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® Uncertainties on precipitation future projection
are still significant (/PCC 2021, WGI, Ch. 8)

® Governed by model uncertainties at mid- and
long-term (Lehner et al., 2020, Shepherd et al.,
2014)

® Major difficulty for production of a robust and
reliable regional climate information (Hall,
2014, Xie et al., 2015)
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® The goal of the PhD is to reduce inter model

spread of precipitation projections

Focus on Southern Asia region to study Indian
Summer (JJAS) precipitations
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Traditional model evaluation
nature PERSPECTIVE

climate Change https://doi.org/10.1038/541558-019-0436-6

Progressing emergent constraints on future
climate change

AlexHall®™, Peter Cox©?, Chris Huntingford ©3 and StephenKlein®*

(44

[Traditional model evaluation| has been
unkindly, but perhaps not inaccurately,
compared to a ‘beauty contest. While
traditional evaluation may make sense as a
basic first step in certifying that an ESM is in
fact an ESM, lits utility in identifying those
that produce trustworthy simulations of
future climate is unclear. Conversely, an ESM
regarded as less attractive in a ‘beauty
contest’ could be dismissed, yet it may contain
more accurate and useful estimates of some |
| key attribute of future change. |
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current climateiinforms on their
ability to accurately project
future climate ?
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How to reduce inter-model spread in projection of precipitation change over India ?
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ABSTRACT: The lack of consensus in global projections of regional precipitation changes represents a major obstacle for the design of
adaptation policies. This persistent spread is mainly arising from modeling uncertainty, i.e. from our limited knowledge in but also plural
representation of complex mechanisms in current global climate models. Regardless of further model developments, here we propose
an original statistical method in order to make the best use of available projections. Focusing on the Indian Summer Monsoon Rainfall
(IMSR), a regional phenomenon of importance for the livelihood of billions of people, we perform Maximum Covariance Analysis (MCA)
to relate the inter-model spread in future precipitation changes to the simulation of recent precipitation linear trends - i.e. looking for
a present-future nexus in model representation of precipitation. Observations (ERAS, GPCP) are then used to account for model errors
and thus build a revised multi-model ensemble. The robustness of our method is assessed using an out-of-sample validation approach,
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Remaining variance ratio Cross-validated error
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