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Abstract

Using the model-analog forecast technique, we demonstrate that seasonal prediction skill
of global precipitation anomalies in current climate models arises entirely from the initial
sea surface temperature anomalies (SSTA) within the tropics. Model-analogs generate
predictions by matching initial observed conditions to climate states drawn from pre-
existing libraries of long model simulations; the subsequent time evolution of the
matched states in the model forms a forecast ensemble that can replicate seasonal SSTA
prediction skill of traditionally-initialized dynamical models. In this study, we show that
model-analogs also capture the monthly-to-seasonal precipitation skill of current forecast
models for almost all regions and seasons worldwide. Model-analogs are selected by
matching monthly-mean SSTA from uninitialized CESM2 large ensemble runs to
observations, between 60°S-60°N, for the years 1979-2021. At one season lead, the
resulting model-analog hindcasts have global monthly precipitation skill that is
statistically indistinguishable from the Seasonal to Multi-Year Large Ensemble
(SMYLE), traditionally-initialized hindcasts using the same model and initialization
dataset. This model-analog skill is not significantly improved by including observed 500
hPa geopotential height and/or soil moisture anomalies in model-analog selection.
Additionally, multi-model ensemble-mean model-analog hindcasts based only upon
tropical monthly mean SSTA, drawn from 33 CMIP6 model pre-industrial control runs,
show seasonal precipitation skill comparable to (and for longer leads, even somewhat
higher than) that of the operational North American Multi-Model Ensemble, particularly
for the U.S. Southwest and Southeast regions. That is, if significant initial sources of
extratropical seasonal precipitation skill exist beyond the tropics, current models appear

unable to realize them.
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1. Introduction

Skillful seasonal precipitation forecasts have numerous applications, including
agriculture, business planning, water resources management, and wildfire hazards
planning (e.g., NASEM 2016). While prediction of seasonal sea surface temperature
anomalies (SSTA) tends to be relatively skillful, due to the longer memory of oceanic
processes and the predictability associated with the El Nifo-Southern Oscillations
(ENSO) and its teleconnections (e.g., Goddard et al. 2001; Kirtman et al. 2014; Ding et
al. 2018, 2019; Lou et al. 2023), seasonal precipitation prediction skill is generally
poorer, particularly in the extratropics (Becker et al. 2014; Johnson et al. 2019; Zhao et
al. 2019; Becker et al. 2020; Roy et al. 2020). This appears to be true even in regions
such as North America where the extratropical ENSO signal approaches 1 mm day™! (e.g.,
Fig. S1), including over California (Jiang et al. 2022) where improved forecasts are
highly sought after by water resources managers (Sengupta et al. 2022). Previous studies
have explored additional sources of seasonal precipitation predictability beyond tropical
SSTs, including soil moisture anomalies (Koster et al. 2004, 2011; Ardilouze et al. 2017),
extratropical SSTs (e.g., Larson et al. 2024), and midlatitude circulation modes (e.g.,
(Jiang et al. 2022; Peings et al. 2024). However, the extent to which the current generation
of seasonal forecast models can effectively realize all sources of potential skill remains

unclear.

While there has been substantial improvement in coupled climate models, their use
in initialized seasonal forecasts continues to face challenges due to persistent model
errors (e.g., Palmer and Stevens 2019; Beverley et al. 2023) and initialization shock (e.g.,
Mulholland et al. 2015; Wei et al. 2023). Moreover, running initialized forecast systems
incurs high computational costs, particularly when incorporating more components of
the climate system, refining data assimilation for model initialization, developing lengthy
hindcast data sets for model and forecast diagnostics, and increasing lead times (e.g.,
Anderson et al. 2026). Such costs make it difficult to investigate the impact of different
sources of predictability in the models, since running targeted hindcast experiments in

parallel (say, by forcing the atmospheric model with observed SSTs only; Richter et al.
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2025) could become prohibitively expensive. Even then, idealized hindcast simulations
may be problematic due to the tight integration of forecast systems; for example, “turning
off” some variables and/or regions in the initial states could create imbalances that impact

interpretation of the results.

In this paper, we overcome many of these issues by employing an alternative forecast
technique—model-analogs (e.g., Ding et al. 2018)—to investigate sources of forecast
skill in coupled models. While traditionally-initialized forecast systems like the North
American Multi-Model Ensemble (NMME; Kirtman et al. 2014) initialize a model with
three-dimensional climate states derived from a data assimilation system, model-analogs
generate predictions by first selecting fields similar to the observed initial condition from
a long (100s-1000s of years) pre-existing climate simulation. The subsequent evolution
of the selected fields in the climate simulation “library” is then used to construct the
model-analog forecasts (e.g., Ding et al. 2018). By selecting multiple instances from the
library, that is, a set of model states most closely matching to the initial condition, the
model-analog technique can produce an ensemble of forecasts. In contrast, the
traditionally-initialized forecast ensemble is generated by repeated model integrations
using perturbed initial conditions. In effect, model-analogs are like traditionally-

initialized forecast emulators built from uninitialized model runs.

In addition to a lower computational cost, model-analogs avoid initialization shock
(e.g., Ding et al. 2018, 2019, 2020), since by construction model-analog forecasts are
initialized directly on model-space trajectories. As a result, model-analog forecast
ensembles have been shown to achieve skill that is comparable to traditionally-initialized
forecast ensembles (e.g., Ding et al. 2018, 2019; Menary et al. 2021; Lou et al. 2023;
Ding and Alexander 2023; Amaya et al. 2026). The resulting forecasts are also made for
all (available) model variables, beyond the few directly included in the model-analog
selection criteria (e.g., Ding et al. 2019; Lou et al. 2023; Amaya et al. 2026). All these
benefits make it easier and more cost-effective to produce forecasts and even multi-model

ensemble members from different models.
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However, previous model-analog studies largely focused on tropical prediction
(SSTA, anomalous precipitation and mean sea level pressure). While a few studies have
expanded outside of the Tropics (e.g., Ding and Alexander 2023; Amaya et al. 2026),
they have not focused on seasonal precipitation prediction. Those that considered
precipitation (Amaya et al. 2025) only examined the potential predictability of seasonal
precipitation forecasts in models, as opposed to the actual skill of predicting the real
world. Therefore, in this paper we first demonstrate that the skill of model-analog
precipitation forecasts is in fact comparable to traditionally-initialized forecast ensembles
from state-of-the-art climate models. We then use these same model-analog forecasts to
investigate sources of precipitation predictability in modern climate models. Likewise,
we also confirm that a multi-model ensemble (MME) of model-analog hindcasts has
comparable precipitation skill to traditionally-initialized MME forecast ensembles such

as the NMME.

The paper is structured as follows. Section 2 details the methods and data used in this
study, including introduction of traditionally-initialized hindcast ensembles, details of
the model-analog hindcast ensembles, and the approach for their comparative skill
assessment. In Section 3, we present a comparison between model-analog ensemble-
mean hindcasts and those from a traditionally-initialized hindcast based on the same
model and initialization dataset, as well as an analysis of how the incorporation of
different variables influences the selection of initial model-analogs and subsequent
seasonal hindcast skill. In Section 4, we conduct a similar skill comparison between the
NMME multi-model ensemble-mean and the model-analog multi-model ensemble mean
(MMEM), derived from the Coupled Model Intercomparison Project Phase 6 (CMIP6)
pre-industrial control (PiControl) runs. Critically, we compare hindcast skill of model-
analogs selected using observed SSTA from only tropical regions versus including

extratropical regions. Finally, Section 5 provides conclusions and discussion.

2. Data and Methods
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a. Traditionally-initialized hindcast ensembles

In Section 3, we analyze forecasts from the Seasonal-to-Multiyear Large Ensemble
(SMYLE), an initialized prediction system using the Community Earth System Model
version 2 (CESM2; Danabasoglu et al. 2020). The SMYLE seasonal forecast is a state-
of-the-art climate prediction system designed to improve the understanding and
forecasting of seasonal-to-multiyear climate variability (Yeager et al. 2022). It is
developed using CESM2 with a 1° horizontal resolution and consists of 20 ensemble
members of 24-month-long initialized forecast simulations. These forecasts are
initialized quarterly on the 1st of February, May, August, and November for each year
from 1970 to 2019. The SMYLE forecast results presented in this study are based on the
20-member ensemble mean during 1979-2019 in order to match the Global Precipitation
Climatology Project (GPCP) data that we use for verification. See Section 2¢ for details
regarding GPCP.

SMYLE is traditionally initialized, with global three-dimensional initial conditions
for the atmosphere, ocean and sea ice, and land, from the Japanese 55-year Reanalysis
(JRA-55; Kobayashi et al. 2015; Harada et al. 2016), CESM2 Forced Ocean Sea-Ice
(FOSI), and trends in land carbon cycle (TRENDY) simulations, respectively (Table 1)
(Yeager et al. 2022). The radiative forcing scenario in SMYLE follows that of members
51-100 of the CESM2 Large Ensemble (CESM2-LE) (Rodgers et al. 2021), which
applies the CMIP6 forcing protocols of historical forcing from 1850 to 2014 and SSP3-7.0
from 2015 onwards. Further details can be found in Yeager et al. (2022) and Table 1.

Similar to SMYLE, the NMME forecast system is designed to provide reliable
seasonal climate predictions, but is instead based on multiple coupled models from North
American modeling centers (Kirtman et al. 2014; Becker et al. 2022). NMME forecasts
of seasonal precipitation anomalies are routinely used by stakeholders preparing for
significant weather-related impacts (Anderson et al. 2026). Each of the NMME models
consists of an ensemble of forecasts that are traditionally initialized each month (see

Table 2 for model details), and they are often combined in a larger MME as well. We
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analyze NMME hindcasts for the period 1991-2019, the period for which hindcasts are
available from all seven models currently contributing to the program (Table 2). The
precipitation anomalies of each NMME model are relative to a lead-dependent
climatology (i.e., they are mean bias-corrected) over the same time period. Unlike

SMYLE, the NMME hindcasts are initialized each month of the year.

Table 1 Model information - CESM2 SMYLE, MAcesmz-Le, and MAcwipepi. Initialization fields for

model-analogs refers to the variables used to choose analogs. SMBB indicates smoothed biomass

burning.

Library

Forcing Scenario

Forecast Period

Initialization field

Initialization times

Ensemble sizes

CESM2-SMYLE

MA esm2-Le

MAcmipepi

N/A

CESM2 Large Ensemble
(Members 51-100)

® Njip =50 members x 43 yrs =2150

CMIP6 PiControl
® 33 model runs
® Njip >= 300 (yrs)

Hist + SSP3-7.0

Hist + SSP3-7.0

Pre-Industrial

1979-2019 1979-2019 1979-2019
Daily mean: Monthly mean anomalies: Monthly mean anomalies:
e FOSI (ocn) e FOSI SST e FOSI SST

e JRA-55 (atmos)
e TRENDY (land)

® JRA-55 Z500
o TRENDY Soil Moisture

Domain: Domain: Domain:
e Globally ® 605-60N e 30S-30N (i.e., MAf,?
* 605-60N (i.e., MAS?
Feb 1, May 1,
Aug 1, Nov 1 All months All months
20 members 20 analogs 20 analogs
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Table 2 Datasets from the North American Multimodel Ensemble (NMME) used in this study.

Dataset Modeling Center Ensemble Lead Times Reference
Members (months)
CanESM5 SRS Ele) EluE 20 0.5-11.5 Diro et al. (2024)
Change Canada
CCSM4 University of Miami 10 0.5-11.5 Infanti and Kirtman (2016)
CESM1 University of Miami 10 0.5-11.5 Small et al. (2014)

GEM5.2-NEMo | Environment and Climate 20 0.5-11.5 Diro et al. (2024)
Change Canada

NOAA Geophysical Fluid 15 (retrospective)

GFDL-SPEAR Dynamics Laboratory 30 (real time) 0.5-11.5 Delworth et al. (2020)
NASA Global Modeling 4 (retrospective)
EOS-S2 .5-8. . (202
GEOS-52S and Assimilation Office 10 (real time) 0.5-8.5 Molod et al. (2020)
NOAA National Centers 2
CFSv2 for Environmental 0.5-9.5 Saha et al. (2014)

Prediction (28 in November)

b. Model-analog forecast ensembles

Model-analog forecasts are generated by selecting initial analogs from a library (e.g.,
a long model simulation) to best match the initial condition of the forecast (i.e.,
observations) and then using the subsequent evolution of the model states within the
library as the forecast. Note that the output variables consist of all model variables (so
long as their output has been saved), even though the input variables used to identify the
analogs can be as few as one. When selecting analogs from the library, only states
corresponding to the same month as the initial state are considered (e.g., January initial
states are only compared to Januarys within the library). The selection process is based
on the root-mean square difference (RMSD) of the normalized target state and library
states for a subset of variables over a specific region, weighted by latitude:

1
i cos ¢i("i ﬁ)z /2

ox Oy

1
Xi=1C08p;

RMSD =

(1)

Here, i represents all horizontal spatial grid points, ¢ is the latitude, x is the observed

initial state, and y represents each model initial state. The terms o, and o,, denote the
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square-root of the domain-averaged variance (i.e., the temporal variance at each grid cell,
averaged over the domain) within a respective input region and are used for
standardization purposes. See Amaya et al. (2026) and Ding et al. (2018) for additional

details.

The variables used to select analog states vary depending on the library; additional
details are below. Note that more sophisticated approaches that improve model-analog
selection are possible (e.g., Rader and Barnes 2023; Toride et al. 2025) but typically
involve additional training, which we plan to explore in a future study. One advantage of
the RMSD model-analog approach is its simplicity, which also means there is no data
withheld for training so that hindcast skill covering the entire observational record can

be assessed (e.g., Lou et al. 2023; Amaya et al. 2026).

All anomalies used for model-analog selection are constructed to be effectively trend-
free. To accomplish this, observed anomalies used as model-analog target datasets are
based on a 20-year fair-sliding climatology, that is, a time-varying climatology that is
calculated based on the mean over the 20 years before the year considered (Risbey et al.
2021), which acts to detrend the observations (Lou et al. 2023). With these detrended
target states, we then generate two sets of model-analog hindcast ensembles from two

different model library “families” (Table 1), see details below.

1) MODEL-ANALOGS BASED ON CESM2 LARGE ENSEMBLE

In Section 3, we compare initialized SMYLE forecasts to CESM2-LE model-analog
(MAcesm2-LE) hindcasts that are designed to directly match the initial conditions and
radiative forcing used to force SMYLE (Table 1). Specifically, we select model-analogs
from members 51-100 of CESM2-LE from 1979-2019, consistent with the time period
and radiative forcing used in SMYLE. Note that while our model-analog hindcast period
is January 1979-December 2019, these analogs are chosen using data from the month
prior to each initialization (i.e., December 1978-November 2019). See Section 2e for

more detail.
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We separately draw model-analog forecasts by matching to different combinations of
variables in target initial states from 60°S-60°N across all longitudes. The variables used
for comparison are based on the same datasets used to initialize SMYLE: FOSI SSTA,
JRA-55 500mb geopotential height anomalies (Z500), and TRENDY soil moisture
anomalies (SoilM). To select model-analogs based on one or multiple variables, we

minimize the distance metric (d), defined as:
—vJ
d= ijlRMSDj (2)

where ] is the number of variables used to characterize the initial target state and RMSD;

is Eq. (1) calculated for each respective variable (j). By varying J, we select model
analogs by comparing to any one of (/] = 1), two of (J/ = 2) or three of (J = 3) FOSI
SSTA, JRA55 7500, or TRENDY SoilM. Note that when multiple parameters are used
to select model-analogs, their contributions to RMSD are equally weighted (e.g., Ding et
al. 2018).

In this way, model-analogs are selected by comparing anomaly maps of a given target
initial state to every possible match in the CESM2-LE data library from 1979-2019.
Thus, for a given monthly initial state, the data library consists of 50 (members) x 41
(years) = 2050 samples. CESM2-LE anomalies are first calculated using the same 20-
year fair-sliding climatology described previously, which is consistent with the target-
state anomalies. We then retain the top 20 model-analogs with the smallest distance
values, mimicking the 20-member SMYLE forecast ensemble. The predicted
anomalous precipitation in the CESM2-LE model-analog forecasts is then computed
relative to a fixed climatology (1979-2019), chosen due to the small precipitation trend
over that period and the limited GPCP observational record. The top 20 model-analogs

are equally weighted when calculating an ensemble mean forecast.

By generating model-analog forecasts using the same model and initial datasets as in
SMYLE, we cleanly assess the potential added value of the fully initialized system in
SMYLE versus the computational efficiency of the model-analog method. In addition,

by selecting model-analogs based on individual variables (i.e., FOSI SSTAs only) or in

10
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combination (i.e., FOSI SSTAs + JRAS55 Z500), we efficiently assess the impact of

initializing the different model components on forecast skill.

2) MODEL-ANALOGS BASED ON CMIP6 PRE-INDUSTRIAL SIMULATIONS

The CMIP6 archive provides PiControl runs for various models, conducted under
pre-industrial radiative forcing conditions (Eyring et al. 2016). In Section 4, we select 33
PiControl runs, each with a minimum of 300 years, and use them as library datasets for
our model-analogs selection (referred to as MAcmipepi; Table 1 and Table S1). Anomalies
in each respective simulation are computed relative to each model’s fixed climatology
over the full simulation period. While PiControl runs generally lack externally forced
long-term trends, some simulations have a slow model drift. Therefore, we linearly
detrend each dataset to generate effectively trend-free libraries. For each model, we select
analogs based on comparisons to FOSI SSTA states from 60°S-60°N during 1979-2019

(referred to as MA%?). To assess the relative role of the extratropical and tropical initial
conditions in driving precipitation predictability in these models, we also assess
MAcmipepi forecast skill based on analogs selected using only data from 30°S-30°N
(referred to as MA?)?). In either case, we retain the top 20 model-analogs and derive
forecast skill based on each model’s ensemble mean forecast, again equally weighting

the top analogs in the calculation. We further compare to the MMEM model-analog

forecasts (referred to as MAS) and MA3Y), calculated as the average across all 33

ensemble mean model-analog forecasts for each respective analog configuration. All data

have been regridded to 2" x 2" resolution for the model-analog selection process.

A similar method was used in Ding et al. (2018, 2019) based on CMIP5 models, and
was shown to provide good forecast skill when using the control simulations as libraries
for model-analog forecasts within the tropical Indo-Pacific. Using PiControl runs as the
library for model-analog forecasts ignores the impact of radiative forcing (Ding et al.
2018, 2019). However, this approach offers the advantage of leveraging a diverse set of
model simulations from the CMIP archive. By generating forecasts from multiple

models, the MMEM has been shown to improve forecast skill by reducing individual

11
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model errors (e.g., Hagedorn et al. 2005). Specifically, Ding et al. (2019) demonstrated
that the MMEM of model-analog tropical SSTA and precipitation anomaly hindcasts,

based on 28 CMIP5 models, outperforms hindcasts from individual models.
c. Verification data

All model forecasts are evaluated against monthly mean GPCP Version 2.3
gridded observations (Adler et al. 2018), which are available January 1979 to present.
GPCP is a merged product of satellite-derived and in sifu measurements of precipitation,
providing global coverage on a 2.5° x 2.5° grid. Model forecasts and GPCP observations

were interpolated to a common 2° x 2° grid for comparison.

d. Skill evaluation

We quantify skill at each lead time using anomaly correlation coefficient (ACC). It
measures the correlation coefficient between the time series of forecasted anomalous
precipitation and the reference states (i.e., observations), ranging from -1 to 1 with
positive and larger values representing better forecasting skill. We calculate the ACC of
precipitation initializations and forecasts by comparing them to the GPCP monthly

precipitation data.

To calculate the seasonal mean ACC, we first calculate the seasonal mean of both the
forecast and observed anomalies, then calculate the correlation between them. When
comparing the area-averaged ACC, we calculate the area-weighted root mean square
(RMS) of the ACC values within the area considered, which we call the RMS-area-

averaged skill.

ACC significance is determined with a two-sample t-test, using the 95% confidence
interval. We further assess whether one forecast system (e.g., SMYLE) is significantly
better than the other (e.g., MAcesmz2-LE) using a Fisher’s Z-transformation (Stock et al.
2015) with a 95% confidence interval. See Stock et al. (2015) for more details. In both
cases, the number of degrees of freedom accounts for serial autocorrelation (Mitchell et

al. 1966).

12
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e. Comparing model-analog and traditionally-initialized forecasts

To do a fair comparison between model-analog and traditionally-initialized forecasts
(SMYLE and NMME), we must “initialize” model-analog forecasts using a monthly
mean that ends prior to the specific initialization time of the traditional forecasts. That is,
we compare model-analog forecasts initialized on “Month 0” with traditional forecasts
initialized after the end of that month. For example, a model-analog forecast initialized
in August 2000 is generated by selecting analog matches using anomaly data from July
2000 (i.e., Month 0). The model-analog 1-month lead forecast then corresponds to the
monthly mean for “Month 1” (e.g., August 2000 monthly mean), which is compared to
the mean of the first month of daily traditional forecasts initialized August 1, 2000 (e.g.,
the mean of August 1-31), which we also call “Month 17, and so on for longer lead times,
as shown in Fig. 1 (see also Ding et al. 2018). Put another way using NMME
nomenclature (e.g., Kirtman et al. 2014), the Month 1 analog forecast corresponds to the
0.5-month lead NMME forecast. In this paper, we name such a forecast by its traditional
forecast start month (e.g., “August initialization”), to be consistent with the SMYLE
terminology in Yeager et al. (2022). Similarly, “Season 1” corresponds to the mean of
Month 1 to Month 3 forecasts. That is, the Season is labeled with the starting month of

the three months averaged. These definitions are also shown in Fig. 1.

13
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Analog forecast is initialized

(monthly mean of Month Q)
A

I 3-month lead

2-month lead

1-month lead

—l L 4 k 4
Month 0 Month 1 Month 2 Month 3 Month 4
Month 1 Month 2 Month 3 Month 4

SMYLE/NMME forecast is initialized
(1%t day of the Month 1)

Fig. 1 Schematic of how forecast lead time is defined for model-analog and initialized (SMYLE and
NMME) forecast. The orange boxes show how corresponding seasonal mean is calculated. For example,
when Month 1 is August, Season | represents seasonal mean of August, September, and October. The

forecast is called “August initialization” in this paper. Adapted from Ding et al. (2018).

3. Results
a. Emulating SMYLE with MAcEesm2-LE

We first assess whether the model-analog approach can achieve seasonal
precipitation forecast skill comparable to that of traditionally initialized models. By
comparing SMYLE forecasts with MAcesmz-Le forecasts selected using the same
observational datasets used to initialize SMYLE, we establish an apples-to-apples
framework. This allows us to isolate the added value of global initialization in SMYLE,
while also evaluating the model-analog method as a computationally efficient alternative

for seasonal precipitation prediction.

For August initialized forecasts (Fig. 2), both SMYLE and MAcesma-LE display
similar patterns of seasonal precipitation skill from Season 2 (SON) to Season 11 (JJA).
In both sets of hindcasts, there is high seasonal forecast skill over the tropics, particularly
along the Intertropical Convergence Zones (ITCZ) (Fig. 2a-d and 2e-h). The similarity
of skill is notable given that we used only the FOSI SST, Z500, and SoilM anomalies to

choose the model-analogs Although it is relatively low, statistically significant skill is

14



350 also present in some mid-latitude regions, such as the southeast and southwest U.S. and

351 central North Pacific.

352

Aug init

Season 2

(SON)

Season 5
(DJF)

Season 8
(MAM)

Season 11 P
(JJA)

353

354 Fig. 2 August initialized ensemble mean forecast skill (ACC) of seasonal mean precipitation for (a—d)
355  SMYLE, (e-h) MAcgsma-Le, and (i-1) their difference during 1979-2019. Verification seasons are (a, e, i)
356  SON, (b, f, j) DIF, (c,g, k) MAM, and (d, h, 1) JJA. ACC is computed based on the ensemble mean and
357 seasonal mean forecast for both SMYLE and MA cgsmz-Le- In all cases, only ACC or AACC values with
358 95% significance are shown. (i-1) Significant positive (negative) differences indicate that SMYLE
359 (MAcesm2-Le) has significantly more skillful forecasts. Model-analogs were selected based on comparisons
360  to FOSISSTA, JRAS5 Z500 anomalies, and TRENDY SoilM anomalies from 60°S-60°N (see Section 2b).

361  For other initialization times, see Figs. S2-4.

362

363 While most differences between the SMYLE and MAcesm2-LE hindcasts are not

364  statistically significant (based on Fisher’s Z-transformed test; Figs. 2i-1), there are a few
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regions that do have significantly different skill, which are indicated by blue (orange)
shading for the regions where MAcesmz-Le (SMYLE) has higher skill. Notably, in the
western tropical Pacific, where SMYLE skill is near zero or even negative (see also
Yeager et al. 2022), MAcesmz-LE has significantly higher skill than SMYLE through
Season 8 (MAM). Conversely, at shorter Season 2 leads (SON) SMYLE is more skillful
in a few regions, including the South Pacific at higher latitudes and the eastern tropical
Indian Ocean (Fig. 2i). The extent of all areas with statistically significant differences
decreases as the lead time increases. The pattern and amplitude of seasonal precipitation
skill for SMYLE and MAcesme-iE is also similar for forecasts initialized in February,
May, and November, which are shown in Figs. S2-4, respectively. Interestingly, the
higher MAcesmz-LE skill in the western tropical Pacific depends more strongly upon
verification season than lead time, and in particular is always present during SON and
always absent during JJA, for all initialization months. Using Ranked Probability Skill
Score (RPSS) instead of ACC yields consistent results (see Figs. S5-S8).

Figure 3 shows that model-analog initial conditions (i.e., Month 0) better match
observed precipitation anomalies when both SSTA and Z500 are used to identify analogs,
particularly in the extratropics (Fig. 3d). In contrast, selecting model-analogs based on
SoilM alone does not lead to an accurate initial state (Fig. 3¢). Neither does including

SoilM as a selection criterion in combination with the other variables (Fig. 3e-g).
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Aug init
(a)

Fig. 3 August initialized ensemble mean reconstruction skill (ACC) of precipitation in MAcgsme-Le for
Month 0 using various combinations of variables to determine the initial model-analogs: (a) SSTA, (b)
7500, (c) SoilM, (d) SSTA and Z500, (e¢) SSTA and SoilM, (f) Z500 and SoilM, and (g) SSTA, Z500, and
SoilM during 1979-2019. Note that Month 0 of the “August initialization” denotes the July monthly mean.
Only ACC with 95% significance is shown.

Unfortunately, the initial benefit of incorporating Z500 in the MA cesm2-LE selection
criteria does not lead to extended prediction skill, even at Month 1 (Fig. 4). There are few
significant differences (not shown) between MAcesmz2-Le ACC skill using only SSTA
(middle column) or using both SSTA and Z500 (right column) for initial analog selection.
Therefore, seasonal precipitation skill in our MAcesmz2-Le hindcast appears to be

controlled by the initial SSTA states alone.

Fig. 4 also shows that for Month 1 hindcasts, SMYLE has high skill over a much
larger area than MAcesmz2-LE (Fig. 4a,fk), especially in the extratropics. Note that Month
1 includes the first two weeks of the SMYLE forecast integration, a period when synoptic
(daily weather) predictability could be captured by the fully-initialized SMY LE hindcasts
but not by the uninitialized CESM-LE monthly means used for the MAcgesm2-LE.
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However, for longer lead times, MAcesm2-Le hindcast skill is once again mostly

indistinguishable from that of SMYLE (cf. Fig. 4b-d, g-1, I-n).

Aug init
CESM2-LE

(¢)

Month 0

Month 1

Month 2

Month 3

Month 4

ACC

Fig. 4. August initialized ensemble mean forecast skill (ACC) of monthly mean precipitation in (a-d)
SMYLE and MAcesm2-e Where model-analogs are selected using either (e-i) SSTA or (j-n) SSTA and
7500, during 1979-2019. The lead times shown are as follows: (e,j) Month 0 (i.e., initial analog for MA),
(a,£k) Month 1, (b,g,]) Month 2, (c,h,m) Month 3, and (d,i,n) Month 4. Only ACC with 95% significance

is shown.

The above results are largely the same whether we compare hindcast skill over only

land or only ocean (Fig. 5). For Month 1 hindcasts, SMYLE has considerably better skill
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than does M Acesmz2-LE, no matter which analog selection criteria are used, consistent with
Fig. 4. For longer leads, the only model-analogs with skill comparable to SMYLE are
those whose selection criteria includes SSTA. In these forecasts, both SMYLE and
MAcesm2-LE have higher skill over ocean than over land through about Month 7. While
incorporating Z500 enhances the initial model-analog matches (Month 0), it does not lead
to sustained improvement later in the forecast. Including SoilM in model-analog selection

contributes little to skill improvement, even over land.

Months

Months

® SMYLE @ MA; @ MA,, @ MAy,,

Fig. 5 August initialized RMS-area-averaged (60°S-60°N) monthly ACC skill over (a) ocean and (b) land
for MAcesme-Le trained with different combination of variables (circles) and SMYLE (black square) during
1979-2019. Each possible combination of SSTA, Z500, and SoilM is used to select model-analogs,
indicated by colors within the circles: blue colors represent forecasts trained with variables including
SSTA, orange represents Z500, and green represents SoilM. Circles with multiple colors were trained with
more than one variable. The blue, orange, and green lines correspond to forecasts that trained only with

one variable.
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431

432 By about Month 3, MAcesmz2-LE 1s a good emulator of SMYLE hindcasts. This point
433 is further illustrated by determining the time-varying pattern correlation of global
434  monthly precipitation anomalies from the MAcesm2-LE and SMYLE hindcasts at different
435  lead times (red lines in Fig. 6), which by Month 3 reaches about 0.5 on average. Notably,
436  the relationship between the MAcesm2-Le and SMYLE hindcast ensemble-mean
437  anomalies is considerably stronger when both also show higher skill (black and gray
438  lines), generally during ENSO years. That is, both models’ performance is linked to
439  higher signal-to-noise ratios during strong ENSO events (Amaya et al. 2025), when they
440  are largely predicting the same pattern. In sum, our analysis suggests that the MA cesm2-LE
441  hindcasts, based on model-analogs determined only from observed monthly SSTA
442  between 60°S-60°N, provides seasonal precipitation hindcasts comparable to SMYLE
443  beyond about Months 2-3.

444

Month 1
08

Pattern Correlation

" 1980 1982 1984 1986 1988 1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018

/\/\//\rf\ WA

0.2
1980 1082 1984 1986 1088 1090 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018
445 —e—R(SMYLE,Obs) —&— R(MA,Obs) —e—R(SMYLE,MA)

0.6

0.4

0.2

Pattern Correlation

446 Fig. 6 Time-varying global pattern correlations of precipitation anomalies between SMYLE and GPCP
447 (black), MAcesm2-1E and observations (gray), and SMYLE and MAcesm-1e (red) at (a) Month 1 and (b)
448 Month 3. Pattern correlations are first calculated for each of the 4 initializations each year and then

449  averaged together.
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b. Precipitation predictability in CMIP6 models
Given the striking similarities between MAcesmz2-LE and SMYLE, we are confident

that the model-analog method can now be applied to the wider range of CMIP6 PiControl
model libraries. First, we compare MA%? precipitation skill, averaged between 60°S-

60°N, with the skill of the individual 33 model-analog hindcasts (Fig. 7). Recall that these
model-analog forecasts are derived by matching FOSI SSTA states only (see Section 2b

for details). The skill of the MAS? forecasts is generally higher than the skill of the
individual models. Model-analog hindcasts generated using different CESM2 runs
exhibit relatively higher skill than most of the other models, and different versions have

skill that even slightly exceeds MA%? for longer leads when initialized in February and

November (Fig. 7a,d).

0.4
(a) Feb init (b) May init

0.1
2(MAM) 5(JJA) 8(SON) 11(DJF)  2(JJA) 5(SON) 8(DJF) 11(MAM)

(¢) Aug init (d) Nov init

2(SON) 5(DJF) 8(MAM) 11(JJA)  2(DJF) 5(MAM) 8(JJA) 11(SON)

MAY --MA® — MAcesmz — MAcesmz-Fv2 — MAcesmz-waccm — MAcesm2-wacom-Fv2
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Fig. 7 Ensemble mean forecast skill (ACC) seasonal mean precipitation averaged 60°S-60°N for model-
analog forecasts based on CMIP6 PiControl runs (i.e., MAIGJ?) during 1979-2019. The forecasts are for (a)

February, (b) May, (c) August, and (d) November initialization. The orange line shows the multi-model

ensemble mean skill (i.e., MAS?). The gray lines are the results of model-analog forecasts based on 33

individual CMIP6 PiControl runs with model-analogs based on different CESM2 configurations
highlighted by colored lines. In all cases, analogs were selected based on comparisons to FOSI SSTA from
60°S-60°N.

The added value of the MMEM for model-analog hindcasts is more clearly seen in
Fig. 8, which displays global MA%? seasonal precipitation hindcast skill for the same
initialization months as SMYLE and MAcesmz-LE (cf. Figs. 2 and S2-S4). Most of the

skill and skill differences are again concentrated in the tropical regions near the ITCZ,
with W%? generally showing higher skill, apart from short lead hindcasts initialized in
August when both SMYLE and MAcesmz-Le show elevated skill in these regions. In the
extratropics, Wg‘f skill is similar to but somewhat higher than SMYLE and M A cesm2-LE

(e.g., comparing Fig. 8j to Fig. 2b,f), including hindcasts verifying during DJF over North
America for all four initializations (Figs. 8d, 8g, 8j, and 8m). We will further explore

North American forecast skill across the different forecast configurations below.
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Fig. 8 Forecast skill (ACC) of seasonal mean precipitation for W%? during 1979-2019. The forecasts are
for (a-d) February, (e-h) May, (i-1) August., and (m-p) November initialization. Rows show non-
overlapping 3-month seasonal mean: (a, e, i, m) Season 2, (b, f, j, n) Season 5, (c, g, k, 0) Season 8, and
(d, h, I, p) Season 11 (See Fig. 1 and Section 2e), with the target season indicated in the bottom right. For
example, Season 2 of the February initialization is the mean of March-May (MAM). In all cases, analogs
were selected based on comparisons to observed SSTA from 60°S-60"N. Only ACC with 95% significance

is shown.

Up to this point, we have shown results based on CMIP6-based model-analogs
selected using SSTA covering both the tropical and extratropical oceans, within the
60°S—60°N latitude band (i.c., MA%Y). To determine the relative importance of the initial
extratropical SSTA to these model-analog forecasts, we next compare to a tropics-only
(30°S-30°N) configuration (MAPI’,?). For the most part, there is almost no degradation in
hindcast skill across the CMIP6 models when using the smaller SSTA domain, as
evidenced by the near one-to-one relationship between the MAS? and MAZY forecast skill
across models, seasons, and lead times (Fig. 9). If anything, forecast skill at short lead

times (Season 2 and 5) is slightly reduced when extratropical SSTAs are included during
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model-analog selection, as indicated by the prevalence of green and orange points falling
below the one-to-one line. This modest reduction in MAS? skill is largely confined to the

tropical Pacific (not shown) and is associated with a slightly degraded tropical initial state
at Month 0, especially during non-ENSO years (Fig. S9), a consequence of poorer analog
matches in the tropics when additional weight is placed on extratropical SSTAs. Despite
this, the comparable skill of MA%? forecasts is notable and suggests that the majority of
global precipitation predictability in CMIP6 models originates from the tropical initial
ocean state alone. In other words, incorporating extratropical SSTA information does not
provide a measurable improvement in global precipitation skill in the model-analog

hindcasts.

35 (a) Feb init (b) May init
0.3 78 L
-
’ &
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" il.
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MAY skill (ACC)
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Fig. 9 Forecast skill (ACC) of seasonal mean precipitation area-averaged within 60°S-60°N for MA?,? (y-
axes) and MAffiJ (x-axes) during 1979-2019 for (a) February, (b) May, (c) August, and (d) November
initializations. Individual dots denote the skill of the 33 individual CMIP6 model runs. Diamonds denote
the skill for the multi-model ensemble mean (i.e., MA$? and MA3?) for each model-analog configuration.

Colors mark different seasonal lead times. The dashed line is a 1-to-1 line. MA%? forecasts with skill above

(below) the 1-to-1 line are more (less) skillful than the corresponding MA%? forecasts from the same model.
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The primacy of the tropical initial ocean conditions is further highlighted when

comparing MA3? precipitation hindcast skill over North America to that of the NMME

(Fig. 10). In particular, the August-initialized MA . (Fig. 10a) and NMME (Fig. 10b)
seasonal precipitation hindcasts have the same overall skill pattern during boreal winter
(DJF). Both hindcasts capture the regions of higher skill in the southern portion of the
U.S., the Northern Rockies, and Alaska, along with high skill over the ocean off the
California coast. NMME skill is higher in some regions of the North Pacific, while MA30
skill is somewhat more extensive within North America. Note that the North American
m skill is also generally higher than both SMYLE and M A cesmz-LE skill for the same
hindcast period (compare Fig. 10b with Figs. S10a-b), likely due to the use of a MMEM.
[The CanESMS is the only model in common between the MA3) and NMME, and MA3!

is not based on the same SSTA datasets used in the various NMME model initializations,

so the comparison is not as clean as in Section 3a.]

When predicting key regions around North America, we see that a pronounced
seasonal cycle in precipitation hindcast skill exists for both the NMME (Figs. 10c,e,g)
and W%? (Figs. 10d,£)h). The slanted areas of high skill represent hindcasts that verify
in the same month, for different initialization months and forecast lead times. For both
the Southeast and Southwest boxes, this higher skill is particularly evident for hindcasts
verifying during winter and early spring (Fig. 10e-h), highlighting wintertime ENSO
teleconnections as an important source of seasonal precipitation predictability in these

regions. In general, the MA31 and NMME skill in these regions are comparable, though

MA3J? has somewhat higher skill at longer lead times. For the Offshore box, the MA3?

has a similar skill pattern but with lower values than the NMME. This is not, however,
simply a result of using only tropical SSTA to choose model-analogs, since the model-

analog forecasts based on FOSI SSTA from 60°S-60°N have no higher skill (Fig. S11).
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Fig. 10 Comparison of ensemble mean forecast skill for selected regions between NMME and MA3?. (a)
NMME DJF ACC, initialized in the previous August. (b) As in (a), but for the Wf’,?. ACC of area-averaged
precipitation in the (c,d) Offshore, (e,f) American Southwest and (g,h) American Southeast, calculated
for 1991-2019 for (c,e,g) NMME and (d,f,h) W{;?, as a function of initialization month (x-axis) and
verification Season (y-axis). The Offshore and American Southeast boxes were chosen as the areas with
the strongest observed ENSO-related seasonal precipitation change in wintertime (Fig. S1). The Southwest
box was chosen as a region important for water resource management. Note that the Seasons overlap in
these panels; for example, for the December initialization, Season 1 is DJF, Season 2 is JFM, and so on.

The black dots in (c-h) indicate skill with 95% significance.

5. Concluding Remarks

In this study, we demonstrated that model-analogs can be used to make seasonal
precipitation forecasts whose skill in almost all regions and seasons is competitive with

traditionally-initialized forecast modeling systems, with much lower computational cost.
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By comparing model-analog and traditionally-initialized hindcasts based on both CESM2
and the same initialization datasets, we found that this skill can be obtained using SSTA
alone for model-analog selection, for leads as short as Month 2. Likewise, although
incorporating Z500 improved the match of initial analogs with observed target states and
consequently Month 0 precipitation skill, it did not enhance skill for longer forecast leads.
Incorporating SoilM did little to either improve the initial match or subsequent skill of
the model-analogs, a finding consistent with a previous analysis using the CESM2 for
traditionally-initialized subseasonal forecasts (Richter et al. 2024). Furthermore, we
showed that a MMEM approach improves model-analog seasonal precipitation
prediction skill: MMEM precipitation skill based on model-analog hindcast ensembles
selected from CMIP6 PiControl runs, using SSTA within 30°'S=30°N, was comparable
with the traditionally-initialized NMME precipitation forecast skill. We also found that
MMEM model-analog forecast skill was largely unchanged when initial model-analogs
were selected based solely on tropical SSTA, suggesting that there was little additional
information in initial extratropical SSTA that enhanced model-analog forecast
performance. In some cases, model-analogs even appeared to improve upon traditionally-

initialized forecasts: MAcesmz2-LE skill in the western tropical Pacific is significantly
better than SMYLE (Fig. 2) and MA3? skill begins to exceed NMME skill at leads of

several months. Note that these results primarily focus on seasonal precipitation skill;

future work could also consider the predictability of extreme events using model-analogs.

There are several possible explanations for why model-analog skill can sometimes
exceed that of traditionally-initialized forecast systems. First, as noted earlier, model-
analog forecast ensembles are not subject to initialization shock. The higher western
tropical Pacific MAcesmz-LE skill might then relate to initialization shock effects that
make the equatorial cold tongue bias worse in SMYLE (particularly on its western edge,
in winter) than it is in CESM2 control runs (Wu et al. 2022). Also, using only a few well-
observed variables for model-analog selection means there is no direct dependence upon
other variables that may have particularly large observational and/or systematic initial

errors (e.g., Lou et al. 2023). For example, uncertainties in initial subsurface ocean
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anomalies could impact traditionally-initialized ensembles, especially at longer leads, but

not our SSTA-based model-analogs (see also Ding and Alexander 2023).

Moreover, given the skill and simplicity of our model-analog approach, additional
enhancements in the model-analog technique might further increase its seasonal
precipitation skill. For example, we might use additional tropical oceanic variables
instead of extratropical SSTA to determine model-analogs, given that sea surface height
anomalies have already been shown to improve model-analog long-range ENSO skill
(Lou et al. 2023) and therefore might also improve long-range precipitation skill. Using
machine learning to optimize model-analog selection (Rader and Barnes, 2023; Toride
et al. 2025) might not only allow us to fine-tune choices of both initial variables and
regions but, more importantly, could provide detailed diagnosis of the initial state-
dependence of seasonal precipitation skill, including its potential sensitivity to ENSO

phase and diversity (Capotondi et al. 2015).

Still, improved model-analog initialization might offer only incremental skill
improvements, considering how well the CESM2 model-analogs based upon SSTA alone
already captured the spatial, annual-cycle, and even temporal dependence of near-global
seasonal precipitation skill of the SMYLE hindcasts for a 40-yr period. While using an
MMEM approach did appear to enhance skill, it did so for both forecast techniques, so
that NMME and model-analog skill remained comparable, even when only tropical
SSTA was used for the model-analogs. This result is especially striking since, even for
model simulations of up to a few thousand years in length, the model-analog signal is
generally based on only a relatively few large-scale patterns of tropical SSTA, with the
other smaller-scale patterns mostly acting as sources of noise (not shown but see Ding et
al. 2018). Ultimately, while model-analogs may avoid some degradation of prediction
skill inherent to full-field forecast model initialization, they are not free from the biases
and systematic errors of the model simulations from which they are drawn, and therefore

estimate potential skill similarly to the traditionally-initialized forecasts.

In fact, the excellent precipitation skill comparison between the tropics-only model-

analogs and a variety of traditionally-initialized forecast models leads us to this basic
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conclusion: Global seasonal precipitation prediction skill of the current generation of
coupled climate models is nearly entirely due to the large-scale information contained in
tropical SSTA alone. This result confirms and expands upon some recent regional studies
that came to a similar conclusion for regions that are strongly influenced by ENSO,
including North America (Gibson et al. 2021; Sun et al. 2022; Peings et al. 2024), South
America (Zhang et al. 2023), East Asia (Zhou et al. 2020), and East Africa (Shukla et al.
2019), as well as much older studies that came to a similar conclusion for forecast models
of earlier eras (e.g., Kumar et al. 1996). Our conclusion is also consistent with potential
impacts on seasonal precipitation skill from initial SSTA in the Indian (e.g., Hardiman et

al. 2020) and Atlantic (e.g., Scaife et al. 2017) Oceans.

Note that our conclusion does not mean that processes outside the tropics, both in the
ocean and on land, must all be unimportant for seasonal precipitation predictability, even
for the current class of models. Some processes could, for example, become relevant to
the evolving forecast anomalies after initialization, say by modifying the extratropical
response to teleconnections emanating from the tropics. Similarly, variables related to
extratropical processes might essentially be in balance (on monthly time scales) with
tropical SSTA, even if they represent a physically-relevant portion of the initial state. In
this case, extratropical anomalies would not necessarily add any information to the initial
climate state beyond what can be captured using tropical SSTAs alone. This demonstrates
a key difference between traditionally-initialized and model-analog hindcasts: All state
variables are present in model-analog initial conditions, even when only a small subset

of the data (in this case, tropical SSTA) is used to select initial states.

We also stress that we are drawing a conclusion regarding current modeling
capability for seasonal precipitation prediction, and not the inherent seasonal
precipitation predictability of the global climate system. Further model improvement
remains possible (if difficult), which could both increase precipitation skill and help
identify additional sources of that skill. First, even if all seasonal precipitation
predictability originated in the tropics, climate models remain deficient in their ability to

capture it. For example, systematic forecast errors in ENSO-related tropical SSTA and
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precipitation anomalies (Beverley et al. 2023) and in the extratropical jets (Garfinkel et
al. 2022; Williams et al. 2023) could together lead to erroneous extratropical
teleconnections and reduce extratropical seasonal precipitation skill in strongly ENSO-
teleconnected regions such as the U.S. Southwest (e.g., Jiang et al. 2022; Wu et al. 2022;
Peings et al. 2025). Indeed, this may help explain why including extratropical SSTA
could even degrade model-analog skill: erroneous model teleconnections between
tropical and extratropical SSTA yield global SSTA model states that cannot be entirely
matched by observed SSTA patterns. Recent nudging experiments, which re-run
hindcasts with “perfect” observed tropical conditions (e.g., Dias et al. 2021; Peings et al.
2022), also suggest that improved tropical predictions might lead to improved

extratropical forecasts.

Second, there could be additional sources of seasonal precipitation predictability
beyond the tropics that models cannot yet access. For example, it has been proposed that
SSTA in the western boundary regions of the North Pacific and Atlantic oceans might
impact downstream storm tracks sufficiently to enhance seasonal predictability, but that
current models lack sufficient resolution to adequately capture this process (e.g., Smirnov
et al. 2015; Wills et al. 2024; Strommen et al. 2025). This could also explain why
extratropical SSTA do not improve forecast skill. Finally, predictability might also arise
from SoilM anomalies but require improved land surface models and soil initial state
estimates to realize (Nair et al. 2024), or from surface snow or ice anomalies, especially
in the Arctic (Peings et al. 2024). As new models are developed that might contain some
or all of the above improvements, model-analogs will remain a useful tool for
determining where model development has led to seasonal precipitation skill
improvement, without the need for extensive and computationally expensive hindcast

experiments.
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