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Abstract The widespread impacts of declining Arctic sea ice necessitate accurate and reliable predictions.
While much focus has been placed on subseasonal to seasonal forecasts or multidecadal projections, seasonal to
interannual predictions—crucial for planning and infrastructure—have received less emphasis. Internal climate
variability is a dominant source of uncertainty on these timescales, yet initialized dynamical climate model
predictions have limited usefulness due to biases and long-term drift that leads to poor skill beyond seasonal
timescales. This study develops statistical models—transfer operators (TO) and neural networks (NN)—to
forecast probabilistic state transitions of Arctic September sea ice extent (SIE) internal variability. Trained on
24,420 transitions from the CMIP6 archive, these models make accurate and reliable predictions across multiple
initialization months. At interannual timescales, they outperform simple persistence in predicting SIE trends. At
seasonal timescales, their skill is comparable to other numerical and statistical models in the Sea Ice Outlook.
While TO performance declines for spring initializations, NNs incorporating information about the area of thick
ice can overcome the spring predictability barrier for March—May initializations. For the next decade, the TO
suggests that September SIE will likely remain above the projected forced trend, while the NN predicts it will
likely be lower. However, both models predict that the trend in September SIE will likely be higher (65%—96%
chance) than the CMIP6 projected forced trend over the next 3 years, suggesting near-term stability. These
results highlight the potential of statistical approaches for improving Arctic sea ice predictions on critical
planning timescales.

Plain Language Summary The year-to-year variability in Arctic sea ice cover is challenging to
predict, but is of great importance due to its widespread environmental, geopolitical, and logistical impacts. We
show that statistical models can make skillful and reliable predictions of Arctic sea ice extent (SIE) by learning
from variability in the sea ice state simulated by climate models. We compare the performance of two different
statistical models in hindcasting September Arctic SIE at seasonal timescales, for known years of rapid and
slower sea ice loss, and for years of extreme sea ice loss. These models are then used for future forecasts, where
they predict an anomalously high Arctic SIE over the next 3-year period. However, the different model types
disagree in predictions over the next decade: one model predicts Arctic SIE will be anomalously high, and one
predicts it will be anomalously low. This work is a novel example of statistical models providing skillful and
reliable predictions of Arctic sea ice on timescales further out than one season.

1. Introduction

The state of Arctic sea ice is one of the key indicators and drivers of climate change (IPCC, 2023). An overall
decline in Arctic sea ice extent (SIE) has been observed in the satellite record in all months for over four decades
(Onarheim et al., 2018; Serreze et al., 2007; Stroeve & Notz, 2018). September shows the largest reduction in SIE,
with a trend of —13.2% *+ 1.1% per decade for the 1979-2023 period (Roach & Meier, 2024). An observed
downward trend in sea ice area has also been captured by the multimodel ensemble spread of simulations from the
sixth phase of the Coupled Model Intercomparison Project (CMIP6; Eyring et al. (2015)), but individual models
still face challenges in accurately representing this decline (Lee et al., 2023; Notz et al., 2020).

This long-term sea ice decline is the combined result of increasing radiative forcing associated with rising at-
mospheric greenhouse gas concentrations (IPCC, 2023; Notz & Stroeve, 2016) and internal (natural) variability
(Swart et al., 2015). This internal variability can manifest in the form of (a) extended periods of stable or even
increasing SIE, (b) periods of large interannual variability in SIE, or (c) extended periods of sea ice decline,
known as rapid ice loss events (RILEs; Holland et al. (2006), Kay et al. (2011), Swart et al. (2015)). Internal
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variability remains a dominant source of uncertainty in predicting Arctic SIE on seasonal to interannual time-
scales (Bonan et al., 2021), as its drivers are still poorly understood and constrained (Dorr et al., 2023). Addi-
tionally, sea ice predictability is related to the mean ice state (Massonnet et al., 2018), and is therefore expected to
change as Arctic sea ice declines (Holland et al., 2019). Therefore, while significant advancements have been
made in predicting Arctic sea ice using dynamical numerical models (Holland & Hunke, 2022), they have not yet
reached the full potential for predictive skill (Hawkins et al., 2016). Over the past few years, statistical models
have been developed in addition to dynamical models for seasonal prediction. Statistical models are generally as
skillful as dynamical models for predicting pan-Arctic September SIE at lead times of 1-3 months (Bushuk
etal., 2024). In fact, Bushuk et al. (2024) highlight two statistical models (Chi et al., 2021; Ionita et al., 2019) with
skill levels approaching the upper limit of pan-Arctic September SIE predictability for a 1 July initialization
(Tietsche et al., 2014).

In this study, we explore the potential of statistical models for predictions of SIE beyond one season. The statistical
models are trained to predict the internal variability of September SIE in the Arctic, that is, the residual SIE obtained
after removing the estimated forced component of SIE variability. Specifically, we train a number of transfer
operator (TO) and neural network (NN) models with SIE variations simulated by climate models from CMIP6
(Eyring et al., 2015) that were shown in Notz et al. (2020) to represent sea ice properties from observations within
their ensemble spreads. For each method (TO and NN), we build 1200 models, each trained to predict September
SIE from a different starting month (January—December, 12 months), hindcast lag (1-10 years), and averaging time
(1-10 years). We show that these models can produce skillful and reliable forecasts of SIE compared to anomaly
persistence. Skill refers to the model's ability to capture the signal, while reliability indicates the degree to which the
forecast probabilities match the frequency of observed occurrences in the test data set. Future predictions indicate
that, over the next 3 years, there is a 65%—96% chance that September SIE will be higher than the projected forced
trend. Additionally, we provide insight into the feasibility of using TO and NN models to predict state transitions,
and discuss the behavior of these models for different input conditions.

2. Data

We train our statistical models using sea ice conditions from historical simulations of climate models from the
Coupled Model Intercomparison Project Phase 6 (CMIP6). The sea ice conditions from the future high-emitting
greenhouse gas scenario (SSP5-8.5) of CMIP6 are used during our testing phase, as described below in Sec-
tion 3.1. We use the parameters siextentn (precomputed SIE in the Northern Hemisphere), siconc (sea ice con-
centration), and sithick (floe ice thickness) from six different models in CMIP6 (model name [number of members
in brackets]): ACCESS-CM2 [10], ACCESS-ESM1-5 [40], CanESMS5 [25], IPSL-CM6A [33], MIROC6 [50],
and MRI-ESM2-0 [10] (Table S1 in Supporting Information S1). These CMIP6 models are chosen based on the
selection criterion from Notz et al. (2020), where the ensemble spread captures the observations of both the 2005—
2014 September mean sea ice area and the observed sensitivity of sea ice area to cumulative CO, emissions over
the 1979-2014 period (listed in bold font in Table S4 in Supporting Information S1 of Notz et al. (2020)).
Additionally, Sticker et al. (2024) analyzed the occurrence of RILEs, defined as a period lasting at least 4 years
during which the trend in the 5-year running mean minimum SIE is lower than —0.3 Mkm? per year, across 26
models from CMIP6 (the first ensemble member of each model, as well as five large ensembles). All of the
models used in our study were included in their analysis, which found a 92% probability of at least one September
RILE occurring over the 1970-2099 period. They also showed that all the models used in our study exhibited at
least one RILE during July—September in 1970-2014 (see Figures 2 and 3 of Sticker et al. (2024)). Lastly, our
selection of models from CMIP6 meets the criteria that outputs exist for the full temporal range (1850-2014 for
historical simulations and 2015-2100 for SSP5-8.5 simulations), and that there are 5 or more members in both
historical and SSP5-8.5 simulations.

Our model predictions are based on two predictors: the total SIE and the area of sea ice thicker than a given
threshold (SIAt). SIE is provided directly by CMIP6, while SIAt is calculated as the sum of the area of each grid
cell where sithick + siconc is greater than ¢ = 1.25 m. The choice of SIAt as a predictor is motivated not only by
the notion that the proportion of thick ice in winter and spring is a known predictor of summer SIE (Chevallier &
Salas-Mélia, 2012; Goosse et al., 2009) but also that the fraction of thin ice controls the longer-term sea ice
decline at decadal timescales (Massonnet et al., 2012). Additionally, Chevallier and Salas-Mélia (2012) found that
an anomaly of sea ice area in September is potentially predictable up to 6 months in advance using the area
covered by ice thicker than 0.9-1.5 m, which motivates our thickness threshold of 1.25 m.
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We use observations for the 1979-2024 time period to make predictions and evaluate the model performances. The
National Snow and Ice Data Center (NSIDC) Sea Ice Index (Fetterer et al., 2017) provides monthly mean SIE, while
the Pan-Arctic Ice Ocean Modeling and Assimilation System (PIOMAS; Schweiger et al. (2011), Zhang and
Rothrock (2003)) provides monthly mean SIT (from which we calculate SIAt as the sum of each grid cell area
where SIT > 1.25 m). Although the PIOMAS data set exhibits some of the same spatial biases found in CMIP6
models (e.g., an overly smooth thickness gradient toward the Canadian Arctic Archipelago and insufficient thick
ice near the coast (Petty et al., 2023)), a study by Labe et al. (2018) shows that PIOMAS provides a realistic
representation of sea ice thickness when compared with satellite and submarine observations. Additionally, Petty
et al. (2023) find that differences from satellite-derived estimates are typically on the order of tens of centimeters.
This evidence supports our decision to use PIOMAS as a testing data set for our statistical models.

3. Methods
3.1. Model Inputs

We build an array of statistical models in the form of transfer operators (TO) and neural networks (NN) to predict
the internal variability of September Arctic SIE. The TO models use only SIE as an input, while the NN models
use both SIE and the total sea ice area where the sea ice thickness is greater than a threshold value of 1.25 m
(SIAt). Each model makes a direct prediction of September SIE from sea ice conditions in a specific earlier
month, using lead times ranging from 1 month to 10 years. For each input month (e.g., August, July, etc.), we train
separate models using different lead times (z = 1-10 years) and right-aligned moving average windows (7 = 1-
10 years), where both the input and the target variables are averaged over the same number of years. These
multiyear averages are computed across the same calendar month over previous years. Additionally, because we
train a separate model for each initialization month, a nominal lead time of 1 year includes models initialized
anywhere from 1 to 12 months prior to September. For instance, a model initialized in September of the previous
year has a 12-month lead time, while one initialized in October has an 11-month lead time, and so on—yet all are
considered 7 = 1 year under our notation. In a case with 7 = 1 year, T' = 3 years, and a July initialization, the model
uses the average of July SIE (or SIE and SIAt) over years ¢, — 1, and ¢t — 2 to predict the average of September
SIE over the same 3 years. A separate model is trained for each combination of input month, averaging window,
and lead time, resulting in 1200 model instances (10 lead times X 10 averaging windows X 12 input months) for
each model architecture (TO and NN).

We separate the CMIP6 data into training and test sets so that we can verify the performance of the statistical models
on data on which they have not been trained. We choose five ensemble members from each CMIP6 model that has
more than 10 members total (i.e., ACCESS-ESM1-5, CanESMS5, IPSL-CM6A, and MIROCS6) as the test set, and
use the remaining data for training and validation. This approach allows us to evaluate the models while ensuring
the test data are independent of the training data, but is still consistent with the dynamics of the CMIP6 models. This
prevents inflated performance metrics that result from using the training data in the model evaluation. We run the
statistical models using different subsets of the CMIP6 members for testing and training and find little variation in
performance. We also find that using data from multiple CMIP6 models during testing generally produces more
skillful and reliable predictions than using any one model (Table S2 in Supporting Information S1).

Because we aim to predict the internal variability in September SIE, we decompose the total variations in SIE
(Figure 1a) and SIAt (Figure S1a in Supporting Information S1) into a forced contribution (Figure 1b for SIE and
Figure S1b in Supporting Information S1 for SIAt) and a residual contribution (internal variability, Figure 1c for
SIE and Figure Slc in Supporting Information S1 for SIAt). For the training and testing data from CMIP6, we
calculate the residual as the difference between each ensemble member and the respective model ensemble mean
(estimated to represent the forced contribution to the total variability). As a caveat, we note that the CMIP6
models may not accurately represent the forced contribution and often do not correctly simulate the sensitivity of
sea ice area to changes in global mean temperature (Notz et al., 2020).

We also test using observations as inputs to the trained statistical models. We use distinct forced contributions for
the 1979-2014 and 2015-2024 periods for analyses done with observations because the historical CMIP6 runs only
provide output through 2014. We use the historical runs for the 1979-2014 period, and the SSP5-8.5 runs for 2015—
2024. The forced component is taken to be the weighted mean of the CMIP6 ensemble means, where the weights are
based on the number of ensemble members used from each CMIP6 model. We find that the model performance
does not vary substantially when using ensemble means of individual CMIP6 models, versus the weighted
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Figure 1. Decomposition of September sea ice extent (SIE) into forced and
residual components. For 1 year (red), 5 year (purple), and 10 year (blue)
moving means, (a) September SIE from NSIDC is decomposed into a

(b) forced and (c) a residual term. The forcing is taken to be the weighted
mean of the ensemble mean from six different CMIP6 models from
historical (1979-2014; solid lines) and SSP5-8.5 (2015-2024; dashed lines)
simulations. (d) The fraction of variance is attributed to the forcing (red)
versus the residual (blue) as a function of the number of years over which the
variance is calculated (x-axis).

multimodel ensemble mean (Table S3 in Supporting Information S1). We only
use the ensemble members that are available in both the historical and the
SSP5-8.5 runs of the CMIP6 models (the number of ensemble members is in
parenthesis in Table S1 in Supporting Information S1). Lastly, we correct the
CMIP6 forced response for the trend and mean bias between the CMIP6 data
set and observations by rescaling these two attributes to the observed value.

Other methods exist to define the forced term for the observations. For
example, the forced term could be taken as either the linear trend in observed
SIE or a least squares fit between SIE and global mean temperature. We run
tests using these other two types of forcing and find that the model predictions
and performances are not highly sensitive to how the forced term is defined
(not shown). For these tests, we use global mean temperature from GISTEMP
Team (2025) and Lenssen et al. (2024). We opt for using the reconstructed
form of the forced term (i.e., weighted CMIP6 ensemble mean of the his-
torical (1979-2014) and SSP5-8.5 (2015-2024) runs) to maintain consistency
between how the forcing is defined in the testing and training phases of the
model evaluation.

The model inputs are in the form of residuals obtained by removing the forced
component from the raw time series and further standardizing to zero mean
and one unit standard deviation. For preprocessing both SIE and SIAt, we thus
(a) calculate the forced component, (b) calculate the residual as the total
signal minus the forced component, and (c) normalize based on the statistics
of the training data by subtracting the mean and dividing the residual by the
standard deviation. Hence, the probabilistic forecasts are to be understood as
normalized departures from the estimated forced component, that is, how the
SIE departs from a reference state corresponding to the SIE evolution that
would be caused by forcing agents alone. We find that while observations
exhibit a higher frequency of low September values for both SIE and SIAt
relative to the CMIP6 models, the distributions of the standardized residuals
are in good agreement (Figures S2 and S3 in Supporting Information S1),
lending additional support to our use of CMIP6 output for training the sta-
tistical models. Throughout this study, we show future forecasts in terms of
the standardized residual. Hindcasts are presented in terms of the full
September SIE signal with the forced term added back into the predicted
residual.

3.2. Model Setup
3.2.1. Transfer Operator

A transfer operator is a statistical model that provides the probability of a
given output state based on the value of the input state (Froyland, 2001). We
apply a transfer operator in the form of a stationary first-order Markov
transition matrix (Hamilton, 1994). This type of transfer operator has been
applied previously to predict climate states; for example, Sévellec and
Drijthout (2018) build PROCAST to predict state transitions of global mean
temperature and sea surface temperature. In this work, we train a transfer
operator to predict the probability distribution for September SIE based on the
input SIE at a previous time step. The TO is trained using the CMIP6 model
data described in Section 2.

The models are set up so that the output is a probability distribution based on bins defined during model training.

The bins are in terms of a standardized residual SIE and are centered at zero mean. Based on Sévellec and
Drijfhout (2018), we use a uniform bin size of 66/ = 0.25 that is dependent on the number of bins, = 24, and

the standard deviation, 0 = 1. We extend the most extreme bins to infinity to account for extremes in SIE.

HOFFMAN ET AL.

4 of 26

85U8017 SUOWILLID 8AIIID) 8|qedljdde ayp Aq pausenob afe sajolfe YO ‘35N JO S3|NJ 10} AreIq1 8UIUO /8|1 UO (SUONIPUOD-PUE-SWISH WD A3 1M ARR1q 1 BUI UO//SAIY) SUORIPUOD PUe SWLB L 8U1 38S *[5202/2T/LT] Uo AriqiT aulluO A8]IM ‘UreAno] 8q anbijoyed a1seAlun A 699000HCSZ0Z/620T OT/I0p/wod: A3 |1mAeiq utjuosgndnBey/:sdny Wwoy pepeojumoq ‘€ ‘SZ0g ‘0TZSE662



NI

ADVANCING EARTH
AND SPACE SCIENCES

JGR: Machine Learning and Computation 10.1029/2025TH000669

OUTPUT STATES (j)
September, time =1
- HIDDEN LAYERS .o
predicted possibilities, x, i Bl
- INPUTS o
TN N O N T NI monthly, time = Sepfember, time = 1
= = - t0 -2.5
= = transition — -2.5 to -2
2 5 & probabilities, .
s K =
& g 2 Pii nij/Ni c
Z 11 |- ;
2.75to»
OUTPUT:
SIE = ¥Px.
a. transfer operator b. neural network

Figure 2. Schematic of the (a) transfer operator (TO) and (b) neural network (NN) models trained to predict the internal
variability in September Arctic sea ice extent (SIE). A TO calculates the probability of transitioning to a particular output
state based on the value of the input, where the output is September SIE and the input is SIE in a previous month and year.
Similarly, the NN is trained to predict the probability that September SIE (output) falls within a given range based on the
value of the inputs (SIE and the SIAt in a previous month and year). We train a separate model of each type for each
initialization month, hindcast lag (z = 1-10 years), and averaging time (7' = 1-10 years).

We apply the following steps to build the transfer operator: (a) bin the input and output variables (monthly and
September SIE) into a predefined and fixed number of states; (b) count the number of inputs in each state, N;; (c)
for each input state, count the number of trajectories to each output state, n;;; and (d) calculate the probability of
transitioning from the ith state to the jth state as P;; = n;;/N;. P;; can thus be understood as the probability that
the SIE ends up in state j given that it was in state i at the previous step. Figure 2a shows a summary schematic for
this transfer operator.

The overall mean prediction is the expected value,y = u = Xx; X P(x;), where x; is the bin value and P(x;) , the
bin probability. The bin value, x;, represents the midpoint of the bin; for extreme bins, this value is set to the bin
edge plus (or minus for the negative bins) half of the bin width. The standard deviation of the prediction is
calculated as 6 = (x; — )* X P(x;). This is still in the form of a standardized residual; therefore, we apply
postprocessing to obtain the full predicted SIE signal as follows: (a) unstandardize based on the training data
statistics (multiply by the standard deviation and add back the mean of the training data) and (b) add the forced
component back in. The forced component is different in the pre- and postprocessing phases because the inputs
are from the monthly mean of the given input month and the output is for September. For preprocessing, we use
the forcing value based on the starting month. For hindcasts, we use the September forcing for the output. We
show future predictions in terms of probability distributions of the standardized residual. Therefore, our forecasts
represent the probability that a future SIE will be lower or higher than the forced contribution.

A natural thought is that including more information in the input would improve the predictive skill of the model.
However, we find that a TO that uses only one input (SIE) outperforms a TO with two inputs (SIE and SIAt, not
shown). This likely results from the exponential increase in the number of input states with each additional input,
which makes it more difficult to capture the statistical behavior of transitions because there are not enough data in
each state to skillfully represent the transitions.

3.2.2. Neural Network

We train an NN on a task similar to that of the transfer operator. Our NN is set up for a classification task and
predicts the probability distribution for September SIE based on input conditions at a previous time step. For the
NN, we have two inputs: monthly SIE and SIAt. The output is a probability distribution based on the number of
bins described in Section 3.1. The probability distribution is obtained by fuzzy classification encoding using a
Gaussian kernel (Amo et al., 2004; Zadeh, 1965), whereby a particular value of SIE is transformed into a
probability distribution where bins are assigned probabilities based on their proximity to the actual SIE value. We
apply a softmax function to the output layer of our NN, which ensures that the probabilities of the output classes
add up to one. We then apply fuzzy classification decoding to get the output in terms of a continuous value for

HOFFMAN ET AL.

5 of 26

85U8017 SUOWILLID 8AIIID) 8|qedljdde ayp Aq pausenob afe sajolfe YO ‘35N JO S3|NJ 10} AreIq1 8UIUO /8|1 UO (SUONIPUOD-PUE-SWISH WD A3 1M ARR1q 1 BUI UO//SAIY) SUORIPUOD PUe SWLB L 8U1 38S *[5202/2T/LT] Uo AriqiT aulluO A8]IM ‘UreAno] 8q anbijoyed a1seAlun A 699000HCSZ0Z/620T OT/I0p/wod: A3 |1mAeiq utjuosgndnBey/:sdny Wwoy pepeojumoq ‘€ ‘SZ0g ‘0TZSE662



NI

ADVANCING EARTH
AND SPACE SCIENCES

JGR: Machine Learning and Computation 10.1029/2025TH000669

SIE, rather than a probability distribution. Fuzzy classification decoding determines the SIE by computing a
weighted sum of the SIE class probabilities.

The NN is set up with two hidden layers, each containing 10 nodes with ReLU activation. The model is
trained to optimize the Kullback-Leibler (KL) divergence loss function using an Adam optimizer and L2
regularization. The KL divergence is useful for softmax classification problems, as it measures the difference
between two probability distributions (Kullback & Leibler, 1951). We run the model for 10 epochs with a
batch size of 200. The NN is implemented in Python using the TensorFlow/Keras library (Abadi et al., 2015).
The CMIP6 model data are split into training, validation, and testing subsets with a 73%—15%—12% split
before input into the NN. Testing data include the last five members from each CMIP6 model used in this
study that has more than 10 members (i.e., ACCESS-ESM1-5, CanESMS5, IPSL-CM6A-LR, and MIROC6);
the remainder of the data is used for training and validation. This split is chosen so that testing can be used
represent the “perfect model” case for the NN, in that the NN is being tested on data from models in CMIP6
whose statistics are represented in the trained NN. Further details about the data and model parameters can be
found in Table Al.

In contrast to the TO, we find that an NN set up with two input predictors tends to outperform an NN that uses just
SIE as an input (Figures S4 and S5 in Supporting Information S1). Where the TO relies on binned values of the
inputs, the inputs to the NN are continuous, and therefore, the model does not suffer from the same issue as the TO
where additional inputs decrease the ability of the model to describe statistical transitions because there are too
many bins.

3.3. Model Evaluation

We use four different metrics for a robust evaluation of the model performance: the coefficient of determination
(Rz), reliability, anomaly correlation coefficient (ACC), and root mean squared error (RMSE). Deterministic skill
metrics (R%, ACC, and RMSE) are applied to understand the skill of the ensemble mean, while probabilistic
metrics, here reliability, assess the ability of the model forecast probabilities to represent the observed frequencies
(Hawkins et al., 2016). The R?> metric is used here as a skill score that reflects how well the model reduces
prediction error relative to the variance in the observations. It is commonly used in climate prediction as a
benchmark against the climatological mean. The ACC is more sensitive to the phase variability of the anomalies,
and is applied in this study to enable direct comparison to results from Bushuk et al. (2024). The ACC focuses on
whether the model captures the correct timing of the peaks and troughs in the observed data. The RMSE measures
the absolute error, and penalizes both magnitude and phase errors in the predictions.

The coefficient of determination (Rz) and reliability are defined as

4

(5P - o))

RP=1- -
o(1)?

, (1)

and

1

; 2
(5P = 0(0)
Reliability = || =—r2—|, @)

where ¢ is time, i is the state index of each prediction bin, o(¢) is the verifying observation at time 7, x; are the
predicted possibilities (i.e., the middle value of each state or bin), and P; are the probabilities of each state. The bar
represents a temporal mean or a sum over the different states, depending on the superscript.

The coefficient of determination (i.e., R?) is used here as a skill score that quantifies how well the model reduces
prediction error relative to the variance in the observations. It ranges from —oo to 1, where R?> = 1 indicates
perfect predictions, and R*> = 0 corresponds to no skill beyond predicting the climatological mean. Negative
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values indicate that the model performs worse than simply predicting the climatological mean. This metric differs
from the classical R?, which is defined as the square of the Pearson correlation coefficient and is bounded between
0 and 1. While the Pearson-based R?> measures the strength of the linear association between predictions and
observations, the skill-based R? used here assesses how well the predictions reduce the mean squared error
relative to a baseline prediction of the mean. Although this formulation is mathematically equivalent to the Nash-
Sutcliffe efficiency commonly used in statistical modeling, we adopt the term coefficient of determination (Rz)
following its frequent usage in climate prediction studies (e.g., Sévellec and Drijthout (2018)).

The reliability score quantifies the consistency between forecast uncertainty and actual error, and indicates how
well the forecast probabilities match the observed relative frequencies. This metric measures the ratio of error to
uncertainty. A reliability score of 1 indicates that the forecast probabilities perfectly match the observed fre-
quencies. A reliability less than one indicates that the model is underconfident (i.e., it predicts more uncertainty
than the errors justify), while a reliability greater than one indicates overconfidence (i.e., the errors exceed the
predicted uncertainty). The reliability score is bounded from 0O to oo, though values ranging from 0 to 2 are typical.

These two metrics are useful not only for evaluating residual terms and probability distributions (i.e., the direct
model outputs) but also to assess typical forecasting system biases like over- or underdispersion (Weisheimer &
Palmer, 2014). We use these two metrics to evaluate the model performance. We apply a 95% confidence interval
to each of the performance metrics to determine which models can be considered either skillful or reliable. The
confidence intervals are computed using a bootstrapping method, where random subsets of the inputs are used to
calculate the performance metrics over several iterations. The confidence interval is then calculated as the mean
plus or minus the standard deviation multiplied by the z-score for a 95% significance level (i.e., 1.96). A model is
considered skillful if the coefficient of determination is greater than that of an anomaly persistence forecast
(described below) and has a lower-level confidence interval that is greater than zero. A model is considered
reliable if a reliability value of 1 is within the lower and upper confidence intervals.

For a comprehensive understanding of model performance, we evaluate the potential skill and the actual skill. The
potential skill refers to the potential for a model to make skillful predictions, while actual skill describes the ability
of an imperfect model to make forecasts of the real world (DelSole & Tippett, 2018; Hawkins et al., 2016). To
assess potential skill, we analyze the perfect model case, where we calculate the model performance when
predictions are made using the test data set, which is from the same data set as the training data (i.e., the CMIP6
models). As described in Section 3.1, the testing data are composed of five ensemble members from each of the
CMIP6 models that the statistical models are trained on that have more than 10 members. We evaluate the model
actual skill by making predictions with inputs from real-world observations. We evaluate the performance
separately for each of the 1200 instances (lag times, averaging times, and initialization months) of both models to
assess the model performance at different timescales. Anomaly persistence is used as a benchmark in both the
perfect model and observational test cases. We evaluate persistence by persisting the SIE anomaly from the
initialization month to September. The persistence forecast is deterministic; therefore, we cannot use it for
benchmarking the reliability metric, which requires probabilistic distributions.

We also apply two other performance metrics that are commonly used in the sea ice prediction literature to allow
direct comparisons between previous studies, such as Bushuk et al. (2024). These are ACC and RMSE, and are
given by

2 (30 = 3@') (o0 - o)

VEELo ) 5 -]

M
s = 1| 200 =0 @

ACC =

3)

and
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where 7 is time, o(7) is the observation, y(¢) is the model prediction, and M is the number of years. The ACC
measures the strength and direction of the linear relationship between the predicted and observed anomalies. It is
computed as the covariance between the prediction and observation, scaled by the product of their standard
deviations. The ACC ranges from —1 to 1, where 1 indicates perfect positive correlation, —1 indicates perfect
negative correlation, and 0 indicates no linear relationship. The ACC is a measure of how well the model explains
the phase variability in the data, while the RMSE measures the overall error in model predictions, including both
phase and amplitude components (Thorpe et al., 2013).

3.4. Model Behavior

We investigate the behavior of the TO and NN models to understand the predictions. First, we investigate how the
model predictions respond to a range of initial conditions that lie within the range of the model bins (i.e. —3 to 3).
We note that these initial conditions are not linked to any particular output value, and therefore, we cannot
calculate the model performance on these predictions. We apply this analysis to both the TO (varying the input
SIE from —3 to 3) and the NN (varying both the input SIE and SIAt from —3 to 3) and analyze the model response
in terms of the likelihood that the model predicts September SIE to be lower than the climatological mean for each
combination of initial conditions.

We also apply explainable artificial intelligence (XAI) methods for a more formal analysis of the model behavior,
with particular interest in understanding which of the inputs in the 2DNN (i.e., SIE or SIAt) is more relevant for
the model when making predictions of September SIE. Here, XAl methods are applied to the training data for a
case in which the model was known to have skill and reliability (i.e., initialized in January—December, 1-year
averaging time, and 1-year lag time). We apply two types of XAl: perturbation and deep Taylor decomposi-
tion. Perturbation provides information on how the model prediction changes in response to a perturbation in the
inputs (Ivanovs et al., 2021; Sinha & Abernathey, 2021). We perturb each input feature separately by adding a
fraction of the standard deviation (+0.50), while keeping the other input fixed. The model is then run on each
perturbed set to make a prediction. We calculate the RMSD between the model prediction on a control case
(nonperturbed) and each of the perturbed inputs. A particular input is considered to be highly relevant if the
RMSD is large (i.e., if the model prediction changed as a result of perturbing that particular input). We also
compute the 95% confidence intervals for the perturbation relevance of each of input to determine whether their
differences are statistically significant. The deep Taylor decomposition (Montavon et al., 2017) provides in-
formation on the relevance of each of the input features by propagating backward through the NN and redis-
tributing the activation score of the output layer to the first layer. This method shows how relevant a particular
input feature is for the NN to place the highest probability in the correct SIE output bin. We use the iNNvestigate
package (Alber et al., 2019) and apply deep Taylor decomposition to the training data. We then calculate the mean
relevance for each of the inputs, as well as the p-value to determine whether a particular input feature is
significantly more relevant than the other.

4. Results

This section presents results from two predictive models: the TO model, which forecasts September SIE based on
SIE from prior months, and the NN model, which incorporates both SIE and SIAt from prior months to predict
September SIE. The results of our statistical predictions are based on several assumptions. The first is that
knowledge of SIE or the combination of SIE and SIAt is enough to predict September SIE, while in reality, it is
established that other drivers (e.g., ocean heat transport) are important predictors (Arthun et al., 2021). The second
assumption is present in how we define the signal that represents external forcing for the observations, where
Section 3.1 discusses a few choices for what to use as the external forcing to calculate the residual. Lastly, we
assume that the statistics are stationary in a changing climate, which is of course not the case in reality.

4.1. Model Performance

We assess the model performances first for the perfect model case (Figure 3) and then using the observed internal
variability as inputs (Figure 4). We compare the coefficient of determination (Equation 1) and reliability (Equa-
tion 2) of the TO and the NN for different averaging times and lag times. Hatched regions show where anomaly
persistence is more skillful than either the TO (Figures 3a and 4a) or the NN (Figures 3c and 4c). Figures 3e and 4e
show the difference between the coefficient of determination of the NN and the TO. Red indicates that the NN is
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Figure 3. Model performance metrics for interannual hindcasts of sea ice extent using CMIP6 output for various averaging
times (y-axis) and hindcast lag months and years (x-axis, top and bottom). The target month is always September; hence, the
x-axis runs backward and time as the initialization months become more distant from September. (a and c) Skill of the
prediction measured by the coefficient of determination between CMIP6 outputs and the prediction made by (a) a transfer
operator and (c) a neural network. Persistence is used as a benchmark, and hatched regions show where the coefficient of
determination for persistence is higher than that for the given statistical model. (e) The difference between the coefficient of
determination of the NN and the TO; red indicates the NN outperforms the TO, while blue is where the TO outperforms the
NN. (b and d) Reliability of the (b) transfer operator and (d) the neural network. (f) The difference between the root mean
square distance between the reliability of each model and one (perfectly reliable); red indicates that the NN is more reliable
than the TO, while blue shows where the TO is more reliable. Stippling in (a—d) represents where either (a and b) the TO or (c
and d) the NN is skillful (a and c) or reliable (b and d). (a—d) Colored dots represent overlapping skill and reliability. Dots in
(e—f) show where either there is skill and reliability for either the TO (red), the NN (green), or both models (black).

more skillful than the TO, and blue is where the TO outperforms the NN. Figures 3f and 4f compare how far each

model type is away from a perfect reliability of 1 using the metric \/ (relyp — 1)* — \/ (relyy — 1)2) . Here, red

indicates that the NN is more reliable (closer to 1) and blue is where the TO is more reliable than the NN.

As discussed in Section 3.3, a model is considered skillful if the coefficient of determination is greater than that of
a persistence forecast and has a lower-level confidence interval that is greater than zero. A model is considered
reliable if a reliability value of 1 is within the lower and upper confidence intervals. These instances of skill or
reliability are represented by stippling and dots in Figures 3 and 4. The stippling in Figures 3 and 4a—4d represents
where either the TO (a and b) or the NN (c and d) is skillful (a and c) or reliable (b and d). The colored dots
represent models that are both skillful and reliable. The different colored dots in Figures 3e, 3f, 4e, and 4f indicate
which particular model performs well for the given lag and averaging time, where the TO is represented in red, the
NN in green, and the overlap of both models in black.
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Figure 4. Same as Figure 3, but observations are used as model inputs.

4.1.1. Performance for the Perfect Model Case

We assess the model performances for the perfect model case, where we use testing data and methods as described
in Sections 3.1 and 3.3, respectively (Figure 3). The TO and the NN show skill for all cases in the perfect model
evaluation; however, only 83% and 11% of these predictions are both skillful and reliable for the TO and the NN,
respectively (percentage of lag and averaging times with colored dots in Figures 3a and 3c). Both models have
higher skill for longer averaging times and shorter lag times. The skill of both models exhibits seasonality: skill is
higher in summer and fall and lower in winter and spring. The TO is reliable for almost all cases, with the
exception of some lag and averaging times in July, November, and December. On the other hand, the NN is
reliable for a few selected lag and averaging times, which are typically models initialized in winter and spring.
The NN reliability also exhibits seasonality: the NN is less reliable during the summer and fall months
(Figure 3d).

When comparing the TO and NN (Figures 3e and 3f), we find that for all lag and averaging times, the NN is more
skillful (red in Figure 3e) and the TO is more reliable (blue in Figure 3f). This contrast in behavior between the
two performance metrics applied to these two model types is expected based on their inherent design. Transfer
operators are designed to model the evolution of distributions that reflects the underlying statistics in the data,
which lends them toward reliable predictions. Neural networks are designed to capture nonlinear, hidden dy-
namics within the data, which lends toward a high predictive skill.

4.1.2. Performance on Observations

We assess the model performances when using the observed internal variability to compute hindcast predictions
over the 1979-2024 period in Figure 4. For clarity, we begin by discussing the performances of the two model
types individually, and follow with comparisons between the two types of models.
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Figure 5. Predictions of September Arctic sea ice extent initialized on (a) June 1, (b) July 1, (c) August 1, and (d) September 1.
Predictions from a transfer operator (red) and a neural network (green) are compared to observations (black) for the 1980—
2024 period. The corresponding skill metrics (ACC and RMSE, Equations 3 and 4) are shown in the text, with the detrended
skill in parenthesis. We also show these metrics for persistence in gray text. This figure was constructed to be similar to the
multimodel analysis in Figure 2 of Bushuk et al. (2024) for ease of comparison.

The TO method is capable of producing skillful and reliable predictions for 13% of the tested lags and averaging
times (colored dots in Figures 4a and 4b). There is seasonality in the performance of the TO models. The TO
models that are both skillful and reliable are typically those initialized in summer, fall, and winter months (June—
November). The TO has lower skill for models initialized in March—-May. At longer lag times (7> 3 years), TO
models for July to September transitions tend to lose skill, but well performing TOs are still found in September
and December—February for some averaging times. In general, and as expected, the skill is higher for shorter
hindcast lags and longer averaging times (red in Figure 4a). Conversely to the skill metric, the TO method tends to
be more reliable (reliability closer to 1) for shorter averaging times and longer lag times. The TO generally
produces reliable predictions from observations, except for some winter and spring months (e.g., January—March
for averaging times greater than 1 year). The TO also shows more skill than the baseline persistence for most cases
(minimal hatching in Figure 4a), with exceptions occurring only for long averaging times (9—10 year moving
mean) at short lag times (1 month and 1 year).

In contrast to the TO, the NN method does not produce predictions that are simultaneously skillful and reliable for
any of the tested lags and averaging times (lack of colored dots in Figures 4c and 4d). While there are cases of
skillful or reliable NN (stippling in Figures 4c and 4d), they do not overlap. Similar to the TO method, the NN
exhibits lower skill for longer lag times, and a reliability closer to 1 for longer lag times. In contrast to the TO
method, there are several instances where the NN is outperformed by the baseline persistence model (hatching in
Figure 4c), particularly for models initialized in June—August. As in the perfect model case, the TO method is
typically less skillful (red in Figure 4e), but more reliable (blue in Figure 4f) than the NN when tested on ob-
servations. However, there are a few instances where the TO shows more skill and less reliability than the NN.

In summary, the TO alone is able to make both reliable and skillful predictions from the observations, and tends to
perform well for summer-to-summer transitions. We will discuss how this is linked to reemergence mechanisms
in Section 5.1. Although the NN lacks initialization times that produce predictions with overlapping skill and
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reliability, it is interesting to note that NN that predict spring-to-summer transitions (i.e., March-May initiali-
zations) exhibit a high skill (Rz). Showing skill in this time frame is unique, as it represents the spring pre-
dictability barrier during which models (both numerical and statistical) struggle to make skillful predictions of sea
ice. It is likely that the additional input parameter in this NN (i.e., SIAt) contributes to the improved performance
in this time period, as it was not found for an NN with SIE as the only input (Figures S4 and S5 in Supporting
Information S1). In Section 5, we will discuss the ability of the NN and the TO to produce both skillful and
reliable predictions, as well as future features that could be implemented in the NN to improve the model reli-
ability. Lastly, we note that these performance metrics are dependent on the time period over which they are
calculated. Here, we use the 1979-2024 hindcast period for observations, but we show skill metrics over different
time periods in the following sections.

4.2. Hindcast Predictions
4.2.1. Sea Ice Outlook (SIO) Initialization Months

We now assess the ability of the TO and the NN to predict September SIE when initialized in the summer months
(1 June, 1 July, 1 August, and 1 September) to compare to predictions submitted to the Sea Ice Outlook (SIO;
Stroeve et al. (2014)). The SIO collects and analyzes predictions from a large international community of polar
scientists who use a mixture of dynamical, statistical, and heuristic models to predict the September SIE. We
discuss the performance of our statistical models in this section and then compare them to results from a
comprehensive study of SIO predictions from Bushuk et al. (2024) in Section 5.2.

Figure 5 shows time series of the observed NSIDC SIE (black) and predictions made by the TO (red) and NN
(green) for models initialized from monthly May—August monthly mean values (labeled as June 1st-September
Ist initialized). The ACC and RMSE values for the models are indicated in each panel. We show the performance
metrics for the case where the trend is included (i.e., the native observations versus the predicted residuals with the
forced component added back in), and for the detrended case (i.e., the observations with the forced component
removed versus the predicted residuals). We also show these metrics for anomaly persistence in gray, where to
represent the full signal, we persist the monthly anomaly and add back in the September fit.

Both model types exhibit skill for the lead times shown when the metrics are calculated with the SIE trend
included; however, the detrended predictions (i.e., the native form of the model predictions) exhibit more
considerable performance decreases for increasing lead times. The ACC values for the trended predictions are
0.90 or greater for both models at all lead times, whereas the detrended ACC values range from 0.17 to 0.93 for the
TO and 0.53-0.92 for the NN. The RMSE values for the predictions with the trend included are smaller than the
standard deviation of the detrended observations (0.51 M km?) for both models, with the exception of the June 1st
initialized case for the TO. The detrended RMSE values are only smaller than the standard deviation of the
detrended observations for TO and NN predictions initialized on September 1st, and NN predictions initialized on
June 1st. For both model types, the performance improves for decreasing lead times. For shorter lead times, the
TO makes better predictions, while the NN predictions are slightly more skillful than the TO for models initialized
on July Ist and June 1st. Although the ACC and RMSE of our statistical models are close to those of persistence
for August 1st or September 1st initializations, neither model outperforms persistence for these times. However,
the NN shows improved performance compared to persistence for the initializations in June and July, and the TO
outperforms persistence for predictions initialized in June.

We note that the performance metric used here (ACC) is different from the one used during the overall model
evaluation in Section 4.1 (Rz). Although our models show a lower ACC than persistence when initialized in
August and September, the R? for these months is higher than persistence. The difference between these two
metrics suggests that in comparison to persistence, the models initialized in these months have skill beyond
predicting the climatological mean (higher R?), but struggle with the timing in the variability of the anomalies
(lower ACC). While these performance metrics suggest the models make skillful predictions, it is evident that
difficulties remain in predicting extreme events at lag times greater than one month, as only models that are
initialized on September 1st (from the August mean) are able to capture extreme events such as the 2012 min-
imum (Figure 5). We will further discuss the model predictions of extreme events in Section 4.2.3.
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Figure 6. Predictions of the 2000-2009 accelerated sea ice retreat observed through sea ice extent (SIE) anomalies.
Observations and predictions of SIE anomalies averaged over (a) 1 year, (b) 2 years, and (c) 5 years. Prediction means and
standard deviations are obtained from the transfer operator (red) and the neural network (green) initialized in July 2000 (blue
squares). The blue line highlights SIE for the 10-year prediction time frame. Gray lines indicate zero mean and +1 and 2
standard deviations. (d—f) Same as (a—c) except with the forced term (purple) added back into the prediction. Here, the gray lines
represent the linear trend in the observations over the 1979-2014 time period, with +1 and 2 standard deviations.

4.2.2. Periods of Accelerated Sea Ice Retreat

Next, we test the TO and the NN on predictions of the 2000-2009 period of accelerated sea ice retreat to determine
their usefulness for predicting low sea ice conditions that have persisted for several years. The predictions are
made from models initialized from the July mean because TO and NN models with this prediction time frame are
consistently shown to be reliable (dots in Figures 4b and 4d). Figure 6 shows the detrended and raw SIE from
NSIDC observations (black), TO predictions (red), and NN predictions (green) of SIE. The prediction period is
represented by the blue line. The forced term that is added back into the predicted residuals of Figures 6a—6c¢ is
indicated by the purple line in Figures 6d—6f, and the gray lines represent the linear trend plus or minus one and
two standard deviations (this trend is zero for the detrended case in Figures 6a—6¢c). We show the ACC and R?
performance metrics for the detrended predictions (Figures 6a—6c), where the first number indicates the metric
over the 10-year period (indicated by the blue line). The metric in parenthesis is calculated for the first 7-year of
this period, when the internal variability in the observations is greater than zero. We show the metric this way
because of the inherent behavior of the TO and NN where predictions tend toward zero mean for increasing lag
times. In other words, the probability density function of the prediction converges to the total density distribution
with zero mean for increasing lag time (Figures S7-S10 in Supporting Information S1). This asymptotic
convergence of the forecast distribution to the climatological distribution for long lag times is a typical behavior
of forecast systems, and can be indicative of the model's predictability timescale (DelSole & Tippett, 2018).

The coefficient of determination (Rz) for the predictions over these time periods suggest that for the TO, up to
24% of the annual, 2-year, and 5-year variations are accurately predicted for the 10 year period, and 34%-90%
over the 7 year period. There is little difference in these ranges for the NN, which show —1% to 19% of the
variations are accurately predicted for the 10-year period, and —46% to 55% for the 7-year period. The TO tends to
exhibit a higher R? for hindcasts with 2-year and 5-year averaging, while the NN has a higher R? for hindcasts
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Figure 7. Predictions of September sea ice extent (SIE) for the two lowest years on record, (a—c) 2012 and (d-f) 2020.
Predictions are made by the transfer operator (red) and the neural network (green) for moving means of (a and d) 1 year, (b
and e) 2 years, and (c and f) 5 years and are initialized in July for hindcast lags of 1-10 years (x-axis). Predictions have been
postprocessed by adding the forced term back. The blue line represents the observed September SIE. The gray lines represent
the SIE for the given year as predicted by the linear trend in the observations over the 1979-2014 time period, with =1 and 2
standard deviations.

with 1-year averaging (Figure 6). This 2000-2009 accelerated sea ice retreat is within one standard deviation of
the predictions made by both the TO and the NN for only the 20002006 period for hindcasts with 1- and 2-year
averaging, and the 2000-2008 period for the 5-year average. However, we note that the 2007 SIE represents an
extreme minimum, which presents difficulties for predictions of this nature.

We also find that the predictions of the TO and the NN are able to capture the 2012-2021 slowdown in sea ice
decline (Figure S6 in Supporting Information S1), which remains within one standard deviation of the TO and NN
predictions for 2013-2020 and 2012-2021, respectively. Both models perform quite well during this prediction
time: the TO exhibits an ACC from 0.72 to 0.97 and an R? ranging from 0.24 to 0.52, while the for the NN, ACC
ranges from 0.56 to 0.92 and the R? ranges from 0.30 to 0.85, depending on averaging time. We note that the
ability of the models to capture both the 2000-2009 accelerated decline in SIE and the 2012-2021 slowdown in
sea ice decline maybe linked to the inherent behavior of the models toward asymptotic convergence to the mean
over long prediction lag times (Figures S7-S10 in Supporting Information S1).

4.2.3. Extreme Events: Case Studies for 2012 and 2020

We assess the ability of the TO and NN models to predict extreme events during individual years. Figure 7 shows
TO (red) and NN (green) predictions for the two lowest September SIE years on record in the observations (blue
line): 2012 (Figures 7a—7c) and 2020 (Figures 7d—7f). The gray lines represent the linear trend and the first two
standard deviations. Predictions are from the 1-year, 2-year, and 5-year averaged models initialized with the July
mean for hindcast lags of 1-10 years prior to 2012 and 2020. We show the full SIE for the events in Figure 7, and
have added the forced term back in to the predicted residual. The predictions for the third and fourth lowest
September SIE years on record (2007 and 2019) are shown in Figure S11 in Supporting Information S1.
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The 2012 event represents the lowest September SIE on record, and also has the lowest residual from the forced
trend (Figure 1c). For a 1-year lag and 2- and 5-year moving mean, the NN is able to predict the 2012 SIE within
one standard deviation. Additionally, TO and NN models initialized in July 2012 predict a negative SIE anomaly
and a high likelihood of low SIE for September 2012 (Figure S12 in Supporting Information S1). For lags greater
than 1 year, both the TO and the NN are unable to predict the 2012 SIE within one standard deviation. The TO
predictions are closer to observations than those from the NN, particularly for lead times less than 9 years.

The 2020 September SIE is the second lowest recorded in the observations. However, the residual from the forced
term for the 2020 event is not as low as that for the 2012 event because the forced term itself continues to decrease
after 2012. The TO and NN are able to reproduce this minimum within one standard deviation for almost all
averaging times and lag times (Figures 7d-7f), with the exception of predictions made using the NN for the 3- and
4-year lag times with the 5-year moving mean. The mean predictions from the TO and the NN are the same as the
observed value in 2020 for the case of 1-year average and 1-year moving mean. For lags greater than 1 year, we do
not necessarily see increasing divergence from the observations. Furthermore, the TO and NN models both
predict a high likelihood that 2020 September SIE is lower than the climatological mean of the natural variability
for 1- and 2-year moving means (Figure S13 in Supporting Information S1).

The difference between the model's ability to reproduce the 2020 versus the 2012 extreme suggests that the model
predictions are dependent on the initial conditions, which are in the form of standardized residuals. Models tend to
be better at representing sea ice conditions that exhibit a less extreme residual from the forced term, and therefore
exhibit difficulties in capturing extreme events. This type of model behavior will be further discussed in
Section 4.4.

4.3. Predictions for 2024-2028

After thoroughly analyzing the performance of the models in hindcast predictions, we turn to making real-time
forecasts of the September SIE for the 2024-2028 period using different TO and NN models. We use the July-
initialized models for predictions, and therefore cannot yet make predictions initialized in 2025 (July 2025 has not
happened yet). Nevertheless, we have shown that the July-initialized TO can still make reliable predictions at 5-
year lead times (Figure 4). Figure 8 shows forecasts for the TO for 1-, 2-, and 5-year averages (rows). This
forecast is initialized from the July 2024 SIE. The first column (Figures 8a—8c) shows the forecast trajectory for
the predicted interannual variability over the next five time steps. The second column shows the probabilistic
forecast, and indicates whether the forecast for September SIE will be moderately (x105), intensely (*206), or
extremely (30) higher or lower than the climatological mean of the natural variability. These intensity classi-
fications are further represented in the final column (the background colors), where we show the difference
between the predicted and climatological distributions (red minus gray bars in Figures 8d—8f). We note that these
three models (1-, 2-, and 5-year lag and averaging times with July initialization) were all deemed reliable for
predictions over the 1979-2024 time period (red dots in Figure 4a). While there is skill for only the model at a 1-
year lag and averaging time, we show these future predictions in the form of probabilistic forecasts and therefore
are more concerned with reliability than skill.

For all three averaging times, the TO shows a high likelihood of higher SIE (Figure 8d). The TO predicts that the
2024 SIE has an 89.5% probability of being higher than what is predicted by the forcing alone (i.e., the clima-
tological mean of zero). Based on the intensity classifications, 2024 will likely exhibit a moderately high
September SIE (within one standard deviation of the mean). This is further supported by Figure 8g, which
confirms that high SIE has the largest change of occurrence compared to climatology (red bars in Figure 8g),
while low SIE has an occurrence decrease with respect to climatology (blue bars in Figure 8g). The prediction of
September 2024 SIE is confirmed by observations from NSIDC (SIE sEpp02a = 4.35 Mkmz), which represents a
standardized residual SIE that is greater than the climatological mean (i.e., +0.91).

Additionally, the TO shows a higher likelihood of higher September SIE for the 2024-2025 and 2024-2028
periods. The TO predicts that September SIE has 89.9% and 85.7% chance of being higher than what is pre-
dicted by the forcing for the 2024-2025 and 2024-2028 periods, respectively (Figures 8e and 8f). Moderately
positive anomalies in SIE show the highest likelihood in compared to climatology for the 20242025 and 2024—
2028 periods, respectively (Figures 8h and 8i). We note that this positive anomaly is relative to the continued
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Figure 8. Interannual probabilistic forecast of standardized September sea ice extent (SIE) anomalies for 2024-2028. Predictions are made using a transfer operator for
averaging times of (a, d, and e) 1 year, (b, e, and h) 2 years, and (c, f, and i) 5 years. (a—c) Mean and standard deviation predictions of September SIE anomaly for 5 years
(red) initialized from the July anomaly (blue square). (d—f) Predictions of SIE distribution (%, red) for 0, 1, and 4 years in advance with respect to July 2024. The gray
region represents the climatological distribution of the anomaly, the blue line represents the initial condition from July 2024, and the gray lines show the climatological
mean and +1 and 2 standard deviations. Text indicates the percentage of the predicted distribution that is higher (HIGH) or lower (LOW) than the climatological mean,
with further divisions of moderate (MOD), intense (INT), and extreme (EXT) indicating O—1, 1-2, and 2+ standard deviations away from the climatological mean,
respectively. (g—i) Distribution of probability changes with respect to the climatological distribution, where background colors are consistent with moderate, intense, and
extreme events in (d—f) following Sévellec and Drijfhout (2018).

downward trend in the forced component, and does not represent an increase in the full SIE signal, just the internal
variability.

We also make predictions of the full September SIE signal from the TO and the NN initialized in July for 1-, 2-,
and 5-year averaging periods (Figure S14 in Supporting Information S1). While both models are reliable for these
lag and averaging times, they exhibit skill only for the 1-year lag and 1-year moving mean (first points in Figure
S14ain Supporting Information S1). Deterministic predictions past this point should therefore be interpreted with
caution. However, the TO and NN models predict a September 2024 SIE of 4.30 % 0.47 Mkm? and 4.13 % 0.54
Mkm?, respectively (Figure S14 in Supporting Information S1), compared to the observed value of 4.35 Mkm?
from the NSIDC. Both predictions capture this observed value well within one standard deviation.

4.4. Model Behavior

This section aims at understanding the behavior of the two model types, with an emphasis on how the information
in the inputs is used by the models to predict September SIE. Predictions made by the TO and NN models are
based on the input conditions, which are in the form of standardized residuals. The TO behavior is straightforward
and as expected (Figure S15 in Supporting Information S1): negative initial conditions for SIE tend to produce
negative predictions, and positive initial conditions for SIE lead to positive predictions. The larger the magnitude
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Figure 9. (a—c) Probability that the NN will predict September sea ice extent (SIE) to be lower than the climatological mean for given initial conditions. Probabilities are
shown for (a) March, (b) July, and (c) August-initialized predictions from the neural network for a 1-year moving mean and 1-year lag time. The solid and dashed white
contour lines show the upper and the lower 95th and 90th percentiles, respectively. (d—i) Joint histograms of the input conditions of SIE and the SIAt from (d—f) the
CMIP6 training data and (g—i) observations.

of the input condition, the farther the probability is from 50%. For example, an initial condition of —3.0 shows that
the TO has almost 100% chance of predicting that SIE will be lower than the climatological mean (Figure S15ain
Supporting Information S1). This response is exaggerated with increasing the time length of the moving mean,
where the white lines indicating 95% chance of a prediction either lower or higher than the climatological mean
cover a larger range of initial conditions and lag times (Figure S15 in Supporting Information S1). We also see
that for increasing lag times, the predictions have a more balanced chance of being lower or higher than the
climatological mean for any input condition. This suggests that the prediction converges to the climatological
distribution for longer lag times (as discussed in Section 4.2.2 and confirmed in Figures S7-S10 in Supporting
Information S1), which is a typical behavior of forecasts (DelSole & Tippett, 2018).

Figure 9 shows the sensitivity of the NN predictions to the initial conditions, in the form of the standardized
residual of the inputs (SIE and SIAt). Results are shown for the 1-year average, the 1-year lag NN initialized in
March (Figure 9a), July (Figure 9b), and August (Figure 9c). The initial SIE and SIAt conditions ranges from —3
to 3, which represents +3 standard deviations from the mean. The colors represent the probability that the model
will predict September SIE to be lower than the expected forced response (i.e., zero) for a given initial condition.
Red indicates that there is a greater than 50% probability that the given input condition will produce a prediction
that is lower than the climatological mean, and blue shows that this probability is lower than 50%. The solid and
dashed white lines represent the 95% and 90% probability that the NN will predict a value less than (overlapping
red) or greater than (overlapping blue) the climatological mean. We also show the joint histograms of SIE and
SIAt conditions from the training data in CMIP6 (Figures 9d-9f) and from observations (Figures 9g-9i), to
provide a reference for when the tested initial conditions occur in the data.

The behavior of the NN is slightly more complex than that of the TO because it has two input variables (SIE and
SIAt) that control the model predictions. Figures 9a—9c shows the March-, July-, and August-initialized NN
behavior as a function of these two inputs for a 1-year moving mean and lag time. For the March and July-
initialized models (Figures 9a and 9b), the NN seems to be more sensitive to SIAt than SIE. For example, for
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Figure 10. The relevance of each of the input features (sea ice extent (SIE) and SIAt) to the NN for predicting September SIE has the highest probability of occurring in
the correct bin. These relevance values are calculated for the 1-year lag time and 1-year average models initialized in January—December (x-axis). Relevance is shown
for the (a and d) deep Taylor decomposition and (b and e) perturbation methods. The first row shows the overall relevance for both input features (a and b), while the
second row shows the difference in relevance between the two features (d and e). (c and f) The seasonal cycle of the standardized residual (c) SIE and (f) SIAt from

CMIP6 training data.

an input SIAt of 2, the NN always has a less than 50% probability of predicting September SIE to be lower than the
climatological mean, no matter what the input SIE. On the other hand, for any particular SIE, the probability of
predicting September SIE to be lower than the climatological mean changes with SIAt. This behavior is more
exaggerated for the NN initialized in July than in March. Conversely, the August-initialized NN is more sensitive
to SIE (Figure 9c). For example, for an input SIE of 2, the NN always has a less than 50% probability of predicting
September SIE to be lower than the climatological mean, no matter what the input SIAt is. On the other hand, for
any particular SIAt, the probability of predicting September SIE to be lower than the climatological mean changes
with SIE. To explore this behavior further, we apply explainable Al (XAI) methods to the NN in the form of a
perturbation analysis and a deep Taylor decomposition (Figure 10).

Figure 10 shows how relevant each of the input features is for the NN in predicting September SIE for two
different explainable Al methods (deep Taylor decomposition in Figures 10a and 10d; perturbation in Figures 10b
and 10e) using models with 1-year lag and averaging times initialized in January—December (x-axis). The deep
Taylor decomposition method shows the relevance of each input for predicting September SIE falls in the correct
bin, while the perturbation method shows relevance in terms of the sensitivity of the overall SIE prediction to
perturbations in each of the input features. We show the absolute relevance of each input (Figures 10a and 10b)
and the difference between the relevance of the two inputs (Figures 10c and 10d). A negative difference indicates
that SIAt is more relevant than SIE, and a positive difference indicates SIE is the more relevant input feature. For
comparison, we show the seasonal cycle in the standardized residual of each input from the CMIP6 training data
(Figures 10c and 10f). We calculate p-values (for deep Taylor decomposition) and 95% confidence intervals (for
perturbation), which show that the relevance values for each input feature are statistically significantly different.

The outputs from both XAI methods show similar results: SIE and SIAt are both more relevant for models
initialized in summer months, when SIE and SIAt are low (Figure 10a). Taylor decomposition shows that SIE
relevance peaks in August and SIAt relevance peaks in June, while the perturbation method shows that SIE
relevance peaks in August and SIAt relevance peaks in July (Figures 10a and 10b). We find that whether SIE or
SIAt is the most relevant input feature depends on the initialization month (x-axis), but not the XAI method (deep
Taylor vs. perturbation). For both XAI methods, SIE is the most relevant predictor only for models initialized in
August—October (Figures 10d and 10e). Otherwise, SIAt is the most relevant input feature. These two methods
agree that SIE is most relevant in the summer months, when SIE and SIAt are low (August—October), and when
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both input features show a high relevance for both methods (Figures 10a and 10b). The input feature SIAt is the
most relevant in July for the perturbation method and June—July for Taylor decomposition (Figures 10d and 10e).

These XAI relevance results are in agreement with results from behavioral studies with initial conditions
(Figures 9a and 9b), which indicate that SIAt is the most relevant input feature in March and July (i.e., for a given
SIAt, changes in SIE do not change the likelihood that the NN will predict September SIE to be lower than the
climatological mean in Figure 9b) and the least relevant feature in August (i.e., for a given SIE, changes in SIAt do
not change the likelihood that the NN will predict September SIE to be lower than the climatological mean in
Figure 9c). We present these results with the caveat that the two input features (SIE and SIAt) are highly
correlated, which could lead to difficulties in disentangling their comparative relevance when applying
explainable Al methods (Flora et al., 2024).

5. Discussion

We highlighted the performance and behavior of two types of statistical models (TO and NN) for predicting
September SIE. We move forward with a discussion of how these results are related to historical findings on the
predictability of September SIE, and how they compare to predictions made by other models in the literature.

5.1. How SKillful Are Statistical Model Predictions of September Arctic SIE?

Monthly mean Arctic SIE is considered to have statistically significant potential predictability continuously for 1—
2 years, and intermittently for up to 4 years (Blanchard-Wrigglesworth, Bitz, & Holland, 2011; Day et al., 2014;
Guemas et al., 2016; Tietsche et al., 2014) based on estimates from dynamical models. The predictability limit of
SIE is related to persistence and reemergence mechanisms. Blanchard-Wrigglesworth, Armour, et al. (2011)
highlighted two mechanisms: the reemergence from melt to freeze associated with persistence of ocean heat
content anomalies, and the freeze-to-melt reemergence associated with persistent thickness anomalies. The first
gives rise to increased predictability from winter preconditioning, while the second gives rise to summer-to-
summer reemergence of predictability. These mechanisms are linked to the spring predictability barrier (Day
etal., 2014; Tietsche et al., 2014) whereby correlations between monthly and September SIE are highest for June—
August, drop substantially during the springtime melting months (March-May), and then reemerge during the
winter and fall months. Additionally, Chevallier and Salas-Mélia (2012) discuss a winter preconditioning
mechanism, whereby the area covered by relatively thick sea ice (SIT > 0.9—1.5 m) is a better predictor of summer
SIA than is the total SIA. For example, Chevallier and Salas-Mélia (2012) found that the March SIAt (SIA where
SIT > 0.9 m) explains 30% of the variability in September SIA, and June SIAt explains 76% of the variability in
September SIA. We discuss how these mechanisms are apparent in the performance of our TO and NN models.

Our performance analysis includes both skill (coefficient of determination) and reliability metrics for a more
complete evaluation of the usefulness of the model predictions. We show that the TO and the NN are able to
predict state transitions with a higher skill than anomaly persistence for most cases. Both models tend to produce
reliable predictions. However, the TO is generally more reliable than the NN, and the TO is the only model to
make predictions from observations that have overlapping skill and reliability. Our analysis shows the usefulness
of these models for making seasonal to interannual predictions of Arctic SIE. However, we note that both model
types, unsurprisingly, have difficulty capturing extremes.

For the perfect model case, both models show overall decreases in skill and increases in reliability for increasing
hindcast lags on yearly timescales. Additionally, both TO and NN models exhibit seasonality for the reliability
and skill metrics. Both the TO and the NN produce skillful predictions for all initialization months, with the most
skillful predictions coming from models initialized in summer (June, July, and August) months. The TO pre-
dictions are less skillful during all other seasons, but the NN only loses a bit of skill for the spring (March, April,
and May) initializations. The TO is generally reliable for all initialization months. However, the NN tends to
produce unreliable predictions for the perfect model case, except for the case of models initialized in spring and
winter months. The decrease in predictive skill for models initialized in spring months (March—May) reflects the
spring predictability barrier for sea ice (Day et al., 2014). Additionally, the rise in correlation for summer months
at hindcast lags greater than 1 year is characteristic of the summer-to-summer reemergence (Blanchard-Wrig-
glesworth, Armour, et al., 2011).
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For models run with the observations as inputs, the TO is reliable for most cases, with slightly less reliability for
winter (January and February) initialized models. The TO produces more skillful predictions in the summer and
fall months, and shows no skill for spring initialized models. This pattern is largely consistent with the spring
predictability barrier, where there is a substantial loss of predictive skill for models initialized in spring that
reemerges for models initialized in summer (Bushuk et al., 2020; Day et al., 2014; Tietsche et al., 2014). The NN
is generally less reliable than the TO, and tends to produce reliable predictions from observations only during the
time where the predictions are not also skillful. Conversely, the NN tends to be more skillful than the TO, except
during summer months. Interestingly, the NN with two inputs (SIE and SIAt) shows skill for springtime ini-
tializations at 1- and 2-year lag times. This is not the case for the TO or the NN with only one input (Figures 4 and
S2 and S3 in Supporting Information S1), indicating SIAt is an important predictor for SIE. This provides evi-
dence for the mechanism of winter preconditioning of summer sea ice cover from Chevallier and Salas-
Mélia (2012), and represents a unique case of overcoming the spring predictability barrier.

5.2. How Well Do Models Perform for Hindcast Predictions?

The skill and reliability of the TO and NN models suggests that they are useful for probabilistic forecasts. The
reliability of the TO and the NN also suggests that the CMIP6 models used to train these models can capture the
statistical patterns found in the observations, and are therefore useful for understanding Arctic sea ice as a part of
the climate system despite their inherent limitations. However, we note that our model predictions are not reliable
for all initialization months or hindcast lags, which could be further indicators of where the models used from
CMIP6 are limited in representing observed Arctic SIE. We discuss the TO and NN performances for predicting
September SIE for the initialization months used by the SIO, for hindcasts of the 2000-2009 slowdown in SIE
decline, and for the prediction of the extreme low SIE events in 2012 and 2020.

We apply TO and NN models to predict historical hindcasts of September SIE based on initializations in June,
July, August, and September of the same year (Figure 5). We present this information in a manner that is
consistent with Figure 2 in Bushuk et al. (2024) for ease of comparison with the various dynamical and statistical
models that were evaluated by these authors. For June—September initialization, the TO and NN predictions seem
to fall within the interquartile range of the models tested in Bushuk et al. (2024).

We also compare the performance metrics (ACC and RMSE) shown in Figure 5 to those in Figure 3 of Bushuk
etal. (2024). We use data provided by Bushuk et al. (2024) to reproduce their Figure 3, with the results of our model
performances overlaid (Figure S17 in Supporting Information S1). Our TO and NN models show a similar ACC to
both persistence and the multimodel analysis of Bushuk et al. (2024) for predicting the full signal, but are lacking in
performance for the detrended ACC. The TO has a higher ACC than persistence for the full signal and detrended
case for June 1st initializations, and the NN outperforms persistence for June and July 1st initializations (Figures
S17aand S17b in Supporting Information S1). The RMSE for our TO and NN predictions is higher (worse) than the
multimodel analysis of Bushuk et al. (2024), with the exception of the June Ist initialized model in the full and
detrended case (Figures S17c and S17d in Supporting Information S1). Additionally, both the TO and the NN have
a lower (better) RMSE than persistence for June 1st initialized models in the full and detrended case.

We note that our models make predictions from monthly mean inputs, whereas many of the models in Bushuk
et al. (2024) use daily inputs. Hence, our prediction for the June 1st initialized case (Figure 5a) is actually made
using the models for predicting May-to-September transitions, which we show to have poor performance relative
to other initialization months. Additionally, we calculate the performance metrics over the 1980-2024 period,
whereas Bushuk et al. (2024) show them for the 1993-2021 period in Figure 2 and the 2001-2020 period in
Figure 3. These factors could lead to differences in the performance metrics discussed above.

We also show that the TO and NN models are reasonably skillful for predicting the 2000-2009 accelerated sea ice
decline (Figure 6) and the 2012-2021 slowdown in sea ice decline (Figure S6 in Supporting Information S1). The
coefficient of determination is typically higher when analyzed over the first 7 years of the 2000-2009 accelerated
sea ice decline than over the entire 10-year period. This is because the model predictions tend toward the
climatological mean at longer hindcast lags, and the latter years of this accelerated sea ice decline include the 2007
extreme low SIE, which models struggle to reproduce (Figure 7). However, we note that the ability of the models
to capture either the accelerated decline (2000-2009) or the slowdown in sea ice decline (2012-2021) could be
linked to the inherent behavior of the model predictions to converge toward the climatological mean at increasing
lag times (DelSole & Tippett, 2018).
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Table 1 Although the models have limitations in reproducing extremes, their pre-

Likelihood of Anomalously Low/High September Sea Ice Extent for the Next

Decade

Forecast period

TO prediction (low/high) NN prediction (low/high)

1 year: 2024

2 years:
3 years:
4 years:
5 years:
6 years:
7 years:
8 years:

9 years:

10 years: 2024-2033

2024-2025
2024-2026
2024-2027
2024-2028
2024-2029
2024-2030
2024-2031
2024-2032

dictive performance for such events is influenced by the magnitude of the
input values, which are in the form of a standardized residual that depends
on the definition of the forced term (i.e., the multimodel ensemble mean
from CMIP6). The TO and NN models are better at representing sea ice

IR O conditions that are closer to the forced term. However, both the TO and the
10%/90% 5%195% NN predicted that 2012 and 2020 SIE would likely be lower than the
7%193% 35%/65% climatological mean of the forced trend (Figures S12 and S13 in Supporting
11%/89% 58%/42% Information S1).

14%/86% 56%/44%

16%/84% 50%/50% 5.3. What Predictions Are Made for Future September SIE?

28 P a2t We also used the TO and NN initialized in July to make interannual pre-
20%/80% 72%1/28% dictions of future Arctic SIE (Table 1). We find that predictions from the
32%/68% 66%/34% TO show that September 2024 has an 89.5% probability of a high SIE
25%/75% 63%/37% anomaly, which is supported by the decreased likelihood of a low SIE. For

Note. Bold text indicates if SIE is more likely to be higher or lower than the
climatological mean.

the 2024-2025 period, the TO predicts an 89.9% chance of anomalously
high SIE, and on longer timescales, an 85.7% chance of anomalously high
SIE over the 2024-2028 time period. The July-initialized NN similarly
shows a high chance of a high SIE anomaly for September 2024 (96%
chance) and the 2024-2025 period (95% chance). Conversely, the NN predicts that there is a 56% chance of
anomalously low SIE over the 2024-2028 time period.

5.4. How Do the Input Conditions Impact Predictions of September SIE?

We find that both the TO and the NN are sensitive to the input conditions. The TO tends to predict a September
SIE lower than the climatological mean for negative initial SIE conditions, and higher than the climatological
mean. This reflects a behavior of persistence. The NN has two input features (SIE and SIAt), and the predictions
are sensitive to changes in both of these. We find that the relative importance of the two input features is
dependent on the model's initialization month. The SIAt input is typically more relevant for models initialized in
December—July, while SIE is more relevant to models initialized in August-November. Explainable Al methods
also show that the SIAt is more relevant than SIE for models initialized in spring months (March—June), which
could explain why the NN can produce skillful and reliable predictions during the spring predictability barrier
where the TO fails to skillfully predict September SIE. We note that outputs from explainable Al maybe
influenced by the fact that the two input features (SIE and SIAt) are highly correlated, and suggest that this
relationship be teased out in future work for a better understanding of the comparative relevance of these two
input features.

5.5. What Insights Did We Obtain About Model Structure and Behavior?

5.5.1. The TO Model Performs Better With a Single Input (SIE), Whereas the NN Benefits From the
Inclusion of an Additional Input (SIAt)

For both model types, we train an array of models to predict September SIE for various averaging times (1—
10 years), hindcast lags (1-10 years), and initialization months. The TO is designed to predict state transitions in
SIE, and the NN predicts state transitions in SIE based on SIE and SIAt at the previous state. The NN predictions
benefit from additional information for certain initialization months, hindcast lags, and averaging times (i.e., the
2D-NN can sometimes outperform the 1D-NN, Figures S4 and S5 in Supporting Information S1). On the other
hand, the TO works better if there is only one input. This is because the TO is built by creating bins of the input
and output states. Each additional input predictor exponentially increases the number of input bins. This decreases
the number of input states in within each bin, creating bins that do not have a reliable number of data points to
obtain a full understanding of the transition from one state to the next. Interestingly, Bushuk et al. (2024) find that
statistical models that use only sea ice predictors tend to outperform those that also include atmospheric and
oceanic inputs. Including additional predictors, even those that are physically relevant, may lead to overfitting and
hinder the predictive skill.
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5.5.2. The Model Predictions Depend on the Initial Conditions, Which Are in Turn Influenced by the
Definition of the Forced Term

We are also interested in the behavior of the models as a function of different initial conditions. In Figure 9, we
show that models are more likely to have predicted distributions that are greater than the climatological mean for
positive inputs, and lower than the climatological mean for negative inputs. We clarify that these results are based
on arbitrary values of inputs that lie with the range from which the statistical models are trained to make pre-
dictions, and are not specifically linked to SIE observations, although the values do lie within the distribution of
observed SIE conditions.

The initial conditions taken from observations of SIE are in the form of a standardized residual, which is
dependent on how the forced term is defined. Therefore, results from Section 4.4 indicate that the TO predictions
of SIE are sensitive to the definition of the forced term. We tested several different definitions of the forced term
(not shown), including the linear trend in observed SIE, a fit between observed SIE and global mean temperature,
a combination historical (1850-2014) and SSP5-8.5 (2015-2100) CMIP6 simulations. Using these terms to
define the forcing did not lead to substantial differences in the performance or predictions of TO and NN models.
However, in one case, we applied forcing as a combination of historical CMIP6 simulations (1850-2014) and a
T + 5-year moving mean of the observations (where T is the moving mean that the model in question is trained
on). For this case, we found that the forcing term did not have a continued downward trend, and leveled out in
response to the 2012-2024 slowdown in sea ice decline. The model performance and predictions with this forced
term differed substantially from the others (not shown). We opted to use the forcing that exhibited a continued
downward trend because it is representative of the known interplay between SIE and global mean temperature,
and our goal was not to predict this trend, but the interannual variability around it.

5.5.3. TO Models Yield More Reliable Predictions, While NNs Generate More Skillful Ones

We find that TO predictions tend to be more reliable, while NN predictions are more skillful. As discussed in
Section 4.1, this is expected because of the nature of these two model types. Transfer operators are specifically
designed to represent the evolution of the probability distribution over time, inherently prioritizing reliability due to
their probabilistic framework. On the other hand, neural networks are designed to learn patterns in the data, and
achieve skill because of their ability to capture information about nonlinear interactions in the system. This reflects
a general trade-off between model complexity and reliability: simpler models tend to be more conservative in their
predictions, while more flexible models like neural networks often require explicit regularization or calibration to
avoid overconfidence. In this study, we implement features in the NN to improve its function in making proba-
bilistic predictions (i.e., a softmax layer and the KL divergence loss function), but other methods exist for further
improvement. Future work could explore ways to modify the NN architecture to incorporate constraints or
regulation terms that allow them to conserve the statistical dynamics of the data. Some possible methods include
introducing a loss function to penalize deviation from the probability distribution during training, implementing the
NN in the form of a Bayesian neural network that explicitly models uncertainty, or combining the TO and the NN by
using the learned TO to constrain a loss function in the NN training. Additionally, a useful extension of this work
could be to employ a simpler probabilistic model, such as logistic regression, using the same inputs and outputs as
our NN (i.e., inputs of SIE and SIAt; output as a probability distribution of SIE). While we expect logistic regression
maybe less skillful than an NN due to its limited capacity to capture nonlinear relationships, it may offer improved
reliability.

6. Conclusion

There is an increased need for skillful predictions of Arctic sea ice as it faces rapid decline. The relationship
between SIE and greenhouse gas emissions lends to partial predictability of the downward trend; however, un-
certainties remain in predicting the internal variability of Arctic SIE that manifests most clearly on seasonal to
interannual timescales. The interannual timescales have been given lower attention than the seasonal and mul-
tidecadal timescales. Dynamical model-based predictions face known issues for prediction at interannual time-
scales, including initialization shocks, drift, and development of transient biases. Data-driven approaches offer an
alternative pathway to explore predictive skill. In this work, we train statistical models (TO and NN) to predict
variability in September SIE on interannual to decadal timescales using output from CMIP6 simulations. Overall,
we find that statistical models can make skillful and reliable predictions of Arctic SIE with high computational
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Table A1

efficiency. However, we do note that there are many cases in which these metrics do not overlap, and a model is
alone either reliable or skillful. Additionally, TO predictions show that the anomalously high September SIE is
likely to continue for the next decade (Table 1), while NN predictions show a likely transition to a state of
anomalously low September SIE within the next 4 years. These anomalies are relative to the forced trend, which
exhibits a projected future decline in SIE. We also show that SIAt is an important predictor of SIE, highlighting
the need for improved measurements of sea ice thickness.

We recommend the use of transfer operators as efficient, skillful, and reliable statistical models for making
probabilistic predictions of state changes in Arctic sea ice. We highlight the unique ability of neural networks that
include information about the area covered by thick ice to overcome the spring predictability barrier. However,
we note that in future work, we would improve upon the neural network design by using a learned transfer
operator to constrain a loss function during training, which would likely improve the reliability of forecasts made
by neural networks. In future work, we plan to further explore using neural networks trained to predict interannual
to decadal Arctic September SIE from maps of properties related to sea ice, the atmosphere, and the ocean. We
will also apply explainable artificial intelligence (XAI) methods to these models to understand the relevance of
the various model inputs for predicting SIE and gain insight into the drivers of variability for predicting
September SIE in the Arctic.

Appendix A: Neural Network Architecture

We provide an overview of the data used for training and testing of the transfer operator (TO) and neural network
(NN) models used in this study in Table Al. The TO and NN are trained using data from CMIP6 historical
simulations, and are tested using observations from NSIDC and PIOMAS. For both the TO and NN, the output is a
probability distribution of September SIE. For the TO, the input is SIE from a given month; for the NN the input
layer receives both SIE and SIAt for a given month. Table A1 also provides an overview of the NN architecture
and parameters. The input layer is fed to two hiddn layers, each containig 10 nodes with ReLU activation (a =
0.01). The output layer contains 24 nodes (bins of SIE) and a softmax function that remaps the output values so
that they sum to one and represent the confidence for the prediction that SIE falls into each bin. The model is
trained to optimize the KL divergence loss function using an adam optimizer and L2 regularization (1 = 0.01).
The model is run for 10 epochs with a batch size of 200.

Details About Training and Testing Data for the NN and TO Models, and Model Architecture (i.e., Parameters and Hyperparameters) for the NN

Training data

Testing data

Inputs Sea ice extent from CMIP6, SIE [TO and NN]

areca where sea ice thickness >1.25 m from CMIP6, SIAt [NN]
Outputs September sea ice extent from CMIP6, SIEzp
Inputs Sea ice extent from the NSIDC, S/E [TO and NN]

area where sea ice thickness >1.25 m from the PIOMAS, SIAt [NN]

Outputs September sea ice extent from the NSIDC, SIEggp
Model architecture Layer 1 Dense and nodes = 10
Layer 2 Dense and nodes = 10
Layer 3 Dense, bins, and softmax activation
Optimizer Adam
Activation function ReLU (slope coefficient, a = 0.01)
Loss function KL Divergence
Regularizer L2 with 2 =0.01
Epochs 10
Batch Size 200
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