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S0 Computation

The results in this paper were obtained using a number of different software pack-

ages. The command line tool known as Climate Data Operators (CDO) [Schulzweida,

2019] was used to aggregate output and perform routine calculations on those files (e.g.,

the calculation of temporal and spatial means). For more complex analysis and visualiza-

tion, a Python distribution called Anaconda was used. A Python library called xarray was

used for reading/writing netCDF files and data analysis. The xarray-wraper climpred was

co-developed by Aaron Spring and Riley X. Brady and is publicly available at https://climpred.readthedocs.io/.

In addition to Matplotlib (the default Python plotting library [Hunter, 2007]), Cartopy

[Met Office, 2010] was used to generate the figures.

To facilitate the reproducibility of the results presented here, please find scripts, raw

input and intermediate results files archived at http://hdl.handle.net/21.11116/0000-0004-8276-4.

This computation section is inspired by Irving [2015] to foster reproducibility in

geosciences.
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S1 Predictability horizon at atmospheric C02 measurement stations

Lon Lat PH RMSE PH ACC

Alert 82 -62 0 3

Point Barrow 71 -156 0 3

La Jolla 32 -117 4 3

Mauna Loa 19 -155 4 3

Christmas Island 2 -157 3 6

American Samoa -14 -170 3 3

Kermadec Islands -29 -177 3 3

Baring Head -41 174 3 3

South Pole -89 -24 3 3

Table S1. RMSE- and ACC-based predictability horizon atmospheric CO2 mixing ratio of loca-

tion of long-standing atmospheric CO2 measurement stations in years. Station locations are taken from

https://cdiac.ess-dive.lbl.gov/trends/co2/sio-keel.html.
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Figure S1. (a, b) Evolution of the annual mixing ratio of atmospheric CO2: (a) globally-averaged and at

Mauna Loa. The ensemble mean (dark green) is taken from individual ensemble members (green), which

are branched off a pre-industrial control run (black) at different ensemble initialization years (7 out of 12

shown in dotted gray). (c) Comparison of the mean potential prediction skill of the initialized ensemble

(red) versus random uninitialized ensembles (blue) of prognostic atmospheric CO2 at Mauna Loa, Hawaii

with Anomaly correlation coefficient (ACC) on the y-axis and root-mean-square-error (RMSE) on the x-axis

for lead years represented as dots. Errorbars show 95% confidence intervals based on bootstrapping with

replacement (N=5000). The last lead year with a bootstrapped p-value (which represents that uninitialized

ensembles beat initialized ensembles) lower than 5% marks the predictability horizon. Black stars with white

integer denote significant lead years in ACC and RMSE, gray stars if only one metric is significant and lead

years non-significant in both metrics are blurred. For comparison with Betts et al. [2016, 2018], ones show

predictability skill of the statistical model for lead-year one for the transient forecast (blue) and the detrended

forecast (orange). Non-significant lead years are blurred.
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