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Climate change has emerged across many regions. Some observed regional
climate changes, such as amplified Arctic warming and land-sea warming
contrasts have been predicted by climate models. However, many other
observed regional changes, such as changes in tropical sea surface temperature
and monsoon rainfall are not well simulated by climate model ensembles even
when taking into account natural internal variability and structural uncertainties
in the response of models to anthropogenic radiative forcing. This suggests
climate model predictions may not fully reflect what our future will look like.
The discrepancies between models and observations are not well understood
due to several real and apparent puzzles and limitations such as the “signal-to-
noise paradox” and real-world record-shattering extremes falling outside of the
possible range predicted by models. Addressing these discrepancies, puzzles
and limitations is essential, because understanding and reliably predicting
regional climate change is necessary in order to communicate effectively about
the underlying drivers of change, provide reliable information to stakeholders,
enable societies to adapt, and increase resilience and reduce vulnerability.
The challenges of achieving this are greater in the Global South, especially
because of the lack of observational data over long time periods and a lack
of scientific focus on Global South climate change. To address discrepancies
between observations and models, it is important to prioritize resources for
understanding regional climate predictions and analyzing where and why
models and observations disagree via testing hypotheses of drivers of biases
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using observations and models. Gaps in understanding can be discovered and
filled by exploiting new tools, such as artificial intelligence/machine learning,
high-resolution models, new modeling experiments in the model hierarchy,
better quantification of forcing, and new observations. Conscious efforts are
needed toward creating opportunities that allow regional experts, particularly
those from the Global South, to take the lead in regional climate research. This
includes co-learning in technical aspects of analyzing simulations and in the
physics and dynamics of regional climate change. Finally, improved methods of
regional climate communication are needed, which account for the underlying
uncertainties, in order to provide reliable and actionable information to
stakeholders and the media.

KEYWORDS

regional climate change, climate dynamics, climate modeling, climate
communication, climate prediction and projection

1 Introduction

Global-mean warming, which is now approaching 1.5°C, was
detected decades ago and is reliably attributed to human activity
(IPCC, 2021). Yet, weather and climate are experienced at the regional
or local scale, where the internal variability (i.e., noise) is much larger
than at the global scale, and it takes longer for the ‘forced’ climate
change signal, e.g., a statistically significant linear trend, to emerge
from the noise (Hawkins and Sutton, 2009). Even so, the regional
impacts of global warming, such as increases in hot extremes, have
now been detected and attributed across most of the Earth’s land
surface (see [PCC, 2021, Figure SPM.3A). In general, thermodynamic
(temperature-related) aspects of regional change are supported by
theory, observation-based data, paleoclimate reconstructions, and
climate models, which tell a consistent story, and can be related to
extremes such as heatwaves, heavy precipitation, and evaporatively-
driven drought. However, even in this thermodynamic context models
are faced with challenges including model-observation discrepancies
of trends in regional sea surface temperature (SST), heat extremes and
record-shattering extremes (Perkins-Kirkpatrick et al., 2024).

The dynamical aspects of climate change, that is those associated
with changes in atmospheric or oceanic circulation, which also
significantly impact regional climate change, have long been more
difficult to ascertain due to competing theories and the significant
influence of internal variability (Shaw et al, 2016, Shaw 2019).
However, some signals, such as a weakening trend of the summertime
circulation in the Northern Hemisphere (Coumou et al,, 2015; Kang
et al,, 2023a) and strengthening trend of storminess in the Southern
Hemisphere (Chemke et al., 2022; Shaw et al., 2022), have already
emerged in observations and, as global warming continues to increase,
we can expect even more dynamical signals to emerge clearly from the
noise in observations. This will test theoretical expectations, and the
climate science community must be ready to provide meaningful
interpretations of the observed trends in the face of what is still
considerable uncertainty.

At this point, some of the emerging signals seem consistent with
climate model predictions, but others are not, and there are concerns
being raised that climate models may underestimate key aspects of the
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forced response, including unprecedented extremes as discussed
below. The purpose of this perspective article is to summarize where
there is agreement on aspects of regional climate change, where there
are discrepancies, and to suggest ways forward.

2 Model-observation discrepancies,
confounding puzzles and limitations

Generations of models have predicted changes in regional climate
under anthropogenic forcing with strong consensus (see Doblas-
Reyes et al.,, 2021). Several of these regional changes have already
emerged in observations and have been attributed to human
activities, e.g., land warming more than ocean, Arctic amplification
of surface temperature increase, more intense heat waves, heavy
precipitation increase, and delayed monsoon onset. As climate
change continues unabated, we are now entering a time where we are
expecting to be able to detect many more of those predicted changes.
These changes include, e.g., weakening tropical circulation, SST
pattern trends in the tropics, shifts in jets, strengthening of
midlatitude storms in the Southern Hemisphere across seasons and
weakening during Northern Hemisphere summer, and a slowdown
of the Atlantic Meridional Overturning Circulation (AMOC). A
recent assessment of the above-mentioned regional changes can
be found in the 6th Assessment Report of the IPCC (Doblas-Reyes
et al,, 2021; Eyring et al,, 2021). Models have shown fidelity in
capturing some of the emerging regional signals, however, model-
observation discrepancies have been accumulating across different
regions. We outline several examples of the discrepancies below that
are summarized in Figure 1. The different outcomes of model-
observation comparisons are provided in Figure 2.

The accumulating discrepancies are not well understood and
confounded by several real and apparent puzzles (e.g., “signal-to-noise
paradox,” real-time record-shattering extremes falling outside of the
possible range predicted by models) and limitations (e.g.,
disentangling the role of forcing versus internal climate variability,
impact of physical processes not included in the models, forcing

frontiersin.org


https://doi.org/10.3389/fclim.2024.1391634
https://www.frontiersin.org/climate
https://www.frontiersin.org

Shaw et al.

uncertainty, persistent model biases, and the limits of instrumental
observations), which are also outlined below.

2.1 Discrepancies between modeled and
observed regional climate changes

2.1.1 Asian-Australian monsoon rainfall trends

Observed mean summer monsoon rainfall over central-north
India exhibited a significant reduction since the 1950s, while the
extreme rainfall events manifested a threefold rise (Roxy et al.,
2015, 2017; Wang et al., 2021). However, historical simulations
across Coupled Model Intercomparison Project (CMIP) generations
show an increase in the mean summertime monsoon rainfall over
the same region in response to anthropogenic forcing from
increasing greenhouse gasses (GHGs) (Saha et al., 2014). IPCC AR6
Chapter 10 concluded multidecadal internal variability and time-
evolving aerosol forcing as key reasons for the mismatch in
monsoon rainfall (Doblas-Reyes et al., 2021), however, other factors
such as observational uncertainty, ocean warming, and
anthropogenic changes in land use/land cover have also been
proposed to explain this discrepancy (Roxy et al., 2015; Paul et al.,
2016; Singh etal., 2019; Jain et al., 2023). These factors are found to
have systematic impacts on monsoon rainfall and it is also found
that the decadal variability is large enough to easily override the
underlying trends due to anthropogenic changes to give temporary
trends of opposite sign in rainfall (Huang et al., 2020; Jain and
Scaife, 2022). This emphasizes that internal variability can explain
the mismatch in observed and model simulated trends (Carvalho
et al.,, 2024).

In contrast, the Australian Summer monsoon has experienced a
trend toward higher rainfall since the beginning of the observational

10.3389/fclim.2024.1391634

record (Dey et al, 2019). At present, the observed trend is not
adequately explained, although there are several plausible explanations
proposed in the literature, including multidecadal internal variability,
GHG forcing, and changes due to remote atmospheric aerosol effects
on circulation (Dey et al., 2019). Climate change projections of the
Australian monsoon have remained uncertain for multiple successive
generations of climate models, with models failing to agree on both the
magnitude and direction of changes in monsoon rainfall with global
warming (Colman et al., 2011; Brown et al.,, 2016; Narsey et al., 2020).

2.1.2 Eastern African paradox in rainfall trends

The “East African Climate Paradox” refers to the observed decline
in “long rains” (March to May) precipitation in coastal East Africa,
originally identified by Rowell et al. (2015) for 1986-2004 but valid for
trends beginning since 1950 (Yang et al., 2014). This drying trend
contradicts both the precipitation increase simulated in response to
changes in radiative forcing to date and the future predictions of wetter
long rains in multiple generations of CMIP models (Yang et al., 2014;
Rowell et al., 2015; Makula and Zhou, 2022). Wainwright et al. (2019)
showed that the reduced precipitation in the long rains comes about
from a shortened rainy season as opposed to a reduction of precipitation
intensity. Figure 3 shows the model-observation trend discrepancy in
long rains for the CMIP6 models from Makula and Zhou (2022).

Only a very small number of individual coupled runs in the multi-
model ensemble are able to reproduce the drying recorded in multiple
observational data sets while the ensemble mean shows a modest
wetting trend (Yang et al., 2014; Rowell et al., 2015). Since the time of
“peak paradox;,” long rains precipitation totals have increased
(Wainwright et al., 2019) and the trend from 1983 to 2021 actually
shows a modest wetting in some data sets and little change in others
(Palmer et al., 2023). The current consensus is that the observed
drying was forced by decadal variations in SSTs in the tropical Indo-
Pacific Oceans, presumed natural (Yang et al., 2014; Funk et al,, 2018),

FIGURE 1

Location of known model-observation discrepancies in historical trends
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The location of known model-observation discrepancies in historical trends discussed in section 3.
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with a likely additional component of Indo-west Pacific warming
driven by rising GHGs (Hoell et al., 2017).

The fact that the observed trends during the “peak paradox”
period are almost entirely outside the coupled model ensemble spread,
and can be better simulated by SST-forced models, suggests that the
coupled models cannot simulate the appropriate decadal ocean
variability that drives long rains precipitation over East Africa. At this
point we do not know if models are biased in how the rains in East
Africa respond to radiative forcing, but the sensitivity to tropical
Pacific SSTs suggests the reliability of projections in this region could
be a casualty of model biases in simulating both decadal variability
and the forced response of the tropical Pacific Ocean (cf- section 2.1.6).

2.1.3 South East South America rainfall trends
Several studies have identified a positive trend in austral summer
precipitation over Southeastern South America (SESA) since the
beginning of the 20th century, according to different datasets
(Gonzalez et al., 2014; Vera and Diaz, 2015; Zhang et al., 2016; Diaz
and Vera, 2017; Saurral et al., 2017; Wu and Polvani, 2017; Montini
etal, 2019). The trend from the 1950s onwards is explained by the
interplay of the Atlantic Multidecadal Variability (AMV), and
anthropogenic influence associated with GHG emissions and
stratospheric ozone depletion (Doblas-Reyes et al., 2021). Although
global models in general simulate positive trends when forced with
GHG and stratospheric ozone depletion, they reproduce weaker
trends than the observed. The CMIP6 model-observation
precipitation trend discrepancy over SESA is shown in Figure 4 from
Varuolo-Clarke et al. (2021). To capture the magnitude of the
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observed trend within an ensemble range, a multi-model SMILE
ensemble is needed (Diaz et al., 2021). This is partly due to the biases
of CMIP6 models in simulating summer mean precipitation and its
interannual variability in the region (Diaz et al., 2021). Internal
decadal-to-centennial variability not present in state-of-the-art
models, perhaps related to missing ocean-atmosphere or land-ice
coupling, may have also played a large role in generating the
twentieth-to-twenty-first-century ~SESA  precipitation trend
(Varuolo-Clarke et al., 2021).

2.1.4 Northern hemisphere extratropical
circulation, extreme and hydroclimate trends

Recent trends in Northern Hemisphere wintertime extratropical
zonal-mean zonal winds and temperatures are captured reasonably
well by the latest generation of coupled models (Woollings et al.,
2023). The trends include an upward shift and acceleration of the
subtropical jet and an emerging poleward shift. However, regional
trends including the strengthening of the wintertime North Atlantic
jet from 1951 to 2020, are not well-captured by the recent generation
of coupled models (Blackport and Fyfe, 2022). The models similarly
have difficulty capturing the observed precipitation trends over
Europe (Blackport and Fyfe, 2022). Multi-decadal variability in the
North Atlantic is large and models struggle to capture it (Fade et al.,
2022); consistently, trends in individual models differ considerably
from the multi-model mean trend and from each other (Blackport
and Fyfe, 2022).

The Northern Hemisphere summertime circulation, including the
jet stream and storm tracks, has weakened significantly over the
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satellite era since the late 1970s. While only a few select models of the
previous generation (CMIP5) captured the weakening in reanalysis
data (Kang J. et al., 2023), the most recent generation of coupled
models show good agreement with the observed trends. Previous
work hypothesized a role of Arctic Amplification and Arctic Sea ice
loss (Coumou et al., 2018), however recent work suggests they do not
appear to be driving the weakening (Kang J. et al., 2023). Instead,
Dong et al. (2022) have highlighted a role for aerosol emissions for the
circulation weakening.

While some fidelity has been shown for the weakening of the
summertime circulation, models fail to capture an emerging
upper-level geopotential height trend that has been suggested to
be a circumglobal Rossby wave train (Teng et al., 2022). Similarly,
summer blocking frequencies have almost doubled over the last
years, primarily due to increasing blocking duration, a trend that
is also not captured by CMIP5 climate models (Hanna et al., 2018).
Potentially associated with these discrepancies in circulation
trends, CMIP6 models fail to capture the rapid rise in heat
extremes over western Europe (Van Oldenburg et al., 2022). Recent
work indicates that the faster observed increase in heat extremes
over Western Europe, as compared to simulations, is due to missed
atmospheric circulation trends in climate models (Patterson, 2023;
Vautard et al., 2023). Figure 5 shows the model-observation
discrepancy in the trend in maximum minus trend in mean index
from Patterson (2023). Finally, observed midlatitude summertime
drying (relative humidity) trends over land in several regions,
including the US South West, is not well captured in CMIP5 and
CMIP6 models for reasons that are unclear (Douville and Plazzotta,
2017; Dunn et al., 2017; Douville and Willett, 2023; Simpson
et al., 2023).
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2.1.5 Southern hemisphere extratropical
circulation and SSTs

Statistically significant trends have emerged across the Southern
Hemisphere extratropics, including a cooling trend over the
Southern Ocean (Armour et al., 2016; Wills et al., 2022) and an
intensification of the Southern storm tracks (Chemke et al., 2022;
Shaw et al., 2022). While both signals have been predicted by
climate models (Manabe and Weatherald, 1975; Stouffer et al,,
1989), trends in the most recent generation of models exhibit
significant discrepancies with observations. In particular, CMIP6
models predict the opposite sign (warming) trend over the Southern
Ocean (Wills et al, 2022) and models underpredict the
intensification of the storm tracks by a factor of 2-4 depending on
the reanalysis product used (Chemke et al., 2022, Shaw et al., 2022).
Recent work shows that the inability of models to predict SST
trends over the Southern Ocean has implications for regional
temperature trends across the globe (Kang S. et al., 2023).

2.1.6 Tropical Pacific SST trends

There is a significant discrepancy between observations and
models in recent multi-decadal trends in the spatial pattern of tropical
Pacific SSTs and the strength of the Pacific Walker Circulation (Wills
et al., 2022). Observations show a strengthening of the east-west
(E-W) gradient and Walker Circulation (i.e., La Nina-like) whereas
models simulate a weakening of this gradient (i.e., El Nino-like) in
both historical and future trends. Such SST trends are expected to
impact climate around the Pacific Rim and elsewhere and are linked
in models to cloud feedbacks and the global climate sensitivity (e.g.,
Rugenstein et al., 2023 and references therein). Several mechanisms
have been proposed for weakening: constraints on changes in the
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global hydrological cycle and weakening tropical overturning,
differential evaporation damping, rainfall-induced freshwater forcing.
In contrast, mechanisms for strengthening focus on the ocean
dynamical thermostat, which might be transient and only operative
until subsurface and upwelling waters have warmed, warming in the
tropical Indian/Atlantic Oceans, aerosol forcing and Southern Ocean
cooling. A recent review by Lee et al. (2022) summarizes the different
mechanisms. Further, over recent decades (i.e., about 1980 to now) the
discrepancy could be a consequence of high amplitude natural decadal
variability that CMIP-class models cannot simulate. However, even on
longer multidecadal and century timescales the E-W gradient has
strengthened in observations and is essentially outside the range of the
individual runs in the CMIP6 and Large Ensemble projects (Seager
etal,, 2022). The challenge is to reconcile and quantify these different
trends, the mechanisms involved, and model biases and use this
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information to predict how the gradient will evolve into the future,
including the implications for regional climate.

2.2 Climate model fidelity

The accumulating model-observation discrepancies in historical
trends raise many questions related to climate model fidelity and fitness
for purpose. While climate model fidelity related to limited resolution is
a known concern, several other puzzles have emerged. For example,
initial condition ensemble predictions using climate models sometimes
show higher correlation with observed variability than with a randomly
selected individual member of their own simulation (Scaife and Smith,
2018). Another way of putting this is that the correlations with
observations are higher than would be expected from the small
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From Patterson (2023). The multi-model mean of the JJA-mean
trend of maximum surface air temperature minus the trend in the
mean surface air temperature (TMTM) index for CMIP6 models

(colors) and ERAS (thick, black line)

signal-to-noise ratios evident in models, even as the total variance in the
models is often close in magnitude to the observed variance. These
perplexing results are referred to as a ‘signal-to-noise (S/N) paradox’ (c.f.
Scaife and Smith, 2018, Smith et al,, 2020). It was shown to be particularly
pronounced in the Atlantic sector, where the variance in atmospheric
circulation measures that is predictable in climate models appears to
be too weak in amplitude by a factor of two, or perhaps more (Smith
et al,, 2020). This implies the North Atlantic Oscillation to be more
strongly forced by surface boundary conditions and by solar and volcanic
variability in nature than in models. The (S/N) paradox also highlights
that one cannot simply use model projections at face value: if the true
magnitude of the forced trend is stronger than models imply, then future
regional climate change could be well outside the range predicted by
models. Given the S/N paradox apparently applies to the North Atlantic
Oscillation (NAO), this presents a problem for climate prediction in
regions affected by it, including the Mediterranean and Middle East and
North Africa, where it exerts a strong influence. At least four (likely
complementary and inter-related) explanations have been proposed to
explain the S/N paradox - overly weak atmospheric eddy feedback, poor
representation of air-sea coupling, poor representation of tropical-
extratropical and stratosphere-troposphere coupling processes, and
insufficient resolution - and testing these explanations remains an active
research area.

Another puzzle related to climate model fidelity is that
pacemaker simulations, whereby coupled model SST anomalies are
nudged to observations, suggest coupled models can capture
regional climate change when SSTs are nudged but cannot capture
the trends when free-running (O’Reilly et al., 2023). If this means
coupled models are misrepresenting the forced trend, then what are
they missing?

2.3 Time evolving anthropogenic forcing

When comparing regional predictions from climate models with
observations it is important to assess which emission scenario aligns
best with the real world. Indeed, a well-known challenge of climate
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prediction is scenario uncertainty (Hawkins and Sutton, 2009).
Recent work suggests cumulative CO, emissions are not consistent
with the RCP8.5 emission scenario (Hausfather and Peter, 2020). This
highlights the importance of weighting model predictions per degree
of global warming. In addition to the uncertainty of CO, emissions,
the time evolution of anthropogenic aerosols can be up to a factor of
four different across scenarios (Persad et al., 2022) and compared to
the pre-2000 era we are now in a period of stratospheric ozone
recovery (Banerjee et al., 2020).

Anthropogenic aerosol emissions have been shown to be as
important as GHG emissions for recent climate change across many
regions. In particular, aerosols have played an important role in the
recent decrease in summer monsoon precipitation and circulation in
South Asia (e.g., Krishnan et al., 2016; Li et al., 2016; Liu et al., 2016;
Lau and Kim, 2017; Lin et al., 2018; Singh et al., 2020). Also, the
transition of a wet period in the mid-20th century to a very dry period
in the 1970s-1980s over West Africa is attributed to cooling from
Northern Hemisphere aerosols (Giannini and Kaplan, 2019; Hirasawa
etal, 2020). The recent recovery of the West African monsoon since
the mid-1990s is due to the combined effects of increasing GHG and
decreasing anthropogenic aerosols (e.g., Dong and Sutton, 2015;
Undorf et al., 2018). Aerosol forcing also dominates the recent
weakening of the Pacific jet stream (Dong et al., 2022). In many of
these cases, radiative forcing associated with decreasing aerosol and
increasing GHG drive a similar response, and hence constructively
interfere. Thus, the signal emerging in observations is twice as large as
it would be in response to a single forcing alone.

Ultimately, the evolution of regional climate change over the
next several decades will depend on how GHG, aerosol and
stratospheric ozone forcing evolve and interact, in particular
whether the forcings constructively or destructively interfere
regionally. For example, radiative forcing associated with increasing
aerosols has led to a decrease in Northern Hemisphere land
monsoon precipitation over the past century, but this link is expected
to disappear as anthropogenic aerosol emissions decrease in the
future (Jiang et al., 2023). This time-evolving response represents a
significant source of uncertainty for regional climate change
projections and should be factored into climate risk assessments
(Persad et al., 2022). In addition to the time-evolving impact of
atmospheric composition another important and underappreciated
time evolving anthropogenic forcing is land use change. For example,
uncertainty in land use scenarios could translate to large uncertainty
in CO, emissions, which may lead to discrepant climate projections
in emissions-driven climate simulations (Pongratz et al., 2021). At
the same time, models tend to produce diverse physical responses to
land use change, which may also result in uncertainty in projecting
regional climate change (Tebaldi et al., 2023).

2.4 The "known-unknown” drivers of
regional climate

Regional climate prediction is subject to a number of known-
unknown unknowns related to physics that are missing from climate
models that may impact the overall prediction skill. For example, the
current generation of coupled climate models miss important physical
processes such as changes in Antarctic meltwater, mesoscale processes,
irrigation and groundwater (McDermid et al., 2023) and complex
terrestrial and coastal ecosystem dynamics and feedback cycles.
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While some studies have attempted to include missing physics,
e.g., by imposing Antarctic meltwater trends missing from the models
(Roach etal., 2023) or resolving mesoscale ocean eddies (Yeager et al.,
2023) to improve Southern Ocean and Pacific SST observation-model
discrepancy, their quantitative impact and robustness across models
are largely unknown. Furthermore, mesoscale processes, e.g., tropical
cyclones like Storm Daniel (Copernicus, 2023a) and severe convective
storms, have not been accessible with current computing power,
representing another “known-unknown,” potentially introducing
significant sources of uncertainty for regional climate change
predictions. As discussed below, the ongoing push toward higher
resolution models may reveal previously unrecognized drivers of
regional climate related to coupling between scales (mountain regions,
coastal regions, small scale storms) and potential upscale impacts. The
known missing processes in climate models loom and beg the question
what else might climate models be missing? In other words, what are
the “unknown unknowns”?

2.5 Communicating regional climate
change, including record-shattering
extremes

By far, 2023 was the hottest year on record and over the past
several years, such record-shattering extremes have been accumulating
regionally. Observed extremes are generally a manifestation of internal
variability acting together with the response to anthropogenic forcing.
However, communicating these complex interactions to the public is
challenging. In the media, the question whether an event is due to
climate change is often asked, but this question does not usually have
a clear answer. Framing the question in terms of attribution, e.g., how
frequent or how much more intense such events have become due to
climate change, is more meaningful (Lloyd and Shepherd, 2023).

In addition, as noted above, there are multiple dimensions to
consider when answering questions related to emerging regional climate
changes: role of different forcings, role of internal variability and model
fidelity in representing the underlying mechanisms. CO2 forcing may
not be the sole contributor to emerging regional climate changes and
individual record-shattering events. For example, trends in European
heatwaves have been attributed to both GHG and aerosol forcing (Dong
etal, 2017; Freychet et al,, 2019) and the 2023 record-shattering marine
heat wave over the North Atlantic basin may have been boosted by
Saharan dust (Copernicus, 2023b), though no formal attribution has
been reported. Indeed, it seems that in many regions the magnitude of
emerging trends is related to the additivity of forcings. Along similar
lines, record-shattering extremes and emerging regional climate trends
can be boosted because internal variability and anthropogenic forcing
constructively interfere. In addition, internal variability could interact
with anthropogenic forcing to boost the signal.

Model fidelity in representing extremes is also important. Recent
research indicates heat wave trends across Europe are underestimated
in coupled models (Patterson, 2023; Vautard et al., 2023), raising
questions about model fidelity for predicting future changes in
heatwaves. Furthermore, recent record-shattering events, e.g., 2021
Pacific Northwest heat wave (White et al., 2023), 2023 North Atlantic
marine heat wave and record low Antarctic sea ice (Purich and
Doddridge, 2023) were not predicted in advance by climate models.
There is also a misconception that the models cannot capture record-
breaking extremes. However, there are events that models did capture
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(e.g., Fischer et al,, 2023) but due to smaller/limited ensemble size of
the climate simulations, it was not possible to sample the full range of
internal variability that is needed to boost the signal. Methodologies
like ensemble boosting (Fischer et al., 2023) can be useful to use
climate models to predict extremes. However, there are still important
questions regarding whether the probability of such rare events in
current models is the same as that in the real world and ultimately
whether models are fit for purpose (capture the underlying
physical mechanisms).

3 Ways forward

3.1 Prioritize resources for understanding
regional climate projections and analyzing
where and why models go wrong

Historically, the key objective of community efforts like the CMIP
and the Coordinated Regional Climate Downscaling Experiment
(CORDEX) are to provide sets of standardized simulations for a
systematic evaluation and benchmarking of climate models. Over the
successive generations of models, much has been learned about how
regional climate will unfold including reliable predictions and consensus
(see the 2021 Nobel prizes in Physics). CMIP has also been used to detect
the fingerprint of climate change in the temperature record (Santer et al.,
1996). The learning from this project was immense. Three decades later,
with CMIP in its 6th cycle, encompassing ~120 models, over 300
experiments (Petrie et al,, 2021), and 23 endorsed MIPs (Eyring et al,
2016), the project has grown exponentially in scale.

Similarly, the CORDEX framework has enabled an unprecedented
number of coordinated regional climate model simulations that cover
most continental areas. CORDEX has enabled the identification of
robust climate change signals over different CORDEX domains (e.g.,
Jacob et al., 2020 and Dosio 2016 for the EURO-CORDEX domain;
Sanjay et al., 2017 for the South Asia domain; Matire et al. (2018) for the
African domain). CORDEX Flagship Pilot Studies (FPSs) were initiated
in 2016 to specifically tackle scientific questions for any given region of
the world for which current RCMs are still unable to reproduce the
regional climate features adequately. As of 2021, there were 13 FPSs over
5 regions and an additional 4 FPSs having been endorsed. Recent studies
are tackling topics that require coordinated convection permitting
simulations over several sub-continental regions, e.g., over Europe and
South America (Coppola et al., 2020; Bettolli et al., 2021).

Massive endeavors like CMIP and CORDEX not only consume
research time and resources but also play a crucial role in determining
the scientific direction of our field, as they decide which model data
are available and considered relevant. Therefore, it is necessary to
revisit and potentially redefine the objectives of such large-scale
projects to ensure that they continue to meet the research needs of our
community as well as society. In a recent paper, a group of early-mid
career researchers have raised a call on the risk of model-
intercomparison becoming a quality-control activity in place of a
creative research endeavor (Jain et al., 2022). Others have argued that
CMIP should be operationalized to better support decision making
(Jakob et al., 2023; Stevens 2024).

Analysis from the previous versions of CMIP have unveiled a
number of discrepancies. Many of those are long-standing for about
two decades (see examples in Section 2). More coordinated and
targeted efforts are needed toward solving these stubborn
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discrepancies and biases in the models. It is important to take a
balanced approach. In particular, not only push the model frontier in
terms of properly resolving small-scale processes via high resolution
modeling (as discussed in Section 3.2) but also invest more time and
effort in understanding what is going wrong in the models since the
discrepancies may not disappear solely by increasing horizontal
resolution. Given the uncertainties in the forced circulation response
and the discrepancies between modeled and observed trends
discussed here, moving beyond the classical Detection and Attribution
(D&A) paradigm — i.e. first detect a statistically significant trend in
observations, then attribute it to anthropogenic forcing using the
consensus from climate models is important. Instead, it would
be valuable to articulate physically plausible hypotheses for the
observed changes (in terms of causal processes that are well established
by the relevant expert groups, e.g., physical drivers), which can be then
assessed using models (Lloyd and Shepherd, 2023).

3.2 Leverage tools to understand
model-observation discrepancies and
reveal new drivers

Several new tools are emerging that provide new opportunities to
potentially address climate model-observation discrepancies as well
as reveal new local drivers of regional climate that are not included in
lower resolution models. Storm resolving model data is now becoming
regionally available, for example over Europe through CORDEX FPS
convection (Coppola et al., 2020) or for the Lake Victoria area through
CORDEX FPS Lake Victoria (van Lipzig et al., 2023), and globally in
the next years through the digital twin developed within the
Destination Earth project (Hoffmann et al., 2023). A few examples for
processes where storm resolving simulations bring demonstrated
benefit are the dynamics of the North Atlantic jet (Schemm, 2023),
precipitation in complex orography (Ban et al., 2021), convection and
circulation over Lake Victoria (Van de Walle et al., 2020), local features
around islands in the Caribbean (Martinez et al., 2024), the subtropical
Atlantic (Gao et al,, 2023) and modeling lake-effect snow around the
Tibetan Plateau (Lin et al, 2023). Higher resolution models,
particularly for the ocean, have also been shown to have more fidelity
in capturing SST trends than lower resolution models (Yeager et al.,
2023). The push to higher resolution modeling will help the
community better understand which discrepancies are connected to
drivers that are not included in lower resolution models.

The current generation of coupled models also suffer from significant
structural uncertainty related to the empirical parameterizations of
subgrid scale physics. Machine learning methods have emerged as a
promising new tool for parameterization development (e.g., Rasp et al.,
2018; Wang P. et al., 2022; Yuval and O’Gorman, 2023; Beucler et al.,
2024), for correcting (Bretherton et al., 2022) and understanding (Silva
etal,2022; Wang S. S. C. et al,, 2022) model biases, and for downscaling
(e.g., Leinonen et al., 2021; Miralles et al., 2022; Sekiyama et al., 2023).
Furthermore, causal discovery and interpretable and explainable
Artificial Intelligence (XAI) are also potentially useful for identifying
drivers of the discrepancies and understanding where and why models
are deviating from observations (e.g., Gregory et al., 2023). However, the
interpretability of and trust in these data-driven approaches remains
challenging (Rudin, 2019; Barnes et al., 2022).

Discrepancies in the current generation of models could also
be better understood by leveraging perturbed parameter ensembles,
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mechanism denial and nudging experiments. Perturbed parameter
ensembles for the historical period could reveal what parameters exert
significant control on regional climate trends. The most significant
parameters could then be targets for new observational campaigns.
Mechanism denial experiments, whereby a physical process is disabled
or held fixed in the model, could be used to understand the role of
specific mechanisms underlying the discrepancy. Numerical and
statistical models also allow removing processes or variables to explore
their role in forming an extreme event or a trend and their interactions
with other processes (e.g., Wehrli et al., 2022). Finally, nudging
experiments in which mean-state biases are removed in run-time can
lead to more reliable predictions (Krinner et al, 2020). These
approaches could be used to better understand outstanding
discrepancies, puzzles and limitations, but require time and
investment from modeling centers.

3.3 More involvement of regional scientists
in studying regional climate change

Making progress on regional climate change research requires the
involvement of scientists from the region under study. Scientists
working on a regional scale are usually better acquainted with the
knowledge that is needed to address climate change in their region of
study. This may include identification of the most relevant or impactful
climate risks (e.g., wet getting wetter or wet getting drier), challenges
and limitations of observational data, possible sources of errors in the
modeling systems, or capacity to deliver services.

Observations sit at the heart of model improvement and scientists
working on a regional scale are more familiar with the historical
records (e.g., what changes were made to the instruments and climate
stations, how the quality control of the data was done), which can
be crucial for interpreting local record-shattering events and impact of
different forcings. They usually also have a better understanding of the
different cultural and institutional dynamics, and wider networks
across different sectors (such as governmental and industrial) within
their region, and therefore have access to exclusive observational data
(e.g., radar data, coastal data in the exclusive economic zone). This
could be useful to resolve some of the observational discrepancies and
help in the translation of climate information to policy. In summary,
this knowledge and understanding of the region brings value which
is irreplaceable.

A greater involvement of scientists from the region in studies of
regional climate change would automatically increase the involvement of
scientists from the Global South. However, our continued reluctance in
the international climate science community to include more climate
scientists from the Global South in international scientific endeavors,
especially in leading positions, is reflected in multiple ways. A clear
example of how the scientific literature is dominated by the Global North
is the Contribution of Working Group I (The Physical Basis) to the Sixth
Assessment Report of the Intergovernmental Panel on Climate Change,
which relied on the assessment of about 13,500 citations from which
99.95% were written in English and 75% included at least one author
based in either the United States or the United Kingdom (Carbon Brief,
2023). There are multiple barriers for climate scientists from the Global
South to publish in recognized journals, ranging from barriers to
conduct science because of lack of funding to divergence from western
academic culture of redaction of papers given the anglocentric language
(Carbon Brief, 2021). There is also a perception among scientists from
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the Global South conducting regional research that their submissions are
often rejected without revision with the argument that the study is too
regional, even while regional studies from Global North scientists are
deemed publishable (e.g., Brainard, 2022).

Historically, the leadership within the World Climate Research
Program (WCRP) and its projects has also been dominated by Global
North scientists. However, top-down efforts are now being made within
the WCRP to improve the diversity and bring more scientists from the
Global South on board. One such example is WCRP My Climate Risk
Lighthouse Activity, which involves scientists from different regions,
particularly the Global South, taking scientific leadership roles and
designing the scientific course of their projects. This also highlights that
structural changes initiated top-down are important to include scientists
from the regions of interest. Initiatives such as the WCRP My Climate
Risk Lighthouse Activity make it possible to develop a ‘bottom-up’
approach to regional climate risk, which considers the synergies,
interactions and contributions from regional scientists, communities,
governments, and decision makers (e.g., Rodrigues and Shepherd, 2022).

Capacity building, and in particular providing resources for
scientists at regional institutions in the Global South to have as
productive a career as they would otherwise have were they to relocate,
is an urgent task for the Global South. This may require establishing
equitable global partnerships, enforcing the principles and practices
of open science and data, adequate financing, including national
funding agencies supporting projects that focus on capacity building
in the Global South through collaborative projects and technology
transfer (e.g., Schipper et al., 2021; Else, 2022; Gewin, 2023).

3.4 Improved regional climate
communication

Communicating regional climate change to the public, media and
stakeholders is challenging because of the conflating influences of
different forcings, internal variability, and limitations of model fidelity,
as discussed above. Storylines of the forced circulation response
developed based on physical hypotheses of how different dynamical
drivers respond to climate change have emerged as one approach for
communicating regional climate change (Lloyd and Shepherd, 2023).
In this way, uncertainties around the regional circulation response to
climate change can be represented in a physically interpretable fashion
which can be reduced as knowledge advances in the future.

More generally, in order to provide actionable information to
stakeholders and the media, climate scientists need more support
2023)
communication, e.g., Copernicus, Climate ADAPT, Findlater et al.

(Swain, and improved methods of regional climate
(2021). It is important to take stock and leverage what is being learned
from climate services (Boon et al., 2022). While climate services are
largely English-dominated, it may be important to ensure that regional
climate communication is also delivered in regional languages to break
through the language barriers and to make sure that climate services
and engagement happen at a grassroot level (Hall et al., 2022).

4 Recommendations

We are in a critical time for regional climate change research and
development. The climate change signal has emerged across different
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variables, regions, and seasons and there is in general a consensus in
terms of thermodynamic responses. At the same time, uncertainties
regarding the hydrological cycle and dynamic responses remain, and
discrepancies between model predicted and observed climatic changes
(such as regional trends) are also accumulating. We need to find ways
to represent and communicate this web of certainty and uncertainty
in a way that can be used in decision-making, which is not an
uncommon situation (Marchau et al., 2019). Uncertainty does not
necessarily mean a lack of information: for example, even if mean
precipitation trends in a region may be uncertain, the region may
nevertheless face both heavier precipitation and more severe
agricultural drought. Based on physical understanding, informative
and decision-relevant statements can be made in a conditional
manner, given the present state of knowledge.

Addressing the puzzles and discrepancies outlined in this
perspective article should be a priority of the global climate science
community and funding agencies. It would involve a balanced
approach involving the mass production of climate scenario runs and
in addition a serious community-based effort toward addressing the
discrepancies between observations and models on a regional scale,
and advancing our understanding of regional climate change signals.
This work to understand, address, and hopefully resolve discrepancies
should be built into the cycle of designing and running scenarios.
Many existing and emerging tools, e.g., storm resolving models,
models of intermediate complexity, and AI/ML methods, can
be leveraged to address these discrepancies. It is important to involve
scientists from the region of interest in initiatives targeted toward
studying regional climate change, as they are better acquainted with
particular regional challenges, for example, the quality of regional
observational and monitoring networks and the dynamical and
physical processes responsible for variability and change in the region.

Targeted capacity building on the technical aspects of handling
big climate data (e.g., from CMIP or CORDEX and Destination
Earth), e.g., using Cloud-based services, advanced computation and
statistical analysis, and process-based understanding of regional
climate change, would be some steps to support regional science
communities. It is equally important to ensure continued access to
data and data analysis facilities. The WCRP Academy could support
the global climate science community and its goal to understand
regional climate change through co-learning initiatives, e.g., regional
climate analysis including technical aspects of analyzing CMIP/
CORDEX simulations, accessing and analyzing very high resolution
global climate data, Al based data and the physics and dynamics of
regional drivers. The next several decades represent a pivotal time for
building a more regionally inclusive climate science community that
is well equipped to address regional climate change discrepancies,
improve regional climate change predictions and reduce uncertainties.
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