate our discussion of

the implications for both communities below.

3.4.1 Implications for Neural Networks in Earth Science

We have shown that neural networks are highly interpretable, even for complex, multi-scale

geophysical phenomena. Two methods proposed by the computer science community – backward

optimization and layerwise relevance propagation – provide particularly useful interpretations of

neural networks [78]. Namely, backward optimization offers composite interpretations, while lay-

erwise relevance propagation enables interpretations on either a composite or case-by-case basis.

Both methods project the decision-making process of a neural network back onto the original di-
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mensions of the input, which is particularly useful for geoscientific applications where each input

variable may have unique physical importance to the problem being studied.

The capability of neural networks to include nonlinearities and simultaneously model different

input patterns that lead to similar outputs proved useful for studying the seasonality of the MJO.

The neural networks identified the phase of the MJO twice as accurately as linear regression, which

implies that interpretations of the neural network characterize the MJO more accurately than linear

regression. We hypothesized that the increase in accuracy was caused by the neural networks’

ability to model the uniqueness of each MJO event, which is not feasible using conventional linear

approaches such as regression. The amount of neural network complexity required for tasks across

the geosciences will vary greatly, so the benefits of interpretable neural networks are also likely

to vary across sub-disciplines. We have found that a baseline approach of comparing the accuracy

of neural networks to more simple methods such as linear regression is useful in determining the

necessity of a neural network.

Based on this study and other supporting work [78], the interpretations of what a neural net-

work learns can be used to advance geoscientific knowledge. Even for cases where interpretability

is not the main objective, neural network interpretations can offer insights into how and why neural

networks are making their decisions, and can be used to ensure that neural networks are making

decisions using reasoning consistent with physics. While we use a relatively simple type of neural

network, the proposed methods are applicable to other types of neural networks as well, such as

convolutional neural networks and long short term memory (LSTM) networks. We found fully con-

nected networks to be particularly useful for our application and more accurate than convolutional

neural networks, which, in light of the surging popularity of convolutional neural networks within

geoscience, suggests that fully-connected networks also have utility for geospatial problems.

3.4.2 Implications for the Madden-Julian Oscillation

We also used neural networks as an approach to better understand the spatial structure and

seasonality of the MJO. Our results are generally consistent with the thorough body of literature
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on the MJO, which supports the reliability and robustness of interpretable neural networks within

geoscience.

Consistent with previous studies, we find that the spatial structure of the MJO generally exhibits

two dominant modes of variability distinguished between the boreal summer and winter. We find

that the extended boreal winter mode of the MJO occurs between early November and late April,

with the boreal summer mode occurring throughout the remainder of the year. This definition of

the extended seasons is delayed one month compared to conventional definitions, which use an

extended boreal winter of October through March. Furthermore, the seasonality of the relationship

between the MJO and atmospheric state variables is more complex, with each variable exhibit-

ing a unique seasonality. Some state variables such as lower-tropospheric zonal winds exhibit a

uni-modal seasonality, whereas others such as upper-tropospheric zonal winds exhibit a bi-modal

seasonality. We also find that upper-tropospheric thermodynamic anomalies are particularly rel-

evant to the MJO during boreal winter, which may relate to the enhanced coupling between the

MJO and stratospheric processes during this season.

Consistent with previous studies, we find that the spatial structure of the MJO generally exhibits

two dominant modes of variability distinguished between the boreal summer and winter. We also

extend our analysis to test numerous aspects of the MJO, from its nonlinearities to its relationships

with atmospheric state variables. The key points of this analysis are as follows:

1. The neural networks identify the phase of the MJO twice as accurately as linear regression,

which suggests that nonlinearities are important to the structure of the MJO. These nonlin-

earities are reflected in the spatial uniqueness of each MJO event, given that the composite

structure of the MJO identified by the neural networks and linear methods are remarkably

similar (Figure 3.5; Figure 3.6).

2. Each state variable exhibits a unique seasonality in its relationship with the MJO. For exam-

ple, some state variables such as lower-tropospheric zonal winds exhibit a uni-modal season-

ality, whereas others such as upper-tropospheric zonal winds exhibit a bi-modal seasonality

(Figure 3.8; Figure 3.9).

55



3. Upper-tropospheric thermodynamic anomalies are particularly relevant to the MJO during

boreal winter, which may relate to the enhanced coupling between the MJO and stratospheric

processes during this season (Figure 3.8).

4. We find that the extended boreal winter mode occurs between early November and late April,

while the boreal summer mode occurs throughout the remainder of the year. This definition

of the extended seasons is delayed one month compared to the conventional definition, which

uses an extended boreal winter of October through March (Figure 3.10).

Our results show that neural networks are highly interpretable, even for spatially complex geo-

scientific applications. Because of the high reliability of the interpretations, neural networks are

viable tools for testing hypotheses related to the MJO and other spatially complex geophysical

phenomena. More complex hypotheses can now be tested: for example, does horizontal advec-

tion of the lower-tropospheric mean moisture by the MJO circulation govern the propagation of

the MJO [96]? Or, a neural network can be used to identify whether an MJO event will initiate

given spatial inputs of atmospheric variables, from which interpretability methods can identify the

most relevant patterns for MJO initiation. A critical requirement for using neural networks in such

studies is the proven ability to reliably interpret what the networks have learned, which is now

possible.
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Chapter 4

Using Neural Networks to Identify Predictable

Modes of Earth-System Variability

4.1 Introduction

Interpretable neural networks have opened new doorways in Earth science research [78], with

applications ranging from the identification of climate change indicators [33], hail detection within

severe thunderstorms [40], and the improvement of numerical model parameterizations [110],

among other applications [41]. The specific usage of neural network interpretation techniques

ranges substantially across such studies, however, as the interpretations can be used as either di-

rect or indirect tools for scientific discovery. For example, interpretation efforts can be either a

secondary objective by ensuring a network’s reasoning is consistent with existing physical the-

ory (e.g. Brenowitz et al., 2020; Ebert-Uphoff and Hilburn, 2020; Toms et al., 2020), or the pri-

mary objective, with their usage focused on discovering new patterns of Earth system variability

(e.g. Barnes et al., 2020; Toms et al., 2020). Here, we focus on the latter application, whereby we

use neural networks to identify predictable modes of Earth system variability on decadal timescales

in a fully coupled Earth system model.

An extensive body of literature exists on theoretical and observed sources of decadal pre-

dictability, and, more recently, on the development of operational decadal prediction systems.

Modes of regional and global-scale decadal variability within the ocean are well documented

(e.g. Barnett et al., 1999; Kirtman and Schopf, 1998; Xie and Tanimoto, 1998), and these pat-

terns have been found to contribute to atmospheric anomalies on decadal timescales via ocean-

atmosphere feedbacks (e.g. Newman et al., 2016; Schneider et al., 2002; Wen et al., 2016). The

discovery of this coupling has led to the usage of oceanic variability to make decadal predictions of

atmospheric anomalies relevant to society. Recently, oceanic observations have been assimilated
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into Earth system models to generate large ensembles of global decadal predictions [117–119],

which have a reasonable amount of prediction skill for variables such as continental temperature

and precipitation [120] and ocean acidification [121]. Additional efforts have created statistical

decadal prediction models based on knowledge of specific modes of oceanic decadal variability

(e.g. Simpson et al., 2019).

There are, however, limitations to decadal predictions that use dynamical Earth system models,

including how to initialize the observational fields [123, 124] and long-standing model biases in

simulating known ocean-atmosphere and land-atmosphere interactions [122, 125, 126]. It is there-

fore not clear whether regions that lack predictability in decadal prediction ensembles have limited

predictability in the observed world, or whether model limitations preclude accurate predictions.

This uncertainty also exists for other timescales of Earth system prediction, such as subseasonal-

to-seasonal timescales, for which it is possible that numerical models have not yet realized their

maximum predictive skill due to inaccurate simulations of the necessary modes of atmospheric and

oceanic variability [86, 127–130]. For statistical models, a complete knowledge of which modes

of oceanic variability offer predictability is important for the correct selection of model inputs and

thereby a maximization of statistical prediction skill (e.g. DelSole and Banerjee, 2017; Simpson et

al., 2019; Wilks, 2008).

Because of these uncertainties, it is useful to identify predictable modes of Earth system vari-

ability within both models and observations. Knowledge of such modes may, for example, help

guide efforts to improve the robustness of observational assimilation within dynamical decadal pre-

diction systems, or inform which variables and regions to include within statistical models. To this

end, we use a new method, namely interpretable neural networks, to identify sources of decadal

predictability within a fully coupled Earth system model. We take a purely methodological ap-

proach and test whether the proposed method is viable for identifying such modes of predictability,

which opens opportunities for its application to a broader range of predictability problems in future

studies.
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Figure 4.1: Schematic of the neural network design. The neural network receives a vectorized sea-surface
temperature field as input, passes the input forward to a single hidden layer of 32 nodes, and finally outputs a
likelihood that the input is associated with surface temperature anomalies of a particular sign for a specified
location.

4.2 Data and Methods

Our neural network architecture is designed to receive inputs of oceanic fields from an Earth

system model and output the predicted sign of a continental temperature anomaly at a given lo-

cation. Figure 4.1 describes this neural network design, and the appendices contain additional

information about the training procedure. It is important to note that we have opted to keep the

neural network as simple as possible to both maximize interpretability and to ensure our approach

is valid before venturing into more complex networks in future studies. The neural network has

one hidden layer of 32 nodes which is connected to two output nodes, both of which represent a

different outcome associated with the input oceanic field. We use the rectified linear unit (ReLu;

max(0, x)) activation function and apply a softmax operator to the output layer. The softmax op-

erator transforms the neural network outputs into relative likelihoods of the two output climate

states.

For our particular application, we input vectorized maps of global sea-surface temperature

(SST) and the neural network is trained to output the associated likelihood that future continen-

tal surface temperatures across locations of North America will be anomalously warm or cold.
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The SST and continental surface temperature data are gathered from the Community Earth Sys-

tem Model Version 2 (CESM2; Danabasoglu et al., 2020) pre-industrial control simulation of the

Coupled Model Intercomparison Project, Phase 6 (CMIP6; Eyring et al., 2016). We remove the

seasonal cycle from both fields and re-grid the SST field onto a 4◦ by 4◦ grid to reduce the number

of inputs into the neural network. This grid spacing still permits the resolution of dominant patterns

of oceanic variability, as we will show in Section 4.3. We also apply a 24-month running average to

the SST anomalies and a 60-month running average to the continental surface temperature anoma-

lies, such that for any time the corresponding SST field represents the precedent 24-month mean

and the continental surface temperature represents the future 60-month mean. We use these input

and output smoothing durations to demonstrate the utility of the proposed methodology, and they

can be changed for particular timescales or seasons of interest. The CMIP6 CESM2 pre-industrial

control simulation offers 1,400 years of monthly data, and so we train the neural networks on all

16,800 samples aside from the beginning and end of the time-series which are contaminated by the

temporal smoothing. We note that because we train the neural networks using a pre-industrial con-

trol simulation, all estimates of predictability provided by the neural networks are for internal vari-

ability only and do not include information about any predictable response due to anthropogenic

forcing.

After training the neural network, we use an interpretation method called layerwise relevance

propagation (LRP; Montavon et al., 2018) to assess what the network has learned. In brief, LRP

traces the decision-making process of a neural network for each individual input sample. For each

input sample, the network pathways through which information flows to arrive at the associated

output is traced backwards and projected back onto the dimensions of the input. This projection

enables an interpretation of which inputs are most important for making predictions on a case-by-

case basis. Our usage of LRP therefore offers insights into which patterns of SST variability lend

predictability of decadal surface temperature anomalies over continental North America. A more

detailed discussion of LRP and its applicability to Earth system research is discussed in Toms et al.
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Figure 4.2: Accuracy for the neural network approach. The accuracy is defined in a Boolean sense, and the
output node with the highest likelihood is taken as the networks’ prediction. The accuracy values therefore
represent the fraction of predictions for which the neural networks predict the correct sign of continental
surface temperature anomalies.

(2020), and additional applications are available in Barnes et al. (2020), Ebert-Uphoff and Hilburn

(2020), and Toms et al. (2020).

4.3 Assessment of Decadal Predictability

We train a separate neural network for each location on a 5◦ by 5◦ grid across the globe. We

choose this resolution due to the computational expense of training a neural network for every

location across the globe. Each neural network can then identify patterns of SST that lend pre-

dictability unique to each location, which is helpful for understanding if the predictability across

different regions of the globe is sourced from different oceanic modes. Figure 4.2 shows the re-

sultant accuracy for each of these neural networks in predicting the 1-to-60 month average surface

temperature using a global map of the prior 24-month mean SST within the CESM2 pre-industrial

control simulation. The accuracy varies across the globe, with southern Africa, southern Australia,

the Maritime Continent, and parts of northeastern North America exhibiting the highest accuracy.
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We then use LRP to assess which modes of oceanic variability contribute to the predictability

within the CESM2 pre-industrial control simulation, as shown in Figure 4.2. The following analy-

sis is applicable to any region of the globe, although we choose North America as an example. We

only assess the LRP interpretations for cases when the neural networks make accurate predictions.

We further separate the interpretations into accurate predictions of positive and negative tempera-

ture anomalies and only show the results for the positive anomalies, although the analysis for the

negative anomalies is similar (see supplementary information). The composite LRP patterns for

four regions across North America suggest that predictability is sourced from different oceanic

patterns for different regions (Figure 4.3). Perhaps surprisingly, continental temperature anomalies

within Central America are most associated with SST anomalies off the east coast of Japan (Fig-

ure 4.3a), likely within the Kuroshio Extension [135]. SST anomalies within the North-Central

Pacific Ocean are associated with continental temperature anomalies along the west coast (Fig-

ure 4.3b), while those within the tropical Pacific Ocean contribute to predictability across central

North America (Figure 4.3c). The North Atlantic Ocean contributes predictability to the four loca-

tions, although its impacts are particularly prominent across the northeast portions of the continent

(Figure 4.3d).

These regions of oceanic anomalies that lend predictability within CESM2 are spatially similar

to known modes of decadal oceanic variability. The SST linkages within the tropical Pacific may be

associated with the El Niño-Southern Oscillation [111, 136, 137], while those in the North Pacific

may be associated with the Pacific Decadal Oscillation [115,138], and anomalies within the North

Atlantic may be associated with the Atlantic Meridional Overturning Circulation [139, 140]. A

mechanistic study would need to be conducted to confirm that these modes of variability are indeed

the origins of the predictability, although it is highly likely that they are the primary contributors

given their strong similarities in spatial structure to the patterns identified by the neural networks.

A unique aspect of using LRP to identify modes of predictability is that LRP highlights which

input patterns contribute to predictability on a case-by-case basis. So, we further analyze which

patterns of oceanic variability lend continental temperature predictability by using k-means clus-
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Figure 4.3: Composite layerwise relevance propagation interpretations for accurate predictions of positive
surface temperature anomalies at four locations across North America. The continental locations associated
with the composites are denoted by the red dots in each panel. The LRP interpretation for each sample is
normalized between a value of 0 and 1 before compositing to ensure each prediction carries the same weight
in the composite. Relevance values below the 95th percentile confidence bounds (0.08) are not shown.
Confidence bounds were determined using a null hypothesis of no predictability by randomly shuffling the
order of the input sea-surface temperature maps, and calculating the 95th percentile values of the associated
LRP composites.
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tering. The composite interpretation in Figure 4.3 risks averaging together temporally distinct

modes of predictability, and so the clustering approach allows us to analyze these potentially dis-

tinct modes separately. We focus in particular on the west coast of North America in a region that

exhibits high continental surface temperature predictability (according to Figure 4.1). We deter-

mine the optimal number of clusters by plotting the number of clusters against the mean Euclidian

distance between each cluster, and selecting the number of clusters which falls in the inflection

point of this curve (not shown). The inflection point denotes the number of clusters after which the

addition of new clusters offers substantially less new information than the previous clusters. This

technique is colloquially called the “elbow" technique (e.g. Dimitriadou et al., 2002).

Using this approach, we find three dominant modes of oceanic variability within CESM2 that

lend predictability at the chosen location along the west coast of North America (Figure 4.4). The

three modes are spatially similar to separate, known modes of oceanic decadal variability. Namely,

the most common mode is similar to the known SST structure of the the Atlantic Meridional

Overturning Circulation [139, 142], while the second and third clusters are spatially similar to the

Kuroshio Extension [135] and Pacific Decadal Oscillation [115], respectively (Figure 4.4a, b, c).

This finding suggests that the predictability at the chosen location can be sourced independently

from any of these three oceanic modes of variability. Furthermore, the clustering analysis is forced

to identify the most spatially distinct modes of oceanic variability that lend predictability. So, it is

likely that there are also situations in which the identified modes lend predictability in tandem.

Along with its prediction, the neural networks output likelihoods that the input SST field will

lead to positive or negative continental temperature anomalies. We therefore use the likelihoods

to assess the oceanic state for highly confident (i.e. high likelihood) accurate predictions, and

compare those cases to accurate predictions with lower confidence. In doing so, we find that

higher confidence predictions for the west coast of North America are made when SST anomalies

are of greater magnitude within the northern Atlantic and Pacific oceans (Figure 4.5). Regions

associated with the Pacific Decadal Oscillation and Atlantic Meridional Overturning Circulation
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Figure 4.4: K-means clusters of the layerwise relevance propagation interpretations for accurate predictions
of positive surface temperature anomalies at the red dot. The percentage of cases corresponding to each
cluster is listed in the bottom left of each sub-panel. The LRP interpretation for each sample is normalized
between a value of 0 and 1 before compositing to ensure each prediction carries the same weight in the
composite. Relevance values below the 95th percentile confidence bounds (0.08) are not shown. Confidence
bounds were determined using a null hypothesis of no predictability by randomly shuffling the order of
the input sea-surface temperature maps, and calculating the 95th percentile values of the associated LRP
composites.

are most magnified in the high confidence predictions. According to LRP, the SST anomalies

within the North Pacific Ocean are particularly relevant for the high confidence scenarios.

4.4 Discussion

We demonstrate that neural networks can identify modes of oceanic variability that lend pre-

dictability on decadal timescales within Earth system models. In particular, the neural networks

identify known patterns of decadal oceanic variability as sources of predictability for continen-

tal surface temperature anomalies across North America within the CMIP6 CESM2 pre-industrial

control simulation. The identified modes of oceanic variability each offer distinct sources of pre-
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Figure 4.5: Differences in sea-surface temperature anomalies and LRP relevance for the top 10% and
bottom 10% confident predictions for (a) positive surface temperature anomalies and (b) negative surface
temperature anomalies at the red dot. The difference in sea-surface temperature anomalies is shown in fill,
and the difference in LRP relevance is shown in open contours. The black (white) contour denotes an LRP
difference of +0.1 (+0.2). Negative LRP relevance differences are also allowed to be shown, although none
exist with magnitudes of -0.1 or greater.
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dictability, at least across the west coast of North America where the useful oceanic regimes may

be associated with the Atlantic Meridional Overturning Circulation, Pacific Decadal Oscillation,

and Kuroshio Extension.

While we propose the methodology in this paper through its application to a single Earth

system model (CESM2), the method can be applied to a collection of climate models to assess

the similarities of predictable climate modes across different models. Additionally, the meth-

ods are likely viable for other timescales of predictability, such as the subseasonal-to-seasonal

range. These timescales lie at the intersection of predictable processes in the atmosphere, land,

and ocean [130, 143, 144], and interpretable neural networks may therefore be useful in determin-

ing coincident modes of predictability within each domain.

The complexity of the proposed method can be varied as necessary, although we introduce

it here with intentional simplicity. For example, the neural networks can be made more nonlinear

through the addition of more nodes and hidden layers, temporal information can be included within

the inputs and outputs, and numerous Earth-system variables can be input rather than sea-surface

temperature alone. The method may also be applicable to observational data, particularly cases

for which an extensive observational record exists (e.g. subseasonal-to-seasonal prediction). Our

formulation also only tasks the neural network with predicting positive or negative temperature

anomalies without regard to magnitude, so the addition of more categories of output temperature

anomalies can help separate anomalies of different magnitudes. From a broader perspective, this

study contributes to the growing body of evidence that interpretable neural networks can be used

to advance geoscientific knowledge.
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Chapter 5

Summarizing Thoughts

Interpretable neural networks have the potential to drive a new wave of geoscientific discovery.

Within this dissertation, I introduced the usage of neural network interpretations for such a purpose

by first providing a framework for neural network-driven geoscientific discovery and then applying

the framework to two unique aspects of the earth-system. The intention of these studies has been to

provide practical, objective methods to advance our science. Below, I provide a brief overview of

each chapter before my parting thoughts on the future of neural networks within the earth sciences.

The first study of my dissertation proposed a new framework for using neural network to dis-

cover patterns of earth-system variability. The framework is relatively simple and generalizable to

numerous types of neural networks, which should enable its usage across a broad range of geo-

scientific sub-disciplines. We focused on using interpretation methods that project the decision-

making process onto the original input dimensions, since the geoscientist that designs the neural

network is likely familiar with the physical meaning of each input. In this sense, we propose a

framework for physically interpetable neural networks, whereby the geoscientist is responsible for

discovering the physical meaning expressed by the interpretations. We applied the proposed frame-

work to two relatively simple problems to illustrate its utility (phase identification of ENSO and its

contributions to seasonal predictability), with hopes that the community will embrace the methods

and apply them to problems of greater scientific interest. We found that the proposed framework

captures the expected physical patterns and provides reliable insights into how oceanic variability

is connected to both the El Niño-Southern Oscillation and seasonal temperature variability across

the west coast of North America.

The framework outlined in the first study is tested more rigorously in the second, wherein we

task neural networks with describing the seasonality of a spatiotemporally complex tropical dis-

turbance called the Madden-Julian Oscillation (MJO). In order to accurately describe the seasonal

evolution of the MJO, the neural networks must filter through meaningless noise within the input
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fields, differentiate between eight phases of the MJO’s evolution, and accurately describe the re-

lationship between the MJO and sixteen atmospheric state variables. A relatively simple neural

network architecture with only two hidden layers is capable of such a feat, and the interpetabil-

ity techniques prove that the neural networks do, indeed, capture the physical structures of the

MJO. We then extended our analysis to study the nonlinearity of the MJO, and found that the it

is indeed nonlinear, and expresses this nonlinearity through the uniqueness of each event. These

findings are unique in that our proposed methodology enables an assessment of the nonlinearity of

the MJO, and any physical interpretations of the relationship between the MJO and atmospheric

state variables are therefore more complete than conventional linear analyses.

The final study extends the interpretable neural network framework into earth-system pre-

dictability, on timescales for which knowledge of predictability is relatively limited. Decadal

prediction has been a topic of interest over the past decades, and a growing body of evidence

suggests that the ocean provides a majority of the predictability on these timescales. We therefore

used interpretable neural networks to identify modes of oceanic variability within a climate model

that lend predictability for decadal-timescale continental surface temperature anomalies across

North America. We found that the neural networks identified patterns of decadal oceanic vari-

ability previously known to the geoscientific community, including the Kuroshio Extension, the

Pacific Decadal Oscillation, and the Atlantic Meridional Overturning Circulation. The proposed

methodology is generalizable to any timescale of predictability, and so will likely contribute to the

discovery of predictable patterns on other timescales, as well.

Perhaps the most important contribution of this dissertation is the newfound ability to clearly

interpret how and why neural networks make their decisions within a geoscientific setting. Neural

networks have historically been treated as “black boxes" within the earth sciences, whose interior

workings can not be understood. With the assistance of methods originally invented by the com-

puter science community, we have shown that thoughtfully constructed neural networks are highly

interpretable within geoscientific applications. This newfound confidence will hopefully engage

those doubtful of the utility of neural networks in geoscience and encourage those already pursuing
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their usage to understand how and why their models make decisions. My research has been most

interested in whether these interpretations can be used to discover geoscientific patterns, but they

can also be used for numerous other applications. For example, my colleagues have found these

methods useful in understanding why neural networks make decisions in order to properly opti-

mize the network architectures [80]. There is also interest from a growing community of scientists

using neural networks for numerical parameterizations to understand the mechanisms driving the

parameterizations prior to their placement within climate models [110]. Regardless of the ultimate

objective, the proposed framework has the potential to improve the applicability of neural networks

within the geosciences.

Although this dissertation makes strides towards the usage of neural networks for discovering

patterns of geoscientific variability, there are limitations that should be addressed. Each of these

limitations are listed below, in no particular order.

First, the framework we developed required neural networks of a particular formulation. Namely,

layerwise relevance propagation has thus far been formulated for simpler types of neural networks,

discluding those with skip connections, batch normalization, or other similar more advanced tech-

niques that help neural networks converge more efficiently. In informal discussions with the group

who developed LRP, there are efforts to generalize LRP to these types of networks, however, and

so there will likely be a time when the type of neural network used in our framework will be less

limited. With that said, there are methods for neural network interpretation that can be applied

to more complex networks. Saliency is one such example (e.g. Gagne et al., 2019; Mcgovern et

al., 2019). We did not discuss the usage of saliency within our framework because LRP addresses

scientific understanding more directly. LRP tells the user which inputs lead to an increased confi-

dence in the neural network for a particular outcome, which can be inferred as the inputs that are

important, or most relevant, for a neural network’s decision. Saliency, on the other hand, tells the

user what changes to the inputs would lead to a maximal change in a selected output. These answer

very different scientific questions, and saliency requires more careful interpretation. So, there is

a trade-off between a more generalizable interpretation method (saliency) and more directly ap-
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plicable interpretations (LRP) – at least in the opinion of the writer of this dissertation. Saliency

does have a useful place in geoscientific discover, as well, and so can be used similarly as LRP

within the framework proposed in Chapter 2. Future studies can incorporate saliency to assess its

usefulness.

A second limitation is the necessity of caution in claiming scientific discovery. It is possible

for a scientist to fool themselves into thinking they have made a discovery by forcing physical

meaning onto a pattern discovered by statistical or other automated pattern discovery methods

(such as neural networks). The framework we propose is therefore not automated and, if anything,

requires an even more careful assessment from the scientist. It may be easy for a scientist to be

fooled by patterns identified by a neural network, since the process of pattern identification itself

becomes automated and requires less procedural thought. If care is taken, this automation can

enable a scientist to allocate their time and intellectual efforts towards interpreting patterns in a

more thorough manner to ensure they do, indeed, have physical meaning, rather than spending

this time on developing the methods used to identify the patterns in the first place. An example

of how the proposed framework could be used to discover new patterns of earth-system variability

in a comprehensive manner is as follows. First, the neural network interpretations can be used

to identify meaningful patterns within a dataset. Then, the scientist can study these patterns and

use any background knowledge available to them to assess whether the patterns may hold physical

meaning. If the patterns do hold promise, the scientist can then impose the patterns within a model

constrained by physics to test more targeted hypotheses related to the patterns. An example of such

a physically constrained model may be a simplified dynamical model, wherein the components of

the earth system are reduced to study simplified hypotheses. In this sense, the framework can be

used to generate scientific hypotheses, which must then be tested with scientific rigor typical of

research before the invention of the framework.

Finally, neural networks can be difficult to optimize, which means the framework depends on

the ability of the user to carefully and correctly tune a neural network. Readers familiar with

neural networks will know the multitude of parameters that can be tuned to ensure a neural net-
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work is accurate – training speeds, the type of error function used to optimize the network, how

many nonlinearities are included, and so on. A potential solution for this issue is to create teams

of computational scientists and physical scientists that can work together to propose interesting

physical problems and model them in appropriately tuned neural networks. Applications of neu-

ral networks to geoscientific discovery are also at an advantage over users of neural networks

for prediction, in that prediction typically requires the networks be tuned for maximum accuracy.

Geoscientific discovery may not depend on maximizing accuracy; rather, discovery depends on

maximizing interpretability. A perfectly optimized solution is therefore not as important for a pur-

pose of geoscientific discovery, so long as the network is not overfit to the training data or otherwise

improperly tuned.

As with any scientific study, care must be taken when applying the proposed framework for

geoscientific discovery or any other purpose. This idea is not new to science – scientists are trained

to be skeptical, careful, and to question the details. We are confident that scientists will continue

to use such care when advancing the earth sciences using neural networks.

Now that we have addressed potential limitations of the proposed framework, it is useful to

acknowledge future work that may advance upon the work in this dissertation. The title of this

dissertation uses the word “towards" intentionally – I anticipate future work will make the frame-

work more useful, and perhaps another scientist will propose an even more useful framework. The

framework can also be applied to a broader range of problems, or applied to the problems within

this dissertation with more rigor.

A proposed avenue for future research from a methodological perspective is to generalize the

framework from fully connected networks to more sophisticated convolutional networks. Convo-

lutional networks may be particularly promising, in that a single network can be used to make

predictions for not one location, but for every location across the globe. Such an application could

make use of the popular U-Net neural network framework [145]. Then, this single neural network

can be used to make interpretations for every location across the globe, and the patterns that lend

predictability for each location will be intertwined throughout the weights and biases of a single
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network. This extension of the framework would be particularly useful for the decadal predictabil-

ity example. If a separate neural network is trained to make prediction for each location across

the globe – as is done in this dissertation – then there is a possibility that the interpretations for

neural networks trained for adjacent locations will differ drastically. We found this not to be the

case for decadal timescales, and that the neural networks converged on similar minima, such that

interpretations for adjacent locations were similar, if not identical. However, by using a single neu-

ral network to make predictions and interpretations for the entire globe, comparisons of patterns of

predictability across different locations would be more reliable.

An extension of the proposed framework could be one that considers causality. A major lim-

itation of the framework as it exists in this dissertation is its focus on correlated patterns, rather

than causal patterns. If a framework can be developed that identifies causal patterns, the frame-

work would further enhance a scientist’s ability to generate exciting scientific hypotheses. I am

optimistic that such a framework can be developed, and given the recent increased interest in the

atmospheric science community towards methods of automated causality discovery, it is possible

that such a framework will be developed soon after the publication of this dissertation.

5.1 The Future of Neural Networks in Geoscience

Neural networks have been used in geoscience for more than two decades [146], and it is likely

that their usage will continue throughout at least the next two. The computer science community

has recently experienced record numbers of abstracts submitted to top-tier artificial intelligence and

neural network-focused conferences, and so the surge of knowledge originating from the computer

science community will likely also continue for some time. There has also been increased interest

in high-resolution climate simulations to ensure mesoscale processes are appropriately modeled,

which will thereby continue to increase the quantity of high-quality climate data [147, 148]. A

greater number of realizations of possible weather and climate patterns are also being observed

as global observation networks evolve and time progresses. The so-called nexus of computing
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capabilities, data availability, and algorithmic advances that led to the recent uptick in geoscientific

interest in neural networks will therefore only continue to expand.

As algorithmic advances are made in the computer science community, the importance of en-

suring neural networks are viable tools for geoscience will continue. While a notable scientific

advancement, this dissertation merely scratches the surface of the immense number of possible

geoscientific applications of neural networks, the applications of which will continue to grow in

complexity as the geoscientific community becomes more comfortable with the method. Efforts

to understand how and why neural networks make decisions will therefore be a persistent neces-

sity. Of course, I am not the only one to recognize this importance. Numerous studies have been

published on interpretation methods for neural networks and other machine learning methods in

geoscience [32, 40], and the National Science Foundation recently invested $20 million into an AI

institute focused on “Trustworthy AI in Weather, Climate, and Coastal Oceanography". The future

is bright for interpretable neural networks in geoscience and those who wish to apply them.

Neural networks are but one aspect of machine learning, which is also but one aspect of ar-

tificial intelligence. While neural networks have proven to be useful tools for geoscience, there

will likely be new tools in the future of artificial intelligence and machine learning that will make

similar - if not greater - advancements. It is therefore imperative that the geoscientific community

continues to collaborate with the computer science community. It is likely that the geoscience

community’s long history of dependence on new computational methods will continue, and so re-

maining open-minded to novel algorithms will be important to advance the field as efficiently as

possible.
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Appendix A

Appendix and Supplementary Material for Chapter

2

Within this supplemental material, we list additional rules for propagation, resources for imple-

menting and using LRP in neural network packages other than Keras, and sample Python code.

A.1 Additional Relevance Propagation Rules

We list additional relevance propagation rules here that are most relevant for LRP as we present

it within the main manuscript, although we do not intend for this list to be comprehensive. For

additional information, readers should refer to Chapter 10 of Samek et al. (2019), which provides

a detailed discussion of the theory behind the various propagation rules developed thus far for LRP.

We mention within the main manuscript that we use a set of relevance propagation rules that

only propagates information that increases the value of the selected output, although there are

rules that permit the inclusion of information that reduces the value of the selected output as well.

There are caveats to these additional rules, however, as the relevance is not conserved from the

output value back to the input layer, and so interpretation of the relevance heatmaps becomes more

subjective. We share the rules below for completeness, but we encourage the reader to be careful

in their application and to carefully read the theory behind their development as provided by Bach

et al. (2015), Montavon et al. (2017), and Samek et al. (2019).

The relevance propagation rule that includes information that reduces the target output node is

as follows:

Ri =
∑

j

(

α
aiw

+

ij
∑

i
aiw

+

ij

Rj − β
aiw

−

ij
∑

i
aiw

−

ij

)

Rj. (A.1)

Within Equation A.1, α represents the relative amount of positive relevance to be propagated back-

wards, beta represents the relative amount of negative relevance to be propagated backwards, the i
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subscript represents the i-th node in the layer of the network to which the relevance is being trans-

lated backwards, the j subscript represents the j-th node in the layer of the network from which

the relevance is being translated, Ri is the relevance translated backwards to the i-th node, Rj is

the relevance of the j-th node, ai is the output from the i-th node after the non-linearity has been

applied when the sample is passed forward through the network, wij is the weight of the connec-

tion between the i-th and j-th nodes, and the + and − superscripts signifies that only positive or

negative weights are considered, respectively.

There is also a separate propagation rule for relevance propagated backwards to the input layer

from the first hidden layer for cases where the input is bounded between two values. In these cases,

the relevance propagation rule is as follows:

Ri =
∑

j

(

xiwij − lw+

ij − hw−

ij
∑

i
xiwij − lw+

ij − hw−

ij

)

Rj. (A.2)

Within Equation A.2, the i subscript represents the i-th node in the layer of the network to which

the relevance is being translated backwards, the j subscript represents the j-th node in the layer of

the network from which the relevance is being translated, x represents the input value associated

with the i-th node, l represents the lower bound of the input dataset, h represents the upper bound of

the input dataset, Ri is the relevance translated backwards to the i-th node, and Rj is the relevance

of the j-th node. This rule also conserves the total relevance translated from the first hidden layer

backwards to the input layer, and abides by the rules of deep Taylor decomposition. If this rule

is used in tandem with the rules presented within the manuscript that only propagate information

backwards that increases the value of the output, then the relevance is conserved as it is propagated

from the output node to the input layer. Additional information about deep Taylor decomposition

is6 available within Montavon et al. (2017).
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A.2 Additional Resources for LRP

We offer a list of resources for programming LRP to be compatible with various Python pack-

ages, although we do not intend for this list to be comprehensive. We use innvestigate, the first

item in the below list, which is an implementation of LRP and various other neural network inter-

pretation techniques for the Keras neural network package within Python.

• Python, Keras/Tensorflow package: https://github.com/albermax/innvestigate

• Python, Keras/Tensorflow package: https://github.com/nielsrolf/tensorflow-lrp

• Python, Keras/Tensorflow package (coming soon): https://github.com/sicara/tf-explain

• Python, Caffe package: https://github.com/sebastian-lapuschkin/lrp_toolbox

• Python, PyTorch package: https://github.com/moboehle/Pytorch-LRP

• MATLAB: http://www.heatmapping.org/lrptoolbox.html
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Figure A.1: Regression coefficients for the linear regression method to predict the phase of ENSO using
global maps of sea-surface temperature anomalies. The regression coefficients are calculated by regressing
the time series of global sea-surface temperature anomaly maps onto the standardized ENSO (Niño3.4) time
series. We then project this map of regression coefficients onto the global sea-surface temperature anomalies
to predict the sign of ENSO phase. The resultant accuracy predicting the ENSO phase using the regression
coefficients is 82.5%.

96



Figure A.2: As in Figure 2.6, but for the neural network’s understanding of the spatial structure of La Niña
based on a total of 485 samples (including both testing and training data).
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Figure A.3: As in Figure 2.9, but for the neural network’s understanding of the sea-surface temperature
anomalies that lend predictability for negative surface temperature anomalies at the red dot.
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Appendix B

Appendix and Supplementary Material for Chapter

4

B.1 Neural Network Details

This section includes details of how the neural networks were trained for Chapter 4 of this

dissertation. Each neural network was trained using the Adam optimizer, with an initial learning

rate of 1E-4. We do not change the learning rate throughout training. The single hidden layer of

neurons is regularized with a L2 (ridge) regularization coefficient of 10, which ensures the neural

network uses information from broader spatial regions and can not overfit to individual locations.

The networks were allowed to train for 100 epochs, which was sufficient for convergence in all

cases. The model iteration that resulted in the highest accuracy on the validation data was selected

and used for analysis. We train five neural networks for each location because it is possible that

each network will find a different optimal solution, and so training numerous networks increases

the likelihood that we capture the full range of optimal solutions. The accuracy values presented

in Figure 2 represent the mean accuracy from the five networks. The interpretations presented in

Figures 4.3, 4.4, and 4.5 are similar across each of the five network iterations, and so we randomly

select one of the five neural networks and use this network for these analyses. We find that the

networks converge on similar optimal solutions based on the LRP interpretations, and so training

five models is sufficient for our purposes.
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Figure B.1: As in Figure 4.3, but for negative surface temperature anomalies at the locations denoted by the
red dots.
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Figure B.2: As in Figure 4.4, but for negative surface temperature anomalies at the location denoted by the
red dot.
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