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Uncertainties in humidity changes

I subtropical relative humidity strongly impacts

I water vapor feedback (Soden et al 2008)

I clouds feedbacks (Sherwood et al 2010)

I but high dispersion in climate models (Sherwood et al 2010)

I for present day relative humidity
I for projections
I no link between mean state and projections (Santer et al 2009)

I How to evaluate the credibility of these projections?
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Processes controlling relative humidity

I dispersion re�ects complexity of humidity controls
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Water stable isotopes
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⇒ record phase changes along
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humidity in climate models
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Data for 3D isotope evaluation
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Multidataset evaluation: annual mean
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Multidataset evaluation: seasonal
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Annual mean in TES
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Seasonal variations in TES
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Cloud e�ect in TES
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Isotopes reveal dehydration pathways
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Conclusion/perspectives

I Water isotopes can help detect and understand biases in water

budgets in climate models

⇒ help evaluate the credibility of projected future relative

humidity changes

I Perspectives:

I Observations: maximum variations and biases in the
mid/upper troposphere

I Model-data comparison methodology: de�ne consistently
cloudy situations in data and GCMs
⇒develop GCM simulators of satellite data

I Modelling: water isotopes in climate change inter-comparisons
like CMIP?
⇒ use intra-seasonal, seasonal, inter-annual isotope data as an
observational test for model behavior in climate change?
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