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Motivation/Background

« Simulating stable water isotopologues within a climate model allows
validating the model’s hydrological cycle with proxy records.
Isotope-enabled general ciculation models (iGCMs) were developed for this
purpose (compare e.g. Tindall, Valdes, and Sime, 2009, Werner et al., 2016)

« But only few iGCMs exist. Additionally, if isotopologue tracers are included,
the simulation runtime increases (by a factor of about 2 to 3 for the HadCM3
iGCM).

« There exist correlations between isotopologues and other climate variables
(Dansgaard, 1964). "Amount effect” with precipitation in tropics,
“temperature effect” in polar regions.
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Plot created with yearly averages from iHadCM3 last millenium run (compare Biihler et al., 2020)



Idea & Description of Case Study

« Correlations to other climate variables = Idea: Predict isotope

abundancies from other more commonly simulated climate variables.

« Case study: Interannual data (annual averages) from a past millenium run
(850 CE to 1850 CE) with the HadCM3 iGCM (Buihler et al., 2020).

« For each grid cell: Predict the abundance of a specific isotope (6'30) in
precipitation from annually averaged surface temperature, precipitation
amount and surface pressure.

« Split the data set into a training set (900 years) and a test set (100 years). If

not mentioned otherwise the sets are selected randomly (results do not differ

qualitatively if sets are time-ordered).



Methods

« Test several well-established machine

Pixelwise
learning algorithms (compare figure). Linear Regr
galg ( p & ) Multiple Lin.Reg.
- Data is highdimensional (96 x 73 Subvariants:
gridcells, 1000 timesteps)
= Principle component analysis to
. . . . 1] Multilayer
reduce spatial dimensionality perceptron
. . . Other methods:
« Test different choices for the predictor First reduce
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variables. with .
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« Python libraries used: coninciple Regression
« Multilayer perceptrons: Keras Analysis (PCA)
THEN
« All other methods: @ Cearn Random
™ Forest
Regression

For theoretical details on the ML-methods used, see for example:

Multilayer perceptrons: Hastie, Tibshirani, and Friedman, 2001, chapter 11 Gaussian processes: Rasmussen and Williams, 2006 Random Forest Regression:
Hastie, Tibshirani, and Friedman, 2001, chapter 15


https://keras.io/
https://scikit-learn.org/

Metrics
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« To measure the quality of the prediction we compute the RMSE at each
gridbox (for an example see above).

« Because RMSE varies spatially (as does 6’80 variance o in the simulation):
Compute RMSErest _ 4
Otest :

« This allows comparing to climatology (simply predicting each cell’s time
average at every timestep). Negative (positive) values show better (worse)

predictions than baseline (see figure on next slide).



Results from best tested method - Spatial patterns

« Prediction accuracy varies spatially. Very good predictions over oceans in
tropics (using “amount effect” and strong correlation with precipitation), but
also in polar regions. Worse over continents.

« Included are time series at ice core drilling sites in Greenland (NGRIP) and
the Antarctic (WAIS-Divide).
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Results - Comparing methods

« PCA leads to big improvements when using linear regression and makes
other methods computationally feasable.

« Best combination of predictors: Precipitation and surface temperature (no
further gain, when adding surface pressure).

« When comparing methods while using a modest number of principle
components (20 for each climate variable), many methods perform
approximately equally well (blue).

« Increasing number of principle Corr =
components (PCs) by an order of
magnitude = improved
performance for linear regression
(orange, “best method”).

« Did not test other methods in this
regime yet.




Conclusions and outlook

« Machine learning might open a pathway to make many (paleo-)climate
simulations available for validation with isotope data.
« First results look promissing in regions with ice core drilling programs.
« Important questions for further research:
« State dependency: How well do the machine learning methods trained on one
climatic setup (here: last millenium) perform in other situations?
« Timescale dependency: How does the predictability vary on different
timescales? Can we make use of temporal (auto-)correlations on shorter

timescales?
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