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Supplementary Text
Supplementary Text 1 - Normality of the distributions

We performed the Shapiro-Wilk test to test the normality distribution of both observable and climate sensitivity
values across the ensemble of CMIP6 models. The null hypothesis H, states that the data are normally distributed.
The p-values of the tests performed with ECS and TCR are both largely superior to significance level a (equals to 0.05).
We can not reject H, and we conclude both ECS and TCR distributions are normally distributed. When performed
with the distance metrics NWWD and D, g, we get respectively a p-value inferior and superior to 0.05. We conclude
NWWD is not normally distributed and D,z is normally distributed.

Supplementary Text 2 - Perfect model test

We present here the calibration approach to determine the hyperparameter opin the performance weight formula.
The approach has been revised since the first one proposed in Sanderson* and we apply here the latest perfect model
test in date, as seen in ref °. The protocol consists in scrolling different op values (between 0.20 and 2.0 that
corresponds to a range between 20% and 200% of the value of the median of the distances D;, with i being the index
of the CMIP6 model). For each op, we assume iteratively each model’s climate sensitivity as the truth, and we apply
the weighting scheme to the remaining models. If 70% of the “true” models have their “true” climate sensitivity that
falls within the 10-90 percentile range of the weighted distribution of climate sensitivity, the oo is retained as a
potential value in a list. Finally, the optimal opvalue is the minimal value among the list of potential oo. We take the
minimal value to advantage an aggressive weighting.

In the original protocol proposed in ref 5, the author asked for 80% of models to satisfy the condition to fall in the 10-
90 percentile range of the weighted target distribution in order to select a op value. We relax the criterion by asking
19 models out of 27 models to satisfy the condition (~70% of models). The aim is to get weights not too close to the
equal weights (equal to %) used in the unweighted distribution. Finally, the approach allows to get a gradient of

weights on both sides of the equal weight value, and to conserve the discriminative information about our models.
The weights, like the distance metrics, are spread between 0 and 1, before to be normalized (their sum must be equal
to 1).

Supplementary Text 3 - Metrics

For the purpose of constraining climate sensitivity, we reconstructed networks for CMIP6 outputs by fixing the nodes
inferred in the reanalysis dataset HadISST. One can also infer nodes in each simulation dataset. However, it is a
challenging task to evaluate the reconstructed networks against the reference networks with different number of
domains, and a fortiori different number of links. Two network metrics are hereafter presented to evaluate
respectively the nodes and the links inferred in a dataset with respect to reference nodes and links. Both metrics
offer the advantage of being applicable to networks of varying sizes. Distance Normalized Mutual Information (D ;)
scores how well the domains detected in the simulations are close to the true domains. A second metric, Distance F;
(Dp,), scores the presence and absence of links in the simulations with respect to the true links.

Distance Normalized Mutual Information

Distance Normalized Mutual Information (Dy,,;) scores the domains in term of shapes and sizes, with respect to the
“true” domains identified in the reanalysis datasets 1. Dy, is the complementary measure of the Normalized Mutual
Information (NMI) metric proposed in ref 2. The motivation is to evaluate the output of the §-MAPS algorithm,
referred as “domain map”, which is a two-dimensional map labeled with 0 (‘no domain’) and a number between 1
and N, with N being the total number of domains. Each domain receives a different label, but this label is arbitrary
and the result is independent of its absolute value. If one grid cell belongs to several domains, the label attributed is
the one of its strongest domains.

Dyur comes from the probability and information theory, and evaluates the consistency between the domains
inferred in the reanalysis and in the simulations. Dy,,; takes values between 0 and 1, where Dy, equals to 0 mean



that domain maps are completely correlated and Dy,,; equals to 1 means that domain maps have no mutual
information. We compute Dy,,; as the complementary value of the normalized mutual info score offered by the
scikit learn library on Python 3.

For a domain map D made of d domains and N cells, the probability that a grid cell i falls into the domain d is noted
P(i) and is equal to |d V N. We can then define the entropy Hof the domain map as:

H (D) = — XIPIP(i) log(P(i)) (1)
The mutual information between two domain maps D; and D,relies on the notion of joint probability P (i, j):
.. P(ij
MI (Dy, D;) = ZPUEIP2 P(i,j) log, 520 2)

Finally, Dyy; between two domain maps D; and D, is the complementary measure of the normalized mutual
information given by the ratio of the mutual information over the averaged entropies of the two domain maps.

MI (D1,D;)

Dunar (D1, D2) = 1 = e oo )

(3)
Distance F;

The causal networks represent characteristic causal fingerprints for each SST dataset, and consist of hundreds of
links!. In order to evaluate efficiently the detection of causal links in the simulated network with respect to the links
revealed in the reference network HadISST, we may calculate the network metric Distance F; (Dg,). Dp, scores the
presence and absence of links, and tells us how well interconnected are the main modes of temperature variability.
It is the complementary measure of network F;-score, proposed in ref 1, in which the metric was adjusted from the
F-score, commonly used to measure classification accuracy, and was applied with success to compare graphs
reconstructed from Sea Level Pressure simulations. F;-score is the harmonic mean of precision (fraction of common
links in the network of simulation and the reference network) and recall (fraction of links in the reference network
not detected in the network of simulation). The formula of precision (P) and recall (R) are given below, where a True
Positive (TP) refers to a link detected both in the reference network and the simulated network, a False Positive (FP)
to a link detected in the simulated network only, and a False Negative (FN) to a link detected in the reference network
only. The metric is time-independent, which means links detected at different time lags are still counted as TP.
TP TP

=——andR =
TP+FP TP+FN

(4)

The two measures R and P are combined to build the F; metric, and we define Dg, as its complementary measure,
in order to get a 0 value when links are perfectly identical between the two networks:

2.P.R
Dp, =1-7% ()
The significance level a and the maximum lag 7,4, of the PCMCI algorithm modulate the number of links inferred in
the graphs, and are set to 0.05 and 3 respectively.



Supplementary Figures

Internal variability of Dacr across models

Internal variability of NWWD across models
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CMIP6 models

CMIP6 models

Supplementary Figure 1| Metrics NWWD and D 45 in CMIP6 model ensemble. NWWD (A) and D4 (B) values
across the CMIP6 ensemble, with respect to both HadISST and COBEV2. Light blue triangles represent the distance

values of simulations and dark blue dots the ensemble mean values. We can observe the variability within a model

ensemble and between the model ensembles.



*length of vector is equal to number of models n

Supplementary Figure 2| Schematic of the weighted estimation of ECS and TCR. Schematic of the weighted
estimation of ECS and TCR based on combination of distance metrics D with respect to two reanalysis datasets
(HadISST and COBEV2). In our study, distance D refers to both NWWD and D,.r and the number of distance metrics
n is equal to 2. Vector of distance values D is converted to vector of weights wp through a non-linear transformation,
whose intensity is modulated by the factor op. Combination of vector of weights (i.e. mean) is possible and
encouraged in order to get a more robust estimate.



Normalized weights
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Supplementary Figure 3 | Normalized weights in CMIP6 models. Normalized weights for each CMIP6 models. The
left column corresponds to equally weighted models, and the other columns - from left to right - show respectively
the weights derived from NWWD, from D, and the weights averaged. The gradient of red tells us which models
are most trustworthy. The darker the red color, the higher the weight. The 27 CMIP6 models are sorted from bottom
to top by increasing TCR. More important weights are attributed to models at the bottom of the panel, suggesting
low TCR models are more realistic.



a Best estimates and likely ranges for TCR constrained
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Supplementary Figure 4|Comparison of ECS and TCR estimates with literature. Boxplots of ECS (a) and TCR (b).
From left to right : Medians (‘best estimate’ - orange lines) and percentiles 17-83 (‘likely range’ — boxes) extracted
from the 2013’s IPCC report (based on CMIP5 ensemble) &, 2021’s IPCC report (based on CMIP6 ensemble) 7, from
our initial unweighted CMIP6 distribution, from our final weighted CMIP6 distribution (netEC), and from recent
studies based on CMIP6 ensemble &0, The 2021’s IPCC estimates are narrower than the 2013’s IPCC estimates
because based on multiple lines of evidence, but the mean ECS and TCR values and their spread are higher in the
CMIP6 ensemble than the CMIP5 ensemble. Our median estimates are lower than 2021’s IPCC estimates, but our
upper bounds (percentile 83th) are higher. but higher than recent studies estimate for both ECS and TCR. netEC
predicts a warmer climate than recent studies solely based on global historical SST in CMIP6 ensemble.
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Supplementary Figure 5 | Runtime of domain inference with 8-MAPS. Average time of execution of the domain
inference step of 6-MAPS algorithm, for the different CMIP6 models. The time is averaged over all the different
simulations of each model. Hyperparameters k and a are set to 8 and 0.01 respectively. The operation takes between
55 minutes and 2 hours depending on the models. Depending on the number of domains detected in the initialization,
the algorithm may be more or less long to run during the merging and expansion step.



Supplementary Tables

Model (runs) ECS(°C) | TCR(°C) | Dyyy | NWWD DF1 Dce
NorESM2-MM (3) 2.50 1.33 0.423 0.686 0.502 0.263
NorESM2-LM (3) 2.69 1.46 0.431 0.420 0.522 0.269

MPI-ESM1-2-HR (10) 2.99 1.64 0.440 0.186 0.523 0.288
MPI-ESM1-2-LR (30) 3.66 2.01 0.431 0.227 0.520 0.269

EC-Earth3 (14) 4.22 2.38 0.371 0.181 0.542 0.276
EC-Earth AerChem (2) 5.30 2.8 0.387 0.189 0.539 0.280
EC-Earth3-Veg-LR (3) 4.34 2.57 0.382 0.168 0.548 0.327

MIROCS6 (50) 2.56 1.52 0.405 0.613 0.522 0.290
GFDL-ESM4 (2) 2.68 1.53 0.376 0.150 0.545 0.291
GISS-E2-1-G (12) 2.71 1.68 0.421 0.286 0.529 0.259

HadGEM3-GC31-LL (5) 5.62 2.45 0.398 0.169 0.527 0.259
CNRM-CM6-1 (26) 4.94 2.08 0.402 0.170 0.544 0.307
CanESMS5 (24) 5.66 2.66 0.425 0.184 0.540 0.310
INM-CM5 (10) 1.93 1.40 0.437 0.375 0.551 0.362
UKESM1-0-LL (17) 5.41 2.72 0.405 0.191 0.521 0.285
IPSL-CM6A-LR (32) 4.63 2.32 0.393 0.273 0.541 0.295
NESM3 (5) 4.76 2.73 0.383 0.176 0.530 0.292
MRI-ESM2-0 (10) 3.14 1.56 0.406 0.175 0.542 0.295
BCC-ESML1 (3) 3.39 1.74 0.429 0.292 0.558 0.339
BCC-CSM2-MR (3) 3.07 1.59 0.416 0.153 0.561 0.285
SAMO-UNICON (1) 3.76 2.25 0.396 0.388 0.522 0.279
ACCESS-ESM1-5 (15) 3.97 1.91 0.423 0.176 0.535 0.336

E3SM-1-0 (5) 5.38 2.99 0.406 0.401 0.514 0.318

FGOALS-f3-L (3) 3.03 2.01 0.396 0.227 0.552 0.303

CAMS-CSM1-0 (2) 2.31 1.72 0.41 0.203 0.566 0.234
CESM2 (6) 5.30 2.04 0.383 0.509 0.528 0.300
CESM2 WACCM (3) 4.90 1.92 0.400 0.420 0.526 0.284
Mean p 3.88 2.03 0.406 0.281 0.535 0.294
Standard Deviation o 1.15 0.48 0.019 0.144 0.015 0.031

Supplementary Table 1| Number of past cross-links detected with PCMCI in the HadISST dataset. List of ECS and
TCR values ?, and ensemble mean metric values for each of the 27 CMIP6 models. Red color indicates the maximum
ECS and TCR value (the warmest models), and the maximum metric value (the farthest models to the ground truth).
Green color indicates the minimum ECS and TCR values (the coldest model) and the minimum metric value (the
closest models to the ground truth). The mean and variability of each column are also indicated.



a-level Number of past cross-links Proportion of past
discovered in HadISST cross-links discovered
0.01 49 2%
0.05 174 6%
0.20 573 22%

Supplementary Table 2 | Number of past cross-links detected with PCMCI in the HadISST dataset. For different a-
levels, corresponding number of cross-links and proportion of cross-links detected. For a network made of n nodes,

n

there are (2

cross-links, and in turns 870 potential directed cross-links. Because we consider 0., (maximum time lag) equals to
3 months, a total of 2610 past cross-links may be revealed. The influence of the hyperparameter a (significance level)
is important, especially since very few links are detected even when a is equal to 0.20, which shows how strict the

link detection is. The lower the significance level, the stricter.

10

)potential undirected links. For our network made of thirty nodes, there are 435 potential undirected




o) ECS (°C) TCR (°C)
w(NWWD) 0.33 0.34
w(Dacr) 0.28 0.40

Supplementary Table 3| oy, values determined with the perfect model test The different op, values for weights
derived from vectors of NWWD and D, values for the different climate sensitivity metrics ECS and TCR. The
lower op, the more aggressive the weighting.
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o ECS (°C) TCR (°C)
w(NWWD) 0.070 0.067
w(Dacr) 0.105 0.043
w (NWWD, Dcr) 0.060 0.038

Supplementary Table 4 | Variability of weights. Standard deviation of the weights derived from NWWD and D, g
and for the different climate sensitivity metrics ECS and TCR. The variability across the weights of the models is more
important with ECS as target metric.
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For ECS ARG6 IPCC (2021) | Unweighted distribution neteEC
Median 3.0°C 3.76°C 2.70°C
Likely range 2.5t04°C 2.68 t0 5.30°C 2.34 10 4.79°C
For TCR
Median 1.8°C 1.92°C 1.71°C
Likely range 1.4t02.2°C 1.53 t0 2.66°C 1.53 to 2.50°C

Supplementary Table 5 | ECS and TCR estimates derived from netEC Top panel: ECS estimates. Bottom panel: TCR
estimates. Median (‘best estimate’) and percentiles 17-83 (‘likely range’) extracted from the 2021’s IPCC report (first
column), from our initial unweighted CMIP6 distribution (second column) and from our final weighted CMIP6
distribution “netEC” (third column). Final estimates can be rigorously compared with the unweighted ones since

assessed ranges of IPCC are based on multiple lines of evidences.
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