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Abstract. Hawkins and Sutton (2009) developed a framework to partition total uncertainty in future climate projections into
three components: internal variability, model uncertainty and scenario uncertainty. Here, we propose an extension of this
framework that separates the contributions of global and regional processes. This enables a more physically based interpretation

and improved understanding of the origins of projection uncertainty.

Main text

To improve the interpretation and communication of uncertainties in future climate projections, Hawkins and Sutton (2009,
hereafter HS09) introduced a framework that partitions total uncertainty into three contributors: (1) internal variability, natural
fluctuations in the climate system, (2) model uncertainty, differences in simulated climate response between models given the
same radiative forcing, and (3) scenario uncertainty, uncertainty in future anthropogenic forcing of the climate system (Figs. 1a-
c). The (relative) contribution of the different sources of uncertainty varies for different variables, regions and projection
timescales. Internal variability plays a diminishing role over time, due to model and scenario uncertainty growing in relative
importance.

In this paper, we propose a method to extend the HS09-framework to distinguish between uncertainties related to global and
regional climate processes. Global climate processes describe the response of the overall climate system to increased green-
house gas concentrations (Seneviratne and Hauser, 2020), while regional processes reflect the localised response, including, for
example, circulation changes and soil moisture feedbacks (Shepherd, 2014; Seneviratne et al., 2010). These regional responses
will generally deviate from global mean trends, potentially leading to underestimation of changes in regional extremes if only
global mean climate change is considered (Seneviratne et al., 2016). As such, because global and regional processes con-
tribute differently to (regional) climate projection uncertainty, it is useful to separate and quantify the different contributions.
In Van der Wiel et al. (2024) for example, a storyline projection method was developed to construct national climate scenar-
ios for the Netherlands where global and regional contributors to (uncertainties in) regional climate change were explicitly
separated.

To quantify global and regional contributions to the total climate projection uncertainty, we align SSP-based global mean

surface temperature (GMST) projections in individual models to the best estimate of global mean warming for each SSP from
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IPCC (2021, their figure SPM8). This technique, referred to as Matched Global Warming (MGW), applies ‘time sampling’,
shifting model run segments along the time axis such that the desired warming level is achieved, or alternatively ‘pattern
scaling’, rescaling segments such that the desired warming is achieved, when it is not (James et al., 2017; Van der Wiel et al.,
2024). The resulting temporal shifts or scaling factors for each model’s global temperature projection are subsequently applied
to that model’s regional projections of temperature, precipitation, or other climate variables. MGW is applied here discretely in
10-year segments by matching an individual model’s smoothed GMST time series (20-year running mean) to the corresponding
IPCC (2021) value in each segment, and stitching the matched segments together to form a new time series. By applying MGW,
we ensure each model experiences the same speed of global mean warming, therewith effectively removing the contribution
of uncertainties in climate sensitivity (i.e. in GMST change) from total uncertainty. Using the resulting MGW-time series, we
apply the HS09 methodology and recompute the fractional uncertainties (Fig. 1d,e). The resulting estimate of (the contributions
to) uncertainty defines our regional contribution to total uncertainty. The global contribution to total uncertainty (hatched area
in Fig. 1f) is then computed as the difference between the original total uncertainty (Fig. 1b) and the regional component
(Fig. le).

The HS09 methodology relies on several assumptions that influence the estimate of uncertainty partitioning. These include
representing the forced signal with a polynomial fit and assuming internal variability is time-invariant. Lehner et al. (2020)
proposed using large ensemble simulations to account for time-dependent internal variability and to remove assumptions on
the shape of the forced signal, resulting in higher internal variability estimates. HS09 further assume that sources of variance
are independent and additive, an assumption supported by Yip et al. (2011), who included interaction terms but reached similar
conclusions. We adopt this additivity by computing total variance as the sum of global and regional components, implicitly
assuming that the MGW framework fully and independently separates these contributions. Finally, applying MGW to regional
climate projections breaks path-dependency, limiting the current extension to processes such as sea level rise or ice sheet melt.

Our extended framework enables the separation of the contribution of global and regional processes to scenario and model
uncertainty. Internal variability is computed from the original time series and is not partitioned into regional and global com-
ponents. In Fig. 1f, regional model uncertainty describes the range of projections for a given SSP and assumed value of climate
sensitivity (Fig. 1d), caused by model differences in processes such as regional circulation change, regional soil moisture feed-
backs, or the parametrisation of convection (Shepherd, 2014; Seneviratne et al., 2010). Global model uncertainty relates to
model differences in the rate of global warming, climate sensitivity (Sherwood and Forest, 2024). In contrast, the distinction
between global and regional scenario uncertainties is less intuitive. Scenario uncertainty denotes the differences in projected
change between SSPs. The portion of these differences that is attributable to uncertainty in global climate sensitivity, i.e. model
differences in the speed of global mean warming, is referred to as the global component of scenario uncertainty; the remaining
part is the regional component. When global scenario uncertainty is small relative to regional scenario uncertainty, the variance
in SSP-mean local warming rates is largely unaffected by the application of MGW.

Interpreting these contributors to uncertainty in projections of decadal mean temperatures in Northern Europe (Fig. 1f),
global uncertainty accounts for 40 % (£ 0.3 K) of total uncertainty in 2040, decreasing to 30 % at the end of the century

(&£ 0.8 K). This is primarily driven by global model uncertainty, i.e. uncertainty in global climate sensitivity is a large contribu-
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Extending Uncertainty Partitioning to include Global and Regional Contributions
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Figure 1. Schematic diagram of the proposed methodology using decadal mean annual temperature projections in Northern Europe [5.5° W,
12.5° E, 48.5° N, 54.5° N] from 14 available CMIP6 models. Panels a, b, ¢ show the results of the original HS09 methodology. Panels d, e
show the regional projections and partitioned total variance after MGW is applied. Panel f shows the original HS09 fractional contributions,
with global (hatched) and regional (solid) contributors split. Global contributors are identified as the difference in total variance before and

after MGW is applied (panel b — panel e). The remaining regional contributors are the uncertainties as computed in panel e. See main text

for details.

tor to regional temperature change. This global model uncertainty exceeds its regional counterpart at all timescales. Focussing
on scenario uncertainty, we find that at the end of the century only 10 % (& 0.2 K) is described by the global contributor,
highlighting the regional variations in warming rates. Consequently, at this scale, uncertainty in global climate sensitivity
contributes little to scenario uncertainty, underscoring the importance of regional processes in shaping future temperature
outcomes (Swaminathan et al., 2024). These proportions, however, depend strongly on the variable, region, and time span
considered (e.g., HS09, Hawkins and Sutton, 2011; Giorgi and Bi, 2009). For instance, a smaller fraction of variance explained
by global processes is captured for regional precipitation projections, as precipitation is less directly tied to GMST change than
regional temperature is (Nordling et al., 2025).

Summarising, we have introduced a method to distinguish between uncertainties related to global and regional climate

processes within the HS09 framework to partition sources of uncertainty in future climate projections. This analysis of con-
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tributors allows better interpretation and explanation of uncertainties, and how to deal with these when designing adaptation
strategies. The decrease in total uncertainty when considering only regional projections, shows the benefit of isolating regional

uncertainties when developing regional climate information (Seneviratne and Hauser, 2020; Van der Wiel et al., 2024).
Code and data availability. All data and code used to create Fig. 1 is available at https://doi.org/10.5281/zenodo.18331032.

Author contributions. DB: Methodology, Formal analysis, Writing original draft; HV: Methodology, Writing review and editing, Supervi-

sion; KW: Conceptualisation, Methodology, Writing review and editing, Supervision.

Competing interests. One of the authors is a member of the editorial board of Earth System Dynamics.



80

85

90

95

100

105

https://doi.org/10.5194/egusphere-2026-517
Preprint. Discussion started: 12 March 2026 EG U h
© Author(s) 2026. CC BY 4.0 License. spnere

References

Giorgi, F. and Bi, X.: Time of emergence (TOE) of GHG-forced precipitation change hot-spots, Geophysical Research Letters, 36, 2009.

Hawkins, E. and Sutton, R.: The potential to narrow uncertainty in regional climate predictions, Bulletin of the American Meteorological
Society, 90, 1095-1108, https://doi.org/10.1175/2009BAMS2607.1, 2009.

Hawkins, E. and Sutton, R.: The potential to narrow uncertainty in projections of regional precipitation change, Climate dynamics, 37,
407-418, 2011.

IPCC: Climate Change 2021: The Physical Science Basis. Contribution of Working Group I to the Sixth Assessment Report
of the Intergovernmental Panel on Climate Change, Cambridge University Press, Cambridge, UK and New York, NY, USA,
https://doi.org/10.1017/9781009157896, 2021.

James, R., Washington, R., Schleussner, C.-F., Rogelj, J., and Conway, D.: Characterizing half-a-degree difference: a review of methods for
identifying regional climate responses to global warming targets, Wiley Interdisciplinary Reviews: Climate Change, 8, e457, 2017.

Lehner, F.,, Deser, C., Maher, N., Marotzke, J., Fischer, E. M., Brunner, L., Knutti, R., and Hawkins, E.: Partitioning climate projection
uncertainty with multiple large ensembles and CMIP5/6, Earth System Dynamics, 11, 491-508, 2020.

Nordling, K., Fahrenbach, N. L., and Samset, B. H.: Climate variability can outweigh the influence of climate mean changes for extreme
precipitation under global warming, Atmospheric Chemistry and Physics, 25, 1659-1684, 2025.

Seneviratne, S. I. and Hauser, M.: Regional climate sensitivity of climate extremes in CMIP6 versus CMIP5 multimodel ensembles, Earth’s
future, 8, e2019EF001 474, 2020.

Seneviratne, S. L., Corti, T., Davin, E. L., Hirschi, M., Jaeger, E. B., Lehner, 1., Orlowsky, B., and Teuling, A. J.: Investigating soil moisture—
climate interactions in a changing climate: A review, Earth-Science Reviews, 99, 125-161, 2010.

Seneviratne, S. L., Donat, M. G., Pitman, A. J., Knutti, R., and Wilby, R. L.: Allowable CO2 emissions based on regional and impact-related
climate targets, Nature, 529, 477-483, 2016.

Shepherd, T. G.: Atmospheric circulation as a source of uncertainty in climate change projections, Nature Geoscience, 7, 703—708, 2014.

Sherwood, S. C. and Forest, C. E.: Opinion: Can uncertainty in climate sensitivity be narrowed further?, Atmospheric Chemistry and Physics,
24,2679-2686, 2024.

Swaminathan, R., Schewe, J., Walton, J., Zimmermann, K., Jones, C., Betts, R. A., Burton, C., Jones, C. D., Mengel, M., Reyer, C. P, et al.:
Regional impacts poorly constrained by climate sensitivity, Earth’s Future, 12, €2024EF004 901, 2024.

Van der Wiel, K., Beersma, J., Van den Brink, H., Krikken, F., Selten, F., Severijns, C., Sterl, A., Van Meijgaard, E., Reerink, T., and
Van Dorland, R.: KNMI'23 Climate Scenarios for the Netherlands: Storyline Scenarios of Regional Climate Change, Earth’s Future, 12,
¢2023EF003 983, https://doi.org/10.1029/2023EF003983, 2024.

Yip, S., Ferro, C. A., Stephenson, D. B., and Hawkins, E.: A simple, coherent framework for partitioning uncertainty in climate predictions,

Journal of climate, 24, 4634-4643, 2011.



