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ABSTRACT: Anthropogenic climate change is unfolding rapidly, yet its regional manifestation
can be obscured by internal variability. A primary goal of climate science is to identify the
externally forced climate response from amongst the noise of internal variability. Separating the
forced response from internal variability can be addressed in climate models by using a large
ensemble to average over different possible realizations of internal variability. However, with only
one realization of the real world, it is a major challenge to isolate the forced response directly in
observations. In the Forced Component Estimation Statistical Method Intercomparison Project
(ForceSMIP), contributors used existing and newly developed statistical and machine learning
methods to estimate the forced response over 1950-2022 within individual realizations of the
climate system. Participants used neural networks, linear inverse models, fingerprinting methods,
and low-frequency component analysis, among other approaches. These methods were trained
using large ensembles from multiple climate models and then applied to observations. Here we
evaluate method performance within large ensembles and investigate the estimates of the forced
response in observations. Our results show that many different types of methods are skillful for
estimating the forced response in climate models, though the relative skill of individual methods
varies depending on the variable and evaluation metric. Methods with comparable skill in models
can give a wide range of estimates of the forced response in observations, illustrating the epistemic
uncertainty in forced response estimates. ForceSMIP gives new insights into the forced response

in observations, its uncertainty, and methods for its estimation.
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SIGNIFICANCE STATEMENT: The ForceSMIP project aims to reduce uncertainty in estimates
of the climate response to anthropogenic and other external forcing and to evaluate statistical and
machine learning methods designed to estimate the forced response from individual realizations of
the climate system. New and existing statistical and machine learning methods are evaluated within
climate models, for which the forced response is known. Applying these methods to observations
gives an estimate of the real-world forced response. The observational forced response estimate
agrees with climate models on the large-scale features but also shows discrepancies that give
insights into responses that may not be simulated well by climate models. In some regions with
large internal variability, such as the North Atlantic ocean, it remains difficult to determine the

relative contributions of anthropogenic forcing and internal variability to historical changes.

1. Introduction

Climate variability and change is composed of forced and unforced components. The forced
component of climate change, or forced response, includes all spatiotemporal changes in climate in
response to external forcing. Here we consider the net response to forcing from greenhouse gasses,
anthropogenic aerosols, land-use change, stratospheric ozone, and natural forcing (e.g., volcanic
sulfur emissions and solar variability). The unforced component is due to internal variability of
the climate system, for example associated with modes of climate variability such as the El Nifio-
Southern Oscillation (ENSO), Atlantic multi-decadal variability (AMV), and the North Atlantic
Oscillation (NAO). In some regions or variables that are prone to large internal variability, the
unforced component can be comparable in magnitude to or larger than the forced component,
even in multi-decadal trends (Deser et al. 2012, 2014; Lehner et al. 2020). Accurate estimation
of the forced and unforced components of regional climate change is critical for the attribution of
historical climate changes and the characterization and understanding of climate variability and
extremes.

In climate models, the forced component can be isolated using large ensembles, where the same
climate model is run many times with the same forcing but differences in initial conditions, leading
to differences in the phasing of internal variability. For a climate measure of interest, the ensemble
mean — or another relevant statistical measure — of a large ensemble gives an estimate of the forced

response, with larger ensembles needed for variables with lower signal-to-noise ratio (Milinski et al.
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2020). Assuming linear additivity of the forced and unforced components, the difference of an
individual realization from the ensemble mean gives the contribution of internal variability. An
example is shown for 1980-2022 SST trends from a single member of the ACCESS-ESM1-5 large
ensemble in Fig. 1, where the full trend (Fig. 1a) is separated into forced and unforced components
(Fig. 1b and c, respectively) based on the ensemble mean. Large ensembles are now a widespread
tool used for climate change attribution, climate projections, and studies of climate variability and
extremes (Deser et al. 2020). However, there is only a single realization of the actual climate
system, and it is therefore substantially harder to separate observed climate change into forced
and unforced components. Methods to estimate the forced response directly from observations
are needed for evaluating climate models and understanding discrepancies between models and
observations, for example to understand the role of forced response biases and internal variability
in documented long-term trend discrepancies (Wills et al. 2022; Blackport and Fyfe 2022; Simpson
et al. 2025) or to understand apparent discrepancies in the amplitude and signal-to-noise properties
of modeled climate variability (Laepple and Huybers 2014; Scaife and Smith 2018; Klavans et al.
2025).

Individual studies have used one or more statistical methods to estimate the forced response in
observations for various applications. For example, separating the forced and unforced component
of AMV and the associated Sahel rainfall variability has received particular attention (Ting et al.
2009; Booth etal. 2012; Zhang et al. 2013; Frankcombe et al. 2015; Bellucci et al. 2017; Frankignoul
et al. 2017; Wills et al. 2020; Qin et al. 2020; Latif et al. 2022; He et al. 2023). By using different
methods to estimate the forced response, each with their own methodological assumptions, these
studies have reached widely differing conclusions ranging from the AMYV is mostly forced (Booth
et al. 2012; Wills et al. 2020; He et al. 2023) to the AMV is mostly internal variability (Zhang
et al. 2013; Ting et al. 2009; Qin et al. 2020; Latif et al. 2022), although many of these studies
acknowledge the uncertainty in this conclusion. There are also a range of conclusions on the
forced and unforced contributions to the multi-decadal modulation of the global warming rate
(DelSole et al. 2011; Dai et al. 2015; Stolpe et al. 2017; Kravtsov et al. 2018) and multi-decadal
changes in the Pacific SST pattern (Olonscheck et al. 2020; Wills et al. 2022; Seager et al. 2022;
Rugenstein et al. 2023) and the Aleutian low (Smith et al. 2016; Oudar et al. 2018), among other

climate indices. All of these questions would benefit from a systematic comparison of methods for
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estimating the forced response in observations, and this is what the Forced Component Estimation
Statistical Method Intercomparison Project (ForceSMIP) aims to do.

Large ensembles provide a perfect-model testbed for methods that estimate the forced response
from individual ensemble members, because their ensemble mean gives a good estimate of the
true forced response in that model. This has been the approach of several previous studies, which
have developed statistical or machine learning (StatML) methods to estimate the forced response
in single realizations, evaluated them using large ensembles, and then applied them to observations
(Deser et al. 2014; Frankcombe et al. 2015; Frankignoul et al. 2017; Sippel et al. 2019; Wills
et al. 2020; Bone et al. 2024; Rader et al. 2025). However, these studies have generally focused on
one or two methods compared to some simple reference methods, and there has been no broader
systematic intercomparison of methods. Furthermore, these studies have primarily targeted surface
temperature and/or precipitation, and it is not clear how well the methods used generalize to other
climate variables. ForceSMIP aims to systematically compare various StatML methods for forced
response estimation across multiple variables in a common framework. Here we both assess which
methods are skillful within the large ensemble testbed and investigate the spread of estimated forced
responses in observations.

The rest of the paper is organized as follows. In Section 2, we present the ForceSMIP framework
and the climate model large ensemble and observational datasets used. In Section 3, we describe
the 30 StatML methods that have been submitted to ForceSMIP. In Section 4, we evaluate the
skill of methods for the spatial patterns of long-term trends across multiple variables, grid-scale
spatiotemporal variability, and the temporal evolution of selected climate indices. In Section 5,
we show examples of the forced responses in observations based on the most skillful methods.
Finally, in Section 6, we draw conclusions and discuss implications, potential applications, and

future directions.
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Fic. 1. Illustration of selected methods and how they are evaluated in ForceSMIP using climate model large
ensembles. ForceSMIP participants generated a forced response estimate for each of 10 unlabeled evaluation
members. While the forced response estimate includes spatiotemporal variations across 8 variables over 1950-
2022, here each panel shows 1980-2022 annual-mean SST trends: (a) A single evaluation member (1B) from
a large ensemble, which after the submissions was revealed to be from ACCESS-ESMI1-5. (b) The “correct
answer” is thus estimated from the 40-member ensemble mean of ACCESS-ESM1-5. (c) The internal variability
contribution to the trend in (a) is computed as (a) - (b). (d) The TrainingEM method is rescaled from the ensemble
mean of the training models and does not use information from ACCESS-ESM1-5 other than the global-mean
surface temperature trend. It is a reference method meant to illustrate the forced response that would be estimated
from a multi-model ensemble mean. (e)-(i) Forced response estimates from selected ForceSMIP methods, with
names and numbers in the titles corresponding to those in Table 1. (j) Taylor diagram showing root mean square
error (RMSE) normalized by the root mean square amplitude of the ensemble mean (colors), the root mean
square amplitude normalized by the root mean square amplitude of the ensemble mean, i.e., o;/orgr (black
arcs), and the uncentered pattern correlation r; (black rays). See Section 4a for further details of the evaluation
metrics. Each method is shown as a symbol with numbers corresponding to those in Table 1; diamonds show
methods that use pattern information from the training models; circles show methods that do not. The raw data
(a) is shown as a white star, and the dashed white line shows SRMSE;/RMSEgraw = 67;/ rraw. The skill metrics
are averaged over the 5 “unseen model” evaluation members as explained in the text.
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TaBLE 1. Statistical and machine learning methods for forced response estimation submitted to ForceSMIP

Tier 1. Included is information about the institutions involved in developing the methods, a rough categorization

of the method type (NN = neural network), whether the method uses pattern information from the training

models, whether the method is applied to multiple field variables at once (e.g., using the SST forced response to

inform the precipitation forced response), and the number of tunable parameters in the method (i.e., parameters

which can be influenced by the training models; reported by the method contributor). Methods are ordered by

the number of tunable parameters, and this numbering is used throughout the text and figures.

# Name Institution(s) Type of Method  Pattern Information ~ Multi-Field N Parameters
1 RegGMST NCAR Regression No Yes 0

2 4th-Order-Polynomial N/A Reference No No 0

3 10yr-Lowpass N/A Reference No No 0

4 LFCA ETHZ LFCA No No 2

5 LFCA-2 ETHZ LFCA No No 2

6 MF-LFCA ETHZ LFCA No Yes 2

7 MF-LFCA-2 ETHZ LFCA No Yes 2

8 LIMnMCA Cornell, Tohoku LIM No Yes 2

9 ICA-lowpass MPI-M Other No No 3
10 LIMopt ETHZ LIM No No 3
11 LIMopt-filter ETHZ LIM No No 4
12 Colored-LIMnMCA Cornell, Tohoku LIM No Yes 5
13 DMDc Valencia LIM No No 75
14 GPCA Valencia Causal Inference No No 88
15 GPCA-DA Valencia Causal Inference No Yes 89
16 RegGMST-LENSem NCAR Regression No Yes 876
17 MLR-Forcing LLNL Regression No Yes 1.1e4
18 SNMP-OF ETHZ Fingerprinting Yes Yes 1.0e4
19 AllFinger LLNL, WHOI, UCLA Fingerprinting Yes No 1.0e4
20 MonthFinger LLNL, WHO, UCLA Fingerprinting Yes No 1.2e5
21 3DUNet-Fingerprinters  UCLA, LLNL, WHOI NN Yes No 5.4e5
22 EOF-SLR IAP, Milwaukee Fingerprinting Yes No O(le6)
23 LDM-SLR IAP, Milwaukee Fingerprinting Yes No O(le6)
24 Anchor-OPLS Valencia Regression Yes No 2.1e6
25 UNet3D-LOCEAN LOCEAN NN Yes Yes 2.7e6
26 TrainingEM N/A Reference Yes Yes 9.1e6
27 RandomForest UCLA Random Forest Yes No 1.0e7
28 EncoderDecoder CSU NN Yes No 2.3e7
29 EnsFMP ETHZ Fingerprinting Yes Yes 4.5¢7
30 ANN-Fingerprinters LLNL NN Yes No lel6
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2. ForceSMIP Framework and Data

The overarching idea of ForceSMIP is that community contributors develop and train StatML
methods to estimate the forced response from single ensemble members and then apply them to
model-based evaluation data and observations. The methods are then evaluated based on their
forced response estimates in the model-based evaluation data, where each model’s true forced
response is known. Finally, the observational forced response estimates can be compared across
methods that have proven skillful in the model testbed.

In order to test or train their methods, contributors were provided with data from 5 climate model
large ensembles (Table 2). The identity of these training models was revealed to the participants.
Data over 1850-2100 from all ensemble members of the historical and future scenario simulations
was provided for 8 climate variables, chosen due to their widespread usage to characterize climate
variability and change or their relevance for climate extremes: sea-surface temperature (SST),
2-meter air temperature (T2m), precipitation (PR), sea-level pressure (SLP), monthly-maximum
of daily precipitation (monmaxpr), monthly-maximum of daily-maximum temperature (monmax-
tasmax), monthly-minimum of daily-minimum temperature (monmintasmin), and zonal-mean at-
mospheric temperature (zmTa). The first four variables were taken from monthly outputs of tos,
tas, pr, and psl, respectively, using the naming conventions of CMIP6 (Eyring et al. 2016). The
remaining four variables were processed from daily output of pr, tasmax, and tasmin and monthly
output of ta, respectively. All variables were interpolated to a common 2.5° grid following Brunner
et al. (2020). Four of the variables were then additionally processed with CDO (Schulzweida 2023)
commands to make derived variables: daily pr with monmax to make monmaxpr, daily tasmax
with monmax to make monmaxtasmax, daily tasmin with monmin to make monmintasmin, and
montly ta with zonmean to make zmTa, where monmax takes a monthly maximum, monmin takes
a monthly minimum, and zonmean takes a zonal mean. After this processing, all variables have
two spatial dimensions (lat and pressure for zmTa; lat and lon for all others) and monthly time
resolution.

After developing and training their methods, the contributors submitted: (1) descriptions and
basic information about their methods, (2) their method code, and (3) output from application of
their method to estimate the forced response across all 8 variables in 10 evaluation members over the

period 1950-2022. For the purposes of ForceSMIP, we use a broad definition of the forced response
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TaBLE 2. Large ensemble and observational data used in ForceSMIP. The first 5 models are the training
models and the next 5 models are “unseen models”, which are the source of the evaluation members 1B, 1D,
1E, 1G, and 1] used for method evaluation in this paper. Evaluation member 11 is the observational data. “Total
Members” indicates the number of members used to compute the ensemble mean, with the number in parenthesis
indicating the number of future scenario members if it is different than the number of historical simulation
members. CESM?2 members are those with smoothed biomass burning (Rodgers et al. 2021). Note that due to
data problems for zmTa in some members of EC-Earth3, only 13 (51) of the total ensemble members were used

to compute the ensemble mean for this variable.

Model Evaluation Member  Total Members  Future Scenario Reference
CanESM5 1C (r20i1p2£l) 25 SSP585 Swart et al. (2019)
CESM2 IF (LE 1281.019) 50 SSP370 Rodgers et al. (2021)
MIROC6 1H (r11ilplfl) 50 SSP585 Tatebe et al. (2019)
MIROC-ES2L N/A 30 SSP245 Hajima et al. (2020)
MPI-ESM1-2-LR 1A (r23ilplfl) 30 SSP585 Olonscheck et al. (2023)
ACCESS-ESM1-5 1B (r10ilp1fl) 40 SSP585 Ziehn et al. (2020)
EC-Earth3 1D (r6ilp1f1) 18 (58) SSP585 Wyser et al. (2021)
GFDL-SPEAR-MED 1E (13ilplfl) 30 SSP585 Delworth et al. (2020)
IPSL-CM6A-LR 1G (r3ilplfl) 33 (11) SSP245 Boucher et al. (2020)
NorCPM1 1J (rdilplfl) 30 SSP245 Bethke et al. (2021)
ERAS5/ERSSTS 1I 1 N/A Hersbach et al. (2020); Huang et al. (2017)

(forced component of climate variability and change): it includes all spatiotemporal variations in
the ensemble mean, thus including climate variations due to natural climate forcings (e.g., volcanic
eruptions and solar variability) and anthropogenic influences (e.g., anthropogenic emissions of
greenhouse gases and aerosols). Contributors therefore had to submit forced response estimates
for all variables at monthly time resolution for all points on the 2.5° analysis grid. Nevertheless,
much of the discussion in the hackathon that preceded the method submission focused on 1950-
2022 trends or 1980-2022 trends, and many participants focused on skill metrics like the pattern
correlation and root mean square error (RMSE) in long-term linear trends, as shown in Figs. 1 and
2. These figures will be discussed in more detail in Section 4, but the overall idea is that by applying
StatML to a single ensemble member (for which the trends over 1980-2022 are shown in Figs. la
and 2a), the forced response estimates submitted by ForceSMIP contributors (Figs. 1d-i and 2d-1)

should approximate as closely as possible the ensemble mean of the corresponding large ensemble

10
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Fic. 2. Same as Fig. 1, but for precipitation.

(Figs. 1b and 2b) by removing the internal variability (Figs. lc and 2c¢). The 1980-2022 trends
shown here are just one way in which the spatiotemporally resolved forced response estimates are
evaluated in Section 4.

The evaluation members in which the forced response is estimated are individual ensemble
members of 9 different climate models (Table 2; excluding one training model) and 1 member
combining observational and reanalysis data. All evaluation members had the metadata removed

so that it was not possible to determine which dataset they came from. Only two of the ForceSMIP

11
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organizers (C. Deser and A. Phillips) knew the identity of these evaluation members. Of the 9
model-based evaluation members, 5 were from unseen models that were not among the training
models. The method evaluation in Section 4 will primarily rely on these 5 unseen-model evaluation
members. The forced response estimates for the evaluation members will be evaluated against
the ensemble means computed over all available ensemble members. Note that for two models
(EC-Earth3 and IPSL-CM6A-LR), there are a different number of historical and future scenario
members, and in these cases the ensemble mean is computed separately in the historical and
scenario simulations and then concatenated. Due to finite ensemble size, the ensemble mean
against which methods are evaluated will still have some internal variability in it. This can lead

to uncertainty on the order of 1/V40+18+30+33+30=0.08 (i.e., 8%) in the RMSE metrics that

will be considered (using the ensemble size of the 5 unseen models during the historical period).

Data from observations and reanalysis was processed to be on the same spatial and temporal
resolution as the large ensemble data and was included as one of the unlabeled evaluation members
(1I). In this way, methods can be evaluated and applied to observations in a single round of forced
response submissions. This initial round of “Tier 17 ForceSMIP submissions focuses on 1950-
2022, which was chosen based on the availability of reanalysis data over this period. As such,
all “observational” data in Tier 1 except SST is actually from ERAS5 reanalysis (Hersbach et al.
2020). Daily tasmax, tasmin, and pr were computed from ERAS hourly 2-meter temperature and
rainfall data, and the other variables were computed from monthly ERAS5 data. SST is from the
NOAA Extended Reconstructed SST version 5 (ERSST5; Huang et al. (2017)). Accordingly, the
observational forced response estimates from ForceSMIP Tier 1 will be subject to any biases present
in the ERAS5 and ERSSTS datasets. This is especially worth keeping in mind for the variables based
on ERAS reanalysis, where changes in the observing system can lead to spurious trends (Bengtsson
et al. 2004). Subsequent Tiers of ForceSMIP will focus on different time periods, 1900-2023 and
1979-2023, on which different sets of observational data are available.

While the forced response estimates all have monthly temporal resolution, the analysis in this
paper focuses on annual or seasonal averages (for SST, T2m, PR, SLP, and zmTA), annual maxi-
mums, and annual minimums. The annual maximum of monmaxtasmax is called TXx, the annual
maximum of monmaxpr is called Rx1day, and the annual minimum of monmintasmin is called

TNn, following standard conventions in the study of extreme events (Zhang et al. 2011).

12
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3. Statistical and Machine Learning Methods for Forced Response Estimation

Thirty StatML methods were submitted to this first tier of the ForceSMIP project. They comprise
a diverse mix of approaches including linear regression on global-mean temperature or forcing
timeseries, low-frequency component analysis (LFCA), linear dynamical mode methods such as
linear inverse models (LIMs), linear fingerprinting methods, and neural networks or other machine
learning (ML) methods (Table 1). This includes both established methods [e.g., LFCA (Wills et al.
2020), LIMopt (Frankignoul et al. 2017), and regression on global-mean surface temperature (Ting
et al. 2009; Deser and Phillips 2021)] and methods newly created for ForceSMIP. The development
of many of these methods began at a hackathon held at NCAR and ETH Zurich in August 2023.
These methods are briefly summarized in the following subsections, with key details listed in Table
1. In Table 1 and throughout the text, methods are ordered by their number of tunable parameters,
which range from 0 to O(107) or higher. More detailed information about the methods and how
they were trained can be found in the Supplementary Material, and code for all methods can be

found at https://github.com/ForceSMIP/tierl-methods.

a. Linear regression on global-mean temperature or forcing timeseries: RegGMST, RegGMST-

LENSem, MLR-Forcing

Many studies of internal variability, including ENSO, AMYV, and the Pacific Decadal Oscilla-
tion (PDO), remove anomalies associated with global-mean sea-surface temperature (GMSST)
or global-mean surface temperature (GMST) changes when defining indices of this variability
(Trenberth and Shea 2006; Ting et al. 2009; Frankignoul et al. 2017; Deser and Phillips 2021).
Underlying these approaches is an implicit estimation of the forced response based on GMSST or
GMST, under the assumption that those globally aggregated metrics are good proxies of the forced
response. In ForceSMIP, two methods, RegGMST and RegGMST-LENSem, estimate the forced
response by regressing each field onto a timeseries of GMST and combining that regression pattern
with the GMST timeseries. RegGMST uses regression on GMST from the target evaluation mem-
ber and RegGMST-LENSem uses regression on the ensemble-mean GMST from the 50-member
CESM2 large ensemble (Deser and Phillips 2023b).

A similar approach is to regress each field onto timeseries representing important external forcings

or internal variability. The method MLR-forcing uses a multiple-linear-regression approach to
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regress each field onto regional aerosol forcing timeseries and timeseries representing the response
to various forcings (including greenhouse gasses, volcanic emissions, and solar forcing) and on
detrended Nifo3.4 indices, estimating the forced response as the components associated with the

forcing timeseries.

b. Low-frequency component analysis: LFCA, LFCA-2, MF-LFCA, MF-LFCA-2, ICA-lowpass

Low-frequency component analysis (LFCA) is a method to objectively identify the slowest evolv-
ing spatial patterns in a dataset, using linear discriminant analysis applied to principal components
to find patterns that maximize the ratio of low-frequency to total variance (Schneider and Held
2001; Wills et al. 2018, 2020). It has been used both to study decadal climate variability (e.g.,
Wills et al. 2019) and to separate forced and unforced components of climate change (Wills et al.
2020). Its usage as a method to separate forced and unforced components is based on the under-
standing that the forced response evolves on a longer timescale than most internal variability, i.e.,
it is using timescale separation to separate forced and unforced components. The application of
LFCA in ForceSMIP follows Wills et al. (2020), using a 10-year lowpass filter and including 1 or 2
low-frequency patterns in the forced response estimate (methods LFCA and LFCA-2, respectively).
Additionally, the methods MF-LFCA and MF-LFCA-2 apply the same method to two variables at
a time by combining each field with SST, or in the case of SST, combining it with T2m, with each
field normalized by the trace of its covariance matrix.

While not a form of LFCA, the ICA-lowpass method uses independent component analysis
(Hyvirinen and Oja 2000), which similarly finds linear combinations of a chosen set of principal
components that maximize a variance criterion, in this case the statistical independence of the
principal components. ICA-lowpass applies independent component analysis to lowpass filtered
data and identifies the forced pattern based on its spatial uniformity, under the assumption that the

spatial scales of forced climate change are larger than those of internal variability.

c. Linear dynamical mode methods: LIMopt, LIMopt-filter, LIMnMCA, Colored-LIMnMCA,

DMDc, GPCA, GPCA-DA

Linear dynamical mode methods aim to describe the spatiotemporal variability in a dataset by

a set of linear dynamical equations, which determine the evolution of a field from one timestep
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to the next. The specific case of the Linear Inverse Model (LIM), where the evolution operator is
determined from lagged covariance information, is widely used in climate science (Penland and
Sardeshmukh 1995; Alexander et al. 2008). The concept of a least damped mode of a LIM was
introduced by Penland and Sardeshmukh (1995) and has been used to separate the ENSO-related
or forced variations in a dataset (Compo and Sardeshmukh 2010; Solomon and Newman 2012;
Frankignoul et al. 2017; Xu et al. 2022). For ForceSMIP, the LIMopt and LIMopt-filter methods
apply the method LIM optimal perturbation pattern and LIM optimal perturbation filter methods
of Frankignoul et al. (2017) (see also Wills et al. 2020). The LIMnMCA and ColoredLIMnMCA
methods combined a similar approach applied to SST with a maximum covariance analysis to find
the covariations between SST and the other ForceSMIP variables, an extra step which we will show
made it much more successful than other linear dynamical mode methods for non-temperature
variables (i.e., PR, SLP, and Rx1day). ColoredLIMnMCA differs from LIMnMCA by the use of a
LIM for colored Gaussian noise (Lien et al. 2025).

The DMDc is similar in approach to LIMopt, but with a generalization of LIM to include a
linear forcing component (Proctor et al. 2016). Similarly, GPCA and GPCA-DA are based on the
representation of the data as a combination of an autoregressive process and a forced response,
where the forced response is estimated by the “direct Granger effect” of an external forcing
timeseries, and are an extension of the method presented in Varando et al. (2022). Like MLR-
Forcing, these methods employ additional forcing timeseries. Compared to GPCA, GPCA-DA
additionally uses empirical orthogonal functions (EOFs) of SLP to control against the internal
variability they may represent, analagous to dynamical adjustment (Wallace et al. 2012; Lehner

etal. 2017).

d. Linear fingerprinting methods: AllFinger, MonthFinger, SNMP-OF, EOF-SLR, LDM-SLR,
Anchor-OPLS, EnsFMP
Broadly speaking, linear fingerprinting methods use model-based forced response patterns as
an initial guess of the forced response and then estimate the contribution of this pattern to the

observations (or an individual ensemble member treated like observations). While traditional

uses of fingerprinting for detection and attribution generally aim to find a timeseries indicating
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the amplitude of the forced response pattern compared to internal variability, the fingerprinting
methods in ForceSMIP additionally combine that timeseries with an estimate of the forced pattern.

AllFinger and MonthFinger are derived from pattern-based fingerprint analyses (Hasselmann
1979; Santer et al. 2023), where the forced pattern fingerprint is obtained by averaging across models
and extracting the leading EOF (amplifying the signal and reducing the noise). Observations —
or individual model realizations — are projected onto the fingerprint to create a pseudo-PC time
series, measuring the similarity between the fingerprint and the target’s time-varying patterns. The
predicted trend map is reconstructed using the forced pattern fingerprint and the pseudo-PCs.

EOF-SLR and LDM-SLR methods first estimate each model’s forced response components
(timeseries) in a basis of spatial patterns given by either ensemble EOF or linear dynamic mode
(LDM) decomposition (Gavrilov et al. 2020, 2024) of multi-model ensemble simulations. Then
a set of optimal fingerprinting patterns is trained to deduce the forced response from a single
realization in this ensemble. These patterns are constructed to be robust to model uncertainty
within the training ensemble, and can thus be applied to the unseen data.

Anchor-OPLS is a generalization of the anchor regression framework for fingerprint extraction
introduced by Sippel et al. (2021), where forced responses are predicted at every grid point and
orthonormalised partial least squares (OPLS) is used instead of ordinary least squares.

SNMP-OF is a combination of signal-to-noise maximizing pattern (SNMP) analysis (Ting et al.
2009; Wills et al. 2020) with optimal fingerprinting (Hegerl et al. 1996); it finds SNMPs from
the training models and then projects their optimal fingerprint onto observations, finally recom-
puting a forced response pattern from regression of observations onto the resulting signal-to-noise
maximizing timeseries. EnsFMP combines the two steps into one by applying SNMP analysis to
numerous combinations of model ensemble members and observations. Unlike the other finger-
printing methods in ForceSMIP, these two methods recompute a forced response pattern within

observations, and they thus stick closer to the raw data.

e. Machine learning methods: 3DUNet-Fingerprinters, UNet3D-LOCEAN, RandomForest, En-

coderDecoder, ANN-Fingerprinters

ML contributions to ForceSMIP include one based on a recently developed method (UNet3D-
LOCEAN; Bone et al. 2024), and four methods newly developed for ForceSMIP, including one

16



359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

that has recently been used to attribute the record-high 2023 SST (EncoderDecoder; Rader et al.
2025). Architectures used include a type of convolutional neural network called a U-Net (3DUNet-
Fingerprinters, UNet3D-LOCEAN), Encoder-Decoder neural networks (EncoderDecoder, ANN-
Fingerprinters), and random forests (RandomForest). Two of the ML methods learn to remove
the internal variability (UNet3D-LOCEAN, EncoderDecoder), and the other three learn to esti-
mate the forced response (3DUNet-Fingerprinters, ANN-Fingerprinters, RandomForest). ANN-
Fingerprinters additionally uses the year as one of the inputs. The ML methods used in this
study vary in complexity (e.g., N Parameters in Table 2) and employ different parameter tuning
and training strategies. Interestingly, the U-Nets trained on the internal variability and the forced

component exhibit different strengths across variables (Section 4).

f. Reference methods: 4th-Order-Polynomial, 10yr-Lowpass, TrainingEM

In addition to the methods submitted to ForceSMIP, we compare against 3 reference methods,
which involve minimal processing of either the raw data or the training-data ensemble mean. Two
of the reference methods are simple methods to remove high-frequency noise in the raw data.
4th-Order-Polynomial estimates the forced response as a 4th-order-polynomial fit to timeseries of
each variable at each grid point. It has been used to estimate the forced response in a seminal
paper by Hawkins and Sutton (2009) and later tested in large ensembles by Lehner et al. (2020).
10-yr-Lowpass estimates the forced response as all variability left after application of a 10-yr
Lanczos lowpass filter.

While the first two reference methods are based entirely on the data within the single realization
of interest, the third reference method, TrainingEM, represents an opposite extreme where most
information is taken from the training data. TrainingEM simply takes the multi-model ensemble
mean of the 5 training models as the forced response estimate and rescales it by a constant so that
it has the same GMST trend over 1950-2022 as the single realization of interest. This is similar
to the scaling method introduced by Steinman et al. (2015) and evaluated by Frankcombe et al.
(2015). TrainingEM thus represents a type of null hypothesis where climate models have a perfect

estimate of the forced response, up to a rescaling based on differences in climate sensitivity.
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4. Method Evaluation

In order to evaluate the skill of the ForceSMIP methods in isolating the forced response in
individual realizations of the climate system, we focus on their skill in determining the forced
response in the 5 unseen climate models (i.e., those not in the training dataset) from a single
member of their large ensembles. However, the results are not systematically different in the 4
evaluation members that were part of the training data (Fig. S1). The forced response estimates
include monthly values globally for 1950-2022, so there are many metrics on which they could be
evaluated. We will focus here on skill in estimating long-term forced trends, the grid-scale temporal
evolution of the forced response, and the forced response in an illustrative set of large-scale climate

indices.

a. Long-term trends

Our method for evaluating method skill in isolating the forced component of long-term trends
can be visualized in Figs. 1 and 2, showing estimates of forced 1980-2022 annual-mean SST
and PR trends from a single evaluation member. The forced trend estimate from each method
(panels d-1) is compared against the true forced response, as estimated by the ensemble mean of
the corresponding large ensemble (panel b). For comparison, we also show how well the linear
trend in the raw data from the evaluation member approximates the true forced response (panel a),
which is a reference point we expect methods to improve upon. The difference between the full
trend in the raw data and the ensemble-mean forced trend is the contribution of internal variability
(panel c), which the methods aim to remove.

We quantify the skill of each method’s estimate of the forced trend pattern f; compared to the

true forced trend pattern fj in terms of:

1. the uncentered pattern correlation, or cosine similarity, r; = (f;,fo) ||f;]| =" ||fo]| =", where (-, )
indicates an area-weighted inner product and || - || = 4/(:, ) indicates an area-weighted inner-

product norm,

2. RMSE,; = p~!||f; — fo|| normalized by the amplitude of the true forced trend pattern oy =
7 UIfoll, where p is the total number of grid cells and each method’s normalized RMSE is

hereafter referred to as nRMSE;, and
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3. the amplitude ratio of the predicted and true forced trend patterns (o7 /0v).

The root mean square over the 5 unseen-model evaluation members of each method’s nRMSE;
and forced trend pattern amplitude o; = ||f;|| is plotted on a Taylor diagram (Figs. 1j and 2j).
The colored shading shows nRMSE;, the curved black arcs show contours of the amplitude ratio
of the predicted and true forced trend patterns (07/0y), and the black rays show contours of the
uncentered pattern correlation r;. Because these three metrics are inter-related, the uncentered

pattern correlation r; shown in the Taylor diagrams is determined from the other two variables by:

0?+03—RMSE; 1+ (07/0p)? —nRMSE?
ri = = .

ey

2007 20i/09

This equation is exact when applied to a single evaluation member but is approximate when applied
to the averages over 5 members in the Taylor diagrams. The use of uncentered pattern correlation
and RMSE strays from the convention for Taylor diagrams (Taylor 2001) and is chosen to keep the
degree of global warming as part of the evaluation. Note also that the Taylor diagrams in this paper
do not show the full quadrant; rather, they zoom in on the regions where the points are. Our variant
on the Taylor diagram is partially inspired by the “solar diagram” of Wadoux et al. (2022), however,
in our case the quantitative information remains the same as in a traditional Taylor diagram other
than the use of uncentered metrics.

One noteworthy observation from Figs. 1 and 2 is that methods that do not use pattern information
from the training models (methods 1-17; shown with circular symbols in the Taylor diagrams;
hereafter simple methods) estimate forced trends that look more like the raw trend from the
evaluation member (Fig. le-f, cf. Fig. 1a; 2e-f, cf. Fig. 2a). On the other hand, methods that use
pattern information from the training models (methods 18-30; shown with diamond symbols in
the Taylor diagrams) estimate forced trends that look more like the ensemble-mean of the training
models (Fig. 1g-1, cf. Fig. 1d; 2g-i, cf. Fig. 2d). This is especially true for SST, and we
suspect that the reason for more diversity in forced precipitation trend estimates is that not all
training models have the same forced precipitation response. Methods that use pattern information
generally perform better in terms of nRMSE than the methods that do not, but they will be more
influenced by any systematic biases in the training models, and they do not perform as well in terms

of pattern correlation for precipitation.
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441 Fic. 3. Taylor diagram of method skill for 1980-2022 trends in (a) SST, (b) surface air temperature, (c)
w2 precipitation, and (d) sea level pressure. Colors, lines, and symbols as described in Fig. 1. Outlier methods

s excluded from the plots are: (a) 9, 30; (b) 27; (c) none; (d) none.

«s  The Taylor diagrams for 1980-2022 trends in all 8 variables are shown in Fig. 3 and 4. For all
«0 variables, the majority of ForceSMIP methods are skillful, where we consider a method skillful if
s ORMSE;//RMSERaw < 07;/ rraw, 1.€., if the fractional reduction (improvement) in RMSE compared

« to the raw data is greater than any fractional reduction (deterioration) in pattern correlation (below
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a Annual Maximum Temperature (TXx) b Annual Minimum Temperature (TNn)
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44 F1G. 4. Taylor diagram of method skill for 1980-2022 trends in (a) annual maximum daily maximum temper-
ws  ature (TXx), (b) annual minimum daily minimum temperature (TNn), (c) annual maximum daily precipitation
ws  (Rxl1day), and (d) zonal-mean atmospheric temperature (zmTa). black lines, and symbols as described in Fig. 1.
«7  Outlier methods excluded from the plots are: (a) 13, 27; (b) none; (c) none; (d) 9, 14, 15, 25. Note additionally

«s that methods 1, 13, 16, 20, 21, 24, 27, and 30 did not estimate the forced response in zmTa.

s the white lines in Fig. 3 and 4). Hence, a skillful method is required to reduce RMSE; compared

= to RMSERraw, while at the same time not deteriorating the pattern correlation too strongly. This
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definition of “skillfulness” thus implements the trade-off between RMSE and pattern correlation
seen for some variables, such as precipitation. This approach only considers whether methods
are skillful on average within the five evaluation members, and the number of skillful methods is
lower for individual evaluation members (Fig. S2) as a result of sampling variability and/or model
structural differences.

Skill for SST, T2m, TXx, and TNn are similar in an absolute sense, with nRMSE; between 0.3
and 0.6 (i.e., 30-60% errors). However, there is more improvement compared to the raw data for
TNn than for the other three surface-temperature variables, due to the smaller signal-to-noise ratio
of TNn changes (as evident in the larger nRMSE of the raw data). The most skillful methods
are generally similar across the 4 surface-temperature variables (i.e., methods 20, 22, 23, 24,
25). There also tends to be a cluster of simple methods with modest but systematic improvement
compared to the raw data. The skill for zonal-mean atmospheric temperature (zmTa) trends is an
interesting case, because here the trend in the raw data is already such a skillful estimate of the
forced response (NRMSERraw < 0.25) that only about half the methods can improve the skill further
for this variable.

The absolute skill of the methods for trends in PR, SLP, and Rx1day is lower than for the four
surface-temperature variables (Figs. 3c.,d, 4c; cf. Figs. 3a,b, 4a,b). However, the improvement in
nRMSE compared to the raw data is much larger for these variables. This occurs because there
is a larger internal variability contribution to the 1980-2022 trends in these variables, and simply
reducing the amplitude of the raw data would reduce nRMSE. Some of the ML methods (e.g., 25,
27) and one of the fingerprinting methods (24) even take the extreme approach of reducing the
estimated forced response amplitude to near zero for these variables, which does nevertheless reduce
nRMSE. The ability to improve nRMSE simply by reducing the amplitude of the estimated forced
trend pattern means that we should also pay attention to pattern correlation, which is not influenced
by the amplitude. Several of the simple methods consistently improve pattern correlation across
these variables (e.g., 6, 7, 8, 12, 16), as does one neural network method (21). Of all variables,
annual-mean PR shows the largest number of methods that reduce the pattern correlation compared
to the raw data, illustrating the difficulty in isolate the forced response for this variable.

Here, we have focused on 1980-2022 trends, due in part to recent literature about SST trends

over this time period (e.g., Wills et al. 2022; Watanabe et al. 2024). However, we also evaluated

22



485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

skill for other time periods, and the skill for 1950-2022 and 2000-2022 SST trends are compared
to the skill for 1980-2022 trends in Fig. S3. Methods generally show comparable absolute skill
across the three time periods, however this represents a much larger improvement compared to the
raw data for the short-term trends (2000-2022). This shows that the ForceSMIP methods have even

more added value for short-term trends, where there is more internal variability to remove.

a 1 - RMSE (normalized) ] 0 Raw Data
[SISHIE T 0 o o o 1 RegGMST ]
2 4th-Order-Polynomial
T2m 05  310yr-Lowpass
== [ . & .. ... . B - ... ... .. . : 4 LFCA
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SLP e e e .. . .. . .FE. . . .. .EECEEEEE . . BN . .= 0 6 MF_LFCA
.N..... B0 ... 'K BB ... 7 MF-LFCA-2
Rx1day 8 LIMnMCA
TXxA |-« « o o e e e e e e 0 9 ICA-lowpass
NN 05 10 LIMopt
11 LIMopt-filter
zmTa 12 Colored-LIMNMCA
| | -1 13 DMDc
012345678910 12 14 16 18 20 22 24 26 28 30 ESE&DA
b Pattern Correlation 1 16 RegGMST-LENSem
sSST 17 MLR-Forcing
18 SNMP-OF
T2m 0.9 19 AllFinger
PR 20 MonthFinger
0.8 21 3DUNet-Fingerprinters
SLP 22 EOF-SLR
0.7 23 LDM-SLR
Rx1day 24 Anchor-OPLS
TXx 06 25 UNet3D-LOCEAN
26 TrainingEM
TNn 0.4 27 RandomForest
28 EncoderDecoder
zmTa 02 29 EnsFMP

012345678910 12 14 16 18 20 22 24 26 28 30 30 ANN-Fingerprinters

Fic. 5. Skill summary scorecards for all methods’ skill in 1980-2022 trends in all variables: (a) 1 —nRMSE,
where nRMSE is normalized by the amplitude of the true forced response as in the Taylor diagrams; (b) the
uncentered pattern correlation. The root mean square nRMSE and average uncentered pattern correlation are
computed over the 5 “unseen model” evaluation members. Grey indicates that the method did not include a
forced response estimate for zmTa. Stippling indicates metrics where the ForceSMIP method gives a more
skillful forced trend estimate than the raw data, where the skill of estimating the forced trend by the raw data is
shown on the left hand side for reference. Note that values less than —1 in (a) are cropped and the colorbar in (b)

increases linearly with the square of the correlation.

To more easily compare across methods and variables, Fig. 5 shows a scorecard for the two

main skill metrics, nRMSE; and uncentered pattern correlation r;. 1 —nRMSE; is shown in place

23



500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

524

533

534

535

536

of nRMSE,; so that increased skill is positive in both panels. No single method stands out as most
skillful across all variables. While the fingerprinting and ML methods that use pattern information
from the training models (i.e., methods 18-30) generally stand out in terms of nRMSE, they tend to
have lower pattern correlation than simple methods (especially methods 1-8, 12, and 16). The too
low amplitude of some ML estimates is not apparent here, so it is important to keep in mind the
Taylor diagrams as well (cf. Figs. 3 and 4). Methods that stand out in terms of consistency, with a
skill improvement relative to the raw data in at least 13 of 14 rows (stippling in Fig. 5; excluding
zmTa, which is not evaluated for all methods), are 2, 4-8, 12, 18-21, and 24-26, which includes
at least one of each basic method category. The absolute skill of methods varies based on which
evaluation member they are applied to (Figs. S1 and S2), but the methods’ skill relative to one
another stays roughly the same across evaluation members. It is also important to note here that
consistent skill in the average over 5 unseen models, as is shown in Fig. 5, does not necessarily
translate into skill in all individual evaluation members (Figs. S1 and S2).

There are a number of methods that have problems with specific variables despite skill in other
variables. One more general problem is the failure of dynamical mode methods (e.g., 10, 11,
13-15) applied directly to variables such as PR, SLP, and Rx1day that do not have the monthly or
longer autocorrelation that is generally an underlying assumption in these methods. An apparently
successful workaround is to apply the dynamical mode method to SST or another variable with
large autocorrelation and then to use the covariance with other variables to get the forced response

in the other variables, as was done by methods 8 and 12.

b. Spatiotemporal variability and large-scale climate indices

The long-term trends are only one way to evaluate the forced response estimates from the
ForceSMIP methods, which include full spatiotemporal variability over 1950-2022. In this section
we consider their skill for the spatiotemporal variability in the forced response, both at the grid
scale and in selected large-scale climate indices.

We first synthesize the ForceSMIP methods’ skill for grid-scale annual-mean spatiotemporal
variability. Figure 6a shows 1 —nRMSE, where nRMSE is the square root of the global-mean
mean squared error in the grid-scale forced response estimate normalized by the square root

of the global-mean mean squared amplitude of the true forced response (ensemble mean of the

24



537

538

539

540

541

542

543

525

526

527

528

529

530

531

532

corresponding large ensemble). Figure 6b shows the global-mean grid-point correlation of the
forced response estimate and the corresponding true forced response. The absolute skill in both
of these skill metrics is less than the absolute skill in long-term trends (cf. Fig. 5), however,
the skill added by the ForceSMIP methods compared to the raw data is larger, and there is more
widespread stippling, indicating improvement relative to the raw data. All methods show consistent
improvement relative to the raw data across all variables in nRMSE, with a few exceptions in zmTa.

Methods 1, 6-8, 12, 16, 21, 25, 29, and 30 additionally show improvement relative to the raw data
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ssTHHE - - B B B - B B ‘ N . 1 RegGMST
2 4th-Order-Polynomial
sz ..................... e . l 05 3 10yr-LOWpaSS
-l Bl BB B 4LFCA

SLP . « . ......................... 0 6 MF'LFgA
.......................... - 7 MF-LFCA-2

Rxtday ] 8 LIMnMCA
D e T P P . B 9 ICA-Iowpass

05 10 LIMopt

TNn 11 LIMopt-filter
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Fig. 6. Skill summary scorecards for all methods’ globally averaged skill in 10-yr running-mean grid-point
variability in all variables: (a) one minus the normalized RMSE, normalized by the amplitude of the forced
response; (b) the global-mean correlation. The root mean square nRMSE and average correlation are computed
over the 5 “unseen model” evaluation members. Grey indicates that the method did not include a forced response
estimate for zmTa. Stippling indicates metrics where the ForceSMIP method has more skill than the raw data,
where the skill of estimating the forced response by the raw data is shown on the left hand side for reference.
Note that values less than —1 in (a) are cropped and the colorbar in (b) increases linearly with the square of the

correlation.
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across all variables (except zmTa) in correlation. The skill of methods relative to one another is
overall quite similar for the spatiotemporal variability as for the long-term trends.

To evaluate the ForceSMIP methods’ skill for large-scale climate indices, we choose 6 example
indices: (1) Annual-mean global-mean surface air temperature (GMST), (2) annual-mean Nifio3.4
SST minus global-mean SST (GMSST), (3) the North Atlantic SST index (NASSTTI) of the AMYV,
i.e., annual-mean SST averaged over 0-60°N, 0-80°W minus the global mean, (4) Sahel monsoon
precipitation in MJJAS, averaged over 10-20°N, 20°W-10°E, (5) DJF Aleutian low SLP averaged
over 30-65°N, 160°E-140°W, and (6) TXx averaged over Continental Europe (land in 40-55°N,
0-40°E). A 10-yr running-mean is applied to indices 2-5 to filter out some of the high-frequency
noise, which would otherwise persist even in the ensemble mean of a large ensemble.

The skill of the ForceSMIP methods for these six large-scale indices is shown in Fig. 7. In
general, there are larger and more systematic nRMSE reductions compared to the raw data than
for the long-term trends in the corresponding variables (cf. Figs. 3 and 4). While there is
improvement in the correlation skill compared to the raw data for almost all methods in GMST
and Continental Europe TXx, there is more varied correlation skill across methods in the other
four indices. However, for each index, there is a subset of methods that are substantially improving
skill in terms of both nRMSE and correlation. Methods that consistently add skill compared to the
raw data across all indices (3-8, 12, 14-16, 18, 22, 24, 25, and 29) include a wide range of method

types, including both simple and complex methods.

5. Estimating the Forced Response in Observations

The underlying motivation for comparing StatML methods within ForceSMIP is to improve
estimates of the forced response in observations. Now, armed with knowledge about which
methods are skillful for which variables and metrics, we are ready to estimate the forced response
in observations.

Each ForceSMIP method was applied to ERSSTS and ERAS reanalysis data in the same way it
was applied to the evaluation members used for method evaluation in the previous section. Our
goal in this section is to provide some examples of the forced response estimated by the ForceSMIP
methods within this observational data. A follow-up paper will use method weighting to generate a

definitive ForceSMIP forced response estimate including its spread across methods. It is important
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Fic. 7.  Taylor diagram showing skill for temporal variability of climate indices: (a) annual-mean GMST,
(b) 10-year running-mean Nifio3.4 SST minus global mean SST, (c) 10-year running-mean NASSTI SST minus
global mean SST, (d) 10-year running-mean MJJAS Sahel precipitation, (e) 10-year running-mean DJF Aleutian
Low SLP, and (f) continental Europe (40-55°N, 0-40°W) TXx. Colors, lines, and symbols as described in Fig.
1, except with pattern nRMSE and pattern correlation replaced with nRMSE and correlation in these indices.
Outlier methods excluded from the plots are: (a) 13, 27, (b) 1, (c) none, (d) 20, 26, (e) none, (f) none.
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to note that observational datasets have non-negligible structural uncertainties (e.g., Menemenlis
et al. 2025) and that the ForceSMIP forced response estimate does not sample these observational
uncertainties.

It is illustrative to first examine the forced responses for individual skillful methods. In Figs. 8,
9, and 10, we show the forced and internal components of observed 1980-2022 trends in SST, PR,
and SLP, respectively, as estimated by selected ForceSMIP methods, alongside the raw observed
trends over this period. The internal components are diagnosed as the difference between the raw
data and the estimated forced component. Methods are selected to illustrate the range of different
forced trend estimates, based on an EOF analysis presented in Appendix A.

The strong pattern observed in the 1980-2022 SST trend, with cooling in the East Pacific and
Southern Ocean and intensified warming in the West Pacific and North Atlantic, unlike the more
uniform East-Pacific intensified warming that climate models show for this period, has generated
substantial interest from the climate science community (Wills et al. 2022; Seager et al. 2022;
Watanabe et al. 2024; Simpson et al. 2025). This lack of agreement with models is apparent in the
comparison in Fig. 8 of the full observed trend with the TrainingEM method (26), which is equal
(up to an amplitude rescaling) to the ensemble mean of the 5 training models. The residual internal
variability estimated by TrainingEM is large and has been shown to be larger than is consistent
with internal variability in most climate models (Wills et al. 2022; Seager et al. 2022).

Several of the other ForceSMIP methods shown have a smaller amplitude of estimated internal
variability in 1980-2022 SST trends, indicating that they are estimating a forced response that is
closer to the full observed trends than is the TrainingEM forced response. However, the degree to
which individual methods’ forced response estimates are more similar to the full observed trends or
to the TrainingEM forced response varies substantially. LFCA-2 is one end member, estimating that
almost all of the observed trend over 1980-2022 is forced. EOF-SLR is another end member, with
a forced response similar to TrainingEM except for reduced El-Nifio-like warming and somewhat
more warming in the Atlantic. GPCA and UNet3D-LOCEAN are in between these end members,
but each with their own unique features. The differences across these methods, all of which
are shown to be skillful in the method evaluation (Fig. 3a), illustrates the epistemic uncertainty
in estimating the forced response from observations, where epistemic uncertainty refers to the

uncertainty and potential systematic biases associated with the method used for forced response
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FiG. 8. Forced and internal components of observed SST trends (1980-2022) for TrainingEM and selected

skillful methods, chosen as representative examples from the EOF analysis in Figure A1l.

estimation. While EOF-SLR and UNet3D-LOCEAN are modestly more skillful than the other
methods in the method evaluation, we cannot say with certainty which of these six forced response
estimates is closer to the truth.

There is even wider spread of forced response estimates for precipitation (Fig. 9; see also Fig.

A2), ranging from MF-LFCA-2 estimating that most of the observed 1980-2022 trend is forced to
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Fic. 9. Forced and internal components of ERAS PR trends (1980-2022) for TrainingEM and selected skillful

methods, chosen as representative examples from the EOF analysis in Figure A2.

MonthFinger and TrainingEM estimating that almost none of it is. MF-LFCA and SNMP-OF are
somewhere in between, with forced and internal contributions of similar amplitudes. It is worth
noting that by focusing on forced responses that are robust across models, the estimated forced

responses by TrainingEM and MonthFinger are smaller in amplitude than the forced precipitation
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22 response in individual models (cf. Fig. 2b), due to structural differences in models’ forced

s TESpONSES.
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624 Fic. 10. Forced and internal components of ERAS SLP trends (1980-2022) for TrainingEM and selected

e2s  skillful methods, chosen as representative examples from the EOF analysis in Figure A3.

e The estimated 1980-2022 forced trends in SLP are all quite different from one another (Fig.
2 10). They agree on the poleward shift of the Southern Hemisphere westerly winds indicated by

s the positive and negative bands of SLP trends north and south of ~ 50°S, but they have more than
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a factor of four spread in the magnitude of this circulation change. Some methods show that the
Aleutian low weakening is mostly forced (e.g., MF-LFCA-2, consistent with the SST estimate
from LFCA-2 in Fig. 8) while others show it is almost entirely internal variability (MF-LFCA,
UNet3D-LOCEAN, ANN-Fingerprinters). There is a similar lack of agreement on whether North
Atlantic SLP trends are forced or unforced. The large uncertainty in the forced response of SLP
is consistent with the literature (Knutson and Ploshay 2021). The potential for climate models to
underestimate the amplitude of the forced SLP response, as would be evident in the comparison
between TrainingEM and MF-LFCA-2, has been presented as a signal-to-noise paradox (Scaife
and Smith 2018; Smith et al. 2020). However, our results show that the diagnosed magnitude of
this problem is subject to considerable epistemic uncertainty in the forced SLP response.

To get a sense for the average separation of 1980-2022 trends into forced and internal components
by the ForceSMIP methods, we average the forced response estimates over all ForceSMIP methods
determined to be skillful for each variable. Methods are included if the improvement in RMSE
exceeds the deterioration of pattern correlation in the average over the 5 evaluation members
(ORMSE,;/RMSERaw < 0r;/ rraw; below the white lines in Fig. 3 and 4). This does not guarantee
that methods are skillful for observations, because sampling variability and structural model-
observations differences can influence the skillfulness assessment. Nevertheless, it provides a
simple approach to visualize the average forced response in ForceSMIP, while excluding models
that do not perform well for particular variables. Figs. 11 and S4 show the resulting ForceSMIP
skillful-method mean (hereafter ForceSMIP mean) and the residual internal variability component
of the trends. The forced trend estimated by TrainingEM, which gives a sense of what climate
models say the forced response should be over this time period, is shown for comparison.

The ForceSMIP-mean forced SST trend over 1980-2022 shows near-zero warming in the East
Pacific and South Pacific, where the full observed SST trend shows cooling. The ForceSMIP-mean
therefore attributes some but not all of the difference in 1980-2022 SST trend pattern between
models and observations to internal variability. Similarly, the observed cooling of the Southern
Ocean, which is not reproduced by models, is attributed to a combination of forced response and
internal variability. The ForceSMIP-mean also shows stronger weakening of the Aleutian Low and
stronger strengthening of the Amundsen Sea Low than TrainingEM, which are both similar to La

Nifa teleconnections. ForceSMIP also suggests a more La—Nifia-like forced trend in precipitation,
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Fic. 11. (center column) Mean estimates of the forced component of observed trends (1980-2022) over all
skillful ForceSMIP methods (defined as SRMSE;/RMSEgraw < 6r;/ rraw, i.€., below the white line in Figs. 3
and 4) for SST, SLP, PR, TXx, TNn, and Rx1day. Units are °C per 42 yr, Pa per 42 yr, or mm day ™' per 42 yr
accordingly. (right column) The residual trends attributed to internal variability. (left column) The TrainingEM

reference method, obtained from the multi-model-mean of the five training models, is shown for comparison.

33



664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

692

693

694

695

696

697

698

with a much larger amplitude than the estimate by TrainingEM. However, as noted previously, the
TrainingEM estimate for precipitation is smaller than the forced response in individual models
because it focuses on the common response across all 5 training models.

The ForceSMIP-mean 1980-2022 forced trends in T2m, TXx, and TNn are broadly similar over
ocean regions (Figs. 11 and S4), where they show a more La-Nifa-like forced response than
TrainingEM and less warming in the Kuroshio-Oyashio extension, consistent with what was found
for SST. The forced trend in TXx shows more warming than the forced trend in T2m in tropical
land regions and less in high-latitude land regions, whereas the opposite is true for the forced trend
in TNn. This is consistent with the reduction (increase) in temperature variability in high-latitude
(tropical) land regions (Kotz et al. 2021), and is also seen in TrainingEM. TXx and TNn both
have larger estimated contributions of internal variability to 1980-2022 trends than does T2m,
illustrating the added value of the ForceSMIP methods for noisy extreme-event statistics. Rx1day
has by far the largest estimated contribution of internal variability to 1980-2022 trends, though
the estimated forced response is still larger than that estimated from TrainingEM. Overall, despite
some methods being trained based on climate models, on average ForceSMIP estimates a forced
response that preserves some of the unique aspects of observed trends.

To visualize the ForceSMIP-estimated forced responses in the six climate indices, Figure 12 shows
the likely (66%) range (i.e., the 17th and 83rd percentiles) of the ForceSMIP methods determined
to be skillful, as well as TrainingEM and five example methods. Methods are considered skillful
and thus included in the likely range if they show a fractional reduction in nRMSE that exceeds
any fractional reduction in their correlation (below the white lines in Fig. 7). Example methods
are chosen that have varying complexity, high skill across most variables, and produce different
forced response estimates from one another.

Compared to the raw data, all skillful methods smooth out some of the interannual variability
in GMST (Fig. 12a). On a quantitative level, the 66% uncertainty range in the estimated forced
1950-2022 GMST trend is 0.89-1.07°C per 72 yr. The smoothing of interannual variability is even
more important for metrics such as Continental Europe TXx, where the forced response estimates
are all much smoother than the raw data (Fig. 12f). Methods consistently attribute the multi-year
negative excursion between 1975 and 1980 to internal variability. The ratio of estimated forced

trends in Continental Europe TXx and GMST has a 66% range of 1.89-2.79.
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While the forced responses in GMST and Continental Europe TXx could be guessed to some
degree of accuracy by simply smoothing the raw data, estimating the forced components of the
other four indices is much more challenging. The ForceSMIP estimated observed forced response
in 10-yr running-mean Nifio3.4 (minus GMSST) ranges from increasing (El-Nifio-like warming)
in Anchor-OPLS and TrainingEM to monotonically decreasing (La-Nifia-like warming) in MF-
LFCA and SNMP-OF (Fig. 12b), with MF-LFCA-2 even showing a strong increase through 1980
followed by a strong decrease. Nevertheless, all methods agree that the large negative excursion in

the early 1970s and the large positive excursion in the early 1990s resulted from internal variability.

a 08 Skillful Methods L
Likely Range
—— Raw Data A

)
)
o

= = TrainingEM

0.4 | |[—— MF-LFCA r
—— MF-LFCA-2

0.2 7| — snmp-oF r

Anchor-OPLS
—— UNet3D-LOCEAN

GMST Anomaly (°C
o

T T T T T T T -0.3 T T T T T
1950 1960 1970 1980 1990 2000 2010 2020 1960 1970 1980 1990 2000 2010
Year —d Year

NASSTI AMV (°C)

-0.4 T T T . .
1960 1970 1980 1990 2000 2010
Year

1960 1970 1980 1990 2000 2010
Year

Continental Europe
TXx Anomaly (°C)

Aleutian Low Anomaly (hPa)

-3 T

. . . . . . T T T T
1960 1970 1980 1990 2000 2010 1950 1960 1970 1980 1990 2000 2010 2020
Year Year

Fic. 12. Climate index timeseries computed from the raw observational data, scaled training models ensemble
mean (TrainingEM), skillful methods likely (66%) range, and selected methods. Climate indices are the same as
analyzed in Figure 7; those in panels (b)-(e) include a 10-year running mean to highlight low-frequency variability.
Skillful methods are defined as those with a fractional reduction in nRMSE that exceeds any fractional reduction

in their correlation (below the white lines in Fig. 7).
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The 66% range in the estimated 1950-2022 forced trend in Nifio3.4 minus GMSST is -0.27-0.10°C
per 72 yr, indicating that even the sign of the long-term forced trend remains uncertain.

The estimates of how much the AMYV is forced range from almost all of it to none of it, as well
as everything in between (Fig. 12c). ForceSMIP thus helps to explain why some research has
suggested that the AMV is mostly forced (Booth et al. 2012; Wills et al. 2020; He et al. 2023)
while other research has suggested that it is mostly internal variability (Ting et al. 2009; Zhang
et al. 2013; Qin et al. 2020; Latif et al. 2022) by demonstrating that either result is within the
range of epistemic uncertainty. Interestingly, the two end members with most and least forced
AMYV are MF-LFCA and MF-LFCA-2, which differ only in the number of low-frequency patterns
included. This illustrates how the hyperparameter sensitivity of the LFCA method may actually
help to quantify the epistemic uncertainty in the forced response estimate. Given the association
between the AMV and Sahel precipitation (Zhang and Delworth 2006), it is not surprising that
there is also a large spread in the forced response estimates for Sahel precipitation (Fig. 12d).
What is interesting however is that all of the ForceSMIP estimates either show a drying or a much
weaker wettening trend than TrainingEM. This suggests that CMIP6 models, at least those used
for training, have systematic discrepancies in Sahel precipitation trends. Finally, the ForceSMIP
methods consistently show a small forced response in the Aleutian Low, attributing its large decadal
excursions to internal variability (Fig. 12e).

Overall, ForceSMIP provides an ensemble of estimates of the observed forced response, and we
have highlighted cases where there are consistent differences from the forced response in climate
models (e.g., the La-Nifa-like forced response in observations) as well as cases where epistemic

uncertainty limits the ability to draw conclusions (e.g., on the amplitude of forced AMV).

6. Conclusions, Discussion, and Outlook

We have demonstrated that many different types of StatML methods exhibit skill in estimating
the forced response from individual ensemble members of a climate model large ensemble, where
skill means that they give a better forced response estimate than the raw data. Skillful methods
include simple regression approaches, LFCA, LIM-based methods, as well as fingerprinting and
ML methods custom built for the ForceSMIP project. Methods are most skillful in absolute

terms for temperature responses, such as in SST and surface air temperature, but the added value
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of these methods compared to the raw data is largest for responses in fields with large amplitude
internal variability such as SLP, precipitation, and extreme-event indices. The ForceSMIP methods
are skillful for long-term regional-scale trends (e.g., over 1980-2022), grid-scale spatiotemporal
variability, and large-scale climate indices. No single method outperforms the others across all
variables, but rather the most skillful methods vary depending on the metric of evaluation. The
method skill in the model evaluation data may differ from the skill when applied to observational
data due to systematic model-observations differences, e.g., due to model trend discrepancies
(Wills et al. 2022) or the signal-to-noise paradox (Scaife and Smith 2018), but by testing skill
across multiple climate models, we have attempted to characterize this potential sensitivity to
structural differences.

Armed with an array of skillful methods for forced response estimation, we investigated the
forced response in observations in Section 5. We found that the ForceSMIP methods systematically
estimate that the observed forced response is more La-Nifa-like than indicated by models, with a
local minimum in warming in the Southeast Pacific, but also that the discrepancy in 1980-2022 SST
trends between observations and models is partly due to internal variability. The observed forced
response obtained from the average of skillful ForceSMIP methods also exhibits La-Nifa-like
teleconnections in other variables, including SLP and precipitation. Despite these commonalities,
there is a large spread in the estimated forced SST trend pattern across methods that display similar
skill in the model evaluation data, and an even wider spread of forced responses for SLP and
precipitation. The spread across estimates of the forced response is sufficiently large that many
statements about the relative contributions of external forcing and internal variability (for example
to the AMV) cannot be made with great certainty. Importantly, these conclusions are all subject to
any biases in the ERAS and ERSSTS5 observational products they are based on.

Overall, ForceSMIP suggests that there are systematic differences in the forced response between
climate models and observations (e.g., due to model structural errors or observational uncertainty)
while also illustrating the intrinsic epistemic uncertainty in estimating the forced response from
observations. The epistemic uncertainty in the extent to which multi-decadal SST fluctuations and
regional details of trend patterns are forced or unforced is important to consider in the context of

climate change attribution, model evaluation, and climate impact assessments.
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a. Which method should I use?

At this point, you may be wondering, which method should I use for forced response estimation
in my own work? While the method evaluation in Figs. 3-7 may give some guidance, it’s also
possible that this paper did not consider your metric of interest. Furthermore, since the relative
skill of methods varies across variables and evaluation metrics and there are almost always many
good method choices for any given evaluation metric, we do not think it makes sense to give an

overall ranking of methods. Nevertheless, we can give a few recommendations:

1. Use more than one type of method to get a better sense of how the forced response estimate
varies across methods. It’s worth keeping in mind that simple methods tend to stay closer
to the observed trends, whereas most fingerprinting and ML methods will give observational
forced response estimates more similar to the forced response in the climate models used for

training, and will thus be more subject to any systematic biases in the training dataset.

2. Either use methods that generalize well across metrics or train/test the methods you use
for your metric of interest within a large ensemble dataset. The diversity of variables and
metrics considered by ForceSMIP makes it likely that methods consistently showing skill in
ForceSMIP (e.g., as indicated by stippling in Figs. 5 and 6) will generalize well to other

applications.

3. The ForceSMIP evaluation dataset (Wills et al. 2025) is a useful resource for evaluating new

methods and/or for evaluating which methods work best for a specific application of interest.

Finally, another relevant consideration is that the ML methods would all need to be re-trained for
other applications, whereas most of the other methods work out of the box and do not need further
customization. However, the need to train ML methods can also be an advantage, because it means

they will be tailored for the application of interest.

b. Lessons for further method development

Several lessons can be learned from the successes and failures of individual ForceSMIP methods.
One important lesson is that methods focused on reducing RMSE or related metrics may end up
guessing a near-zero forced response in cases where internal variability is larger than the forced

response. To control against this, methods could expand the skill metrics they consider, for example
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by incorporating correlation or amplitude-error metrics and computing skill metrics on different
timescales. This could draw on the experiences of the machine-learning weather prediction
community (e.g., Nathaniel et al. 2024), which is grappling with similar issues. Some methods
may also give better forced response estimates if they were reformulated to explicitly estimate
both forced and unforced climate variations, as was already done in UNet3D-LOCEAN (see also
Po-Chedley et al. 2022).

An additional important consideration is that the ML methods are by design more trainable to
optimize for a specific task. We intentionally did not specify exact evaluation targets in advance for
this phase of ForceSMIP, to avoid all methods overfitting to particular metrics. Further development
of these methods can now focus on correcting for some of the problems displayed in this round of
evaluation. Future work should focus on cataloging a comprehensive set of forced response metrics
of interest, so that methods can be trained to optimize across many relevant metrics at once.

Finally, one method-specific but clear lesson is that — perhaps to no great surprise — LIMs only
perform well for variables that have sufficiently large autocorrelation on the timescale of interest
(monthly anomalies in our case). This is exemplified by the much higher skill of LIMnMCA and
Colored-LIMnMCA compared to other LIM-based methods for variables such as precipitation,
SLP, and Rx1day. What’s different about these two methods is that they applied a LIM to SST
and then used maximum covariance analysis to identifying the covarying forced patterns in other
variables. Another approach could be to merge each field variable with SST and apply a joint
analysis to both fields at once. This approach was used for MF-LFCA, where it led to modest
improvement in skill for precipitation and SLP over the one-field-at-time LFCA. We highlight
these cases due to the clean comparisons they offer, but several other methods used multiple fields
at once (Table 1). Many of the methods that analyzed one field variable at a time could likely be
improved by applying them to two or more field variables at a time, especially if the additional

variable is a field with a clear forced response, such as SST.

c. An observational forced response estimate and its applications

A primary goal of ForceSMIP is to generate a forced response in observations, including a
quantification of the associated epistemic uncertainty, i.e., uncertainty from different methods of

estimation getting different answers. In this study, we have provided one such estimate: a 30-
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method ensemble of different forced response estimates (openly available on Zenodo; Wills et al.
2025). We additionally quantified the expected error based on evaluation within large ensembles
and gave demonstrations of the types of information that can be obtained from such a multi-method
ensemble, showing both differences in the estimated forced response across methods (Figs. 8-10)
as well as the multi-method-mean forced response estimate for skillful methods (Fig. 11). The
method weighting is intentionally kept simple in this paper, with methods given full weight for skill
above a threshold and zero weight otherwise. A follow-up paper will apply a systematic method
weighting scheme, following Merrifield et al. (2023), to provide a skill-weighted forced response
estimate and uncertainty range. We also encourage others to generate their own forced response
estimates from this dataset that are customized to specific applications.

We foresee many possible applications of an observational forced response estimate with un-
certainty quantification. One set of applications is for model evaluation. An observational forced
response from ForceSMIP could be combined with an estimate of the residual variance due to
estimation uncertainty and internal variability, e.g., based on the nRMSE evaluated in Section 4,
and this would then provide a comparison point for evaluating forced trends in models against
observations (cf. Simpson et al. 2025). The flip-side of evaluating forced trends in models is
evaluating their amplitude of internal decadal variability, which has been suggested to be too weak
in some regions based on instrumental and paleoclimate data (Laepple and Huybers 2014; Dee
etal. 2017; Laepple et al. 2023). ForceSMIP can help to evaluate whether there are discrepancies
in forced or internal multi-decadal variance compared to large ensembles. However, our results
already suggest that, for metrics with large multi-decadal variability such as the AMYV, the separa-
tion between forced and internal components remains extremely challenging, with some methods
estimating a forced response more like the raw observations and some methods estimating a forced
response more like the ensemble mean of the training models. In these cases, it will remain diffi-
cult to distinguish between model discrepancies in the forced response and model discrepancies in
internal variability.

Another set of applications of forced response estimates from ForceSMIP is for monitoring
internal climate variability and generating observational large ensembles (McKinnon and Deser
2018, 2021; Deser and Phillips 2023a). Indices of internal variability, where the forced response

is often removed either by removing the linear trend or by subtracting GMSST, risk mislabeling
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episodic or non-monotonic changes and can increasingly be influenced by climate change. For
example, Deser and Phillips (2023b) show how not fully removing the forced response from indices
of the AMV can lead to spurious implied connections with the tropical Pacific. We therefore suggest
that the ForceSMIP forced response, if continuously updated, could serve as a standard estimate
of the forced response to remove from indices of internal variability such as ENSO, AMV, PDO,
and NAO and could help to consider how epistemic uncertainty in the forced response influences
analyses of internal variability. Removal of the forced response also allows for generation of an
observational large ensemble, e.g., using the phase randomization approach of McKinnon and
Deser (2018, 2021). Such an observational large ensemble can help to explore long-term trends
and extreme events that could have happened in the real world under different phasing of internal
variability (e.g., as in Deser and Phillips 2023a).

Underlying all of these applications of ForceSMIP observational forced response estimates is
the intrinsic interest in the observational forced response itself, which can help to understand and
communicate how anthropogenic activities have affected historical climate and give a glimpse into

the changes expected in the near future.
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Analysis of Inter-Method Variance

In order to illustrate the inter-method differences (i.e., epistemic uncertainty) in estimated forced
trends, we perform an EOF analysis on the forced trends estimated by skillful methods. Methods
are included if ORMSE;/RMSEgraw < 0r;/ rraw (below the white lines in Fig. 3). The results
are shown for the EOF analysis of estimated 1980-2022 forced trends in SST, PR, and SLP in
Figs. Al, A2, and A3, respectively. Panels (a) and (b) show the EOF patterns and the percentage
of the variance they explain. Panels (c) show the corresponding principal components, i.e., the
contribution of each EOF to the forced trend estimated by each method. The distribution of
principal components are used to inform the selection of methods shown in Figs. 8-10, which are

highlighted with red symbols in panels (c) of Figs. A1-A3.
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Fic. Al. Inter-method EOF analysis of estimated forced SST trends over 1980-2022, including only skillful
methods (defined as SRMSE/RMSEgaw < 07/ rraw, 1.€., below the white line in Figs. 3 and 4). (a) Inter-method
EOF]1, (b) inter-method EOF2, and (c) the principal component amplitudes for each method. The percentage
of total variance explained by each EOF is shown in the title of (a) and (b). (d) Total inter-method variance,

expressed as a standard deviation. Red symbols in (c) indicate methods shown in Fig. 8.
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Estimated 1980-2022 forced trends in SST differ from one another in a pattern (EOF1) similar to
what has been called the Interdecadal Pacific Oscillation (IPO; Power et al. 1999), indicating that
some methods estimate the IPO to be mostly forced, while others do not. Methods also differ in
their estimates of the amount of forced warming in the Northern Hemisphere ocean basins (EOF2).
The net result is that there is uncertainty in the forced SST trend in the East Pacific, Southern
Ocean, Kuroshio-Oyashio Extension, and subpolar North Atlantic (Fig. Ald).

The EOF analysis for estimated 1980-2022 forced trends in PR (Fig. A2) shows a large fraction
of variance explained by EOF1, which resembles the full observed trend (Fig. 9). The amplitude
of PC1 shows clusters near —1 and 1.5 (Fig. A2c), which are methods estimating that very little or
most of the observed trend is forced, respectively.

The leading EOF of estimated 1980-2022 forced trends in SLP (Fig. A3a) includes positive
anomalies in the Aleutian low region and South Pacific and negative anomalies around Antarctic,
resembling the SLP pattern associated with the [PO. Combined with EOF2 (Fig. A3b), the net

result is uncertainty in the midlatitudes in all ocean basins as well as around Antarctica (Fig. A3d).
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FiG. A2. Same as A1, but for estimated forced PR trends over 1980-2022. Red symbols in (c) indicate methods

shown in Fig. 9.
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928 Fic. A3. Same as Al, but for estimated forced SLP trends over 1980-2022. Red symbols in (c) indicate

o9 methods shown in Fig. 10.
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