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ABSTRACT

WHEN IS THE UNPREDICTABLE (SLIGHTLY MORE) PREDICTABLE? AN

ASSESSMENT OF OPPORTUNITIES FOR SKILLFUL DECADAL CLIMATE

PREDICTION USING EXPLAINABLE NEURAL NETWORKS

Predicting climate variability on decadal (2-10 year) timescales can have huge impli-

cations for society because it can provide better estimates of both global trends as well as

regional climate variability for crucial, actionable lead times. The key to skillful decadal

prediction is understanding and predicting oceanic variability. However, predictable sig-

nals in the ocean can be masked by the inherent noise in the system, and therefore, skillful

prediction on decadal timescales is challenging. Machine learning, with its ability to ex-

tract non-linear signals from large sets of noisy data, has been shown a powerful tool for

predicting and understanding processes across weather and climate applications. In this

dissertation, I explore applications of machine learning to decadal prediction.

First, I present a machine learning approach to predicting the PaciĄc decadal oscillation

(PDO) with artiĄcial neural networks (ANNs) within the Community Earth SystemModel

version 2 (CESM2) pre-industrial control simulation. Predicting PDO transitions and

understanding the associated mechanisms has proven a critical but challenging task in

climate science. As a form of decadal variability, the PDO is associated with both large-

scale climate shifts and regional climate predictability. I show that ANNs predict PDO

persistence and transitions at lead times of 12 months onward. Using layer-wise relevance

propagation to investigate the ANN predictions, I demonstrate that the ANNs utilize

oceanic patterns that have been previously linked to predictable PDO behavior. ANNs

recognize a build-up of ocean heat content in the off-equatorial western PaciĄc 12Ű27
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months before a transition occurs. The ANNs also distinguish transition mechanisms

between positive-to-negative sign transitions, and negative-to-positive transitions.

Secondly, I demonstrate a technique for incorporating an uncertainty estimate into the

prediction of a regression neural network, allowing the identiĄcation of predictable sea

surface temperature (SST) anomalies on decadal timescales in the CESM2 pre-industrial

control simulation. Predictability in SSTs can be masked by unpredictable variability, and

one approach to extracting predictable signals is to investigate state-dependent predictabil-

ity Ű how differences in prediction skill depend on the initial state of the system. I leverage

the networkŠs prediction of uncertainty to examine state-dependent predictability in SSTs

by focusing on predictions with the lowest uncertainty. In particular, I study two regions

of the global oceanŰthe North Atlantic and North PaciĄcŰand Ąnd that skillful initial

states identiĄed by the neural network correspond to particular phases of low frequency

variability in the North PaciĄc and North Atlantic Oceans.

Finally, I examine the potential role of predictable internal variability in a future, warmer

climate by designing an interpretable neural network that can be decomposed to examine

the relative contributions of external forcing and internal variability to future regional

decadal SST trend predictions. I show that there is additional prediction skill to be garnered

from internal variability in the CESM2 Large Ensemble in the near-term climate (2020-

2050), even in a relatively high forcing future scenario. This predictability is especially

apparent in the North Atlantic, North PaciĄc and Tropical PaciĄc Oceans as well as in the

Southern Ocean. I further investigate how prediction skill covaries across the ocean and

Ąnd three regions with distinct coherent prediction skill driven by internal variability. SST

trend predictability is found to be associated with consistent patterns of interannual and

decadal variability for the grid points within each region.
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Chapter 1: Introduction

Trustworthy and actionable decadal (2-10 years) predictions of the EarthŠs climate have

the potential to providemuch needed information about future climate to a range of regions

and sectors that are susceptible to climate risk and change [1, 2, 3]. Such predictions can

provide information about near-term likelihood of, e.g., crop stress [4], regional Ćooding[5],

drought [6], hurricane activity [7] and energy demand [3]. Forecasting on timescales

beyond a season presents an interesting challenge, because these forecasts must account

for both variations in the boundary conditions in the system (i.e., external forcing) and the

initial conditions (state of climate at the beginning of the prediction window) (Figure 1.1a

grey box). SpeciĄcally, initial condition predictability on decadal timescales largely derives

from patterns of low frequency oceanic variability such as the PaciĄc decadal oscillation

[PDO; 8, 9, 10], or PaciĄc Decadal Variability (PDV) as it is also termed, as well as Atlantic

multi-decadal variability [AMV; 11, 12]. Furthermore, predictability on decadal timescales

can also originate from the climateŠs response to anthropogenic forcing, such as greenhouse

gas and aerosol emissions. For example, if we expect greenhouse gas emissions to continue

to increase, then we would also expect global temperatures to rise [13]. This consequence

of anthropogenic climate change therefore provides a measure of predictability in the Earth

system for the next 10 years.

However, there is still debate around how much predictability is provided by internal

variability on decadal timescales, because predictability varies both by location and initial

state [14, 15]. For example, predictions of sea surface temperatures (SSTs) in mid-latitude

ocean basins can be more predictable for 2-10 years depending on recent evolution of ocean

heat content and transport, while the tropical oceans are generally only predictable for

approximately a season to a year [16, 17]. Therefore, if an initial state for some variable is

more predictable, then the forecasted range is constrained by the initial state of the system

(Figure 1.1b). Conversely, for some initial conditions the range of forecasted outcomes

1



becomes indistinguishable from the full background range of variability soon after the

initial prediction state (e.g., Figure 1.1c), so the initial conditions do not provide improved

estimation of the future after the time when the initial condition information is lost.

It is therefore valuable to develop methods to identify and understand initial states that

are more likely to evolve predictably on decadal timescales. This has led to an increased

focus on identifying state-dependence in decadal predictions, or so-called Şwindows of

opportunityŤ for increased prediction skill [18, 19]. This is an approach that has yielded

results in the Ąeld of subseasonal-to-seasonal prediction, where it has been established

that methods for a priori identiĄcation of more predictable initial states (i.e., windows

of opportunity) can provide much needed forecast skill for these timescales [20, 21, 22].

On decadal timescales, there is evidence that predictability is state-dependent, and hence

identifying these windows of opportunity can lead to enhanced prediction skill [23, 24, 25].

For example, positive heat content anomalies in the North Atlantic ocean can lead to

enhanced prediction skill in the North Atlantic subpolar gyre up to 10 years later, while

negative anomalies in the North Atlantic do not provide such skill [26]. While there has

been some research into case studies of windows of opportunity for enhanced prediction

skill on decadal timescales, there remains a need for a systematic assessment of state-

dependent predictability to provide usable information about predictable variability.

In conjunction with an increased focus on identifying windows of opportunity across

prediction horizons, there have been improvements in data-driven approaches to Earth

system predictability, particularly machine learning approaches [27]. These methods har-

vest the enormous amount of climate model and observational data available to generate

machine learning models that predict Earth system processes across timescales, e.g., the

Madden-Julian oscillation [28], the El Nino Southern Oscillation [29], midlatitude circula-

tion [21] and sea surface temperature [30, 31]. Simultaneously, advances in explainable

AI (XAI) and machine learning interpretability methods have allowed examination into

2
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Figure 1.1: (a) Sources of predictability in the Earth system (yellow boxes) and their accompanying
timescale (purple boxes, x axis). The grey box indicates the timescale of focus in this dissertation.
This panel is adapted from Meehl et al. [1]. Sources include the Madden-Julian oscillation (MJO),
North Atlantic oscillation (NAO), Quasi-biennial oscillation (QBO), El Nino Southern oscillation
(ENSO), PaciĄc decadal variability (PDV), Atlantic multidecadal variability (AMV), global mean
surface temperature (GMST) and greenhouse gas (GHG) emissions (b) Schematic of a climate
variable whose predicted evolution (dark blue shading) from the initial state (purple dot) is smaller
than the total possible range of variability (teal shading). (c) Same as panel b but for a variable
whose predicted range is indistinguishable from the total range of variability at the prediction.
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machine learning decision making processes to both increase trust in the model [32, 21, 33],

and examine mechanisms leading to skillful predictions [34, 35, 36].

Therefore, there is an opportunity to provide much needed understanding of decadal

prediction and predictability using the recent advances in machine learning. This disserta-

tion focuses on three questions: Can machine learning predict low frequency modes of

variability and increase our understanding of these processes? Can we then adapt existing

machine learning methods for identifying state-dependent predictability, and its associated

patterns of variability? And will these sources of predictability be usable in a future climate

that is dominated by anthropogenic greenhouse warming? Chapter 2 addresses the Ąrst

question by examining predictability of the PDO using a simple artiĄcial neural network

and explainability methods. In Chapter 3, I adapt a novel machine learning regression

technique to provide a systematicmethod to identify decadal state-dependent predictability

in SSTs across the ocean. In Chapter 4, I develop an interpretable neural network architec-

ture to separate the contributions of internal variability and external forcing to decadal

SST trend predictability in a future climate scenario. Finally, Chapter 5 summarizes the

implications of the novel research in this dissertation, and discusses avenues for future

investigation inspired by this work. The content in Chapters 2 and 3 has been peer-reviewed

and published in Geophysical Research Letters, and Chapter 4 is currently in review in

Environmental Research Letters. [37, 38, 39, full citations below]. As such, these papers

have been reproduced in this dissertation without alteration.

• Gordon, E. M., Barnes, E. A., & Hurrell, J. W. (2021). Oceanic harbingers of PaciĄc

Decadal Oscillation predictability in CESM2 detected by neural networks. Geophysi-

cal Research Letters, 48, e2021GL095392. doi: 10.1029/2021GL095392

• Gordon, E.M., & Barnes, E. A. (2022). Incorporating uncertainty into a regression neu-

ral network enables identiĄcation of decadal state-dependent predictability in CESM2.

Geophysical Research Letters, 49, e2022GL098635. doi: 10.1029/2022GL098635
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• Gordon, E. M., Barnes E. A. & Davenport. F. V. (2023). Separating Internal and

Forced Contributions to Near Term SST Predictability in the CESM2-LE. Submitted

to Environmental Research Letters. Preprint Available: doi: 10.31223/X5BD5J
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Chapter 2: Oceanic Harbingers of PaciĄc Decadal Oscillation

Predictability in CESM2 Detected by Neural Networks

2.1 Introduction

The PaciĄc Decadal Oscillation [PDO; 8, 9] is recognised as one of the most important

sources of predictability on decadal timescales [40]. As such it has been linked to increased

predictability of surface variables, including precipitation and temperature, as well as being

an important factor in marine ecosystems and resource management. The PDO is not itself

considered a single mode of variability, but a manifestation of several different forcings op-

erating on different timescales: the integration of stochastic atmospheric forcing associated

with the Aleutian low; tropical-subtropical atmospheric teleconnections associated with the

El Nino Southern Oscillation (ENSO) phenomenon; the re-emergence of winter-to-winter

sea surface temperature (SST) anomalies; and ocean gyre dynamics [10, and the references

therein]. In its positive phase, the PDO manifests as a pattern of negative SST anomalies in

the central and western North PaciĄc Ocean, surrounded by positive anomalies around

the eastern edge, extending southward to around 20◦N (Figure 2.1a).

While the combination of mechanisms that contribute to the PDO are considered to be

largely understood, challenges still exist in the realm of PDO predictability [40]. This is

especially true in predicting PDO transitions, i.e., when the PDO shifts fromone phase to the

other. Stochastic models [41, 42, 43], linear inverse models [LIMs; 44, 45, 46], atmosphere-

only models [47] and fully coupled climate models [48, 49] have been used to recreate the

relevant processes that contribute to PDO variability and, by comparing to observations,

attempt to estimate how these processes can lead to predictability. This has lead to a single

robust theory for PDO transitions: studying periods of mega-droughts, Meehl and Hu

[48] posited that tropical SST anomalies drive surface wind-stress anomalies in the off-

equatorial PaciĄc (∼ 25
◦

) via atmospheric teleconnections, forcing oceanic Rossby waves
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that propagate westward on decadal timescales. This results in a build-up of ocean heat

content in the off-equatorial western PaciĄc. If an ENSO event subsequently switches

the sign of the tropical PaciĄc SST anomaly, this off-equatorial heat is redistributed via

Kelvin waves throughout the equatorial region, leading to a transition in the PDO. Meehl

et al. [50] investigate this mechanism in the context of the Interdecadal PaciĄc Oscillation

(IPO; similar to the PDO but the spatial domain spans the full meridional extent of the

PaciĄc), Ąnding that initialized hindcasts with the Community Climate System Model,

Version 4, [CCSM4; 51] show skill in simulating past IPO transitions with this mechanism

appearing to coincide with those particular transitions. Since the PDO is considered the

North PaciĄc manifestation of the IPO, the mechanism outlined above is directly relevant

to understanding and predicting PDO transitions [47, 52].

While stochastic climate models and LIMs model the climate system as linear, it has

been suggested that predictive skill, especially of oceanic variability, could be gained using

methods that better capture non-linearities in the system [44]. ArtiĄcial neural networks

(ANNs), a form of machine learning, offer such a non-linear framework and have proven

skillful at predicting processes in the climate system such as identifying the forced response

to climate change, ENSO evolution and Madden-Julian Oscillation teleconnections [53, 54,

32, 21]. SpeciĄcally in the case of oceanic predictability, Ham et al. [54] used a convolutional

neural network to predict ENSO evolution, showing signiĄcantly higher forecast skill than

previous dynamical forecasts, while also identifying spatial SST patterns corresponding to

increased predictability. Similarly, Nadiga [30] demonstrated how reservoir computing

(a form of recurrent neural networks) increases predictability of oceanic variability in the

North Atlantic Ocean on the interannual timescale, especially during period of infrequent

or missing data. Together, these studies suggest that neural networks are effective for

investigating and predicting climate processes related to oceanic variability. These, along

with explainable AI (XAI, methods designed to aid the interpretation of the decision-
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making process of a neural network) can identify signals associated with a neural networkŠs

prediction.

In this study we show that ANNs are effective tools for predicting persistence and

transitions in the PDO. In our analysis we examine predictions with lead-times from 12

months onward. Recall the PDO is considered a combination of forcings that propagate on

different timescales, from stochastic atmospheric forcing on the timescale of days to weeks,

to oceanic Rossby wave propagation on multi-year scales [10]. We examine predictability

on the shorter than ŞdecadalŤ timescales to avoid averaging out the forcings on shorter

timescales that may contribute to predictive skill. We choose to still use the PDO termi-

nology, however, as we are investigating predictability of the PDO spatial pattern across

various timescales.

Furthermore, we investigate mechanisms identiĄed by the ANNs that lead to pre-

dictability, both long-term persistence and predicting transitions. Most notably, we leverage

explainable AI methods to attribute patterns of ocean heat content anomalies to increased

PDO predictability. We emphasize that not only are we concerned with optimizing an

ANN to solve a prediction problem, but we also explore the decision making process of

the ANN to uncover potential sources of predictability [32].

2.2 Data and Methods

2.2.1 Data

We use monthly mean sea surface temperature (SST) and ocean heat content (OHC)

from the Community Earth System Model Version 2 [CESM2; 55] pre-industrial control

run for the Coupled Model Intercomparison Project, Phase 6 [CMIP6; 56]. The presence

of realistic ENSO and PDO variability in CESM2 was demonstrated by Capotondi et al.

[57]. We use the full 2000 year run, with the large amount of data available (24000 months)

desirable for training the ANNs. OHC is calculated as the vertical heat content integral

from the surface to 100 m depth [58]. Both OHC and SST are interpolated to a 4◦ × 4◦ grid
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and we deseasonalize both the SST and OHC Ąelds by subtracting their respective monthly

mean annual cycles at each grid point. Furthermore for OHC (the input for the ANNs),

we standardize each grid point by dividing it by its monthly standard deviation and apply

a 6-month running mean. These preprocessing steps ensure that the input and output data

is approximately symmetrical around 0, facilitating easier training of the neural networks.

The PDO is calculated from the deseasonalized SSTs, deĄned as the leading empirical

orthogonal function (EOF) of the North PaciĄc (110E-260E, 20N-60N) monthly SSTs. This

EOF, projected onto the global deseasonalized SST Ąeld, is presented in Figure 2.1a. In

contrast to previous studies where the PDO index is deĄned using low pass Ąlters with

between 5Ű11 year cut-offs, here the PDO index is deĄned as the 6-month running mean

of the principal component time series corresponding to the EOF patter. This is because

PDO transitions are considered to be inĆuenced by interannual variability associated

with, e.g., ENSO [48, 1] and we want our ANNs to be able to account for these processes.

The distribution of phase durations in CESM2 is shown in Figure 2.1b, demonstrating

that there are a large number of phases of shorter duration, with decreasing samples as

phase duration increases. The PDO representation in CESM2 is considerably improved

over previous versions of the model, with periods of long term persistence similar to

the observational record. However, the PDO within CESM2 contains extended periods

of rapid Ćuctuation [57]. We choose to retain and investigate these periods because the

observational record is relatively short, and furthermore it has been posited the PDO will

become weaker and of shorter phase under climate change [59], hence high frequency

PDO variability may become more relevant in future climate scenarios.

2.2.2 ArtiĄcial Neural Network

We use an artiĄcial neural network (ANN)with a single hidden layer to predict whether

a PDO phase transition will occur within 30 months, i.e. for some input, the output is

a classiĄcation (yes or no) of whether a PDO transition will occur within the following
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Figure 2.1: a) North PaciĄc PC 1 projected onto global de-seasoned SST. b) Histogram showing
distribution of PDO phase lengths in CESM pre-industrial control run. Inset: slice of PDO index
showing PDO phase length as number of months between phase changes.
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30 months. An overview of neural networks is provided in Appendix A as well as our

rationale for using a 30 month lead time in this study. The input layer to the ANN is three

maps of deseasoned and standardized 4◦ × 4◦ OHC anomalies, four months apart i.e. if

the ANN is predicting PDO transition occurrence within some month τ = 0, the three

input maps are τ = −38, τ = −34, and τ = −30 months. The input Ąelds are Ćattened

and concatenated resulting in an input vector of 12150 pixels. The input vector is fed into

a densely connected hidden layer with 8 nodes which utilize the RectiĄed Linear Unit

(ReLU) activation function. Finally, this is fed into an output layer of two nodes with

softmax activation, representing the prediction. We interpret the ANNŠs prediction as

the node with the higher value, and this value is termed the ŞANNŠs conĄdenceŤ. For

example, if the output is 0.63 on the persistence node, and 0.37 on the transition node,

this represents a prediction of persistence with 0.63 conĄdence. For training, we use the

categorical cross entropy loss function. We have found that setting the problem up as a

binary classiĄcation task Ű will it or will it not transition in the next 30 months Ű yields

insights into the mechanisms for PDO transition predictability. With that said, we have

explored other architectures as well, including setting the problem up as a regression task

whereby the network must predict the number of months until the next transition. In this

instance, the network struggles to differentiate weak PDO states that may Ćip sign in the

coming months from those weak PDO states that are on their way to persist for years. Since

the main goal of this work is to identify mechanisms that offer PDO transition predictability,

we present results from the binary classiĄcation architecture here although the regression

architecture warrants further exploration.

We split the data into training and validation, using the Ąrst 90% (1800 years, 21600

samples) for training and Ąnal 10% (200 years, 2400 samples) for validation. Since there

are more samples where transitions occur than persistence (see Figure 2.1b, there are more

short duration phases than long), we manually balance the classes in both the training and

validation sets. To generate the training data we use all of the persistence samples in the
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training set, and randomly grab an equal number of transition samples from the training

set. We do the same from the validation set. This results in 9386 training samples (4693 of

each class) and 1110 validation samples (555 of each class) for each neural network. We

train 60 networks total with identical architecture and vary only the random seed which

controls how the weights in each network are initialized, and the random selection of

transition samples. Here we present results as averages from the best 3 networks. Full

model speciĄcations, descriptions and analysis of all 60 networks is included in Table S1

and Appendix A. After training, we use the ANN to make predictions of both training and

validation data. As we are able to rank an ANNŠs output by conĄdence, when presenting

results as composites we choose to discard the 50% least conĄdent predictions. Since

the network is less conĄdent about these predictions, removing them from our analysis

suggests our results will focus on those with the strongest signals.

To investigate the decisions made by the ANNs, we use the neural network attribution

technique called layer-wise relevance propagation [LRP; 60]. LRPpropagates the prediction

from an ANN back through the network and provides in our case, a map of relevance

values corresponding to the input grid, with positive values indicating points that were

relevant to the speciĄc prediction, and negative values indicating points that detracted

from the prediction. The higher the value, the more ŞrelevantŤ the grid point. The utility

of LRP in climate predictability studies has been discussed by Toms et al. [32], Mamalakis

et al. [61] and used in studies by e.g. Mayer and Barnes [21], Toms et al. [31], Sonnewald

and Lguensat [35]. Here, we present composites of LRP maps for predictions when the

network is correct and conĄdent. Each relevance map is Ąrst normalized by the prediction

conĄdence (i.e. LRP map is divided by the winning conĄdence) before compositing, then

the composite map is scaled by its maximum absolute value so that the composite map has

a maximum absolute relevance value of 1.
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2.3 Results

2.3.1 Detecting Persistence

The average total accuracy of the best three ANNs is 65%, with average conditional

accuracy for predicting persistence of 55% (given no transition occurs, the ANN correctly

predicts no transition). While this accuracy is above that expected by random chance, the

low conditional accuracy across all persistence samples is likely due to the set up of this

problem. Consider a sample that transitions 31 months after input; this sample would be

designated persistence. However, a sample that transitions 29 months after input would

be classiĄed as a transition, despite the similarity of the input samples. Because of this,

the samples that persist just beyond 30 months have very low accuracy while those with

much longer phase duration (potentially more indicative of long-term PDO persistence)

are more rare but have higher prediction accuracy (62% for durations> 40months). This is

demonstrated in Figure 2.2. In panel a we show the average distribution of phase duration

(green line) with the blue line demonstrating the number of samples correctly identiĄed by

the ANN in the validation data. The increase of samples at month 30 is due to our method

of balancing the number of samples per class for our neural network inputs. Recall that

the number of samples in the transition class (area under green curve for durations 0-30

of months) is equal to the number of samples in the persistence class (area under green

curve for durations of 30+ months), and to achieve this we sub-sampled the transition

samples while maintaining all persistence samples. The sub-sampling maintains the shape

of the distribution of phase duration in the transition class but reduces its size, resulting

in a jump in the number of samples at phase duration > 30 months. Panel b shows the

accuracy as a function of phase duration (i.e., blue divided by green). For example, when a

transition occurs 10 months after input, (i.e., duration of 10 months on the horizontal axis),

the ANNs are correct and predict a transition around 75% of the time. Similarly, when

a transition occurs 60 months after input (i.e., the correct prediction is that no transition

occurs within 30 months), the ANNs are correct around 90% of the time. To compare the
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results to random chance, the dashed line indicates accuracy of 0.5, with shading indicating

the 5th-95th percentile range for each phase duration bin. For samples around the cut

off of 30 months, there is a dramatic drop in accuracy. However, as duration increases

so does prediction accuracy with high accuracy for samples between 45 and 65 months.

Note for samples of duration above 70 months accuracy is again very low. We propose

that this is because these samples will occur early in a PDO phase (i.e., very soon after a

transition) and hence having a weak PDO pattern for the ANNs to discern. It is hence

difficult for the ANN to differentiate between these samples and those where the sign Ćips

very soon after input. We hence propose that the ANNs have learned patterns relating to

persistence especially for samples where the phase is of longer duration. We also consider

the accuracy of the predictions with the top 50% conĄdence values, shown in the dashed

red line in Fig. 2.2. This shows that predictions with higher conĄdence are more likely

to also be accurate, especially for the regime we consider here (transitions that occur in

12-27 months). As higher conĄdence corresponds to higher accuracy, this implies that our

networks have learned when patterns are more likely to lead to predictability.

Figure 2.3 shows the composite maps for correct predictions for cases when the PDO

persists in its positive phase. The LRP heatmap of relevance values calculated for month

τ = −30 (the last input month) are shown in Figure 2.3a, while Figures 2.3b and 2.3c

display the standardized OHC anomaly at the input month (τ = −30) and the Ąnal month

(τ = 0). OHC anomalies at both the input time and the prediction show a positive PDO

pattern in the North PaciĄc, with the horse-shoe shaped positive anomalies surrounding

negative anomalies, verifying that indeed the ANNs have predicted a persisting pattern.

Furthermore, the large magnitude anomalies in the North PaciĄc at input (Fig. 2.3b) are

suggestive of PDO persistence as they correspond to a high magnitude PDO index which

takes time to decay. It is thus encouraging that the largest relevance values in the LRP

heatmap in Fig. 2.3a align with the positive horse-shoe shape in 2.3b. This suggests that

the ANNs recognize large positive OHC anomalies in the North PaciĄc ocean as being an
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Figure 2.2: a: Average distribution of phase duration in the validation data for the three ANNs,
green shows all the validation data and blue is number correctly predicted by the ANN with data
binned into 3 month averages. b: Red line is accuracy of each phase duration bin (blue divided
by green from above), red dashed line is accuracy of each phase duration when we only consider
samples with highest 50% conĄdence. Grey dashed line indicates accuracy of 0.5, or random chance,
with shading indicated 5thŰ95th percentile range for random chance.
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indicator that the PDO will persist on the interannual timescale, and this is consistent with

our physical understanding.

2.3.2 Detecting Transitions

We now consider the ANNsŠs ability to predict PDO transitions within CESM2. The

average conditional accuracy for predicting a transition (i.e., given a transition occurs, the

ANN predicts a transition) is 74%. The conditional accuracy of transitions 12-27 months

after input (given a transition occurs 12-27 months after input, the ANN predicts the

transition) is 69%. This is apparent in Figure 2.2b, with high accuracy for transitions that

occur very soon after input (duration of 0-12 months on the horizontal axis) with reduced

accuracy for transitions that occur in the 12-27 month window (duration of 12-27 months

on the horizontal axis). These later transitions are hence more difficult for the ANNs to

learn because they must learn to detect precursors of transitions more than 12 months

before it occurs. Up to 27 months, accuracy values fall on or above the 95th percentile of

random chance. This suggests that when correct, the ANNs have learned patterns that lead

to PDO transitions and furthermore, that they can recognize them more than 12 months in

advance.

Figure 2.4 shows the composite result for correct prediction of PDO transitions when

the transition occurs 12-27 months after input. We choose this window because it means

the ANNs must recognize patterns that signal transitions at least 12 months in advance

while there is no loss in accuracy due to the 30 month cutoff. Positive to negative transitions

are displayed in the left column and negative to positive transitions are displayed in the

right column. Figures 2.4a and 2.4b are the LRP maps for the Ąnal input map (month

τ = −30) with Figure 2.4c and 2.4d the corresponding OHC. We highlight the strongest

relevance regions from the LRP maps by superimposing LRP contours (Fig. 2.4a and 2.4b)

onto the OHC (Fig. 2.4c and 2.4d), with solid lines contours outlining highest 5% relevance

values. Similarly, dashed contours encircle regions with the lowest 5% relevance values.
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Figure 2.3: Composite maps when ANN correctly and conĄdently predicts persistence. a) Compos-
ite mean of LRP maps at Ąnal input month (τ=-30). Red areas correspond to positive relevance
and blue to negative relevance. b) Composite mean of OHC input maps at τ=-30. Color scale is
OHC anomaly in units of standard deviation σ at each grid-point. c) Composite mean of OHC at
predicted month, color scale as in b).
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Figure 2.4: Composite maps of correct and conĄdent predictions of PDO transition when transition
occurs 12-27 months after input. Left column is positive to negative transitions, and right column is
negative to positive transitions. Number of samples in each column is included in the title. Panels
a) and b) are composite LRP 30 months before predictions. Red regions correspond to highest
relevance and blue to lowest. Pink boxes highlight regions where OHC build-up is considered to
precede PDO transitions (125E-180E, 5N-30N, and 150E-200E, 5S-30S). Panels c) and d) are the
composite OHC maps 30 months before prediction, with color scale OHC anomaly in units of
standard deviation. Dashed contours in c) and d) correspond to regions with highest 5% relevance
in a) and b) respectively with dotted contour the lowest 5%. Panels e) and f) show composite OHC
when transition occurs and panels g) and h) show OHC at the predicted month.
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Furthermore, we include pink squares in Fig. 2.4aŰd to emphasize the regions where a

build-up of OHC has been suggested in the literature to precede a PDO transition [50].

Lastly, to track the OHC evolution throughout the transition process, panels 2.4e and 2.4f

show the OHC when the transition occurs, and 2.4g and 2.4h the OHC at month τ = 0.

Note in Figure A.3-A.4 we show the LRP maps and associated OHC for each input grid

(τ = −38, τ = −34 and τ = −30) but we do not include them here as they are very similar

but with lower relevance values.

Large negative anomalies in the northern and southern off-equatorial western PaciĄc

precede the positive to negative PDO transitions (Fig. 2.4c), while large positive anomalies

precede negative to positive transitions in the southern off-equatorial western PaciĄc

(Fig. 2.4d). Together, these suggest the presence of a build up of OHC in either the northern

or southern off-equatorial PaciĄc at least 12-27 months before a PDO transition occurs. In

conjunction with the anomalies in Fig. 2.4c, the ANNs have recognized the northern region

of heat content build up, with high relevance in the LRP composite in Fig. 2.4a. Conversely

for negative to positive transitions, the ANNs mostly focus on the large positive anomalies

over the maritime continent as well as the negative anomalies in the Atlantic, as shown

by the high relevance values in Fig. 2.4b. The large relevance values in the Atlantic could

signify the ANN detecting Atlantic teleconnections driving PDO transitions, which we

discussion further in section 4. We also speculate that the lack of high relevance in the

speciĄc regions previously posited to contain anomalies leading to transitions [pink boxes

in Fig. 2.4b 50] could be due to a westward shift of these anomalies in CESM2 leading

to the high relevance values in the maritime continent. Conversely, the larger number of

samples in Fig. 2.4b compared to positive to negative transitions (N = 4279 for negative to

positive compared to N = 3258 for positive to negative), results in weaker relevance signals.

In Figure A.5 we show by k-means clustering the LRP maps that there are indeed several

distinct patterns within the LRP composite likely corresponding to different transition

regimes detected by the ANNs, and cluster three of Fig. A.6 (middle column) shows

19



high relevance corresponding to the off-equatorial western PaciĄc for negative to positive

transitions. So there appear to be different OHC patterns leading to PDO predictability.

Furthermore the regions of high relevance in the composite in Fig. 2.4b suggest that the

ANNs are using the OHC anomalies in these regions for its correct predictions, hence, we

suggest future investigation into how these OHC anomaly patterns may preempt PDO

transitions. Furthermore, the ANNs appear to be better at predicting negative to positive

transitions than positive to negative transitions as there are more correct samples in the

latter category (note there approximately the same number of transitions in each category).

It is unclear whether this is due to PDO representation in CESM2, or whether there are

fundamental differences in the transition process.

At the month the PDO transition occurs, note the large equatorial anomalies via La Nina

and El Nino (Fig. 2.4e and 2.4f respectively). Furthermore, the anomalies in the western

off-equatorial PaciĄc have switched sign in each panel at the transition as well. These

factors are consistent with the mechanism posited by e.g. Meehl et al. [50], that an ENSO

event following the OHC build-up causes the OHC to be redistributed by equatorial Kelvin

waves. This redistribution of heat, and the associated atmospheric teleconnections, effect

a PDO transition. Lastly, after the transition occurs (Fig. 2.4g and 2.4h), OHC anomalies

have largely shifted into the opposite PDO phase pattern as we would expect.

The evolution of OHC throughout the PDO transition and corresponding LRP heatmaps

suggest that not only are PDO transitions preceded by OHC build-up in the off-equatorial

western PaciĄc 12-27 months before the transition, but for positive to negative transitions,

our ANNs detect this heat build up as relevant to its predictions. Furthermore, we suggest

that this is also the case for negative to positive transitions but it is likely that regimes where

this is detected by the ANNs are averaged out in the composite (Fig. A.6). Conversely,

there are other signals detected in the relevance maps (Figs. 2.4a and 2.4b), and in addition

the OHC anomalies are not consistently strong in the off-equatorial regions (Fig. 2.4d)

which suggests that there are likely mechanisms other than that proposed by Meehl et al.
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[50] that contribute to PDO transitions, or at least precondition the OHC build-up and

following ENSO event. The ability of the ANNs to apparently detect a known precursor to

PDO transitions supports their use in climate variability problems to identify and possibly

discover regions leading to predictability.

2.4 Discussion and Conclusion

We show that PDO transitions are preceded by large amplitude OHC anomalies in

either the northern or southern off-equatorial western PaciĄc 12-27 months before the

transition occurs. Furthermore, using LRP we show that these anomalies are detected by

the ANNs and were relevant to their correct predictions of positive to negative transitions.

This Ąnding is similar to the work of Meehl et al. [50] however in their analysis they suggest

that OHC must build up in the off-equatorial western PaciĄc over a period of 10-15 years

before a transition occurs. The transition predictions analyzed here only have inputs 12-27

months before the transition occurs, yet the ANNs do make correct predictions above

random chance, implying that perhaps the timescale of the OHC build-up is less important

than the fact that the anomaly is present. This is similar to the Ąnding of Lu et al. [52] whose

network analysis did not necessarily require OHC to build-up over a long period of time as

long as it reached a certain threshold. Moreover, as we have applied 6 month smoothing, it

is perhaps surprising that mechanisms contributing to PDO transition predictability were

able to be detected by the ANNs. This suggests that the decadal scale of OHC build-up,

and the interannual scale of ENSO interact cooperatively and hence Ąltering out shorter

duration signals may hinder the detection of mechanisms relating to PDO transitions. This

was also suggested by Lu et al. [52], who found their method less likely to detect their

Şearly warning signalŤ when an 11-year low pass Ąlter is applied. Note that if we only focus

on transition predictions for long PDO phases, i.e. the PDO must persist for a minimum

2.5 years before and following a transition, our results are essentially unchanged (see
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Figure A.7). We use 2.5 years here as a balance between sample size and long duration

phases.

The maps in Figures 2.3 and 2.4 are presented as composite means of correct predictions.

As we have suggested, the signals detected by LRP and presented in these Ągures may

not necessarily be cooperating on every prediction. We check for this by using cluster

analysis on the LRP composites in Figure 2.4. Figures A.5-A.6 show how k-means clustering

highlights different signals in the LRP maps. Notably, the off-equatorial western PaciĄc is

highlighted in at least one cluster for both positive-to-negative transitions and negative-to-

positive transitions. Interestingly, there are regimes when the Atlantic Ocean seems to be a

highly relevant region for predictability. Since Atlantic teleconnections are hypothesized to

inĆuence both PDO variability and ENSO events, and an ENSO event is considered to be

required to trigger a PDO transition [62, 63, 64, 65], it is not unrealistic that Atlantic OHC

signals could assist in predicting PDO transitions. In particular, teleconnections from the

Atlantic are considered a key inĆuence for triggering El Nino events [29] whereas La Nina

events are thought to be largely triggered by a preceding El Nino event. In Figure 2.4b,

the neural networks concentrate relevance in the Atlantic basin preceding the El Nino

event (and PDO transition) in Figure 2.4f. Given this, it appears that the neural network

recognizes the precursors of the El Nino event required for the transition during negative

to positive transitions. This highlights the ANNsŠs ability to detect distinct mechanisms

contributing to predictability.

We show howANNs and interpretability techniques can aid in the discovery and investi-

gation of mechanisms behind climate predictability. In the future, we suggest investigating

regions highlighted here as potentially connected to PDO transitions, such as the Atlantic

Ocean. This is especially important in examining the possibility of different pathways that

can lead to PDO transitions and hence we support the continued use of methods such as

ANNs and k-means clustering in objectively identifying potential regimes. In a broader

sense, we encourage the future use of ANNs and XAI in climate predictability studies. We
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have shown that they are not just a tool for maximizing prediction accuracy, but also as a

way of investigating potential mechanisms that lead to predictability, and to advance our

understanding of our chaotic climate system.
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Chapter 3: Incorporating Uncertainty into a Regression

Neural Network Enables IdentiĄcation of Decadal

State-Dependent Predictability in CESM2

3.1 Introduction

Predicting the evolution of the climate on decadal timescales (2-10 year) has far reaching

implications for both climate science and society. On these timescales, changes in climate

patterns are associated with the forced response to anthropogenic emissions and internal

variability in ocean [1]. For example, the forced response from climate change can manifest

as the steady increase of global mean temperature which provides some predictability of

future temperatures. Decadal predictability of oceanic temperature variability arises from

the oceanŠs ability to store, release and transport heat on decadal timescales. Major modes

of variability in the PaciĄc and Atlantic Oceans are therefore linked to decadal predictability

as they indicate the spatial distribution of heat in these basins. Furthermore, this internal

variability in the ocean can act to either mask or amplify the forced response from climate

change [66]. The PaciĄc Ocean exhibits long-term variability via the interdecadal PaciĄc

oscillation [IPO, 67, 68] and its related mode PaciĄc decadal variability [PDV, 8, 9]. Atlantic

multi-decadal variability [AMV, 11, 69] is considered the dominant form of long-term

variability in the Atlantic ocean, however whether variability arises due to internal Earth

system processes or external forcing is still under debate [70, 71, 72]. Because these patterns

of variability are associated with decadal predictability, decadal prediction is traditionally

focused on either investigating and predicting the processes themselves, [e.g. 50, 37, 12],

or exploring the predictability that arises from the atmospheric teleconnections driven by

these patterns [e.g. 73, 74, 75].

As hinted at above, it is difficult to decipher the drivers of predictability in observations

and historical simulations as it is inĆuenced by the non-linear interactions between internal
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variability and external forcing. Studies have diagnosed predictability in pre-industrial

control runs [76], while others have deciphered predictability from internal variability

in model hindcast ensembles with accompanying unforced ensembles [14, 24]. Another

avenue of research has been to quantify (using various metrics) how much predictability

is present in different regions of the ocean, and what the relative contributions of internal

and external drivers may be [77, 78]. However, predictability in the climate system can

vary drastically depending on region, timescale, and initial state [23, 1, 19] thus studies

have encouraged a shift of focus towards the concept of state-dependent predictability

[79, 80, 18, 19]. This paradigm intrinsically acknowledges that some initial states lead

to more predictable behavior than others. The aim is therefore to identify these more

predictable initial states, as they provide the opportunity to make more skillful forecasts.

State-dependent predictability has been investigated on short (subseasonal to seasonal)

timescales as the identiĄcation of Şforecasts of opportunityŤ or Şwindows of opportunaityŤ

[20, 21]. An example of an oceanic region with decadal state-dependent predictability is

the North Atlantic Subpolar Gyre. It has been found that anomalously strong ocean heat

transport in the North Atlantic ocean is associated with skillful predictions of sea surface

temperature (SST) in the North Atlantic Subpolar Gyre for lead times up to 8 years [25, 26].

So enhanced heat transport in the North Atlantic could be considered a more predictable

initial state for predicting North Atlantic SSTs.

With this increased focus on state-dependent predictability, it is necessary to explore

methods that can identify state-dependent predictability. Machine learning is one such

method that shows promise for identifying more predictable initial states. In fact, on

subseasonal timescales, classiĄcation artiĄcial neural networks (ANNs) have been shown

to objectively identify states of the Madden-Julian oscillation that lead to enhanced pre-

dictability of circulation in theNorth Atlantic [21] by leveraging the networkŠs conĄdence in

a prediction to identify state-dependent predictability. Furthermore, on decadal timescales
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it has been demonstrated that ANNs can skillfully predict decadal processes [37, 36] and

identify states of enhanced predictability of surface temperature over land [31].

This study introduces the identiĄcation of state-dependent predictability on decadal

timescales using a regression-based neural network to predict sea surface temperatures

(SSTs) across the globe within the Community Earth SystemModel, version 2 [CESM2; 55]

pre-industrial control simulation. We demonstrate a powerful technique for incorporating

uncertainty into the prediction of regression neural networks which has previously only

been used a handful of times in climate science [81, 82, 83]. We further leverage this

uncertainty output to identify which initial states are associated with the lower uncertainty

predictions. Lower uncertainty predictions imply more predictable inputs, hence this

technique identiĄes state-dependent predictability. Furthermore, we link predictable initial

states to major forms of variability so we are able to identify certain combinations of IPO

and AMV phases that correspond to skillful decadal predictions of SSTs in CESM2.

3.2 Data and Methods

3.2.1 Data

We use sea surface temperature (SST) and ocean heat content (OHC) output from the

CESM2 pre-industrial control run for the Coupled Model Intercomparison Project phase 6

[CMIP6; 56]. OHC is interpolated to a 4◦ × 4◦ grid. We train ANNs at each SST grid point

so SST is interpolated to a 5◦×5◦ grid which captures the regional variation in predictability

while not being too computationally demanding. We use monthly output of the 2000 year

run with the Ąrst 100 years removed to allow the ocean circulation to spin-up. Both OHC

and SST are then de-seasonalized by removing the mean annual cycle from each grid point.

Furthermore, to account for model drift, after deseasonalizing we calculate the third degree

polynomial trend via least squares and subtract this from each grid point. Model drift is

unphysical changes in the modelŠs background climatology, and its removal mean that

each variableŠs statistics are approximately stationary for the remaining 1900 years of data.
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Figure 3.1: a. Schematic of the artiĄcial neural network architecture. b. Scatter plot of predicted SST
anomaly (y axis) vs true SST anomaly (x axis). Dots represent predicted µ values, while vertical
lines represent the 1σ range. c. Prediction mean absolute error (MAE) as a function of prediction
conĄdence (see text). Both b. and c. utilize the same network trained to predict SST in the North
Atlantic Ocean (52.5◦N, 325◦E).

.

OHC is smoothed using a 60 month backward running mean to smooth high frequency

variability. We divide the pre-processed data into training, validation and testing. The

Ąrst 70% (∼1300 years) is used for training, the next 15% (∼300 years) for validation and

the last 15% (∼300 years) for testing. We calculate the mean and standard deviation for

every point on both the OHC and SST grids in the training set. We then use these values to

standardize all of the training, validation and testing data.

3.2.2 ArtiĄcial Neural Network

ArtiĄcial neural networks (ANNs) are used to predict the average SST anomaly at

a lead time of 1-5 years and 3-7 years, i.e. the ANN predicts the average 60 month SST

anomaly in the next 12-72 months, or 36-96 months respectively. In this experiment the

ANN is trained to predict the SST evolution in the CESM2 pre-industrial control, so for
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example, one input sample is OHC information from a speciĄc time step in the control

run, and the output prediction is the average SST anomaly over the next 12-72 months in

the control run. A schematic of our neural network architecture is provided in Figure 3.1a

and a brief overview of ANNs for geoscience applications can be found in e.g. Toms

et al. [32]. The predictors are three OHC grids, where each grid is OHC integrated to a

different depth (100 m, 300 m and 700 m). We chose varying depths of OHC because each

contains information corresponding to different forms of climate variability. For example,

the upper levels of the ocean integrate atmospheric forcing, and hence capture atmospheric

variability as well as surface ocean dynamics [84]. The variability in lower levels of the

ocean is guided by a combination of slow moving ocean circulation and the incorporation

of mixed layer processes via the annual cycle in the thermocline [85]. By inputting three

OHC depths into the neural network, it can theoretically combine different oceanic and

atmospheric processes to make its predictions. The three ocean grids are vectorized with

points over land removed resulting in a total 7947 input pixels. This input is connected

to a hidden layer of 60 nodes which is then connected to another hidden layer of 4 nodes

(see Fig.3.1). In this network, all layers are densely connected meaning all nodes in the

previous layer are connected to all the nodes in the next layer. Furthermore, all nodes in the

hidden layers use the rectiĄed linear unit (ReLU) activation function. Finally this second

layer is connected to the output layer of two nodes which serve as the parameters of the

predicted conditional distribution (see details in the next paragraph). Here the distribution

is a normal distribution as we found allowing skewness did not signiĄcantly improve the

networkŠs performance (not shown).

We use the −log(p) loss function described by e.g. Barnes et al. [86] which we will

summarize brieĆy. For each input, the network outputs two values, µ and σ. To calculate

loss, µ and σ are used to construct a conditional distribution, d and the negative log

likelihood function is calculated at the true value (ytrue), i.e. loss = -log(p(ytrue|d)). This

means that the neural network can decrease loss (decrease -log(p(ytrue|d))) in different
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ways: either with a low σ value and µ that is close to ytrue, or predict a larger σ value with µ

that is further from ytrue, or both. The neural network is therefore not penalized for high

error predictions as long as it also guesses a correspondingly high σ value, that is, if it

recognizes an input is less predictable by assigning a high σ value. The predictions of such

an ANN are illustrated in Figure 3.1b, where we show an example scatter plot of prediction

vs truth from an ANN trained to predict SST anomaly in the North Atlantic Subpolar

Gyre. Note that we can plot both the predicted anomaly value (µ, colored dots) and an

uncertainty range, with the error bars indicating the ±1σ range predicted by the ANN.

The ANN is trained using the training set, with the validation set evaluated at the end of

each epoch. The results presented in this study are from the testing set. During training,

we use a learning rate of 1×10−4 with stochastic gradient descent for up to 1000 epochs

with early stopping when validation loss did not decrease for 100 epochs. To implement

regularization, we include a dropout layer between the input layer and Ąrst hidden layer

in training. We found that a high rate of dropout (80% dropout rate in this experiment)

forced the ANN to learn information more slowly and greatly reduced over-Ątting on the

validation set.

3.2.3 AMV and IPO indices

We compute the AMV and IPO indices within CESM2 using the deseasoned and

detrended SST data. For the AMV index, we calculate the monthly mean SST anomaly over

the North Atlantic ocean (0◦N to 80◦N, 280◦E to 360◦E) and then standardize by removing

the mean and dividing by the standard deviation. Note we do not de-trend by the global

mean SST as recommended by Trenberth and Shea [87] because the control run lacks a

forced long term warming trend and model drift was removed during pre-processing. We

calculate the IPO index following the tripole index proposed by Henley et al. [88]. We

include plots of the spatial AMV and IPO patterns in CESM2 and themethod for calculating

IPO index in the Appendix B.
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3.3 Results

3.3.1 Evaluating Performance

In this study, 10 networks (identical architecture, only varying the initial network

random seed) are trained at each SST grid point in the ocean and we show the results of the

best neural network at each grid point. To designate the ŞbestŤ network, we select the ANN

with the lowest mean absolute error (MAE, difference between predicted µ and true y) on

the 10% of samples with the lowest σ predictions in the validation set. This designation

leverages a fundamental characteristic of a network that has learned predictability in the

data: prediction error should decrease as predicted σ decreases. We demonstrate this idea

in Figure 3.1c where we show perfomance on the test set for a network trained to predict

SST in 1-5 years in the North Atlantic (52.5◦N, 325◦E). Along the x-axis, we threshold by

increasing conĄdence with the y-axis showing corresponding MAE for those predictions.

For all samples, the MAE is ∼0.52 however for the 40% most conĄdent predictions the

MAE has dropped to 0.46. For the 10% most conĄdent predictions, the MAE has dropped

further to ∼0.39 implying the network has learned samples that lead to more predictable

SST anomaly. We hence refer to lower σ predictions as more conĄdent predictions, or more

predictable inputs. For some grid points, all networks fail to learn anything, meaning they

always predict an SST anomaly of zero (or very close to zero). The networks at these grid

points are removed before analysis, resulting in 30% of networks (525/1709) removed for

lead years 1-5, and 39% (675/1709) for lead years 3-7.

3.3.2 Predicting SST

We ensure that the ANNs are learning to skillfully predict SSTs on decadal timescales

in CESM2 by examining prediction error in the testing data at each grid point. Fig. 3.2a is

the MAE for ANN predictions for the testing set for lead years 1-5, with black indicating

grid points where all 10 networks failed to learn anything. These regions are largely in the

Southern Hemisphere subtropics. The lowest MAEs are found in the North Atlantic Ocean
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and the Southern Ocean around South America. This spatial distribution of prediction

skill (including regions where the networks failed) broadly agrees with that found to

be attributable to internal variability in the decadal hindcast studies using the CESM1

decadal prediction large ensemble [14, 23]. These studies use a different model version

(CESM1 vs CESM2), and the simulations include the effects of external forcing since 1850.

However, the widespread agreement of spatially varying predictability suggests the results

in Figure 3.2 are not a result of experiment design or network architecture but are rather

due to differences in predictability between regions.

The prediction skill for lead years 3-7 is shown in Fig 3.2b and highlights similar regions

as being more predictable as in lead years 1-5. Furthermore, there does not seem to be

a substantial loss in skill between these two lead times. This, coupled with the spatial

distribution of prediction skill, suggests that the ANNs are learning physical relationships

to make their predictions.

To contextualize the predictions of the ANNs, we benchmark them against a simple

persistence model. The persistence model predicts that the SST anomaly will be unchanged

so that the SST anomaly at the time of input remains the same at the time of prediction.

We calculate the MAE for the persistence model and subtract it from the MAE of the

ANNs (∆MAE = MAEANN− MAEpersistence), and plot the results in Figure 3.2g and 3.2h.

In regions where ∆MAE is negative, the ANN outperforms persistence (i.e. has lower

error). These regions are illustrated in warm colors in Figure 3.2g and 3.2h and illustrates

that the ANNs trained in this study out-perform persistence in all locations and at both

lead times. These regions were all found to be signiĄcant to α = 0.05 using a one-sided

Wilcoxon signed-rank test. The greatest improvement in skill above persistence occurs

in the cold tongue region of the Equatorial PaciĄc. This is unsurprising as this region

exhibits large interannual variability due to the El Nino Southern Oscillation, and hence

persistence performs poorly in this region. Also notable, the improvements over persistence

do not necessarily align with grid points where the networks achieve lowest MAE. This
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Figure 3.2: Evaluation of ANN prediction error. The left column is the prediction error for lead
years 1-5, and the right column is for lead years 3-7. Panel a and panel b are mean absolute error
(MAE) for all predictions in the testing set (i.e. all samples, N=3400). Panel c and panel d show
MAE for only the 20% most conĄdent predictions in the testing set as identiĄed using the ANNsŠs
uncertainty (N=680). Panel e and panel f are the differences between the 20% most conĄdent
predictions and all predictions (e.g. panel e = panel c Ű panel a). Stippling indicates areas where
the skill improvement is not statistically signiĄcant to α = 0.05. Panel f and panel g are the difference
between MAEANN and MAEpersistence (MAEANN−MAEpersistence) in the testing set.
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is a Ąngerprint of regional decadal variability, that regions with longer memory (e.g. the

mid-latitude North Atlantic) are better modeled by persistence, but in these cases our

networks still out-perform persistence.

3.3.3 Identifying State-Dependent Predictability

The predictive power of ANNs for decadal prediction is now demonstrated by using

them to identify state-dependent predictability. In Figure 3.2c and 3.2d we plot the MAE

for only the 20% most conĄdent predictions (20% lowest predicted σ) by the ANN for each

SST grid point. That is, ANN objectively identiĄes more predictable initial states, and we

do not directly use knowledge of the ground truth to identify these predictions. To aid in

visualization, we also plot the difference in MAE between the 20% conĄdent predictions

and all predictions in Figure 3.2e. When comparing the most conĄdent predictions with

all predictions at lead years 1-5 (Figure 3.2e), MAE is largely reduced for more conĄdent

predictions in the mid-latitudes, implying that more conĄdent predictions are associated

with smaller prediction errors in these locations. Similarly for lead year 3-7 (Fig. 3.2f),

we see that sorting for the most conĄdent predictions leads to reduced error in most

locations. For those regions where error increases, this is likely due to the network learning

predictability in the testing and validation data that does not generalize to the testing

data which either suggests over-Ątting or unaccounted-for model drift. Interestingly, at

both lead times, some regions that show very little skill across all predictions exhibit large

increases in skill when considering only the most conĄdent predictions (e.g. central PaciĄc

and the Gulf of Guinea), demonstrating that a region may be considered not predictable

when in fact it is just not always predictable.

3.3.4 Investigating Skillful Decadal Predictions

By using ANN predictions to identify state dependent predictability, we can also in-

vestigate oceanic patterns that lead to predictability. Here we examine the predictions of

two ANNs trained to predict SSTs in the North Atlantic and North PaciĄc oceans to investi-
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Figure 3.3: State-dependent predictability identiĄed in the North Atlantic for predicting average
SST anomaly at lead time 1-5 years. Panels a-c: Composite of OHC inputs for conĄdent predictions
of positive SST anomaly in a point in the North Atlantic (red dot). Panel d: histogram of AMV
index for testing data (pink shading) and most conĄdent predictions (pink outline). Panel e: as
panel d but for IPO index. Panel f: Composite of SST map for conĄdent predictions of SST in the
North Atlantic (green dot).

gate processes that are contributing to enhanced prediction skill in these regions. In the

following analysis we single out two particular grid points to investigate SST predictability

but the results are largely unchanged for the directly adjacent grid cells. Here, we show

results for the testing data but these results are consistent throughout the control run (see

Appendix B).

Figure 3.3 shows the 20%most conĄdent predictions of positive SST anomaly for a point

in the North Atlantic Sub-Polar Gyre from the testing set (52.5◦N, 325◦E). We single out

positive predictions because the ANNŠs conĄdent predictions are preferentially positive

(583 positive predictions out of 680 conĄdent testing samples, where 680 is 20% of the

testing set), implying that the ANN detects that particular positive predictions lead to

lower uncertainty. As predictions are preferentially positive, this is evidence that the ANN

is detecting state-dependent predictability in the North Atlantic.
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We plot the correct and conĄdent positive predictions to ensure we are analyzing the

correct signals that contribute to predictability. This leaves 472 samples. Fig 3.3a Ű 3.3c

show the composite of OHC input maps for correct and conĄdent positive predictions to

investigate the initial states that lead to predictability. At all three OHC levels there is a

positive OHC anomaly in the subtropical to mid-latitude Atlantic Ocean. We verify that

this signal was likely utilized by the ANN in its predictions by using an ANN explainability

technique to investigate the input regions that are important to the networkŠs prediction

(see Section B.3 and Figure B.4). This shows the positive OHC anomaly in the North

Atlantic at all three OHC levels was highlighted as contributing to the ANNŠs decisions. As

the positive heat anomaly is slightly south of the predicted grid point, this could indicate

northward heat transport to achieve a positive prediction. The composite SST anomaly in

Fig 3.3f shows the positive anomaly is around the predicted grid point in the North Atlantic

which implies that this anomaly has moved northward from the initial state (i.e. northward

from the positive OHC anomaly in the subtropical North Atlantic in Fig 3.3a). From this

evidence, we posit that the skillful SST prediction is preceded by a positive heat anomaly

in North Atlantic ocean, which is transported into the gyre region. This is consistent with

Borchert et al. [26] who identiĄed periods of enhanced heat transport in the mid-latitude

as a state of increased predictability of SSTs in the North Atlantic subpolar gyre for up to 8

years.

As an analogue for oceanic variability, we also consider the phases of the AMV and IPO

during periods of increased network conĄdence. In Fig 3.3d we present the distribution

of the AMV index during the entire testing period (pink shading, mean = 0.00) with the

solid line showing the distribution for only 20% conĄdent predictions which has a mean

of 0.16. From this, it appears that conĄdent predictions are most likely to occur during

positive AMV. When randomly drawing 20% of the samples from the AMV distribution in

testing, the likelihood of a mean of 0.16 occurring is less than 1%. This implies that more

skillful SST predictions in the North Atlantic Sub-Polar Gyre coincide with northward
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Figure 3.4: As Figure 3.3 but for the North PaciĄc

heat transport from the subtropics (from 3.3a-c and f) coupled with the positive phase

of AMV (from 3.3d). This is consistent with previous results by e.g. Christensen et al.

[23], Borchert et al. [26]. In 3.3e, we show the distribution of IPO phase for the testing data

(green shading, mean = 0.05) and 20% most conĄdent predictions outlined with the solid

line, with a mean of -0.58. The likelihood drawing a mean of -0.58 from the IPO testing

distribution is less than 1% which suggests that the negative phase of the IPO contributes

to the predictability of North Atlantic SSTs. This is also apparent in Fig 3.3a-c which all

show the negative IPO pattern in the PaciĄc Ocean. This may indicate some inter-basin

teleconnection that contributes to the predictability of North Atlantic SSTs.

We now perform a similar analysis for an ANN trained to predict SST in 1-5 years at a

point in theNorth PaciĄc (42.5◦N, 175◦E). In Figure 3.4 we show the results for the 20%most

conĄdent negative predictions. For this region, 632 out of the 680 most conĄdent samples

were predictions of negative anomaly, implying the ANN designated negative predictions

as more conĄdent. Again we plot only the correct predictions, resulting in 466 samples

in these composites. Fig 3.4a-c shows the composite OHC inputs for conĄdent negative
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predictions, and the major signal appears to be a positive IPO/PDV pattern in all panels. It

is likely the ANN utilized this pattern to make these conĄdent negative predictions from

the ANN explainability heat-maps (see section B.3 and Figure B.5). This is supported by

the histogram of the IPO index in Fig 3.4e which shows the distribution of IPO phase in

the conĄdent samples is shifted such that conĄdent samples signiĄcantly coincide with

the positive phase of the IPO. There is no such strong signal in the AMV index (Fig 3.4d).

Lastly, the conĄdent predictions appear to relate to persistence in the positive IPO phase

because the composite map of SST at output (Fig 3.4f) shows an IPO pattern in the PaciĄc

Ocean. The largest SST anomalies are in the north PaciĄc mid-latitudes, in the traditional

PDV region. From this, we posit that skillful predictions of SST in the North PaciĄc are

associated with persistence in the positive phase of IPO (i.e. negative SST anomaly at the

predicted grid point). Here, the ANN preferentially identiĄes negative SST predictions as

skillful, perhaps implying that persistence in the positive phase of IPO is more predictable

than persistence of the negative phase. We posit that this difference in predictability is due

to the underlying non-linear mechanisms governing IPO dynamics and particularly the

asymmetry in the dynamics governing ENSO events [89, 90]. Further investigation of this

is an avenue for future work.

3.4 Discussion & Conclusion

We show that artiĄcial neural networks (ANNs) skillfully predict SST evolution on

decadal timescales and that they can objectively identify decadal state-dependent pre-

dictability due to internal variability in the North PaciĄc and North Atlantic Oceans.

SpeciĄcally, we use a regression neural network where the predictions take the form

of a conditional normal distribution which we leverage to isolate predictions that are more

likely to have lower error. This approach allows us to investigate possible contributing

mechanisms to decadal SST predictability, particularly Atlantic multi-decadal variability

and the interdecadal PaciĄc oscillation (AMV and IPO, Figs 3.3 and 3.4). We chose tomodel
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the conditional distributions as normal distributions as alternatives did not signiĄcantly

improve skill. We suggest that future studies investigating state-dependent predictabil-

ity for other timescales and variables may beneĄt from the addition of skewness to the

predicted conditional distributions [86], as well as further exploring alternative network

architectures to tease out additional skill.

We investigate state-dependent predictability in two regions, the North Atlantic Subpo-

lar Gyre, and the North PaciĄc Ocean by identifying predictions in these regions that the

ANNs assigned the lowest uncertainty and investigating the processes that correspond

to these conĄdent predictions. This study utilizes the CESM2 long control representation

of the climate system and the results in the North Atlantic appear to agree with hindcast

studies of Brune et al. [25], Borchert et al. [26], Yeager et al. [14] which use different models

to that used here (MPI-ESM; Giorgetta et al. [91] and CESM1; Hurrell et al. [92]). These

previous studies also incorporate observations or reanalysis to evaluate the prediction skill

of the decadal hindcasts. Moreover, in a study of initialized decadal hindcasts in the CMIP6

archive, Borchert et al. [24] attribute predictable SSTs in the North Atlantic Subpolar gyre

to the effects of external forcing in the historical era, particularly volcanic forcing. Since

our Ąndings are consistent with the state-dependent predictability investigated in these

studies, this suggests that the ANN predictions and mechanisms investigated here are

likely relevant to realistic climate variability and implies a role for internal variability in

North Atlantic predictability. Further investigation is left for future work.

Here we present a data-driven approach to diagnosing state-dependent predictability

in an unforced model simulation. In addition to the role of North Atlantic heat transport,

we Ąnd evidence for a state-dependent inter-basin teleconnection, that is, the negative

phase of the IPO inĆuencing predictability of North Atlantic SSTs (Fig 3.3). The drivers of

predictability and variability in the North Atlantic ocean are still debated, especially the

relative roles of internal variability and external forcing [93, 70, 12, 71, 94, 95]. We hence
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suggest that future work on decadal prediction should investigate the roles of internal

variability and external forcing through the lens of state-dependent predictability.

This study emphasizes the importance of examining state-dependent predictability for

decadal predictions. We stress that the a priori identiĄcation of more predictable initial

states greatly increases prediction skill and can hence aid in estimating the evolution of the

internal long-term variability of the climate system.

39



Chapter 4: Separating Internal and Forced Contributions to

Near Term SST Predictability in the CESM2-LE

4.1 Introduction

Skillfully predicting both global and regional climate change on interannual to decadal

timescales is an outstanding problem from both a scientiĄc and societal standpoint [2].

Trustworthy forecasts on this timescale can provide actionable information about the future

climate for various sectors affected by climate change [4, 96, 3]. However, making skillful

forecasts on decadal timescales is a challenge because it requires both predicting the climate

response to anthropogenic forcings like greenhouse gases and aerosols, as well as skillfully

forecasting low frequency internal climate variability [1]. For example, it is has been argued

that modulations in the rate of global mean surface temperature increase are associated

with changes in the internal low frequency variability in the PaciĄc ocean so that even in the

global mean, skillful temperature predictions require comprehensive understanding about

internal variability [66, 36]. On regional scales, the amplitude of internal variability can be

much larger relative to the forced response than on global scales, providing an even larger

source of uncertainty in the range of variability [97, 98]. Identifying and understanding

predictable internal variability on regional scales is therefore an opportunity to provide

stakeholders with improved estimations of the future range of variability.

Internal variability on interannual to decadal timescales can be predictable both in

model simulations of the pre-industrial climate [76, 37, 38], and in hindcast simulations of

the historical era [50, 99, 17]. It has been suggested that future, global scale variability may

too be predictable for certain initial states [36]. This predictability is generally associated

with low frequencymodes of variability, namely the PaciĄc decadal oscillation [PDO; 8, 10]

and Atlantic multidecadal variability [AMV; 11]. However, prediction skill associated with

internal variability is often sparse and limited to ocean heat predictability in mid-latitude
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ocean basins [14]. Even with these limitations, it has been demonstrated that skillful sea

surface temperature (SST) prediction can constrain predictions of surface climate evolution,

for example temperature and precipitation over Europe [75, 100]. Therefore, studies have

increasingly suggested studying Şwindows of opportunityŤ or state-dependent predictabil-

ity to better leverage skill in decadal predictions [18, 19, 25, 26, 38]. This framework focuses

on identifying initial states or ŞwindowsŤ where the climate is more predictable, inherently

acknowledging that predictability depends on the initial state of the system, and these

ŞwindowsŤ provide the best opportunity to make skillful decadal predictions.

In the next 30 years, it is expected that forced warming from anthropogenic greenhouse

gasses will continue to increase. This raises the question of whether sources of predictability

identiĄed in the historical climate will still contribute to skillful decadal predictions, as

the large signal of forced warming could overwhelm predictable signals from internal

variability. Here, we aim to investigate whether, and to what extent, internal variability

contributes to near term decadal prediction skill in a relatively high future forcing scenario.

We develop a novel neural network architecture that separately ingests information about

the forced response and internal variability to predict the SST trend over the next 10

years. This architecture is then used to diagnose the contribution of internal variability to

prediction accuracy, in order to identify regions where internal variability is a signiĄcant

source of predictability in a near-future climate. We further address the question of where

and when we can attribute prediction skill to internal variability in the presence of high

anthropogenic forcing.

4.2 Data & Methods

4.2.1 Community Earth System Model Version 2 Large Ensemble, CESM2-

LE

This study uses output from the Community Earth System Model Version 2 Large

Ensemble (CESM2-LE) [55, 101]. The CESM2-LE is a collection of 100 ensemble members
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of CESM2 run under the speciĄed historical forcing for the CoupledModel Intercomparison

Project Phase 6 [CMIP6; 56] for years 1850-2014, and the SSP3-7.0 future radiative forcing

for 2015-2100 [102]. Note that ensemble members 1-50 use the biomass burning speciĄed

for CMIP6 however members 51-100 use a smoothed version which affects end-of-century

warming [103]. The ensemble members are also designed to sample the phase of the

Atlantic Meridional Overturning Circulation (AMOC) by splitting the full ensemble into

Ąve groups based on their initialized AMOC. We account for both the biomass forcing

and AMOC initialization in our experiment design (see next section). We use sea surface

temperature (SST) output bilinearly regridded to 5◦ × 5◦ resolution, and coarsened to

annual means at each grid point.

The target predictions in this work are classiĄcations of future decadal SST trends,

speciĄcally whether a future trend in a particular region will fall in the lower, middle

or upper tercile of the 2020-2050 distribution in that region (Figure 4.1b). We therefore

calculate sliding (i.e. starting each year) 10-year linear least-squares trends over the years

2020-2050 in 10◦ × 10◦ boxes in the ocean for each ensemble member. Figure 4.1a demon-

strates the annual mean time series for a single ensemble member (blue curve) and the

forced response (black curve) in a 10◦ × 10◦ boxes in the Southern Ocean (240◦E - 250◦E,

40◦S - 50◦S) over 1960-2100. SST trends for consecutive 10-year periods (green, orange

and red lines) show that even though forced SST increases throughout the 21st century,

regional internal variability can still contribute to reduced warming or even cooling in the

later part of the 21st century. The distribution of decadal SST trends over 2020-2050 further

demonstrates this point (Figure 4.1b), with trends in this particular grid box ranging from

-1◦C/decade to over 1.5◦.

4.2.2 ArtiĄcial Neural Networks

ArtiĄcial neural networks (ANNs) are used here to both make predictions of future

decadal SST trend and also to investigate sources of predictability. We use ANNs because
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c. Neural Network Schematic
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IVa

IVb

IVc

EFa + IVa

EFb + IVb

EFc + IVc

Figure 4.1: (a) CESM2-LE annual mean SST time series area averaged over 240◦E - 250◦E, 40◦S -
50◦S. The blue line is a single ensemble member (member 70) with gray lines indicating all other
members. The black line is the forced response, deĄned as the ensemble mean. The green, orange
and red lines are individual 10 year trends in SST in ensemble member 70, plotted every 10 years.
(b) Distribution of SST trends (◦C/decade) between 2020 and 2050 for all ensemble members at
240◦E - 250◦E, 40◦S - 50◦S. Color coding indicates the tercile cut-offs, green are in the lower third
(or tercile) of the 2020-2050 distribution, orange in the middle third, and red in the upper third.
(c) Schematic of the neural network architecture demonstrating the internal variability network
(IV_Network) and external forcing network (EF_Network), and their summation to the Combined
Network output.
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they are an establishedmethod of identifying sources of predictability on decadal timescales

[38] and for predicting future trends in SST [36]. In this application, neural networks

can be considered a non-linear data driven model, taking information about the current

and past state of the climate (the state of global SSTs) to make a prediction about a future

quantity (regional decadal SST trends). Unlike some previous studies that use ANNs with

post-hoc evaluation methods to examine their predictions and predictability [e.g. 36, 38],

we separate the prediction problem into an internal variability component and an external

forcing component by designing two separate ANNs and only coupling them at the Ąnal

prediction step of the network. This design allows for a direct investigation of the relative

contributions of internal variability and external forcing to the ANNŠs prediction. The

external forcing component is deĄned as the ensemble mean across all ensemble members

at each grid point, and the internal variability for a member is deĄned at each grid point as

the full member minus the ensemble mean.

More speciĄcally, we design two neural networks for the prediction task, named the

EF_Network and the IV_Network (Figure 4.1c), which make predictions using only infor-

mation about external forcing (EF) and internal variability (IV), respectively. The inputs

to the neural networks are maps of global SST at 5◦ × 5◦ resolution. For the IV_Network,

we input two time-lagged maps of internal variability, the Ąrst, averaged over the 10 years

prior to the prediction (τ = −1 to − 10) and the second, averaged over 10 years and lagged

by Ąve years (τ = −5 to − 14) (Figure 4.1c). These inputs provide the ANN with infor-

mation about the current state of internal SST variability, and an earlier state, which gives

information about the time evolution of internal variability before a prediction. The input

to the EF_Network is simply a map of the forced response (i.e., ensemble mean at each

grid point) averaged over the 10 years prior to a prediction (τ = −1 to − 10)(Figure 4.1c).

Each of the neural networks outputs a classiĄcation of the future SST trend (i.e. lower,

middle or upper tercile) at a particular grid point, and these values are summed pair-wise

(with no activation, weight or bias) to make the Combined Network prediction. This is
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demonstrated schematically in Figure 4.1c. The upper box shows the EF_Network, with a

singlemap of the externally forced SST input into an artiĄcial neural networkwhich outputs

three values, EFa, EFb and EFc. The lower box is the IV_Network, with two time lagged

internal variability maps input into an ANN which also outputs three values, IVa, IVb

and IVc. The outputs of the individual models are summed pairwise (EFa+IVa, EFb+IVb,

EFc+IVc) to make the Ąnal predictions of the future SST trend over the next 10 years. We

name this full system the Combined Network. The Combined NetworkŠs prediction is

taken to be the class with the highest value prediction in the Ąnal layer after the softmax

activation function is applied. The softmax activation function converts the raw ANN

outputs to probability-like values. The inclusion of the softmax activation means that

higher value predictions correspond to higher ANN conĄdence in the prediction such that

predictions can then be ranked by their value. For ease of comprehension, speciĄc examples

of predictions by the Combined Network with contributions from the IV_Network and

EF_Network is provided schematically in Figure C.1.

We subset the 100 ensemble members into 60 members for training data for training

the ANNs, 20 members for validation data for selecting the best performing networks,

and 20 members for testing which is ŞunseenŤ by the ANNs which is exclusively used

for performance evaluation and Ąnal analysis. The training, validation and testing data

is created by grouping individual ensemble members such that each data set equally

samples across the Ąve AMOC initializations, and the two different biomass forcings in the

individual ensemble members. We use model years 1960-2100 for training the ANNs, but

only validate and test on 2020-2050. We use a wider span of model years for training so the

neural networks can ŞseeŤ more possible internal variability states. All results presented

are from the testing set. We train 10 combined networks for each 10◦ × 10◦ grid box in

the ocean and present results from the best network at each location, but results do not

qualitatively change if we instead use an average of networks. We deĄne ŞbestŤ as the
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network that achieves the lowest loss on the validation data (not shown). Further, detailed

information about the hyperparameters and training process is provided in Appendix C.

4.3 Results

4.3.1 Identifying Contributions to Prediction Skill

The CombinedNetworks skillfully predict SST trends over 2020-2050 (Figure 4.2a), with

accuracy outperforming random chance (by design 33%) over most of the globe. Further-

more, the highest neural network accuracy corresponds to regions that are considered to

be more predictable on decadal timescales: the North PaciĄc, North Atlantic and Southern

Indian Ocean [1]. Recent literature has emphasized the importance of identifying so-called

Şwindows of opportunityŤ for prediction skill on decadal timescales because this provides

an indication of when variability may be at its most predictable [19, 38]. We therefore

examine the existence the windows of opportunity in near-future decadal predictions,

adopting a similar method used by Mayer and Barnes [21], Gordon and Barnes [38] by

designating windows of opportunity as the 20% of samples that the Combined Networks

assigned the highest conĄdence at each grid point (see methods). Note that other cutoffs

could also be used because neural network accuracy increases with increasing conĄdence in

prediction (see Appendix Figure C.2), however, we choose 20% as this provides the clearest

signal of accuracy increase. The 20% most conĄdent samples as designated by the neural

networks generally have higher accuracy than all predictions (Figure 4.2b) demonstrating

that the neural networks have learned inputs that are more likely to lead to a correct predic-

tion, and hence initial states that are more predictable. Skill improvements are especially

evident in the North PaciĄc PDO region, the North Atlantic Ocean and broadly across the

Southern Ocean which aligns with previous work that points to windows of opportunity

for enhanced prediction skill existing in these regions [38].

We examine the contribution of internal variability to the Combined NetworkŠs skill by

using permutation importance testing [104, 33] in Figure 4.2c. Permutation importance
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measures a deep learning modelŠs dependence on a certain predictor by scrambling that

predictor while holding the others Ąxed and examining how the output is affected by the

corrupted input data. Here, we test the sensitivity of the Combined NetworkŠs skill to the

internal variability input and assume a null hypothesis that internal variability does not

increase prediction skill. We scramble the internal variability input pixel-wise (randomly

drawing each pixel individually from its distribution in the testing set) to create a corrupt

testing set and calculate the accuracy of the neural network on this data. This process

is repeated 500 times for each grid box and we plot the mean accuracy of each neural

network on the scrambled data (Figure 4.2c). The neural networks still perform well in

some regions (Indian Ocean, Subtropical North Atlantic) when the internal variability

input is scrambled implying that network skill is largely derived from the forced response

in these regions. The difference between the total accuracy (Figure 4.2a) and the accuracy

from the permutation importance testing (Figure 4.2c) provides the contribution of internal

variability to the neural networkŠs skill (Figure 4.2e). We consider internal variability to

signiĄcantly increase a networkŠs skill (reject the null hypothesis) if the networkŠs accuracy

on the true testing set is greater than the 90th percentile of the accuracy on the scrambled

data. Internal variability signiĄcantly contributes to the Combined NetworksŠs skill in the

northern and eastern edge of the North PaciĄc and extending into the tropical PaciĄc (i.e.

the PDO ŞhorseshoeŤ). There is also enhanced prediction skill from internal variability

in the subpolar North Atlantic. Internal variability in these regions has previously been

shown to be predictable in studies of pre-industrial and historical climate [38, 1], but these

results further imply that internal variability in these regions can provide predictability in

the presence of relatively high anthropogenic forcing.

In conjunction with identifying windows of opportunity for improved prediction skill,

studies have underlined the difficulty in attributing prediction skill during windows of

opportunity to either internal variability, or time varying changes in anthropogenic forcing

in the historical period [24]. We therefore use permutation importance to decipher to what
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a. Combined Network Accuracy

c. Permutation Importance Accuracy

e. Accuracy Increase from IV (a.-c.)

b. Combined Network 20% Most Confident

d. Permutation Importance 20% Most Confident

f. Accuracy Increase from IV 20% Most Confident (b.-d.)

Figure 4.2: (a) Neural network accuracy at each grid point for testing samples in the years 2020-
2050. (b) Neural network accuracy on 20% of testing samples with highest conĄdence. (c) Neural
network accuracy when internal variability input is scrambled. (d) Accuracy for 20%most conĄdent
predictions when internal variability is scrambled. (e) Difference in accuracy between total accuracy
and accuracy on scrambled internal variability (i.e. panel a minus panel c). Differences that are not
signiĄcant at 90% are stippled. (f) Difference in accuracy between accuracy of conĄdent predictions
and accuracy of conĄdent predictions when internal variability is scrambled (i.e. panel b minus
panel d). Differences not signiĄcant at 90% are stippled.
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extent internal variability contributes to prediction skill during windows of opportunity.

First we calculate the skill of the 20% most conĄdent predictions in the scrambled internal

variability data (Figure 4.2d). We Ąnd skill increases in the Southern Indian and Atlantic

Oceans even with scrambled internal variability input implying that internal variability

did not contribute to the enhanced skill during windows of opportunity in these regions.

This increased skill is hence likely derived solely from the external forcing input. Notably,

skill enhancements in the North PaciĄc, Tropical PaciĄc and some of the North Atlantic

Ocean during windows of opportunity can likely be attributed to the networks learning pre-

dictable internal variability (Figure 4.2f). Furthermore, in regions where internal variability

contributes substantially to prediction skill, enhancements during windows of opportunity

are even larger than across all predictions. For example, the general accuracy increase

provided by internal variability in the Tropical PaciĄc is approximately 5-8 percentage

points (Figure 4.2e) but accuracy increases to up to 15 percentage points during windows

of opportunity (Figure 4.2f).

4.3.2 Internal Sources of Predictability over 2020-2050

Having identiĄed regions where internal variability provides enhanced skill for SST

trend prediction, we now examine how large-scale phenomena can lead to regional pre-

diction skill in a future climate. We Ąrst isolate grid points where internal variability

contributes signiĄcantly to prediction skill in 2020-2050 (i.e. regions un-stippled in Fig-

ure 4.2e). We then classify whether the IV_Network at each grid point was correct or

incorrect for each test sample prediction. Four example IV_Network accuracy timeseries

are demonstrated schematically in Figure 4.3a. We use K-means clustering to cluster these

prediction outcome lists, resulting in clusters of grid points with correlated prediction

skill. That is, where skill within a cluster is more likely to be associated with the same

input pattern of variability. We choose six clusters as this number appeared a reasonable

choice for this data (Figure C.3) and plot the assigned clusters in Figure 4.3b. Three distinct
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Figure 4.3: a. Example list of prediction outcome from internal variability at four grid points. b.
K-means clusters of accuracy from internal variability. Black regions were not included in clustering.

spatial regions emerge; a Tropical PaciĄc cluster, a North PaciĄc cluster and aNorth Atlantic

cluster (clusters 4, 5 and 6 respectively). These grid points are also well described by their

respective centroids (Figure C.3b and C.3c). The remaining three clusters (clusters 1, 2

and 3) are not spatially distinct, and investigation into their sources of predictability are

beyond the scope of this study. However, the underlying variability that leads to similar

prediction skill within these clusters remains an intriguing avenue for future work. We

choose to focus the remainder of this study on clusters 4, 5 and 6.

To investigate patterns of internal variability that correspond to common predictability

within each cluster, we Ąrst compute the IV_Network accuracy within a cluster for each

testing sample (i.e. percentage of grid points in the cluster that were correctly predicted)

and isolate samples with cluster accuracy greater than 50% (i.e. more than 50% of grid

cells within the cluster are correctly prediction for that sample). For example, Figure 4.4a

and Figure 4.4d is the composite of input samples for which cluster accuracy in the North

PaciĄc cluster is greater than 50%. We additionally separate the composites based on the

predicted tercile within a cluster so that the opposing trend signals are not mixed in the

composite. This distinction assumes that due to the spatial proximity of grid points within

each cluster, that the correct target prediction will generally be the same.

In the North PaciĄc cluster (cluster #5), predictable upper tercile SST trends follow

slightly positive SSTs in the PDO horseshoe 5-14 years before the prediction (Figure 4.4a)

which appear to become more negative in the 10 years directly preceding the prediction
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(Figure 4.4d). This SST evolution likely leads to predictable upper tercile trends because the

leading mode of decadal variability in the North PaciĄc, the PDO, acts on approximately a

10-20 year timescale [10]. Increasingly negative SSTs in the horseshoe region over a 15 year

period are thus likely followed by warming SSTs in the next decade. AppendixFigure C.4a

shows the composite annual mean PDO index for the samples in this cluster, demonstrating

the evolution of decreasing PDO index transitioning back to increasing PDO index over

the input and prediction output window. We also suggest the opposite mechanism for

predictions of lower tercile SST trends in the North PaciĄc cluster (Figure 4.4g and 4.4j),

with strengthening positive SSTs in the horseshoe region over the input period leading to

more predictable lower tercile SST trends. See Figure C.4d for composite PDO index over

this period. These results provide evidence that some SST trends that are lower than that

of the forced response may be predictable in the near future, and predictable trends are

associated with the decadal evolution of the PDO.

In the North Atlantic cluster, precursors to predictable positive SST trends appear to be a

strengthening SST dipole between the North Atlantic subpolar gyre and subtropical North

Atlantic, with subpolar gyre SST anomalies becoming more negative, and the subtropical

SST anomalies becoming more positive (Figure 4.4b and 4.4e). This SST pattern is likely

driven by a similar mechanism to that identiĄed by Borchert et al. [26], with strengthening

positive SST anomalies in the subtropical Atlantic forming a predictable state for positive

SST anomalies in the subpolar gyre. Appendix Figure C.4b shows the composite SST

evolution for the North Atlantic subpolar gyre for these predictions, supporting this theory.

Predictable lower tercile SST trends in the subpolar gyre are preceded by strengthening

positive SST anomalies in the 15 years before a prediction (Figure 4.4h and 4.4k). This

positive anomaly is likely followed by a negative anomaly within the 10-year prediction

window (Figure C.4e), resulting in net negative SST trends following these initial states.

Here we Ąnd that there are more samples in the upper tercile trend composite (132) than

the lower tercile trend composite (38), implying that a warming trend in the subpolar gyre
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region may be more predictable than a cooling trend which aligns with previous Ąndings

[26, 38]. Furthermore, though these mechanisms leading to predictability in the North

Atlantic have been studied previously, here we provide evidence that it may continue to be

a source of predictability in the presence of relatively high anthropogenic forcing in the

near future.

Lastly, the initial state that corresponds to correct predictions of upper tercile trends in

the Tropical PaciĄc cluster (Figure 4.4c and f) appears to coincide with a strengthening El

Nino like pattern in the central PaciĄc Ocean for the 15 year period preceding the prediction

of positive trend, as equatorial PaciĄc SST anomalies strengthen from prediction lead years

5-14 (Fig. 4.4c) to lead years 1-10 (Fig. 4.4f). We hypothesize that the ANNŠs are forecasting

a shift to La Nina in the early part of the 10-year prediction window as large El Nino events

are often followed by a rebound to a LaNinawithin both observations and CESM2 [105, 57].

This La Nina hence results in large negative SST anomalies in the tropical PaciĄc in the early

part of the predictionwindow. The SSTswill then likely follow the approximate timescale of

the ElNino SouthernOscillation (ENSO) cycle by growing into neutral conditions, and then

likely another El Nino within the later part of the future 10-year period, resulting in a net

positive trend over the forecast period. Appendix Figure C.4c demonstrates the composite

annual mean Nino3.4 index for the 10 years preceding and following the upper tercile

predictions for samples in Fig 4.4c and 4.4f, showing a robust Nino3.4 decrease early in the

prediction window, followed by a positive trend for the next decade. Conversely, a common

initial state for predictable lower tercile SST trends for the ENSO cluster (Figure 4.4i and

4.4l) shows a strengthening La Nina-like cooling in the central PaciĄc over the preceding

15 years. Similar to the positive trend prediction, we hypothesize that the ANNs forecast a

substantial El Nino early in the prediction window which dramatically increases tropical

SSTs. These positive SST anomalies then decay to neutral conditions and a further La Nina

event within the 10 year window (see appendix Figure C.4f, like S4c, shows the composite

annual mean Nino3.4 index for the preceding and following 10 years of predictions in the
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Figure 4.4: Initial states of internal variability that lead to predictable SST trends in the three clusters.
Left column is the North PaciĄc cluster, middle column is the North Atlantic cluster, and the right
column is the Tropical Atlantic cluster. The top two rows are initial state composites for upper
tercile trend predictability, and the bottom two rows are for the lower tercile trend predictability.
All plots are SST anomaly from the ensemble in mean in ◦C. Grid points included in each cluster
are illustrated with boxes in each plot

composite). This tropical SST evolution therefore results in a net negative trend prediction

for grid points in the Tropical PaciĄc cluster (El Nino to neutral to La Nina).

4.4 Conclusion

This study demonstrates that internal variability is a source of predictability in the years

2020-2050 in the CESM2-LE, even with the relatively high anthropogenic climate forcing in

the SSP3-7.0 scenario [102]. This result has interesting implications for future projections

of regional climate change, as it implies that there may be some periods where SST trend

predictions can be more skillful than just predicting the forced response. SST patterns like

ENSO and PDO are associated with atmospheric teleconnection which affect temperature
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and precipitation over land, so any improved predictions of these patterns can potentially

couple to improved future estimates of land surface processes [106]. Furthermore, it is

becoming clear that identifying windows of opportunity for improved prediction skill will

continue to be a crucial method for making skillful near-term climate forecasts [19]. Our

results further suggest that windows of opportunity for increased prediction skill will likely

exist in a future with increased anthropogenic greenhouse gas forcing. Interestingly, in

places where internal variability is a signiĄcant source of skill, correctly forecasting internal

variability becomes even more important during windows of opportunity. The importance

of internal variability during windows of opportunity reinforces the need to investigate

predictable states of internal variability in the climate system as it likely provides the best

opportunity for skillful decadal predictions.

Our Ąndings may potentially aid in the communication of climate change and its

impacts since internal variability modulates the forced climate change signal, particularly

on regional scales. For example, there is still potential for continued warming and extreme

events due to internal variability even after aggressive climate change mitigation efforts

[107]. Much of the public perceives climate change based on short-term, regional trends

[108] so continued warming could harm continued mitigation efforts if previous efforts are

perceived to have failed. With improved understanding of predictable internal variability,

we can better attribute whether future variability stems from either successful mobilization

against climate change, or irreducible internal variability.
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Chapter 5: Conclusion

5.1 Summary

This dissertation provides an assessment of predictability on decadal timescales using

machine learning. In Chapter 2, I demonstrate that ANNs can be a powerful tool for

predicting low frequency variability. SpeciĄcally, I use ANNs to predict persistence and

transitions in the PDO, showing that ANNs can predict PDO transitions up to 2 years

in advance. Furthermore, XAI techniques are used to dig into sources of predictability

used by the ANNs to make correct PDO predictions. The ANNs appeared to use off-

equatorial heat content anomalies in the western PaciĄc Ocean to make skillful predictions

of PDO transitions. Interestingly, the XAI methods revealed that the ANNs appear to

detect different regions of relevance between positive-to-negative transitions and negative-

to-positive transitions. It is posited that this difference is likely linked to the asymmetry in

predictability of the ENSO cycle, as ENSO events are crucial for triggering a PDO transitions

[109]. This work therefore demonstrates the utility of neural networks and explainable

AI for understanding decadal climate variability, and supports growing evidence for the

mechanisms behind PDO predictability.

The second study in this dissertation (Chapter 3), demonstrates an application of re-

gression neural networks to decadal SST prediction. This chapter leverages a relatively

novel technique in climate science Ű incorporating an uncertainty estimation into an ANNŠs

output Ű to identify state-dependent predictability in SSTs in a pre-industrial climate simu-

lation. It is found that, when viewed through the lens of state-dependence, predictability

may be more widespread in the ocean than previously suspected. By sorting predictions by

those assigned the lowest uncertainty, areas exhibiting increased skill are revealed across

the North PaciĄc and Atlantic oceans, as well as the Southern Ocean. Regional case studies

reveal sources of predictability in the North Atlantic and North PaciĄc oceans, which

are likely associated with ocean heat transport in the North Atlantic subpolar gyre, and
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persistence in the PDO/IPO, respectively. These case studies also revealed asymmetry in

predictability, with positive North Atlantic SST anomalies more predictable than negative

anomalies, and negative SST anomalies appearing more predictable in the North PaciĄc.

This further underlines the importance of nonlinear methods for examining predictability

in the Earth system as it allows the investigation of nonlinearity in predictability.

Lastly, in Chapter 4, I investigate the contribution of internal variability to the pre-

dictability of SST trends in a future climate simulation. This study demonstrates that

regions that are considered important for initial condition predictability, such as the North

PaciĄc and North Atlantic Oceans, may continue to contribute to predictability in the near

future (2020-2050), even under an increasing anthropogenic warming signal. I design

an interpretable neural network to dissect the individual contribution of external forcing

and internal variability to a future prediction. This approach demonstrates that internal

variability is even more important to predictability during windows of opportunity than

across all predictions, building on the results of Chapter 3 and further underlining the

importance of these initial states for making skillful decadal predictions. Cluster analysis

is then used to examine how predictability covaries within different ocean basins. This

demonstrates that the North PaciĄc, North Atlantic and Tropical PaciĄc oceans could be

considered regions within which predictability is governed by distinct patterns of variabil-

ity. Together, these studies provide a thorough grounding for applying machine learning

to decadal prediction, and underline the importance of understanding predictable internal

variability to make skillful future forecasts of decadal climate evolution.

5.2 Future Work

A running theme throughout this work is the interconnectedness of predictability be-

tween the North PaciĄc and North Atlantic oceans. For example, Chapter 2 suggests that

tropical Atlantic variabilitymay be linked to negative-to-positive PDO transition predictabil-

ity. Moreover, in Chapter 3 it is found that predictability in the North Atlantic subpolar
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gyre may be linked to negative PDO-like variability in the North PaciĄc Ocean. Future work

should therefore explore how these two basins interact and hence how predictable basin

interactions inĆuence decadal predictability. Importantly, future investigations should

Ąrst identify windows of opportunity for increased predictability, and only then further

decompose these times into their contributing mechanisms because it is established that

the mechanisms leading to low frequency variability do not have consistent contributions

in time. For example, even though much of the observed variability in the North Atlantic is

due to anthropogenic forcing [71, 72, 15], there are periods where the internal variability

signal plays a larger role than the external signal in the observed range of variability [24].

Additionally, this dissertation has demonstrated that windows of opportunity for increased

predictability exist across the global ocean. Any study that assumes the governing mech-

anisms of low frequency variability are constant in time could therefore overlook times

where the basins are more likely to interact, particularly if the signal is slight on average.

Importantly, this could lead to extended predictability of certain processes, for example if it

is found that negative PDO does indeed precondition predictable SSTs in the North Atlantic

subpolar gyre, then this may increase the lead time by which these SSTs are predictable.

The work in this dissertation provides evidence that internal variability has a key role

in SST anomaly and SST trend prediction, even in a future climate. Therefore, future

work should explore the implication of more skillful of predictions of ocean evolution

for the skill of predicting atmospheric and land surface variables. For example, it has

been shown that skillful decadal timescale predictions of SSTs in the North Atlantic ocean

can lead to enhanced skill in predictions of temperature and precipitation over Europe

[75, 100]. This Ąnding is predicated on the existence of predictability in the North Atlantic

ocean, which, until this dissertation, was considered one of the only places in the ocean that

exhibited predictability above climatology on decadal timescales. Chapters 3 and 4, provide

a framework for systematically identifying state-dependent predictability (or windows

of opportunity for enhanced prediction skill). Future should work leverage sources of
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predictability across the ocean and connect these predictable processes with constrained

estimates of relevant surface processes. For example, the PDO is associated with sustained

teleconnection patterns over the western United States that are thought to be related to low

frequency variability in temperature and precipitation [48, 10]. Initial states that lead to

enhanced skill of PDO persistence (or indeed transitions) should be investigated for how

they can be connected to better predictions of temperature and precipitation over land.

The studies in this dissertation solely utilize output from CESM2, which means that

some of the results presented here may be speciĄc to this realization of the Earth sys-

tem. Therefore, future work should compare predictability across CMIP6 models and

future climate scenarios. This approach would further verify the results presented in this

dissertation and may also lead to further discoveries of sources of predictability.

In a similar vein, the results of this work should be grounded in the observational

record of the climate system. The relative lack of observations (at least compared with the

enormous amount of model data) means that neural networks are perhaps not the optimal

method for this task because limited data means neural networks cannot be trained on

observations alone. We hence suggest that methods that leverage both climate model data

and the observational record should be at the forefront of understanding sources of decadal

predictability. Recentwork has demonstrated that neural networks trained on climatemodel

data can be transferred to predicting observations, either with or without retraining the

neural networks [54, 110]. This suggests that the ANNapproaches in this dissertation could

be applied to observational data after training on large ensembles to examine historical

sources of predictability. Furthermore, climate models are becoming better calibrated for

Earth system prediction, as well as moving to higher resolution. This has lead to much

better skill, as well as likely better resolved processes leading to predictability [111]. Future

work should hence continue to leverage these valuable runs to examine predictability.

Furthermore, as these model runs are veriĄed against the observational record, they can

hence lend understanding to when our observed climate may be more predictable.
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This dissertation demonstrates that machine learning is a powerful tool for examin-

ing Earth system predictions and predictability. It shows how explainability techniques

can support scientiĄc discovery, that the addition of uncertainty to regression tasks can

dramatically increase trust in the application of a neural networkŠs prediction, and that

data-driven models can be Ćexibly combined to attribute prediction skill. It is therefore

clear that machine learning should continue to be a cornerstone method in the Ąeld of

climate prediction, and the methods demonstrated here have the potential to be Ćexibly

applied to future prediction tasks. For example, the coupled neural network technique

demonstrated in Chapter 4 could be used to attribute the relative roles of any two entan-

gled processes to some future prediction at any time scale, or the uncertainty technique

in Chapter 3 could be used to identify predictability in any climate variable. Moreover,

these methods do not need to stand in isolation and future work should consider pipelines

between the methods used here and other machine learning and explainability techniques.

For example, the complementary use of clustering with machine learning to diagnose dif-

ferent sources of skill for machine learning models is well established both in the literature

[31, 21], and within this dissertation. Finally, the Ąeld of machine learning in climate is

evolving quickly, and novel methods are constantly being invented and investigated for

their utility in climate science. Our Ąeld has been improved for the explosion of people

willing to try out these methods, and hence the most important aspect of future work in

machine learning applications to climate science is for the practitioners to continue to keep

an open mind.

5.3 Concluding Remarks

As the climate continues to warm, and humans continue to feel the effect of anthro-

pogenic climate change, there will only be increased demand for trustworthy predictions

of decadal-scale climate evolution. This dissertation provides an assessment of locations

and times where we can possibly expect enhanced predictability to exist on these crucial,
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actionable timescales. This dissertation also investigates examples of howmachine learning

can be used to exploit the large amounts of climate data available, allowing for deeper un-

derstanding of nonlinear processes in the climate system, and identiĄcation of the sources

of predictability that currently provide the best opportunity for making skillful predictions

of the near future.
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Appendix A: Supporting Information for Chapter 2

A.1 Introduction

Here we provide a short overview of neural networks, along with the speciĄcations

of the artiĄcial neural network (ANN) used in this study. We also describe the rationale

behind the choice of a 30 month lead time followed by various statistics of the three ANNs

used. Lastly we include supplementary Ągures to support our discussion and conclusions.

A.2 Neural Network Overview

A general description of an artiĄcial neural network (ANN) is thus: the neural network

learns from some training data to map an input to some output, with hidden weights and

connections optimized in the training process, and an activation function which allows for

non-linearities. The network is trained for a set number of passes though the training data

(called epochs), updating hidden weights based on minimizing the so-called loss function.

The ANN architecture and training procedure in this study has been optimized for the

speciĄc problem that we consider. The use of regularization, dropout layers, training epoch

and sample weights were carefully chosen to balance accuracy, but prevent over-Ątting.

Values used are included in Table S1. A more in-depth description of ANNs, as well as a

broad background on their application to climate studies can be found in Toms et al. [32].

A.3 Rationale behind 30 month lead time

Our ANN learns to predict whether a PDO phase transition will occur within some

cut-off time. Consider an input such that by the time of the output, a transition has occurred

(i.e. the true output is 1). If, for example, the lead time is 30 months and the transition

occurred 29 months after the input, then this would be classiĄed transition however it

would be difficult for the ANN to guess as it is similar to inputs where transitions occur

at 31 months (which are classiĄed persistence). The accuracy of the ANN dramatically
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decreases for samples where the transition occurs within around 3 months of the lead time.

On the other hand, we want to focus on transitions occurring at least 12 months after input

in order to benchmark our networks against previous work. Hence, in order to optimize for

the accuracy of samples with transitions at least 12 months after input, retain good general

accuracy, and a reasonable cut-off for recognizing persistence, we choose a lead time of 30

months (2.5 years).

A.4 Summary of the ŚbestŠ neural networks

In order to Ąnd the best models for our problem setup we have trained 60 neural

networks of the identical architecture, each with a different random seed. Note this seed is

the same for both initializing the neural network and for choosing the transition samples to

grab from the training/validation data. We train many models because we do not use all of

the available data in the training process. This, along with the inherent randomness in the

ANN training process can result in variation in the ANNsŠs accuracy. The random seed is

set and recorded before the training/validation data is selected and the model is trained.

In FigureA.1we showvarious statistics of each individual neural network. The left panel

compares the total accuracy of each ANN (x axis) with its persistence recall (percentage

of the time that when persistence occurs, the ANN guesses persistence, y axis). This plot

shows the difficulty in guessing persistence for this particular problem, with no ANNs

above 56% recall. We comment on the reason for this in Chapter 2. As persistence appears

to be more difficult for the ANNs to learn, we designate the ŚbestŠ ANNs as those that

combine high accuracy and high persistence recall. These are indicated in each plot by the

pink dots.

The right panel demonstrates the ANNsŠs ability to predict transitions that occur 12-27

months after input, with total accuracy on the x axis and 12-27 month transition recall

(percentage of the time that when a transition occurs 12-27 months after input, the ANN

predicts the transition) on the y axis. This shows that the NNs we have designated as the
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ŚbestŠ (again in pink dots) have recall of 12-27 month transitions of around 65%-72%. While

these are not the best ANNs for this task in particular, we choose them for this study as

they are the best at both persistence and transitions, with their recall implying they have

learned both, and are least likely to be over-Ąt.

In Figure A.2 we show the confusion matrices for the best three ANNs described above.

These demonstrate how the ANNs perform at the classiĄcation task on the validation

data (1110 samples; 555 persistence, 555 transitions). Each row is the actual class the

samples belong to, while the columns show how the ANN designated them, i.e. the top

row are samples that are true persistence while the left column is the samples that were

predicted as persistence. This means the main diagonal is where the ANN was correct and

the off-diagonal is where the ANN was wrong. The number in each box is the number

of samples placed in that category e.g. the top left box is number of samples with actual

persistence and the ANN predicted persistence, whereas the bottom left is where an actual

transition occurred but the ANN predicted persistence. In all cases, the ANNs were better

at correctly predicting transitions than persistence while the largest source of inaccuracy is

due to the ANNs predicting transitions when the true class is persistence.
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Figure A.1: (left) Comparison of total accuracy (horizontal) and persistence recall (vertical) for all
ANNs trained. Blue dots are all ANNs with pink dots representing the ANNs used in the study.
(right) Comparison of total accuracy (horizontal) and 12-27 month transition recall.

Table A.1: Table of neural network speciĄcations and accuracy for the ANNs used in this study.

Input 3 deseasoned and standardized 4◦×4◦ OHC
grids, 4 months apart

Architecture 3 vectorized OHC grids (12150 pixels total)
connected to a single hidden layer with 8
nodes and rectiĄed linear unit (ReLU) acti-
vation function, then connected to 2 output
nodes representing positive and negative
phase prediction with softmax activation to
normalize outputs to probabilities.

Training L2 regularization coefficient of 12 and
dropout of one node per epoch on hidden
layer. Adam optimization algorithm, with
initial learning rate of 10−3, dropping by a
factor of 2 every 25 epochs. Trained for 300
epochs total. Categorical cross entropy loss
function. First 1800 years (21600 samples)
used for training, latter 200 years (2400 sam-
ples) used for validation (see Chapter 2).

Output Prediction of whether PDO transition occurs
within 30 months of last input map.
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Figure A.2: Confusion matrices for the 3 models used in this study. Vertical axis is the actual class
and horizontal axis is the predicted class. Number of samples in each bin is printed in each square
and total accuracy of each ANN in the title.
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Figure A.3: Left column: composite LRP maps for input maps where model correctly guesses
transition from positive to negative occurs 12-27 months after Ąnal input. a) 38 months before
output, c) 34 months before output, e) 30 months before output (and panel a in Figure 2.4). Right
column: As left column but for composite OHC anomaly, with units of standard deviation at each
grid point and color scale as in Figure 2.4.
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Figure A.4: As Figure A.3 but for negative to positive transitions.
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Figure A.5: K-means of LRP maps when model correctly predicts positive to negative transition
12-27 months after input. Each column represents a cluster. Top row is LRPmaps at month τ = −30,
second row is corresponding OHC with top and bottom 5% from the LRP contoured (dashed and
dotted respectively as in Figure 2.4). The third row is OHC at the transition while the bottom row
is OHC at month τ = 0.

Figure A.6: As Figure A.5 but for negative to positive transitions
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Figure A.7: As Figure 2.4 but only for correct transition predictions where the PDO phase length
preceding AND following a PDO transition are > 30months.
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Appendix B: Supporting Information for Chapter 3

B.1 Introduction

The text in this document (section B.3) is a description of explainable AI (XAI), and

provides a discussion of XAI Ąndings which support the conclusions in Chapter 3. This text

references Figures B.4 and B.5which are the XAI analyses of Figures 3.3 and 3.4, respectively.

In Figure B.1 we provide plots showing the Atlantic multi-decadal variability (AMV) and

interdecadal PaciĄc oscillation (IPO) patterns calculated in the CESM2 long control run.

B.2 IPO Index Calculation

We calculate the IPO index using the method outlined by Henley et al. [88] and we

detail here. From the deseasoned SST data we calculate the area averaged monthly SST

anomalies in three boxes in the PaciĄc Ocean:

1. 25◦N to 45◦N and 140◦E to 145◦W

2. 10◦S to 10◦N and 170◦E to 90◦W

3. 50◦S to 15◦S and 150◦E to 160◦W

Using the numbering above, the index is calculated from the following equation:

IPO = Box2− 0.5 ∗ (Box1 + Box3) (B.1)

The resulting pattern from projecting the IPO index onto global SSTs is plotted in

Figure B.1, with the boxes in these calculations outlined in purple.

B.3 Neural Network Explainability

To support our results, we use neural network explainability techniques (explainable

AI or XAI) to examine the decision-making process of the ANNs. The underlying goal of
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the XAI methods used here is to provide an indication of how each input pixel contributed

to a neural networkŠs prediction. The methods we use here are attribution methods,

in particular we use three methods, Integrated Gradient, LRP-Z (which is the same as

Input times Gradient for networks with ReLU activation) and LRP-epsilon. All of these

methods assign each input pixel a relevance, where positive relevance indicates that a pixel

contributed to positively to an output node of interest and vice versa. For comprehensive

discussion of XAI with application to climate science, and best practices, see Mamalakis

et al. [61] and Mamalakis et al. [112].

The explainability composite maps for each region investigated in Chapter 3 is provided

in Figure B.4-B.5. Each of the Ąrst three columns is a different method (Gradient, Input

times Gradient, LRP-epsilon from left to right). We use an epsilon value of 0.01, and apply

Gaussian smoothing to each explainability map to assist with visualization. Each row is a

different OHC level (OHC to 100 m, OHC to 300 m, OHC to 700 m from top to bottom).

The right-most column in each is the composite OHC input which acts as a reference to

how the relevance patterns correspond to the physical input maps.

In Figure B.4 we look at the composite explainability maps for conĄdent predictions of

positive SST anomaly in the North Atlantic ocean (green dot, same as in Figure 3.3). For

all three methods, red regions contributed to the neural networkŠs positive prediction. It

appears the positive OHC anomaly in the North Atlantic Ocean contributed to the positive

SST prediction, especially at the lowest level of the ocean (OHC to 700m). All XAI methods

show the same patterns, reducing the likelihood for spurious relevance (although not

eliminating it, see [61]).

In Figure B.5 we look at composite explainability maps for conĄdent predictions of

negative SST anomaly in the North PaciĄc ocean (green dot, same as Figure 3.4). Here,

the blue regions imply regions that contributed to neural networkŠs negative prediction.

Here, relevance highlights that the negative anomaly in the Kuroshio region in the upper

layers, coupled with the positive anomaly in the off equatorial PaciĄc in lowest layers
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Figure B.1: Patterns of large scale SST variability in CESM2 calculated using the methods discussed
in Section 3.2.3. AMV index projected onto global SSTs. b. IPO index projected onto global SSTs.

most contributed to the negative prediction. This anomaly pattern is indicative of the

IPOŠs positive phase. Again the highlighted relevances are consistent across explainability

methods.
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Figure B.2: As Figure 3.3 but for the training and validation data.

Figure B.3: As Figure 3.4 but for the training and validation data.
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Figure B.4: Composite explainability maps for predictions in Figure 3.3. Each of the Ąrst three
columns is a different technique (Integrated Gradients, Input times Gradient, LRP-epsilon from left
to right), while each row is a different ocean layer (OHC to 100 m, OHC to 300 m, OHC to 700 m
from top to bottom). The right-most column is the composite OHC input (the same as Fig 3.3a-c).
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Figure B.5: As Figure B.4 but for North PaciĄc predictions in Figure 3.4.
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Appendix C: Supporting Information for Chapter 4

C.1 Detailed Information About Training ANNs

The IV_Network is two SST maps (5184 pixels) densely connected to a hidden layer of

20 nodes, followed by a hidden layer of 40 nodes. This is densely connected to the output

layer of 3 nodes. The hidden layers use rectiĄed linear unit (ReLU) activation while the

Ąnal layer has no activation. We also remove all bias terms from the IV_Network because

this forces a zero input to be mapped to zero output (as we deĄne zero IV input to be

zero anomaly from the forced response). The EF_Network consists of an input map of the

forced response (2592 pixels) connected to a single hidden layer of 10 nodes with ReLU

activation, which is connected to an output layer of three nodes with no activation. The

architectures differ between the two networks because we expect the internal variability

task to be more complicated, whereas there is limited predictability that can be garnered

from the forced response.

The outputs of each network are summed pairwise with no bias term and after summa-

tion, the softmax activation is added to convert the predictions to probability-like. We call

the fully coupled system the Combined Network. The Combined Network is trained with

categorical cross-entropy loss on the Ąnal predictions so that each component network

must learn to correctly scale its contribution to the output. During training, we imple-

ment dropout at a rate of 0.2 between the hidden layers in the IV_Network. We also use

ridge regularization of 0.01 on the inputs of the EF_Network and 0.0001 on the inputs to

the IV_Network. The Combined Network is trained with Adam optimizer and an initial

learning rate of 0.1 which steps down to 0.01 after 30 epochs and 0.001 after a further 30

epochs.

We use class weighting during training because we train on the full 1960-2100 period

but the terciles are chosen from 2020-2050, meaning that the classes are not necessarily

balanced in the training data. We weight each class by its relative size in the training data

99



i.e. if the number of samples in each of the classes is 100/95/95 then they are weighted

1/1.05/1.05. If the sample weight is greater than 1.1 in this formulation then it is reduced

by 10% to prevent any sample weights from becoming too large, e.g. if the classes are

100/95/80 then sample weighting would be 1/1.05/1.13 instead of 1/1.05/1.25 (since 1.25

× 0.9 is 1.13). This was found to be effective to prevent the ANNs from defaulting to a

single class on unbalanced data. The neural networks are trained for a maximum of 1000

epochs with early stopping if the validation loss does not decrease for 100 epochs. This

combination of inputs, outputs, architecture, and hyperparameters was found to perform

Ćexibly across all grid boxes.

C.2 Example ANN predictions

We provide three examples of ANN predictions in Figure C.1. These predictions are

all real predictions made by networks used in the study. All three examples are correct

predictions. In Figure C.1a, the IV_Network and EF_Network both predict the upper tercile

node, by assigning the highest weight to this node. After the softmax activation (which

conserves relative ranking) the upper tercile is therefore the prediction of the ANN.

In Figure C.1b, the IV_Network and EF_Network make different predictions, with the

IV_Network predicting the lower tercile, and the EF_Network predicting the upper tercile.

However, once the networks are combined and softmax applied, the lower tercile has the

highest weight meaning that it is the Combined NetworkŠs prediction. In this case, the

inclusion internal variability was the reason the Combined Network made the correct

prediction, demonstrating how internal variability can provide future predictability, and

these networks can be used to examine this.

Lastly (and most complexly, bear with us), in Figure C.1c, the IV_Network and

EF_Network make different predictions. This time however, the combinations work against

each other to such an extent that after summation neither is the highest node, but instead

the middle tercile is the winning prediction. In this example, the no single component
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Figure C.1: Schematic of three example predictions of future SST trend at 20S-30S 60W-70W. Each
panel demonstrates input maps, their predictions by the individual neural networks, and the Ąnal
prediction before and after the softmax activation is added for actual samples from the testing
set. Prediction year and ensemble member is given in each panel title. Grey shading indicates the
winning prediction at each step in the neural networks. Pink box indicates the Ąnal output by the
Combined Network.

101



a. b. c.

d. e.

Figure C.2: Combined Network accuracy on testing data for the full training set and 4 different
conĄdence levels (see panel headings).

network made the correct prediction, demonstrating the power of this technique to make

synergistic predictions of the future.

C.3 ANN conĄdence levels

Figure C.2 demonstrates how neural network accuracy generally increases with in-

creasing conĄdence in prediction, implying that the ANNs have learned which samples

are more predictable than others. In Chapter 4 we include only the accuracy across all

samples (Figure 2a = Figure C.2a) and the accuracy for the 20% most conĄdent (Figure 2b

= Figure C.2e). Here show the accuracy for three additional conĄdence cut-offs (80%,

60%, 40% = Fig. C.2b, Fig. C.2c, Fig. C.2d). This indicates that while 80% was chosen

in Chapter 4 as the cut-off, other conĄdence levels can be used to show the existence of

windows of opportunity.

C.4 K-means Robustness

Here we demonstrate several key metrics for checking the robustness of our K-means

clustering in Section 3.2 . Firstly, we note that the optimal choice of number of clusters

can be tricky and vary based on the random state of the K-means algorithm. One way

of deciding on choice of cluster number is using the silhouette score, which maximizes
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for the optimal number of clusters. Figure C.3a demonstrates the silhouette score for

initial state used in our cluster analysis, showing that six is the optimal number of clusters.

Secondly, we note that although six is found to be best for the combination of the data

and random state, this does not necessarily mean that all data points are well described

by the learned centroids. We therefore plot both the distance from the cluster centroid at

each grid point (Figure C.3b), and correlation coefficient with the cluster centroid with

each grid point (Figure C.3). In both panels, lighter colors indicate grid points which

are best described to the cluster center, either by closest distance (Figure C.3b) or highest

correlation (Figure C.3c). This demonstrates that the general regions we choose for close

analysis in Chapter 4 (North PaciĄc, North Atlantic, and Tropical PaciĄc) are also best

described by their cluster centroids.

C.5 Composite Nino3.4, PDO and North Atlantic subpolar gyre evolution

We plot some climate indices to relate states of internal variability in Figure 4 to large

scale variability. We calculate the PDO index (Figure C.4a and C.4d) by Ąrst removing

the ensemble mean from each member. We then calculate the Ąrst EOF of North PaciĄc

(20N-60N, 110E-120W) annual mean SST for the entire ensemble for the entire run (1850-

2100). The corresponding principal component timeseries is deĄned as the PDO index. We

deĄne the North Atlantic subpolar gyre SST (Figure C.4b and C.4e) as the area weighted

annual mean SST from 40N-60N, 80W-20W with the ensemble mean removed. Nino3.4

(Figure C.4c and C.4f) is calculated as the area weighted annual mean SST over 5N-5S,

170W-120W taken from each ensemble member with the ensemble mean removed.
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a. Silhouette Score

b. Distance from cluster centroid for each grid point

c. Correlation with cluster centroid for each grid point

Figure C.3: (a) Silhouette score for 2-9 clusters. (b) Euclidean distance from the applicable centroid
at each grid point. (c) Pearson correlation coefficient with applicable centroid at each grid point.
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Figure C.4: a. Annual Mean Nino 3.4 index for 10 years before up to 10 years after predictions of
positive SST trend in the Tropical PaciĄc cluster. b. Annual mean PDO index for predictions of
upper tercile SST trend in the North PaciĄc cluster. c. Annual mean North Atlantic subpolar gyre
SST for predictions of upper tercile SST trend in the North Atlantic cluser. d., e. and f. as a. b. and c.
but for lower tercile predictions.
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