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Abstract We present the results of a novel process‐based machine learning method to constrain climate
model uncertainty in future regional temperature projections. Ridge‐ERA5—a ridge regression model—learns
coefficients to represent observed relationships between daily near‐surface temperature anomalies and predictor
variables from ERA5 reanalysis in Northern Hemisphere land regions. Combining the historically constrained
Ridge‐ERA5 coefficients with inputs from CMIP6 future projections enables a derivation of observational
constraints on regional warming. Although the multi‐model mean falls within the constrained range of
temperatures in all tested regions, a subset of models which predict the greatest degree of warming tend to be
excluded and decomposition of the constraint into predictor variable contributions suggests error‐cancellation of
feedbacks in some models and regions.

Plain Language Summary Knowledge about future global and regional warming is essential for
effective adaptation planning. Future temperature projections are based on the output of global climate models
which simulate future warming under a range of possible future emissions pathways. Although climate models
agree that there will be warming in the future, there are still significant discrepancies in the degree of warming
projected under a given scenario. Here, we make use of a machine learning (ML)‐based method which learns
relationships from daily observations‐based data to predict daily temperature anomalies in climate models.
These observations‐based relationships are applied to future climate model projections to produce a constrained
range of future temperature predictions. For regions across the Northern Hemisphere, we find that, the mean of
models broadly falls within the observationally constrained range whilst those few models which predict the
most extreme future warming are most likely to be excluded by the constraint.

1. Introduction
Despite improvements in resolution and modeling of physical processes between subsequent generations of
CMIP models, constraining uncertainty in future projections of climate change remains a challenge, even in key
impact variables such as changes in surface temperature and precipitation. Changes in the uncertainty range of key
climate variables between CMIP5 and CMIP6 are mixed with some variables showing little difference between
generations of climate models or even a widening of the uncertainty range (Cos et al., 2022; Li et al., 2021; S.
Zhang & Chen, 2021), potentially related to more processes being added to models which then contribute
additional uncertainties. For instance, the equilibrium climate sensitivity of several CMIP6 models exceeds the
range of the previous generation of CMIP5 models (Tokarska et al., 2020). Lack of certainty in end of century
warming projections constitutes a major barrier to consensus on climate change adaptation and mitigation policy.
Uncertainty in future projections of climate can be divided amongst three primary sources: scenario uncertainty,
model uncertainty, and internal variability (Hawkins & Sutton, 2009). Here, we seek to constrain model
uncertainty.

One of the simplest ways to assess and address model uncertainty in future climate change projections is to
combine information from multiple climate models. Although equally weighted, multi‐model means on average
improve projection reliability for the expected value of change (Ghafarianzadeh & Monteleoni, 2013; Weigel
et al., 2010), there are cases where performance can be further optimized by alternative weighting schemes
(Brunner et al., 2019; Giorgi & Mearns, 2002; Knutti et al., 2017; Sanderson et al., 2015a, 2015b).

There are approaches to constraining model uncertainty that are based on detection and attribution methodologies
using optimal fingerprinting (Allen & Tett, 1999; Hasselmann, 1997; Hegerl et al., 1997; Kettleborough
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et al., 2007; Stott et al., 2000; Stott & Kettleborough, 2002). Bayesian statistical principles are also applied to
adjust the probability distribution of future changes on the basis of observational evidence (Douville, 2023;
Murphy et al., 2009, 2018; Qasmi & Ribes, 2022; Ribes et al., 2021, 2022; Sexton et al., 2012). An alternative
approach to model weighting is the emergent constraint framework. Derived from physically explainable re-
lationships between model simulations of a variable X in the current climate and projections of a different variable
Y in the future climate across large ensembles of climate models (e.g., CMIP6), observational constraints on
historical variable X are translated into a constraint on future projections of Y (Hall et al., 2019; Hall & Qu, 2006).

Machine learning (ML) methods have also been applied for uncertainty constraints. For example, training ML
models using climate model data to learn a relationship between historical and future climate in climate models
have been applied to observations to constrain future values of a climate variable (Schlund, Eyring, et al., 2020) or
to predict when climate thresholds will be reached (Diffenbaugh & Barnes, 2023; Yu et al., 2022). Here, a novel
approach is taken: applying ML algorithms to learn approximately climate‐invariant controlling factor re-
lationships to produce constraints on model uncertainty in regional near‐surface temperature projections. This has
advantages over methods such as emergent constraint frameworks which may not be transferable between
subsequent generations of climate models (Nowack & Watson‐Parris, 2025; Schlund, Lauer, et al., 2020) as our
underlying constraint is derived from observational rather than model relationships. We also find our constraint to
be weakest where MLmodel skill is lowest reducing the risk of overconfident constraints (Sanderson et al., 2021).

Our new observational constraint approach to constrain near‐surface temperature projections builds on the idea of
controlling factor analyses for climate science. The approach is to formulate regression functions that predict a
variable to be constrained (e.g., near‐surface temperature) on the basis of predictor variables, or controlling
factors, that represent the processes that drive anomalies in this target variable. Such approaches have already
been used to constrain uncertainties in specific climate feedback processes such as changes in clouds (Andersen
et al., 2023; Ceppi & Nowack, 2021; Klein et al., 2017; Wilson Kemsley et al., 2024) and in stratospheric water
vapor (Nowack et al., 2023). In a well‐performing controlling factor framework, differences in the regression
coefficients (or, sensitivities) when learned from observational data as compared with those learned from GCM
output can then be used to constrain responses in the target variables (Nowack & Watson‐Parris, 2025). The
novelty in our approach comes from the climate invariance property in the relationships learned between con-
trolling factors and the target temperature variable which is achieved in the context of high‐dimensionality thanks
to the Ridge regression regularization term. This climate invariance allows us to reproduce model consistent
temperature predictions under end‐of‐century warming conditions and to derive an observational constraint by
substituting the model consistent responses with responses learned from observations.

2. Methods
The first step is to train the underlying ML model to make accurate physically consistent predictions of the target
variable: the daily near‐surface temperature anomaly. These ground truth relationships will form the basis of the
observational constraint and therefore need to be learned from an observationally based gridded data source. We
use the ERA5 (Hersbach et al., 2020) reanalysis product as a proxy for direct observations. While ERA5 is known
to be of high quality and we base our initial constraints on this particular reanalysis, we underline that future work
could investigate further observational uncertainties, for example, by extending our approach to other reanalyzes
as done in (Ceppi & Nowack, 2021; Nowack et al., 2023).

To characterize climate model uncertainty, we use data from the Coupled Model Intercomparison Project Phase 6
(CMIP6) (Eyring et al., 2016) at a consistent temporal and spatial resolution. This climate model data are used to
separately train ML models for performance testing of our approach in a perfect model framework and is later
combined with ML models trained on reanalysis data to form our observational constraint.

Our analysis will focus on daily June–July–August (JJA) data to train functions for the observational constraint
approach. All data are interpolated bilinearly to a common 3° × 3° longitude‐latitude grid, which encapsulates
the coarsest model resolution of the CMIP6 models used here. For further details on the CMIP6 models and data
pre‐processing steps, we refer to Supporting Information S1.

Whist the model presented here is trained to predict Northern Hemisphere summer temperature anomalies over
land, the methodology in principle may be applied to other geographic regions, seasons, and climate variables by
tailoring the selection of an appropriate controlling factor framework, in combination with the corresponding
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training data. In this instance, the controlling factors or predictor variables are selected with physical links to the
target variable (the daily temperature anomaly) in mind. The model could be used for other seasons, but other
variables, for example, snow cover would be needed. We seek to select controlling factors that both increase the
predictive skill of the model and aid in interpretability of the models' predictions when these predictions are
decomposed into contributions from each predictor variable.

The steps for derivation of the observational constraint using our controlling factor framework to constrain
surface temperature projections are outlined in Figure 1.

The algorithm for deriving the observational constraint using our controlling factor framework is:

1. Train Ridge‐ERA5 models using historical reanalysis data and separately train Ridge‐CMIP6 models for each
individual climate model using climate model data (one function per model), then validate performance;

2. Assess climate‐invariance of relationships represented in Ridge models using a perfect model framework—do
the relationships learned by Ridge‐CMIP models from historical climate model data only still hold predictive
power under strong future climate change scenarios?;

3. Merge observations‐based relationships learned by Ridge‐ERA5 with future projections to produce obser-
vationally calibrated realizations of future temperature projections—the basis of the observational constraint;

4. Incorporate prediction error/uncertainty—error in the relationship between Ridge‐CMIP model‐consistent
predictions and actual CMIP projections is accounted for as to produce the final constraint.

Each of these four steps is now explained in detail, starting with the model training process:

Through a systematic testing of variable combinations and domain sizes at a random sample of Northern
Hemisphere land grid cells, a suitable predictor variable setup was determined. The motivation behind the se-
lection of these controlling factor variables is not only a statistical correlation with the target near‐surface
temperature anomaly and an increase in model skill but also the presence of physical processes in the climate
system that can explain how they influence temperature. Here, these controlling factors are selected with the
Northern Hemisphere mid‐latitudes summer in mind, aiming to capture key information about physical processes
associated with heat extremes in these regions. To take advantage of spatial information about each input variable,
predictor variables are provided in square n × n grid cell domains centered on the target grid cell for prediction
resulting in n2 inputs to the model for each predictor variable. This means that each controlling factor provides
multiple inputs to the regression model covering the local and surrounding grid cells. The fact that these adjacent
input variables are likely to be highly correlated motivates our use of Ridge regression as a method which deals
well with co‐linearity as well as having the ability to extrapolate (being a linear method), which is crucial if we
want to train only on data under 1979–2020 forcing conditions and predict on SSP5‐8.5 conditions, that is, well
beyond the training climate regime. In our problem formulation, vanilla neural networks would fail in this
extreme extrapolation challenge. We show in our paper that the linear relationships learned are indeed approx-
imately climate‐invariant, see also detailed discussion in Nowack and Watson‐Parris (2025). Additionally, Ridge
is a relatively simple, interpretable method that is computationally cheap and demonstrated competitive per-
formance scores against non‐linear methods such as Random Forest Regression and Gaussian Process Regression
during model development. For further detail on Ridge regression, please refer to the Supporting Information S1.
A Ridge‐ERA5 model is trained at each Northern Hemisphere land grid cell using historical data from ERA5
during JJA. During training, a 5‐fold cross‐validation procedure is applied to determine the optimum value of the
Ridge regularization parameter. Each daily temperature anomaly prediction ( yridge,era5) can be expressed as a
linear combination of controlling factor anomalies (xp):

yridge,era5 = θ0 +∑
P

i=1
θpxp. (1)

The final controlling factor setup is listed in Table 1 alongside the domain size in grid cells centered on the target
location over which the information is provided to the ridge model.

As the relationships learned by the Ridge‐ERA5 models will be applied for future projection, we want to validate
that these relationships are climate invariant—that they will still hold predictive power under significant climate
change (Nowack & Watson‐Parris, 2025). We test this climate invariance property using a perfect model
framework, turning to climate model data where we have consistent realizations of both historical and future

JGR: Machine Learning and Computation 10.1029/2025JH000698

WILKINSON ET AL. 3 of 15

 29935210, 2025, 2, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025JH

000698, W
iley O

nline L
ibrary on [06/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Figure 1. Illustration of the Ridge‐ERA5 observational constraint framework. We first train Ridge‐CMIP (a) and Ridge‐
ERA5 (c) models on historical data using the predictor variables identified during the controlling factor analysis. Climate
invariance of the learned relationships is validated through a perfect model framework using input data from the most
extreme future warming scenario: SSP5‐8.5—as input to the functions trained on historical data (matching the time period
from ERA5 for the observational function). Ridge‐CMIP predicted temperatures are plotted against actual CMIP6
temperature projections (points) alongside a least squares fit to points (black line) & prediction interval (black dashed line)
calculated according to Wilks (2006), refer to Supporting Information S1 for further details (b). Climate model inputs from
this future warming scenario are then fed into the observations‐based Ridge‐ERA5 model to produce observationally
moderated realizations of the future warming projections (orange dashed line) which form the basis of the final observational
constraint (solid orange line).
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climate. Taking data from CMIP6, we train a set of 23 climate model emu-
lators (Ridge‐CMIP models) using historical climate model data (1979–2022)
to predict daily mean temperature anomalies, shown in Figure 1a. These
Ridge‐CMIP models use the same controlling factor setup that was described
for Ridge‐ERA5 but learn from historical climate model data rather than
reanalysis. The performance of these models for future prediction under
extrapolation conditions (beyond the range of temperatures seen during
training) can easily be tested using future scenario data. This testing is per-
formed by providing each Ridge‐CMIP emulator trained on historical climate
model data with predictor variable inputs from future warming scenario
SSP5‐8.5 for the same climate model. The resulting Ridge‐CMIP future
temperature predictions are compared with the actual future projections from
the corresponding CMIP6 model, as outlined in Figure 1b. By plotting the
Ridge‐CMIP prediction versus the CMIP6 projection for each climate model
(Figure 3) and comparing with the one‐to‐one line we can identify any sys-
tematic under‐ or over‐prediction by the Ridge‐CMIP emulators:

ycmip = a + byridge,cmip. (2)

Thirdly, to place a constraint on the future temperature anomalies projected by existing climate models we want to
merge the observations‐based coefficients learned by Ridge‐ERA5 from historical reanalysis data with future
projections of controlling factors from CMIP6. Considering uncertainty in future projections (Δycmip) to be a
function of uncertainty in predictor variables (Δxcmip) and uncertainty in the relationships between them (Δθcmip):

Δycmip = f (Δxcmip,Δθcmip). (3)

Table 1
Controlling Factors for Near‐Surface Temperature Anomaly

Variable Domain size

Soil moisture 1 × 1

Near‐surface relative humidity 5 × 5

Monthly near‐surface relative humidity 5 × 5

Cloud cover fraction 5 × 5

Precipitation rate 5 × 5

u Component of the 850 hPa wind 5 × 5

v Component of the 850 hPa wind 5 × 5

Magnitude of the 850 hPa wind 5 × 5

Monthly 850 hPa specific humidity 5 × 5

Figure 2. Overview of Ridge‐ERA5 performance on held‐out test data for daily JJA temperature anomalies. Northern
Hemisphere maps of R2 scores (a) and mean absolute error (b) for test predictions covering the period 1979–2022. Time
series of Ridge‐ERA5 predictions versus actual ERA5 temperature anomalies at three test locations: 49.5°N 0.0°E (c),
43.5°N 240.0°E (d), and 61.5°N 75.0°E (e) indicated by the red crosses in the inset maps.
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We seek to constrain the Δθcmip by introducing the coefficients learned by Ridge‐ERA5 to represent process‐
based relationships derived from observations (θera5). We make future predictions using Ridge‐ERA5 by
combining Ridge‐ERA5 coefficients (θera5) with predictor variables from future scenario SSP5‐8.5 in the CMIP6
archive (xcmip) for each of the 23 models. This produces a distribution of observationally moderated predictions
for end of century warming on a regional basis ( yridge,era5).

As a final step, we additionally convolve this distribution with the prediction uncertainty in our ML framework to
obtain the final constrained distribution. This first involves making use of the straight‐line relationship between
the Ridge‐CMIP end‐of‐century temperature predictions and actual CMIP6 projections (refer to Equation 2). The
distribution of observationally moderated predictions, yridge,era5, is transformed through this line:

z = a + byridge,era5. (4)

To fit a distribution to the translated temperatures, z, 107 equidistant points are sampled from a normal distri-
bution fitted to z using the prediction interval (Wilks (2006), refer to Supporting Information S1 for further detail)
as the standard deviation. Finally, a Gaussian kernel density estimator with bandwidth 0.01 is fitted to these points
to obtain the final distribution of constrained values.

Following calculation of the Ridge‐ERA5 observational constraint we apply Shapley Additive ExPlanation
(SHAP) value analysis (Lundberg & Lee, 2017; Shapley, 1953), to identify the source of the constraint in each
region. SHAP values quantify the contribution of each input variable to a given model prediction, allowing a
temperature prediction on a given day to be decomposed into contributions from each of the controlling factors,
for example, specific humidity anomalies. SHAP values are additive, meaning that the sum of SHAP values for all
variables adds up to the difference between the prediction of the model and a baseline value. In the case of linear
models like Ridge, the calculation is simplified by the form of the model function with the baseline SHAP value
equating to the linear regression intercept, whilst the SHAP value of a given variable, ϕj, is simply the product of
the corresponding coefficient, θj, and the observed value for that case, xj. Explainable AI methods are sensitive to
the baseline relative to which the roles of features are quantified (Mamalakis et al., 2023). Since our controlling
factor framework focuses on explaining and modeling temperature anomalies relative to the climatological mean,
we consider the intercept of the ridge regression model as a straightforward baseline and aim to use SHAP values
to explain the contributions of predictor variables relative to this expected value.

3. Predictive Skill of the Model
We first demonstrate the predictive skill of the Ridge‐ERA5 ML model on held‐out historical reanalysis data.
Corresponding Ridge‐CMIP emulators trained on historical climate model data are then applied to climate model
projections to test climate invariance using model‐consistent changes in the controlling factors, and then by
extension to produce an observations‐based constraint on future temperature anomalies as described in Section 2.
Finally, the results of this constraint are broken down into SHAP contributions from individual predictor variables
to identify the sources of the constraint in terms of controlling factors.

A test prediction time series covering the entire time period of the ERA5 data (1979–2022) is achieved by taking a
leave‐one‐year‐out approach that is rotating the year that is held‐out for testing. So, for each year of historical data
(e.g., 2000), we train a Ridge‐ERA5 model using the remaining years of data (1979–1999 and 2001–2019),
including a 5‐fold, time‐ordered cross‐validation split to determine hyperparameter values. By repeating this
process for each year of historical data, we produce a time series of Ridge‐ERA5 test predictions (on data unseen
during training) which covers the entire historical period 1979–2022. Figure S1 in Supporting Information S1
compares test R2 scores from this leave‐one‐year‐out approach with training, cross‐validation and test R2 scores
from separate models which use distinct time periods for training (1979–2005), cross‐validation (2006–2015),
and testing (2016–2022). These results indicate that overfitting or high‐bias issues are confined primarily to ocean
regions (which are not the focus of our analysis) and performance scores are broadly comparable between the test
data (2016–2022) and test scores from the leave‐one‐year‐out approach over land. In addition, we note that there
are at least 9 months gap between the last month of 1 year to JJA in the next year. Ultimately, the strongest out‐of‐
sample test is the evaluation under the final decades of SSP5‐8.5, which is not only distant in time but also poses
an extrapolation challenge with respect to climate change for the CMIP model‐consistent functions, providing a
difficult test case for our methodology.
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Overall, the Ridge‐ERA5 framework achieves very good predictive performance for near‐surface temperature
anomalies across the Northern Hemisphere mid‐latitudes. A selection of performance measures for Ridge‐ERA5
predictions on held‐out ERA5 test data (data not seen during training) for JJA temperature anomalies are shown in
Figure 2. R2 scores (a measure of explained variance with optimum value 1 and no limit to worst performance) and
mean absolute error are mapped in Figures 2a and 2b, respectively. Similar patterns of performance are visible
across both metrics with the best performance scores measured over land and at mid‐latitudes. R2 scores for the
seasonal anomaly predictions indicate high performance with values >0.7 across most land regions. Performance
is unsurprisingly poorest over Northern Siberia, where temperature variance is high and the controlling factor
setup does not include factors such as snow cover and related feedbacks which play a role in heat extremes in
these high‐latitude regions (Marquardt Collow et al., 2022; Sato & Nakamura, 2019; R. Zhang et al., 2020).

Figures 2c–2d show time series of predictions from Ridge‐ERA5 for 1 year of the historical time period at three
test locations. Here, the Ridge‐ERA5 prediction time series shows excellent day‐to‐day agreement with the true

Figure 3. Averaged on a regional basis over land grid‐cells in Northern Hemisphere AR6 regions in North, Central, and South
America: Projected mean daily temperature change (by 2070–2100) under SSP5‐8.5 during JJA from CMIP6 (y‐axis) plotted
against predicted change by Ridge‐CMIP (x‐axis) with least squares fit to points (black line) & prediction interval calculated
according to (Wilks, 2006), refer to Supporting Information S1 for further details (black dashed line) for different AR6
regions. Probability distributions (orange lines) for Ridge‐ERA5 future predictions given SSP5‐8.5 inputs (x‐axis) convolved
with Ridge prediction error for final constraint (y‐axis).
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ERA5 time series (Figures 2c and 2d). The magnitude of most anomalies is accurately captured as well as the
patterns of daily variation; even during exceptionally warm years such as the 2003 European heatwave. In areas
where Ridge‐ERA5 struggles, such as in Northern Siberia, there are instances both of correctly modeled patterns
but also incorrect magnitudes and false patterns of variation (Figure 2e). Such high‐latitude regions (Greenland/
Iceland, Russian Arctic, Western Siberia, Eastern Siberia, Russian Far East, North‐Western North America, and
North‐Eastern North America) are excluded from the observational constraint in the present study and we focus
on Northern Hemisphere mid‐latitude land regions given our choice of controlling factors.

4. The Observational Constraint
Having evaluated that the controlling factor functions can skillfully predict historical temperature variations, we
now evaluate their climate‐invariance in a perfect model framework by projecting model‐consistent temperature
responses. We focus on the mean temperature change by 2070–2100 compared with a historical period of 1979–
2022 averaged over land grid cells in Northern Hemisphere AR6 regions. For a map and more detailed description
of these regions, we refer to the Supporting Information S1. Ridge‐CMIP predictions of this quantity (produced
by feeding each Ridge‐CMIP emulator with projections of the controlling factors from the corresponding CMIP
model) for the 8 land AR6 regions in North, Central, and South America are plotted against the actual future
projections from SSP5‐8.5 simulations for each model in Figure 3 (results for the remaining AR6 regions in the
Northern Hemisphere mid‐latitudes are provided in Figures S3 and S4 in Supporting Information S1). A closer
match to the one‐to‐one line indicates greater climate‐invariance in the relationships learned from historical data
only.

In general, goodness of fit for these future projections corresponds to performance on historical test data. Where
historical performance was worse, so is future projection performance, likely due to the missing processes
relevant to temperature anomalies at higher altitudes and latitudes discussed in Section 3. Generally, Ridge‐CMIP
predictions show excellent agreement with corresponding CMIP6 temperature anomalies even under the most
extreme future warming scenario where temperatures far exceed the historically observed range. Western North‐
America and Eastern North‐America have the highest maximum projected future warming across North, Central,
and South America with some CMIP6 models projecting an increase of more than 9°C. Ridge‐CMIP emulator
models trained on historical climate model data are still able to make accurate predictions under these extrap-
olation conditions which can be seen by comparing the least squares fit to points (black line) with the one‐to‐one
line (gray dashed line). In other regions where the temperature change is less extreme for example, Northern
Central‐America, Southern Central‐America, and Northern South‐America, performance is better, as expected
when the model is not required to extrapolate as far beyond the range of temperatures seen during training.

The Ridge‐ERA5 coefficients are then combined with model projections of the controlling factors from the future
projection to produce observationally moderated future temperature projections (dashed orange curve in
Figure 3). Finally, the above distributions are convolved with the prediction error between CMIP6 and Ridge‐
CMIP future temperatures to give the final constrained distribution accounting for potential systematic errors
(solid orange curve in Figure 3) in the Ridge future predictions. We summarize the observational constraint for the
various AR6 regions in Figure 4.

Whilst the CMIP6 ensemble, particularly the multi‐model mean, in many cases agrees with our observational
constraint, in several regions there is a substantial downward correction and/or narrowing of the distribution.
Additionally, in those regions where the CMIP6 ensemble appears to be in alignment with our observational
constraint, this is sometimes the result of compensating errors in the controlling factors which will be explored in
more detail in the following section. Here, we highlight three tendencies of the observational constraint which
arise in different regions: (a) a significant downshift in the range of projected temperatures; (b) a moderate
downshift in the range of projected temperatures which excludes models which project the greatest degree of
warming; (c) little change to the range of temperatures projected by CMIP6 models. For a version of Figure 4
which allows individual CMIP6 models to be identified and compared with the observational constraint, refer to
Figures S5 and S6 in Supporting Information S1.

The regions where the greatest downshift occurs, that is, Mediterranean, West Central Asia, the Arabian
Peninsula, the Sahara, East Central Asia, and North Central America (Figures 4a–4e), all tend to be hotter and
drier climatic regions. In these regions, the CMIP6 multi‐model means fall outside or at the upper boundary of the
central 66% uncertainty range of the observational constraint indicating that models in these regions tend to
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project a greater degree of warming than is compatible with our observational constraint. The fact that these
regions all share a similar climate indicates that particular processes associated with warm anomalies in these
regions might be poorly simulated in GCMs, which we discuss in the next section.

In most other regions (Figures 4g–4r), the CMIP6 ensemble mean falls within the central 66% uncertainty range of
the observational constraint although there is always a small downward correction. Additionally, the 2–3 models
which project the greatest degree of warming in each region are almost always excluded by the observational
constraint. The models excluded frequently include CanESM5, HadGEM3‐GC31‐LL/MM, and UKESM1‐0‐LL
—some of the highest sensitivity models in the CMIP6 archive. Our observational constraint suggests that the

Figure 4. Mean temperature change during JJA projected by each CMIP6 model (red circles shaded according to model ECS)
and the CMIP6 ensemble mean (black line) alongside observationally constrained mean (black line), 17th–83rd percentile
(wide orange bar) and 5th–95th percentile (thin orange bar) intervals for each Northern Hemisphere AR6 region. In some
regions, the observational constraint produces a significant downward correction (a–f), in other regions the downward
correction is more moderate and excludes only the warmest CMIP6 models (g–r), in other regions the constraint broadly
aligns with the CMIP6 ensemble (s–x).
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level of warming projected by these models is not compatible with observational evidence across much of the
Northern Hemisphere mid‐latitudes.

Regions where the constraint is widest relative to the CMIP6 range and results in little to no shift in the multi‐
model mean tend to correspond to mountainous regions, for example,: the Tibetan Plateau or North Western
South America (Figures 4s–4x). Poor performance in these regions may be linked to the representation of
topography with mountains in each region being represented differently in each CMIP model and in ERA5,
effectively resulting in more noise when applying the Ridge‐ERA5 functions to CMIP6 inputs. Additionally,
some of these regions are also associated with poorer historical performance on test data (e.g., Northern Europe,
West & Central Europe, Tibetan Plateau). The fact that this approach results in a wider uncertainty range in the
regions of poorer performance is itself a positive feature of the method rather than obtaining an over‐confident but
narrower constraint.

5. Physical Drivers of Responses
We now attempt to identify the potential physical drivers behind our results by conducting a SHAP value analysis
of the contributions from individual controlling factors. First, we consider the regions where we find the most
significant constraints on the CMIP temperature range, that is, those in Figures 4a–4e. In these regions, we find
that the controlling factor responses for near‐surface relative humidity and the monthly means of near‐surface
relative humidity and 850 hPa specific humidity are weaker in the Ridge‐ERA5 coefficients than the CMIP6
coefficients leading to the downward correction of the temperature range. This is demonstrated for the Medi-
terranean region in Figure 5a.

Second, for other regions where there is a moderate downward correction of the ensemble mean and the constraint
excludes the CMIP6 models which project the most warming (Figures 4g–4r) the constraint also appears to be
driven primarily by differences in the monthly humidity responses, see for example, the SHAP value decom-
position for Western Africa in Figure 5b. We found that the inclusion of these monthly mean humidity variables
was essential to enable Ridge‐ERA5 and the Ridge‐CMIP emulators to simulate the degree of the future warming.
As monthly mean values, these variables capture longer term information about the state of the local climate,
providing information about the background warming state on top of which other effects such as soil moisture
feedbacks or dynamical variables influence temperature anomalies.

In some regions where the constraint results in the small downward correction described above, we also see an
opposite effect in the soil moisture response. However, this effect is smaller in magnitude compared with the
humidity responses, hence the overall downshifting of the uncertainty range. In Europe and North America, the
soil moisture response in the climate models appears to be too weak while in Ridge‐ERA5 the same soil moisture
anomaly results in a greater degree of warming. This is demonstrated in Figure 5c where, for Eastern North
America, the SHAP value difference is positive for soil moisture contributions.

In these regions, the shift in the median implies that model uncertainty in the current controlling factor set‐up
might be encoded in the controlling factor responses (which are not constrained), rather than in the relation-
ship between the controlling factor and target variable response (which we do constrain). Consequently, future
work could focus on defining new controlling factor set‐ups that better redistribute uncertainties away from the
raw controlling factor responses, in particular by finding alternative proxies for processes contained in the specific
humidity predictors. Nevertheless, even in cases where model uncertainty is not constrained by our approach, our
decomposition of the constraint into contributions from individual predictor variables indicates that the soil
moisture feedback in some CMIP6 models may be underestimated and that compensating biases in underlying
processes contribute to temperature projections in some regions.

In the regions where the observational constraint appears to be in alignment with the CMIP range of responses
(Figures 4g–4r), this is sometimes the result of bias in one variable being offset by an opposite bias in another
variable. For example, for the Northern Europe region, the constraint (range and median value) is broadly in line
with the CMIP range (Figure 4u) but an analysis of the controlling factors in Figure 5d indicates this may be down
to a compensation of monthly mean specific humidity by other factors such as the role of soil moisture feedbacks.
While the soil moisture feedback response appears to be too weak across the CMIP6 models in Northern Europe,
this effect is compensated for by a monthly mean specific humidity response which is too strong. For SHAP value
decompositions in the remaining regions, refer to Figures S7–S10 in Supporting Information S1.
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While the SHAP value decomposition of the constraint can provide some insight into the key variables involved,
care must still be taken in the interpretation of this analysis. The relationships, which Ridge‐ERA5 represents
between predictor and target variables, are not necessarily one‐way or causal (Nowack et al., 2020). Whilst these
relationships have been demonstrated to hold strong predictive power, in a complex, inter‐connected climate
system many of the predictor variables both influence and are influenced by the target variable—temperature.
That being said, SHAP value analysis is still a powerful tool in this context for highlighting controlling factors and
associated processes for further investigation.

6. Conclusions
We have introduced a first controlling factor analysis for observational constraints on regional near‐surface
temperature projections. Ridge‐ERA5 is able to make accurate, out‐of‐sample test predictions for daily tem-
perature anomalies to the mean seasonal cycle based on input information from a range of climatic predictor
variables at most Northern Hemisphere land grid cell locations. Climate invariance of the Ridge coefficients is
demonstrated by predictions from Ridge‐CMIP emulators (which learn from historical climate model data)
comparing very well with end of century temperature anomalies in corresponding CMIP6 climate projections.

The range of the constraint produced by the controlling factor analysis can exceed the range of CMIP6 tem-
perature projections because the constraint is based upon relationships learned from observational data. Thus the

Figure 5. Average difference in SHAP values (Ridge‐ERA5 minus Ridge‐CMIP) for end‐of‐century temperature predictions
for each Ridge predictor variable over the Mediterranean (a), Western Africa (b), Eastern North America (c), and Northern
Europe (d). A positive (negative) value of N°C for a particular predictor variable indicates that the variable contributes an
average N°C of warming (cooling) more in Ridge‐ERA5 than the same predictor variable in Ridge‐CMIP.
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constraint represents a physical, process‐based constraint, without many problems of other statistical approaches,
such as emergent constraint frameworks, where indirect links between historical changes and future projections
may sometimes result from coincidental correlations in the data rather than representing physically based out‐of‐
sample predictive connections in the climate system.

A key finding of the Ridge‐ERA5 observational constraint is the exclusion, across Northern Hemisphere land, of
those models which project the greatest degree of warming on a regional basis by the end of the century. There has
been much discussion surrounding the increased equilibrium climate sensitivity between the previous generation
of climate models in the CMIP5 ensemble and those in CMIP6 (Meehl et al., 2020). Our results indicate that some
models may have warmed too much by the 2020s, and are incompatible with observed relationships between
temperature and other driving factors in our framework, and are consistent with a growing body of evidence
suggesting that the sensitivity of some CMIP6 models may not be compatible with the observed historical climate
(Brunner et al., 2020; Jiménez‐de‐la Cuesta & Mauritsen, 2019; Nijsse et al., 2020; O’Reilly et al., 2024;
Tokarska et al., 2020; Zhu et al., 2020).

Results have been demonstrated here for Northern Hemisphere land areas and for summertime temperature
anomalies. This methodology could be applied in other regions, seasons, and to other variables by tailoring the
controlling factors selected to describe local physical drivers of the climate variable of interest. Performance of
the methodology was demonstrated on the most extreme future warming scenario in CMIP6, SSP5‐8.5, as this
represented the most extreme out‐of‐sample extrapolation test for the Ridge‐CMIP6 models. The same approach
could be applied to other less extreme scenarios where we would expect models with an ECS that is incompatible
with our observational constraint to continue to be excluded.

Data Availability Statement
All reanalysis and CMIP6 data used in this study are publicly available. A specific list of data sets and variables
accessed, data pre‐processing steps, and Python code for analysis are archived in Zenodo and available at: https://
doi.org/10.5281/zenodo.15115895 (Wilkinson, 2025).
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