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CMIP6 Surface O3 historical simulation participant research institutes

The 13 research institutes are Alfred Wegener Institute (AWI), Beijing Climate Centre (BCC), the HAMMOZ-
Consortium (consisting of Swiss Federal Institute of Technology Zurich, Max Planck Institute for Meteorology,
Forschungszentrum Jiilich, University of Oxford, Finnish Meteorological Institute, Leibniz Institute for
Tropospheric Research and Centre for Climate Systems Modelling at ETH Zurich), Institute Pierre-Simon Laplace
(IPSL), Met Office Hadley Centre (MOHC), Met Office Natural Environment Research Council (MO-NERC), Max
Planck Institute for Meteorology (MPI-M), Japan Meteorological Research Institute (MRI), NASA Goddard
Institute for Space Studies (NASA-GISS), National Centre for Atmospheric Research (NCAR), Norwegian Climate
Centre (NCC), National Institute of Meteorological Sciences — Korea Meteorological Administration (NIMS-
KMA), and the Geophysical Fluid Dynamics Laboratory of the National Oceanic and Atmospheric Administration
(NOAA-GFDL).

Detailed annotations on atmospheric module settings

Multiple sub-experiments are noted with different chaotic climate realisations (r), initialisations (i), aerosol
physics (p) and forcing (f). Reproducing the multicentury global-scale weather and climate conditions shall be
crucial to the CCMs which have amalgamated the atmospheric component-climate interaction effects. However, the
Earth climate is so complex and chaotic that it is rather difficult to simulate the decadal realistic climate system,
past, present and future. In this sense, CMIP6 completed a series of experiments to realise the near-equilibrium pre-
industrial state of the climate system as control (denoted as piControl in DECK),' starting from initial climate spin-
ups centuries ago and gradually reaching balance with forcing by the selected starting year for the modelling of
atmospheric components, as 1850 in this current study.?

Considering the butterfly effect in the climate system that small disturbances in temperature, wind, humidity
and other weather features even in a small place will possibly lead to different future evolution paths of the whole
climate system,’ unique initial climate conditions are realised from different simulation starting dates with the same
coupled model and same atmospheric physics. All these realisations are kept, as the simulation ensemble can be
able to reproduce the weather events with similar frequency as observed records, and the initial climate conditions
should also have fully represented the Interdecadal Pacific Oscillation*® and the Atlantic Multidecadal
Oscillation,”'? manifested by basin-scale variability in sea surface temperature (SST).'* * In addition, these
multiple unique but reasonable realisations can verify how the small disturbance in SST will affect the atmospheric
chemistry processes. Though the individual ensemble members of initial climate simulations differed from each
other, they are still of high similarity in a relatively longer time-scale, so that are all used for CMIP6 atmospheric
historical simulations.? '* The initialisation time point is consistently set as 1850 within the scope of this research,
so that all the experiments are marked as i;.

CMIP6 historical simulations consider 3 aerosol microphysics as the calculation of atmospheric compositions
can be realised by non-interactive (NINT) read-in of pre-computed transient aerosol and ozone fields (p1),'® One-
Moment Aerosol scheme (OMA, p3) with the “Tracers, Chemistry, Aerosols Direct and Indirect Effect (TCADI)”
configuration,'®!” and more complex Multi-configuration Aerosol TRacker of mIXing state (MATRIX, ps),'® 1
among which p3 and ps considered cloud impacts. The major difference between the OMA and TOMAS is the
calculation algorithm of the particle size distribution (PSD), in which the one-moment scheme will only involve the
mass concentration while the two-moment scheme can consider both the mass and the number concentrations.'®%°
As ps can be regarded as an extended setting of p4 without much more computation burdens, the CMIP6 historical
and future scenario simulation experiments did not include p4, so that comparisons will only be made between p1,
p3, and ps within the scope of this current study, and till present (2021), different aerosol micro-physics
configurations are only considered by NASA-GISS-E2.1 model series.

Three radiative forcing prescriptions are used and noted as f1, f>, and f3. Pattern f; represents the compositional
forcing derived from OMA simulations, based on which the ozone-related heterogeneous reactions are corrected
into pattern f; f3 is the same as f>, except the stratospheric surface area density of aerosols (SAD) is fixed at 1850
values.
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Figure S1 Global distribution of TOAR sites during 1990-2014. The TOAR ground monitoring sites are clustered
into coordinational grids with 2°x2° spatial resolution, and the counts of observational sites in each grid are marked
in different colours.
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Figure S2 Schematic graph for re-gridding process. A faked dataset is used to illustrate the segmentation and re-
aggregation process. During segmentation, interpolation is performed by deploying the same values of the larger grid
for the spatial continuous variables (i.e. pollution concentrations), and using the equally distributed values for the
discrete variables (i.e. population), so that during re-aggregation, values for the grids are calculated as average for
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continuous variables and sum for discrete variables correspondingly.
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Figure S3 Correlation distributions between TOAR observations and CMIP6 multi-realisation-ensembled
individual model simulations of surface ozone concentrations during 1990-2014. A total of 8 individual models
together with the prescribed ozone are considered, and the grid-specific correlations are mapped onto all covered
TOAR monitoring sites and scaled in blue-red colour bar where red spatial cells indicate higher positive correlations,
the grey-coloured cells indicate failure in capturing the temporal variations of surface ozone concentrations, and blue-
coloured cells refer to the reversed (negative) correlation between observations and simulations.

S5



v ¢ . BCCESMI d ¢- . UKESMI0-LL = °

‘4 . prescribed
.‘,‘3“!{_ ,,,,, ey

n 2

s |

13 -

(-  MPLESM12-HAM = ¢ . MReESM2 7 ¢- . NASA-GISS-E21 & ©
- "‘;3‘5’, e ’ I "‘:335, T e S ’ “5{ — "‘:ff, e ’ Z

4

F-o ¢ g & “ v N
< NCAR-CESMI-WACCMS & NCCNorEsM ¢ NOAAGFDLESM4
= ~ = C =S I < = S = ~
-12 -9 -6 -3 0 3 6 9 12

Simulation-Observation Normalised Mean Bias (%)

Figure S4 Global distributions of normalised mean biases between individual CMIP6 simulations and TOAR
observations of surface ozone through 1990-2014. The normalised mean biases (NMB) are defined on the cell-
specific 25-year full-duration (1990-2014) overall average concentrations for each individual model, mapped onto
all covered TOAR monitoring sites with red-coloured cells indicating over-estimations and grey cells reflecting
underestimations.
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Figure S5 Inter-model similarity and divergence of CMIP6 simulation ensemble. The paired linear correlations
defined as Pearson’s p and biases quantified by root mean squared error (RMSE) were presented in lattice (panel a),
where red correlations and green deviations representing higher similarity (i.e. higher Pearson’s p and lower RMSE).
The model-paired correlations and deviations are calculated upon the 9 multi-realisation ensemble average for the
concision of summarisation, also owing to the high similarities across the realisations. The cross-model standard
deviations through 1990-2014 are calculated from 58 individual simulations and mapped in panel b, with the relative
deviations quantified in coefficient of variation (standard deviations divided by arithmetic mean) mapped in panel c.
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Figure S6 Model-observation evaluation for multi-model fusion by aggressive and conservative approach. Gaussian
kernel density estimation is applied to construct the scatter plot. Evaluations are conducted on all observation covered
regions and periods during 1990-2014. The overall R?, RMSE, relative slope & and bias b are given for either multi-
model fusion approach.
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Figure S7 Regional extrapolation evaluation of aggressive and conservative multi-model ensemble integration.
The spatial extrapolation experiments are conducted by 3 different training-fest combinations, as Europe-North
America, North America-Europe, and Western-East Asia. The first column presents the total average observed surface
ozone concentrations measured by TOAR through 1990-2014. The second and third columns map the fused multi-
model simulations by aggressive and conservative approaches, respectively, with the overall coefficient of
determination (R?) and root mean squared error (RMSE). The fourth and fifth columns quantify the spatial grid-
specific model-observation fitting R? of aggressive and conservative approaches, respectively, indicated with the
inter-quartile range (IQR). Overall, the conservative approach integrated performances for North America (R? = 0.86,
RMSE = 2.53), Europe (R? = 0.89, RMSE = 2.66), and Asia (R?> = 0.78, RMSE = 4.95) are better than aggressive
approach integrated performances for North America (R? = 0.63, RMSE = 7.18), Europe (R? = 0.74, RMSE = 7.08),
and Asia (R> = 0.63, RMSE = 9.34).
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Figure S8 Similarity and discrepancy between 3 different multi-model ensemble approaches: arithmetic
average, aggressive and conservative integration. The similarities are quantified as synchronicity by Pearson’s
correlation coefficient p; while the discrepancies are scaled by normalised mean bias (NMB, %). The statistics are
drawn by inter-comparisons on 25-year ensembled surface ozone during 1990-2014, and summarised in average for
mapping. The NMBs defined with 4 — B are calculated as ) (4, — B:) / ). B, setting B as the reference.
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Figure S9 Individual model ensemble weights by aggressive and conservative integration approaches for 25-
year simulation during 1990-2014. The 18 individual models were grouped into 4 major categories as non-
interactive chemistry (NINT), UKESM1 chemistry schemes, NASA-GISS series, and other interactive chemistry
driven models (INT-Chem). The weight uncertainties characterised by error bars of aggressive approach were
estimated from different random seeds for ensemble learning model construction, while of conservative approach
were given as the spatiotemporal variations instead, as the variability from Bayesian MCMC simulations were rather
small. The weights presented in histogram referred to the model weights on TOAR covered locations, and the global
weights given by Bayesian neural network regressions were also listed in the inserted columns.
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Figure S10 Temporal averaged global distribution of individual model weights by conservative space-time
Bayesian neural network regression-based integration. The arithmetically averaged weights and standard
deviations for linear combination of the 58 involved CMIP6 model simulation ensembles are calculated across 1990-
2014, with darker reds indicating higher contribution weights and darker blue representing higher temporal variability.
The spatial weights are also summarised as multi-realisation ensemble average for the concision of summarisation.
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Figure S11 Contribution weights of additional assistant features for ensemble deep learning-based CMIP6
model prediction enhancement by aggressive and conservative multi-model integration approach. The weights
are normalised by excluding the CMIP6 individual model contributions and shown in histograms with error bars
representing the variations across different algorithms for aggressive approach and the spatiotemporal variability for
conservative approach.
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Figure S12 Decomposition of model-observation errors into bias, variance and noise in aggressive and
conservative multi-model ensemble for surface ozone simulation. By definition, MSE = bias”> + model variance
+ noise. Absolute values of bias, root variance and root noise for both aggressive and conservative approaches
together with the differences, and the proportions of the squared bias, variance and noise are mapped individually.
Major statistics include arithmetic mean, standard deviation, full range and inter-quartile range (IQR) are summarised
for each metric. For the proportions of bias* and variance, the ranges are replaced by maximums, as the minimums
are extremely small.
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Figure S13 Correlation strength between the assistant features and single model calibration parameters by
Bayesian neural network regression. The regressions are conducted on the standardised variables, with the left
panel referring to the re-scaling parameter (slope k) and the right referring to the bias-correction parameter (intercept
b). The values represent the regression coefficients, among which 107 is scaled for k. The positive correlations are
shown in red while the negative correlations are in blue, with darker colours representing stronger associations. Grey
cells indicate insignificant correlations.
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Table S1 Summarisation of CMIP6 historical project participant institutes and models with chemistry schemes,

spatial gridding, and experiment realisation, physics, and forcing scenarios. The names of institutes and coupled

earth system models are listed in abbreviation. The three-dimensional spatial resolutions are represented in

longitudinal-latitudinal-vertical grids. The tropospheric and stratospheric chemistry schemes are denoted as

interactive (I), prescribed (P) and none (N) in “Trop” and “Strat” columns. The realisation, physics and forcing indices

identify ensemble experiment members. The “Fusion” column indicates whether the simulation experiments are

included into multi-model fusion. Full names of the CMIP6 participant research institutes and detailed information

of coupling components of earth system models are listed in Supplementary Information.

Institute Model Trop Strat Grids Realisations Physics Forcing Fusion Refs
AWI ESM! P P 192x96x47 L 12 fi A
BCC ESM1 I P 128x64x26 1y, 12, 13 DI fi v 22,23
CSM2 P P 320x160x19 r D fi 24-26
CNRM" CM6.1 N 1 256x128%91 ry.s 12 f 2729
ESM2.1 N 1 256x128%91 71, 12, 13 D f 28,30,31
HAMMOZ! MPI-ESM1.2-HAM 1 P 192x96x47 71, 1) D1 fi \ 32
IPSL CM6A P P 144x143x79 riy D fi 33,34
MOHC UKESM1-0-LL} I I 192x144%85 rio.12, F1a-19  pi f v
UKESM1-0-LL I 1 192x144%85 rs.7 DI fi v 15,35-39
MO-NERC  UKESM1-0-LL I I 192x144%85 r1.4.r8.9 DI f v
MPI-M ESM1.2-HR P P 384x192x95 riyo D fi 40-43
MRI ESM2.0 I 1 128x64%80 7. DI fi \ 44-46
NASA-GISS E2.1-G I 1 144x90x40  ri_10 P3 fi \
E2.1-G I I 144x90%40 11, 12, 13 Ds fi v 4749
E2.1-H I 1 144x90%x40 1.5 D3 fi \
E2.1-H I 1 144x90%x40 71, 12, 13 s fi \
NCAR CESM2-WACCM6 1 I 288x192x70 7y, 12, 13 D1 fi v 50,51
NCC NorESM-MM# I P 288x192x32 ri, 1,73 DI fi v 52
NIMS-KMA UKESM1-0-LL I 1 192x144x85 113 2 £ \ 53
NOAA-GFDL ESM4 I 1 288x180x49 r pi fi \ 54,55

The earth system models are unique for each institute, but coincidently are named the same as ESM with version
numbers, thus are named by institute + model name hereafter in this paper for distinguishment (i.e. CNRM-ESM2.1

is not an updated version of BCC-ESM1, but a new version of CNRM-ESM1).

AWI-ESM, BCC-CSM2, IPSL-CM6A, and MPI-M-ESM1.2-HR use the same prescribed ozone for the whole
earth system modelling instead of simulating the ozone, so that the surface ozone concentrations reported by these

4 models are essentially the same. In this sense, the single prescribed ozone (input4MIPs)*’ is used in place of the
4 models to avoid duplication.

All the realisations of the climate equilibrium started since 1850, so that are marked with the same initialisation
index, i1. The ensemble experiment variant serial numbers are defined by a combination of realisation, initialisation,
physics, and forcing, e.g. riiipifi.

The 2 CNRM models are not considered for surface ozone multi-model fusion as they do not include tropospheric

ozone module.

Full name as HAMMOZ-Consortium, marked as HAM in model name.

MOHC, MO-NERC and NIMS-KMA ran the same UKESM1 model with same configuration, but contributed
different ensemble experiments, so that are referred collectively as UKESM1-0-LL hereafter in this paper.

NCC ran the NorESM in two different coupling resolutions, as low atmospheric-medium ocean resolution (LM)

and median atmospheric-medium ocean resolution (MM). In order to achieve higher performance in multi-model
fusion, only the higher spatial-resolution simulation, MM, is considered so as to avoid duplication.
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Table S2 Diagnostic features of model fitting regression for the seasonal oscillations of TOAR monthly average
surface ozone concentrations. A total of 25-year 300-month observations were included in the TOAR project. The
mathematical formulae were given together with abbreviated models names as index. The coefficient of determinacy
(R?), rooted mean squared error (RMSE), and Akaike Information Criteria (AIC) were calculated as model selection
criteria. The temporal term ¢ was set as the serial month since January 1990.

Model Equation R? RMSE k' AIC

FI-L-Lf  50)=(@g+a)+Go+by0) xsin(Zt + 1) 0.9103 1.55 5 266.79
FI-L-E 30 =(g+an+ e’ 1) x sin(Zt + o) 0.9101 1.55 5 267.56
FI-E-L  50)=(@ge"l) + b +bit) xsin(Zt + ) 09101 155 5 267.39
FI-E-E  50) =@l + Goe"1) xsin(Zt +9p) 0.9099 155 5 268.11
F2-L-L-C 5()= (g +a0) + (bg + bi) X sin (51 + 1)+ o X sin(22i + ) 0.9563 1.08 7 55.41
F2-L-L-L 9(t)=(ao+a1t)+(bo+b1t)xsin(%t+r/)1)+<co+clt)><sin(27:t+rp2) 0.9565 1.08 8 55.75
F2-L-L-E &(t)=(a0+a1t)+(b0+b1t)xsin(%t+<a1)+(coe"1’>xsin(%t+rp2) 0.9565 1.08 8 55.66
F2-L-E-C 30 =g+ @) + Ggel 1) x sin(Zi 4 gp) 4 g x sin(i + ) 09546 1.11 7 66.77
F2-L-E-L w):<a0+a1z>+<boe”1’>xsm<§t+¢1>+(co+c1z>xsin(%z+rp2) 0.9547 1.11 8 68.19
F2-L-E-E 90)=<ao+a1r)+(boe”1’)xsin<%r+¢1)+(c0eclf)xsin(%z +¢2) 0.9549 1.10 8 66.75
F2-E-L-C 50 =(aget") + g + b1 X sin (St 4 1)+ co X sin(2ot + ) 0.9564 1.08 7 54.18
F2-E-L-L w)=(aoealf)+(bo+b1r)xsin(%z +¢1)+(co+c1z>xsin(%z +¢2) 0.9562 1.09 8 57.84
F2-E-L-E w):(aoeal’)+<b0+b1z>xsin(§z+¢1)+(c0e01’)xsin(%z+¢2) 0.9562 1.09 8 57.49
F2-E-E-C 90):(aoe“1f>+(boe”1f>xsin<§t+¢1>+coxsin(%r+¢2> 0.9559 1.09 7 57.58
F2-E-E-L 9(0=<aoe“1f>+<b0eb1f)xsin(%z+w1>+<co+c1r)xsin(%z+¢z) 0.9561 1.09 8 58.36
F2-E-E-E 90):(aoe“I‘)+(boeb1’>xsin(§t+¢1>+<coe°’1f>xsin(%t+¢2> 0.9561 1.09 8 58.19

Tk represents the degree of freedom, which is equal to the number of parameters.

* The model abbreviations were defined by the order(s) of Fourier Series, and the sub-types of each term, sequenced
as the intercept, 1°- and 2"- order series. F1, 1*-order Fourier Series models. F2, 2"-order Fourier Series models.
L, linear coefficient. E, exponential coefficient. C, constant coefficient.
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Table S3 Model-observation error decomposition of aggressive and conservative multi-model ensemble integration approaches for each continent. The metrics include
the values and ratios of bias, root variance and root noise, summarised with arithmetic mean, median and inter-quartile range (IQR, 25-75%ile). The continental statistics are
summarised based on the TOAR realistic measurement-covered sites.

Europe North America South America Asia Africa Oceania
mean (median) I0R mean (median) I0R mean (median) I0R mean (median) I0R mean (median) I0R mean (median) I0R
o Bias 0.78(0.63) 0.36-1.05 0.58(049) 0.23-0.79 0.38(0.17) 0.13-0.23 0.93(047) 0.31-124 0.83(0.63) 0.22-0.77 0.17(0.17)  0.06-0.22
Z Variance’  0.80(0.75) 0.59-0.92 0.57(0.53) 0.35-0.74 0.73(0.91) 0.42-095 1.02(0.93) 0.71-1.27 127(1.14) 1.07-143 0.46(0.41) 0.33-0.56
E S Noise!” 1.50(1.37) 1.22-1.66 1.33(1.29) 1.14-150 1.02(1.00) 0.80-1.12 1.69(1.62) 1.19-197 1.55(1.56) 1.48-1.58 0.77(0.77) 0.68—-0.93
2 Bias 0.18(0.14)  0.04-0.27 0.16(0.09) 0.03-0.24  0.09(0.02) 0.01-0.07 0.18(0.11) 0.03-0.25 0.14(0.08) 0.02-0.11 0.05(0.04) 0.01-0.09
5 2 Variance’  0.19(0.17) 0.12-025 0.14(0.12)  0.06—020 0.30(0.33) 0.17-039 0.24(024) 0.09-031 031(035) 022-037 024(023) 0.15-0.32
%n & Noise!? 0.63(0.66) 0.52-0.74 0.70(0.71) 0.61-0.84 0.61(0.59) 0.50-0.77 0.58(0.58) 0.49-0.69 0.56(0.63) 049-0.70 0.71(0.75) 0.59-0.81
o Bias 1.31(1.22) 0.54-1.87 1.05(0.88) 0.33-1.48 1.15(0.60) 042-2.08 2.83(1.96) 0.81-430 4.56(4.56) 4.28-470 1.30(0.76) 0.32-2.24
£ = Variance’”  0.51(0.43) 025-0.66 0.43(029) 0.15-0.64 1.39(0.56) 0.25-1.55 1.30(0.72) 0.31-1.61 1.27(1.48) 128-157 024(0.14) 0.02-0.53
‘§ S Noise!” 1.74(1.58) 1.43-195 1.67(1.61) 141-1.84 256(2.62) 147-3.01 296(2.41) 2.05-3.84 3.02(243) 235-371 1.47(148) 1.07-1.79
] Bias 0.33(0.29) 0.10-0.52  0.27(0.20) 0.04-0.47 0.17(0.10) 0.03-0.33  0.34(0.24) 0.09-0.55 0.65(0.68) 0.64—0.72 0.35(0.26) 0.03-0.59
g € Variance’”  0.07(0.04) 0.01-0.08 0.06(0.02) 0.01-0.08 0.17(0.03) 0.02-031 0.10(0.04) 0.01-0.10 0.06(0.09) 0.04—0.09 0.03(0.01) 0.01-0.04
S & Noise!” 0.61(0.59) 0.42-0.80 0.67(0.71) 048-0.89 0.67(0.84) 0.23-095 0.56(0.56) 0.33-0.87 0.28(0.26) 0.20-0.32  0.62(0.70)  0.41-0.89
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