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Abstract

Identifying predictable states of the climate system allows for enhanced prediction skill on the
generally low-skill subseasonal timescale via forecasts with higher confidence and accuracy,
known as forecasts of opportunity. This study takes a neural network approach to explore
decadal variability of subseasonal predictability, particularly during forecasts of opportunity.
Specifically, this work quantifies subseasonal prediction skill provided by the tropics within the
CESM2 Large Ensemble and assesses how this skill evolves on decadal timescales. Utilizing
the networks’ confidence and explainable artificial intelligence (XAI), physically meaningful
sources of predictability associated with periods of enhanced skill are identified. Using these
networks, we find that tropically-driven subseasonal predictability varies on decadal timescales
during forecasts of opportunity. Analysis is extended to ECMWF Reanalysis v5 data, revealing
that the relationships learned within the CESM2-LE holds in modern reanalysis data. These
results indicate that the neural networks are capable of identifying predictable decadal states of
the climate system within CESM2 that are useful for making confident, accurate subseasonal

precipitation predictions in the real world.
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1. Introduction

The subseasonal timescale, ranging from approximately 2 weeks to 3 months, is often described as a
“desert of predictability” due to its lack of forecast skill (Vitart et al., 2017). Despite this issue, there is
heightened demand from local management officials, water managers, and stakeholders for forecasts
beyond the weather timescale to allow for longer lead times for preparation (Mariotti et al., 2019;
NASEM 2016; Vitart et al., 2017). This has led to increased efforts to understand subseasonal phenomena
and the large-scale features that modulate them, in order to improve predictability. Subseasonal
predictability stems from knowledge of initial and boundary conditions that capture the coupled
interactions which constrain chaotic processes in the atmosphere (Lovejoy, 2018; Vitart, 2017).
Forecasters rely on predictable states of the climate system that can lead to periods of higher prediction
skill within the subseasonal timescale, e.g. forecasts of opportunity, to improve subseasonal forecasts
(Albers & Newman, 2019; Mariotti et al., 2020). These forecasts can be made by strategically leveraging
time periods when certain large-scale oceanic and atmospheric conditions that provide sources of

subseasonal predictability are present.

Efforts to recognize when and where forecasts of opportunity will occur often focus on identifying
climate processes that lead to enhanced prediction skill and/or predictability. The tropics have been
identified as a key source of midlatitude predictability via tropical-extratropical teleconnections (Hoskins
& Karoly, 1981; W. K. M. Lau et al., 2012; Matthews et al., 2004; Pegion & Kirtman, 2008). For
example, the Madden-Julian Oscillation (MJO; (Madden & Julian, 1971)) is the dominant mode of
tropical intraseasonal variability, known to influence circulation and precipitation changes around the
globe (Cassou, 2008; Jones & Carvalho, 2012; Ling et al., 2017; Stan et al., 2017; Zhang, 2005, 2013).
Specifically, midlatitude subseasonal variability linked to the MJO affects precipitation in Alaska (Zheng
et al. 2018), the Pacific-Northwest (Bond and Vecchi 2003), and California (Arcodia et al. 2020).
Additionally, MJO teleconnections in the United States can be modulated by lower frequency modes such
as ENSO (Arcodia & Kirtman, 2022; Moon et al., 2011; Tseng et al., 2020). When active, the combined

influence of the MJO and ENSO conditions can provide subseasonal forecasts of opportunity for
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midlatitude precipitation (Arcodia et al., 2020; DeFlorio et al., 2019; Johnson et al., 2014; Newman et al.,
2003).

Seasonal-to-interannual variability, such as ENSO, and its impact on subseasonal predictability has also
been explored in recent years (Huang et al., 2021; R. W. Lee et al., 2019), however, lower frequency
modes of variability on decadal timescales and its impact on subseasonal predictability is much less
studied. Some previous work has explored how decadal variability influences seasonal midlatitude
precipitation variability (Cayan et al. 1998; Gershunov and Barnett 1998; McCabe and Dettinger 1999;
Dai 2013). In addition, prior efforts have identified decadal modulation of MJO teleconnections (Kim
2020) and low frequency variability in subseasonal predictability of the North Atlantic Oscillation (Albers
& Newman, 2021; Luo et al., 2022; O’Reilly et al., 2017; Scaife et al., 2014; Weisheimer et al., 2017).
However, this raises the question as to whether there is a subsequent impact of decadal variability on

midlatitude subseasonal predictability provided by the tropics.

Recent improvements to subseasonal forecast skill have been attributed to identifying forecasts of
opportunity based on improved initial conditions and active climate modes in official forecasting systems
(Mariotti et al., 2020). Additionally, improvements to forecasting models have enhanced subseasonal
prediction skill, which can be attributed to higher resolution and better physical parameterizations (Meehl
et al., 2021; Pegion et al., 2019). Here, we seek to explore the role of decadal variability on regional
subseasonal prediction skill in the recent decades. It is important to identify and better understand the
impact of decadal variability on subseasonal predictability, as this variability could affect the performance
of these models in the future. Unfortunately, this investigation remains a challenging task due to the lack
of historical data and historical hindcasts needed to assess variability of subseasonal predictability on

decadal timescales.

To combat this issue, we utilize the Community Earth System Model Version 2 - Large Ensemble
(CESM2-LE; (Danabasoglu et al., 2020)) to analyze 1,000 years of climate model data. Specifically, we
use the CESM2 historical simulation to train neural networks to quantify the subseasonal prediction skill
within CESM2 without the need for a forecast model. The fields of weather and climate science have
benefitted from applications of neural networks to learn physical relationships within the Earth system via
explainability techniques (Gordon et al., 2021; Ham et al., 2019; Mamalakis et al., 2021; Martin et al.,
2022; Mayer & Barnes, 2022; McGovern et al., 2019; Toms et al., 2020; van Straaten et al., 2023). Here,
we use shallow artificial neural networks to quantify U.S. West Coast subseasonal precipitation skill and

identify forecasts of opportunity provided by the tropics within CESM2. We assess the low frequency
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variability of the subseasonal prediction skill, finding decadal variability in skill particularly during
forecasts of opportunity. ERAS data are then input into the neural networks to make predictions based
only on learned CESM2 relationships. The ERAS results show skill above random chance, with enhanced

skill for the forecasts of opportunity that oscillate on decadal timescales throughout the modern era.

2. Data and Methods

2a. Climate Model Data

Training artificial neural networks to learn predictive subseasonal signals amongst noisy climate data is a
data-intensive process (Rosa et al., 2020). Thus, we take advantage of historical simulations performed as
part of the CESM-2 Large Ensemble (CESM2-LE; (Danabasoglu et al., 2020)). Specifically, we analyze
ten members which were selected to sample the four pre-selected initial states for different AMOC states
and include smoothed biomass burning (SMBB). Results were ultimately not sensitive to the initialized
AMOC state (not shown) and so the ten members should be generally viewed as ten largely independent
realizations of the same historical climate. We found ten ensemble members to be sufficient, which is
consistent with Mayer and Barnes (2021) who found ten members sufficient for a similar problem.

Additional information about the ensemble members used can be found in the Supplemental Table 1.

Daily precipitation data are interpolated to 2.5 by 2.5 degree resolution and selected from 1850-1949. We
use data from November-March since boreal winter is known to have strong tropical-extratropical
teleconnections in the Northern Hemisphere (Soulard et al., 2021; Weickmann, 1983). Daily precipitation
anomalies are calculated by subtracting the linear trend of the ensemble mean for each day of year from
each grid point independently to retain only internal variability. Similar analyses were performed using
the pre-industrial control runs which yielded comparable behavior (not shown), confirming the effective

removal of the forced response.

We train a set of artificial neural networks (more details provided in Section 2c¢) to ingest a map of daily
tropical precipitation anomalies and classify the sign (i.e. positive or negative) of the midlatitude
subseasonal precipitation anomaly (Fig. 1). The inputs (predictors) to the neural network are maps of the
daily tropical precipitation anomalies from 26°S to 26°N where each grid point represents an individual

node in the input layer. The outputs (predictands) are the sign of precipitation averaged over days 22-35
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(Week 4-5) after the input day. For example, the input map for November 1, 1850 is used to predict the
sign of the averaged November 23-December 6, 1850 precipitation anomaly in the three predicted
regions. Next, the input map for November 2, 1850 is used to predict the sign of the November
24-December 7, 1850 anomaly, and so on. The output data is area-averaged over coastal Alaska
(58.75-63.75°N; 202.5-220°E), the Pacific Northwest (41.25-48.75°N; 235-242.5°E), and California
(33.75-41.25°N; 235-242.5°E) as shown in Figure 1.

Ten sets of experiments are conducted. For each experiment, ten neural networks are trained on 8
ensemble members (the training set) with 100 years of data each, and each of the ten networks is
initialized with a different random seed to sample uncertainty in the network initialization and ensure
robustness of the results. Each trained neural network is then validated on one of the remaining members
and tested on the other. The training, validation, and testing members are then reorganized so a new set of
eight members are used to train the ten neural networks (each initialized with ten random seeds) that are
validated on one member, and tested on the remaining member. This process is repeated 10 times, so that
each ensemble member is used as a test member. With ten random initializations per network, this results

in a set of 100 trained neural networks.

Prior to training the neural networks, the input data are normalized by subtracting the mean and dividing
by the standard deviation of each grid point across the training/validation data. As a note, the daily
anomalies are calculated with the training and validation members used for each set of neural networks to
ensure that no information about the testing data is given to the neural networks during training. The
output data is normalized by removing the median of the training/validation output data, then converted to
binary to represent the sign of the anomalies (0s for a negative prediction; 1 for a positive prediction). The
training and the validation output data are class balanced by randomly removing samples so that there are

equal numbers of Os and 1s.

2b. Reanalysis Data

We also use precipitation from the ECMWF Reanalysis v5 (ERAS; (Hersbach et al., 2020)) dataset to
evaluate the neural networks trained on the CESM2-LE. We interpolate the precipitation fields to 2.5 by
2.5 degree resolution and use November-March. However, due to data availability, we take the 00:00 time
step at each grid point and our ERAS analysis spans a later time period: 1959-2021. The trend is
calculated by fitting a 3rd order polynomial to each day of year to capture any climate change signal,

particularly in recent history. The ERAS daily precipitation anomalies are then calculated via subtraction
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of the trend. While removing the trend here does not capture the true forced response as was done with
the CESM2 ensemble mean, removing the trend is sufficient for removing the forced response for a
reanalysis dataset where multiple ensemble members are not available. Prior to inputting the ERAS fields
to the trained network, the data are normalized by subtracting the mean of the ERAS data and dividing by
the standard deviation of the ERAS data at each grid point. This is done to ensure that the reanalysis and
CESM2 data are in data-relative units prior to being input into the neural network. The standardized

ERAS data are converted to binary labels after the median is removed.

2¢. Neural Network Architecture

The artificial neural network (ANN) architecture is depicted in Figure 1. The ANN consists of two hidden
layers, the first with 128 nodes and the second with 32 nodes, both of which use a rectified linear
activation function (ReLU). The final output layer consists of two nodes, representing our two classes: a
negative or positive sign. This final layer uses the softmax function so that the two output values sum to
one and thus represent an estimation of probability. This probability is then used to choose the predicted
output, where the output with a probability greater than 0.5 is chosen as the selected class. This
probability is also deemed our “network confidence” following the methodology of Mayer and Barnes

(2021, 2022).

The network is trained using a categorical cross-entropy loss function with a batch size of 512 samples, a
ridge regression coefficient of 5.0 (to minimize overfitting), and a learning rate of 6.7e-6. Early stopping
is also applied if validation loss does not decrease after 25 epochs. The 10 random seeds used are 210, 47,
33, 133, 410, 692, 64, 99, 910, 92. Hyperparameter tuning was performed using the KerasTuner
(O’Malley et al., 2019) to find the optimal set of hyperparameters across all regions. The same set of

hyperparameters is used for all 100 neural networks.
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Fig 1. The artificial neural network input (daily tropical precipitation anomaly maps), the architecture consisting of 2

hidden layers with 128 nodes and 32 nodes respectively, and the output layer (sign of the Week 4-5 precipitation

anomaly in the three boxed regions: Alaska, Pacific Northwest, and California).

2d. Explainable Al

Explainable artificial intelligence (XAI) methods have been utilized to open the “black box” of machine
learning to gain insights about the climate system (Gordon et al., 2021; Labe & Barnes, 2022; Mamalakis
etal., 2021, 2022; Mayer & Barnes, 2021; McGovern et al., 2019; Pegion et al., 2022; Sonnewald et al.,
2021). Here, we use an XAl attribution method known as integrated gradients (Sundararajan et al., 2017).
Integrated gradients is an extension of the Input*Gradient method derived from the gradient/saliency
method (Baehrens et al., 2010) which explains the network’s decision by computing the first partial
derivative of the network’s output with respect to the input. An input has a high relevance value if the
network used that feature to make its prediction. Integrated gradients is used here as it is a nonlinear

version of the Input*Gradient method and can identify properties of nonlinear relationships (Bommer et

al., 2023).

An important choice when using integrated gradients is the baseline, from which all attributions are
computed (Mamalakis et al., 2021). For this study, we choose a baseline input of zeros, since the daily
anomalies are centered around zero by construction. We note that the corresponding network output
for a zero input is roughly 50% probability for both classes, implying that our baseline for an input of
all zeros is uninformative when it comes to precipitation prediction. This behavior is preferable for
classification problems, and is intuitive for our problem in that zero anomalies (i.e. the mean) hold no

predictive information (Mamalakis et al., 2023; Sundararajan et al., 2017).
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3. Results

3a. Forecasts of Opportunity

The neural networks are designed to take a map of daily tropical precipitation anomalies as input and
classify the sign of the Week 4-5 precipitation anomaly in a particular U.S. region. Here, we focus our
results on three regions known to be influenced by tropical teleconnections on subseasonal timescales:
Alaska, the Pacific Northwest, and California. For each experiment (identified by the member used for
testing), 10 neural networks are initialized with different random seeds and the average test accuracy
across the ten networks is computed and shown in Figure 2a (squares). The mean of the 10 averaged
accuracies, i.e. the mean of all 100 trained neural networks, is also shown in Figure 2a (large, dark
squares). These accuracies are compared to an untrained network in which the testing data was used to
make predictions with neural networks that were initialized with random weights, but not trained. The
accuracy of the untrained networks can then be compared to that of the trained networks to assess if the
trained networks resulted in higher accuracy than the untrained networks or random chance. For each of
our three regions, the average accuracy of the untrained networks (crosses) is approximately 50%, as
expected. The average accuracy from the trained (squares) are distinctly higher than the average accuracy
of the untrained networks, indicating that the neural networks exhibit higher prediction skill than random

chance.

We leverage the network’s confidence in each prediction to identify forecasts of opportunity. In Figure
2b-d, the confidence values associated with each prediction for one experiment per region are ranked by
percentile, ranging from “All” (e.g. 100% of the predictions; left) to the top 10% (right). Shading
indicates the accuracy versus confidence for each of the untrained networks initialized with a different

random seed, with the darker line indicating the average of the random seeds.

For each region, the accuracy increases as confidence increases (Fig. 2b-d). This is particularly evident
when compared against the accuracy as a function of confidence for the untrained networks (gray lines).
The accuracy of the untrained networks remains fairly constant as confidence increases, with a slight
increase in accuracy for the top 10% of predictions due to higher variance from a smaller sample size.
Supplemental Figure S1 shows the same as Figure 2b-d but for all 10 experiments for each region. Since
the accuracy of our trained neural networks increases as confidence increases, the most confident

predictions are also those predictions with the highest accuracy, and thus, are evidence of forecasts of



This is a non-peer reviewed EarthArXiv preprint version 1 currently submitted to Environmental Research: Climate.

opportunity. From here on out, we define forecasts of opportunity as the 20% most confident predictions,
however, our conclusions are insensitive to different confidence intervals selected (+/- 10%). The
accuracy of the forecasts of opportunity are plotted in Figure 2a as diamonds for the three predictand
regions, with the average of the accuracies consistently higher for the forecasts of opportunity (diamonds)

than the average accuracy for all predictions (squares).
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Fig 2. a) The average accuracy of testing data predictions for neural networks trained on CESM2 data from
1850-1949. Squares represent the average accuracy for 10 random seeds for all test ensemble members. Large, dark
squares represent the average accuracy across all 100 networks. Gray “X”s represent the average accuracy of an
untrained/random network with the dark X showing the average accuracy from the random network. b-d) The
accuracy vs. confidence for b) Alaska, c¢) Pacific Northwest, and d) California for 10 random seeds for test ensemble
member #0 of the testing data (light green lines) and the average accuracy of the testing data (dark green line), the
10 random seeds of the validation data (light purple lines) and average (dark purple line), and a random network

(gray) with the gray box showing the region of predictions with the 20% most confidence for each region.

We then assess the output to determine if the sign of the predicted anomaly varies within a season,
ensuring the networks were making subseasonal predictions, rather than seasonal predictions. A time
series showing the subseasonal variability of the predictions is shown in Figure 3, in which the
predictions vary between negative and positive within one season. We highlight forecasts of opportunity

with darker/larger circles, showing that the network tends to be most confident in either a negative or
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positive prediction for each season. For example, in the 1875-1876 winter the most confident predictions
were all positive, but in the 1876-1877 winter, the confident predictions were all negative. Therefore, the
networks demonstrate subseasonal variability in the anomaly sign prediction, but the most confident

predictions are typically of the same sign within a season.

These results demonstrate that the neural networks perform better than random chance and can identify
features in the input that makes the network more confident (and accurate) in its prediction. Next, we
explore the sources of predictability the neural network is utilizing to make its confident and correct

predictions in each region. We do this to ensure the neural network is identifying physically meaningful

regions for subseasonal precipitation prediction along the West Coast of the U.S. before further exploring

if the accuracy of these networks varies on decadal timescales.
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Fig 3. Time series of precipitation anomalies in Alaska from test ensemble member #9. Brown dots indicate a
negative anomaly prediction. Blue dots indicate a positive anomaly prediction. Brown dots in the negative region
shaded brown indicate a correctly predicted negative anomaly. Blue dots in the positive region shaded blue indicate
a correctly predicted positive anomaly. Darker/larger dots outlined in black indicate the 20% most confident

predictions as identified by the neural network.

3b. Identifying Sources of Subseasonal Predictability

Explainable Al techniques are powerful tools that allow us to not only explain the network’s
decision-making process, but also to identify sources of predictability. Here, we use the XAl technique,
integrated gradients, described in Section 2d to locate tropical sources of subseasonal predictability for
U.S. West Coast precipitation. We calculate integrated gradients heatmaps for each input map that

correspond to a correct forecast-of-opportunity prediction, e.g. a prediction that was correct and in the
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20% most confident range. The heatmaps are composited separately for negative and positive predictions,
shown in Figure 4. Heatmaps were also clustered using k-means clustering using 2-4 clusters (not shown),
but sources of predictability were similar across the clusters compared to the composited (1 cluster)

heatmaps.

The XAI heatmaps shown in Figure 4 depict the regions of the input that are most relevant to the
network’s correct, confident predictions. Regions with the highest values (e.g. darkest shading) highlight
potential sources of predictability. In both Alaska and the Pacific Northwest, the tropical western Pacific
region is important for the networks’ predictions, with off-equatorial bands extending east into the central
Pacific. This pattern is similar to the precipitation patterns related to ENSO documented in CESM2
(Capotondi et al., 2020). Furthermore, the heatmaps reveal that the northern Maritime Continent region is
relevant for negative sign predictions in Alaska and positive sign predictions in the Pacific Northwest.
The Maritime Continent region is often associated with the MJO (Zhang 2005; Kang et al. 2020; Ahn et
al. 2020; Kang et al. 2021), although the MJO-associated rainfall is typically more centered around the
equator than the XAI heatmap highlighted region. We note that MJO convection is well represented in
CESM2 (Danabasoglu et al., 2020), and do not attribute the off-equatorial region to be associated with a
bias in CESM2. Since the neural networks are tasked with predicting precipitation anomalies at 21-35 day
lead time, and it generally takes about 14 days for Rossby wave trains to be established from the tropics to
the extratropics (Hoskins & Karoly, 1981), the expected teleconnection would be that associated with the
previous one or two phases of the MJO. The Maritime Continent region is associated with active
convection in MJO phases 4 and 5, which is consistent with Pacific Northwest positive precipitation
anomalies in phases 2 and 3. This region is also associated with suppressed convection in phases 8 and 1,
consistent with negative Pacific Northwest precipitation anomalies in phases 6 and 7, with variations

based on early or late winter season (Bond & Vecchi, 2003).

For predictions over California, a major tropical source of predictability is located predominantly in the
central equatorial Pacific and is most relevant for the positive sign predictions, whereas the central Indian
Ocean is found to be a more prominent source of predictability for negative sign predictions. This region
is associated with active convection during MJO phase 2 and 3 which is consistent with negative rainfall

anomalies in California particularly during El Nifio events (Arcodia et al., 2020).
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Fig 4. Integrated gradients XAl composited heatmaps for a) Alaska, b) Pacific Northwest, and c¢) California for the

20% most confident and correct negative (top) and positive (bottom) predictions. The number (n) represents the
number of samples in each composite. Darker purple colors represent grid cells that were more relevant to the
prediction, orange/brown colors represent adverse contributions to the predictions. Colorbars indicate a unitless

measure of relevance.

3c. Decadal Variability of Subseasonal Predictability

The XAI analysis has identified physically relevant tropical sources of predictability that allow us to build
trust in the neural networks predictions and its ability to identify forecasts of opportunity. These
predictions are next assessed to determine if the subseasonal predictability quantified by the networks
varies on decadal timescales, with periods of higher and lower skill than the overall averaged accuracy.
The accuracy of the networks’ predictions is calculated over a 10-year moving window (Fig. 5), as
opposed to the full 100-year period for which the accuracy was calculated in Figure 1. For example, the
accuracy of all test members for each experiment is first calculated over a 10-year period (1851-1860),
then shifted forward 1 year (1852-1861), etc. to create the low-frequency time series of the accuracy in
each region (gray lines). The time series is centered around the 10-year period for which the accuracy is
calculated (e.g. the point corresponding to 1860 was calculated over 1856-1865). Figure 5 shows the

accuracy time series for one test ensemble member for each region, with each individual line representing
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one random seed and the dark line representing the average over the random seeds. Supplemental Figure
S2-4 shows the time series for each of the ten testing ensemble members. The same moving averaging
process is repeated for the 20% most confident predictions (purple lines) and the 20% least confident
predictions (blue lines). That is, the 20% most confident and least confident samples are selected from

each 10-year window, and then the accuracy of those samples is computed.

The variability of the 20% least confident predictions (blue lines) in Figure 5, show little decadal
variability with accuracies remaining consistent around 50% (e.g. random chance). Decadal variability of
the 20% most confident predictions (purple lines) is much more pronounced than the accuracy of all
predictions (gray lines), suggesting the decadal variability in accuracy from all predictions is mainly from
the decadal variability of the accuracy of confident predictions. For all three regions, the 10-year averaged
accuracy ranges between approximately 40%-80%. Based on the sources of predictability identified in
Figure 4, the forecasts of opportunity occur when certain conditions are present in the highlighted regions,
but the accuracy of these forecasts of opportunity varies on decadal timescales. For example, during the
late 1890s in Alaska, the 10-year average accuracy was over 70%, but the accuracy dropped to almost
40% (worse than random chance) during the late 1880s. Similar low frequency variability in accuracy is
found in the Pacific Northwest and California during forecasts of opportunity. This variability implies that

there is a low frequency modulation of subseasonal prediction skill for midlatitude precipitation driven by

the tropics.

a) CESM2 Alaska b) CESM2 Pacific Northwest
90

~—— 20% Most Confident Predictions
80] —— 20% Least Confident Predictions

1 —— 20% Least Confident Predictions

3

Accuracy (%)

1860 1870 1880 1890 1900 1910 1920 1930 1940 1950 1860 1870 1880 1890 1900 1910 1920 1930 1940 1950

c) CESM2 California

—— 20% Most Confident Predictions

90

80

Accuracy (%)
oY
ERE

10

.
1860 1870 1880 1890 1900 1910 1920 1930 1940 1950



This is a non-peer reviewed EarthArXiv preprint version 1 currently submitted to Environmental Research: Climate.

Fig 5. 10-year moving windows of accuracy shifted forward by 1 year for 10 random seeds of one CESM?2 test
ensemble member for all predictions (gray), the 20% most confident predictions (purple), and the 20% least
confident predictions (blue) for a) Alaska, b) Pacific Northwest, and c) California. Darker lines represent the average

of the 10 random seeds.

We investigate the drivers of the low frequency variability of the subseasonal prediction skill, focusing
explicitly on forecasts of opportunity. Although the 20% most confident predictions have the highest
accuracy overall (Fig. 2), these predictions also exhibit the largest variability with periods of both the
highest and lowest skill (Fig. 5). The daily tropical precipitation input maps corresponding to the 20%
most confident predictions were composited by sign of the true anomaly in the predicted region and by
maps which resulted in correct and incorrect predictions, resulting in four composite maps for each region
(Fig. 6). In California, correct predictions for a negative anomaly correspond to negative precipitation
anomalies in the tropical Pacific, typically associated with a La Nifia precipitation pattern (Dai & Wigley,
2000). Correct predictions for a positive anomaly correspond to the opposite pattern with positive tropical
precipitation anomalies, typically associated with an El Nifio precipitation pattern (Dai & Wigley, 2000).
However, when the network is confident and incorrect, the network uses the learned relationship between
the tropics and the sign of mid latitude precipitation, but the true sign is now opposite. In other words,
when a La Nifia-type pattern is present in the equatorial Pacific, the network will confidently predict a
negative anomaly, but the true anomaly will be positive, and vice versa for an El Niflo-type pattern. A
similar relationship is found for Alaska while an opposite-signed relationship is found in the Pacific
Northwest: an El Nifio-like pattern corresponds to a negative sign prediction and a La Nifia-like pattern
corresponds to a positive sign prediction. This contrasting relationship with ENSO between California
and the Pacific Northwest precipitation anomalies is consistent with previous literature on ENSO
teleconnections (Diaz et al., 2001; Evans et al., 1998). These results suggest that the network has
confidently learned a relationship between tropical and extratropical precipitation that is only present

during specific low frequency time periods.

We find the neural networks are highly confident and accurate in its predictions during periods when the
tropical-extratropical teleconnection is present from the tropical sources of predictability to the predictand
midlatitude region. However, when there is a learned signal in the tropical source of predictability but that
teleconnection is not present, the network will still be confident, but inaccurate in its predictions (Fig. 6).
Based on these results, we can conclude that the teleconnection from the tropics to the extratropics is

modulated on low frequency timescales, driving the periods of high and low subseasonal prediction skill.
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Fig. 6. Composite maps of the input precipitation anomalies (mm day-1) for days that corresponded the 20% most
confident and correct predictions (left) and incorrect predictions (right) for a true negative anomaly (top) and a true

positive anomaly (bottom) for a) Alaska, b) Pacific Northwest, and c) California using the CESM-2 data.

3d. Predictability within ERAS

The neural networks described thus far were trained, validated, and tested on the CESM2-LE for the time

period between 1850-1949. The network’s task was straightforward in that it was trained on 100 years of
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data and tested on data from the same climate model. Since climate models are known to have biases and
deficiencies (Danabasoglu et al., 2020), we explore whether the relationships learned by the network in
the CESM2-LE historical simulation apply to the ERAS reanalysis data. That is, we do not retrain the
network on the ERAS data, but rather, we use the CESM2-trained network to make predictions on the
ERAS5 anomalies. We make predictions on daily ERAS5 data over the years 1959-2021, and the averaged

accuracies across all 100 trained networks are shown in Figure 7a.
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Fig. 7. a) The average accuracy of ERAS testing data predictions for 1959-2021 for neural networks trained on
CESM2 data from 1850-1949. Squares represent the average accuracy for 10 random seeds from one experiment.
Large, dark squares represent the average accuracy across all 100 networks. Gray “X”s represent the average
accuracy of an untrained/random network with the dark X showing the average accuracy from the random network.
Note the different y-axis from that in Figure 2a. b-d) The accuracy vs. confidence for b) Alaska, c¢) Pacific
Northwest, and d) California for 10 random seeds of one experiment for the testing data (light green lines) and the
average accuracy of the testing data (dark green line) with the gray box showing the region of predictions with the

20% most confidence for each region.

We analyze the ERAS testing data in the same way as the CESM?2 data, and find the accuracies are higher
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than random chance in each of the three locations. As expected, the accuracy over all of the ERAS
predictions is lower than the accuracies of the CESM2 data since the network was trained on the CESM2
data alone. Interestingly, California has notably the highest skill amongst the three predictand regions
(Fig. 7). The ERAS data used for California shows nearly the same skill as the CESM2 data, particularly
for the most confident forecasts (Figs. 2a, 7a red diamonds). Figure 7 is compelling in that the networks
exhibit skill above random chance, particularly for the forecasts of opportunity (diamonds). That is, the
networks have identified predictable states of the climate system within CESM2, that are useful for

making accurate subseasonal precipitation predictions in the real world.

We extend this analysis to assess if the ERAS data exhibits similar decadal variability of the prediction
skill as was found in the CESM2-LE historical simulation. Figure 8 shows the average accuracy from
ERAS data for each of the 10 random seeds per experiment, since the same ERAS dataset is used for
testing in each of the 10 sets of neural networks. The dark lines show the average of the 10 experiments.
As with CESM2, there is also decadal variability, in the subseasonal prediction skill of ERAS data,
specifically for forecasts of opportunity, albeit with lower magnitude in the range of accuracy than in the
CESM2 data. Also of note is California’s high subseasonal prediction skill during the late 1970s and early
1980s, and again in the mid-to-late 1990s. The Week 4-5 precipitation anomaly prediction skill in
California provided only from the tropics is, on average, over 65% for over a decade. The skill then drops
to roughly random chance in the 2000s. In Alaska, the 1970s and early 2000s exhibit low frequency
periods of high accuracy for the 20% most confident predictions compared to all predictions, with skill
below random chance during the 1980s and 1990s. In the Pacific Northwest, the highest accuracy for the
most confident predictions is also during the 1970s, with skill equal to below random chance in the 2000s.
Consistent with the results found using the CESM2-LE historical simulations, these results show the

largest decadal variability in subseasonal prediction skill occur during forecasts of opportunity.
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of the 10 neural networks. Note the different y-axis from that in Figure 2.

4. Discussion

The decadal variability of subseasonal predictability found here is related to a low frequency modulation
of the teleconnection from the tropics to the extratropics. An in-depth analysis has been conducted
exploring various climate modes as drivers of the low frequency variability. The indices for extratropical
variability modes (e.g., Pacific Decadal Oscillation (PDO), North Atlantic Oscillation (NAO), Pacific
North America pattern (PNA), and Atlantic Multi-decadal Oscillation (AMO)) are calculated using the
Program for Climate Model Diagnosis and Intercomparison (PCMDI) Metrics Package (PMP; Glecker et
al. (2016; 2008); Lee et al. 2023). In particular, we applied the Common Basis Function approach that
projects the observed empirical orthogonal functions (EOF) onto model anomalies (Lee et al. (2019,
2021)). For PDO and AMO, Met Office Hadley Centre Sea Ice and Sea Surface Temperature dataset
(HadISST) version 1.1 (Rayner et al., (2003)) monthly sea surface temperature (SST) was used as
reference observation. For NAO and PNA, sea-level pressure from the 20th Century Reanalysis (20CR;
Compo et al. (2011)) was used as reference observation. For both observations, the modes are analyzed

over the period 1900-2005.
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Particular effort went into investigating the role of the PDO as the PDO is known to modulate rainfall
variability along the West Coast on low frequency timescales (Newman et al., 2016). The correlations
between the 10-year moving window of accuracy of the 20% most confident predictions and the 10-year
smoothed PDO Index are shown in Supplemental Figure S6 for Alaska, but results are similar for the
Pacific Northwest and California. We find that the correlations between the PDO and the accuracy of the
forecasts of opportunity for different ensemble members are inconsistent, with some correlation
coefficients of the same magnitude but opposite sign between test members. Similar correlation
calculations between the timeseries of the low frequency accuracy and the AMO, NAO, and PNA indices
are computed and, as was found with the PDO, we find little-to-no consistent relationship between
decadal variability of subseasonal predictability and the AMO, NAO or PNA. Related to our findings,
Oliver (2015) showed that while the relationship between the MJO and Alaska surface air temperature
varies on multidecadal timescales, the PDO is not fully responsible for the variability. Oliver (2015) did
find a weak negative correlation between MJO-related midlatitude air temperature variability and the
PDO in observations. This suggests the correlation found in Oliver (2015) may be related to the forced
response and not internal variability analyzed using the CESM2 data, but further investigation is required.
Moreover, Geert Jan van Oldenborgh (2005) found that decadal fluctuations in ENSO teleconnections,
particularly for precipitation, can be explained only by random statistical fluctuations of a constant

teleconnection, suggesting that the low frequency variability may be, in part, stochastically driven.

Relationships between the PDO and ENSO have also been shown to affect low-frequency variability of
North American precipitation (Fuentes-Franco et al., 2016; Gershunov & Barnett, 1998; Maher Nicola
Kay Jennifer & Capotondi, 2022). Additional work looking at the frequency of the PDO, ENSO, and
PDO-+ENSO in-phase periods with high or low accuracy was performed, but results were not significant
to show that a PDO-ENSO phase relationship was fully responsible for variability in the subseasonal
midlatitude prediction skill. Based on these additional climate mode analyses, it is likely that low
frequency modulation of the tropical-extratropical teleconnection is not solely related to one particular

climate mode of variability.

Decadal modulation of the MJO and ENSO has been documented (Burgman et al., 2008; Gushchina &
Dewitte, 2019), and teleconnectivity between the tropics and the midlatitudes has been shown to vary
based on both MJO and ENSO phase (Kim, 2020; Tseng et al., 2020). Furthermore, decadal variability of
MJO teleconnections in boreal winter has been shown to be associated with changes in both the MJO
tropical heating and the mean state via the jetstream as a waveguide (Kim, 2020). Ambrizzi et al. (1995)

also found that regions of teleconnectivity tend to be co-located with the jets. Investigation of the role of
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the jet as the main determinant of the teleconnectivity between tropical and extratropical precipitation on
decadal timescales is left for future work. Further investigation into the drivers responsible for the low
frequency teleconnection modulation could help enhance high prediction skill in the midlatitudes

provided by the tropics.

5. Conclusions

Artificial neural networks are employed to quantify subseasonal midlatitude prediction skill of U.S. West
Coast precipitation provided by the tropics and assess variability of this skill on decadal timescales. We
find that as the confidence of the networks increases, the accuracy increases, indicating that the networks
can identify more predictable states of the climate system that result in forecasts with higher skill. Thus,
we leverage the network’s confidence in its predictions to identify subseasonal forecasts of opportunity,
defined here as the 20% most confident predictions. An explainable artificial intelligence (XAI) method,
integrated gradients, identifies regions in the tropical input maps which were most relevant to a neural
network making a confident and correct prediction. These highlighted locations are found in regions
associated with the MJO and ENSO, consistent with previous literature noting these climate modes can
produce subseasonal forecasts of opportunity when active (Arcodia et al., 2020; DeFlorio et al., 2019;
Johnson et al., 2014; Tseng et al., 2020). These results suggest the network is identifying physically

meaningful sources of midlatitude subseasonal predictability.

Using these networks, we find that subseasonal prediction skill provided by the tropics can vary on
decadal timescales within the CESM2-LE historical simulations. The network-identified forecasts of
opportunity exhibit the highest variability of accuracy, with periods of considerably higher and lower
accuracy than the average of all predictions from the same time period. Thus, there are low frequency
time periods in which the tropics provide large prediction skill to subseasonal midlatitude precipitation
prediction. Moreover, there is a limit to the amount of prediction skill provided by the tropics on decadal
timescales in this neural network framework as demonstrated by periods with forecast skill that can be

worse than random chance.

The neural networks trained on CESM?2 data from 1850-1949 were used to test ERAS reanalysis data
from 1959-2021 to examine if the relationships learned in CESM2 are found in reanalysis. The network is
skillful on ERAS data for all three regions, particularly during forecasts of opportunity, despite the neural
network being trained on a different dataset and time period. This suggests CESM2 can identify real,

physical relationships between tropical and extratropical precipitation useful for subseasonal
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predictability. Furthermore, the accuracy of the network for forecasts of opportunity also varies on
decadal timescales in the ERAS data, as was found in the CESM2 data. California exhibits the highest
accuracy for the forecasts of opportunity in the ERAS data, indicating that the relationships learned by the
CESM-trained neural networks were most useful for California. While the last few decades have seen
improvements in subseasonal prediction skill due to model advancements (Mariotti et al., 2020), we find
additional regional increases in subseasonal predictability provided by the tropics during forecasts of

opportunity due to decadal variability.

Notably, there is a drop in skill since the late 2000s in California, which previously had two periods of
high accuracy during the mid-1970s to mid-1980s and then the mid-1990s to early-2000s. These results
have implications for subseasonal midlatitude prediction skill, as we have highlighted low frequency
periods in which subseasonal prediction skill provided only from the tropics has high accuracy (>65% in
ERAS) for the most confident forecasts. Conversely, there are low frequency time periods when the most
confident predictions have prediction skill worse than random chance. This variability is driven by a
decadal modulation in the teleconnectivity between the tropics and the extratropics— high accuracy time
periods occur when the learned teleconnection from the tropics to the midlatitude region being predicted
is present, and low accuracy periods occur when the teleconnection is not present. Investigating prediction
skill of the teleconnectivity between the tropics and the extratropics on decadal timescales has the

potential to enhance subseasonal forecast skill, particularly for forecasts of opportunity.
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Supplemental Material

Ensemble Member Number CESM2 Ensemble Member Name
0 b.e21.BHISTsmbb.f09 g17.LE2-1231.011.cam.h1.PRECT./850-1949.nc
1 b.e21.BHISTsmbb.f09 g17.LE2-1231.012.cam.h1.PRECT.1850-1949.nc
2 b.e21.BHISTsmbb.f09 g17.LE2-1251.013.cam.h1.PRECT./850-1949.nc
3 b.e21.BHISTsmbb.f09 g17.LE2-1251.014.cam.h1.PRECT./850-1949.nc
4 b.e21.BHISTsmbb.f09 g17.LE2-1281.015.cam.h1.PRECT.1850-1949.nc
5 b.e21.BHISTsmbb.f09 g17.LE2-1281.016.cam.h1.PRECT.1850-1949.nc
6 b.e21.BHISTsmbb.f09 g17.LE2-1301.017.cam.h1. PRECT.1850-1949.nc
7 b.e21.BHISTsmbb.f09 g17.LE2-1301.018.cam.h1.PRECT./850-1949.nc
8 b.e21.BHISTsmbb.f09 g17.LE2-1281.017.cam.h1.PRECT./850-1949.nc
9 b.e21.BHISTsmbb.f09 g17.LE2-1251.019.cam.h1.PRECT.1850-1949.nc

Supplementary Table 1. The naming convention used in the study and the corresponding CESM2 ensemble member.
Note that 1850-1949 is in italics because data are only available in 10-year increments, so the data was downloaded

then concatenated for the full 1850-1949 timeseries.
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Model Prediction Accuracy for Various Confidence Thresholds for California
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Supplemental Figure S1. Accuracy versus confidence for all ten experiments using CESM2 data for a) Alaska, b)
Pacific Northwest, and c) California. Purple lines show the accuracy for the validation data for ten random seeds for
each experiment and dark purple lines show the average of the random seeds. Green lines show the same but for

testing data.
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Supplemental Figure Figure S2. 10-year moving windows of accuracy shifted forward by 1 year for 10 random
seeds of each of the 10 CESM2 test ensemble members for all predictions (gray), the 20% most confident
predictions (purple), and the 20% least confident predictions (blue) for Alaska. Darker lines represent the average of

the 10 random seeds.
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Supplemental Figure Figure S3. Same as Supplementary Figure S2 but for the Pacific Northwest.
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10-yr Windows of Accuracy for Confident Predictions for CESM2 California
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Supplemental Figure Figure S4. Same as Supplementary Figure S2 but for California.
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Supplemental Figure S5. Accuracy versus confidence for all ten experiments using ERAS data for a) Alaska, b)
Pacific Northwest, and c¢) California. Green lines show the accuracy for the ERAS testing data for ten random seeds

for each experiment and dark green lines show the average of the random seeds.

10-yr Windows of Accuracy for 20% Most Confident Predictions and PDO Index for Alaska
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Supplemental Figure S6. Blue lines show the 10-year moving window of accuracy shifted forward 1 year for the
20% most confident predictions for each of the 10 test ensemble members for Alaska. Gray lines show the PDO
index calculated for each corresponding CESM2 ensemble member using the Program for Climate Model Diagnosis
and Intercomparison (PCMDI) Metrics Package. Gray shading indicates accuracy over 65%. Upper left boxes show

the correlation between the two timeseries.



