Thanks to the reviewer for taking the time to re-review the paper. We appreciate that this paper
occupies an unusual niche for ESD — but the points made in the paper are not specific to climate
sensitivity, they relate to the practise of making inference on an unknown climate parameter using
correlations obtained from a structural model ensemble. Thus, although we refer in a number of places
to examples which discuss climate sensitivity, this is not our focus.

That said, the reviewer raises a number of reasonable points which we have endeavoured to address
better in the manuscript. The reviewer is correct that a clear line needs to be drawn between
speculation and objective findings. For the simple model,— the objective findings are very simple —; that
the presence and strength of an constraint are conditional on common structural model assumptions.
Applying this logic to the complex models is more nuanced — and is dependent, as the reviewer
suggests, on our absolute confidence in process representation in CMIP class models. The point is well
taken that process biases ultimately exist in the models, and not in the constraints themselves. We
attempt to clarify this in the revised version.



Thanks for this point and its illustration with a detailed example. We have reassessed our statements
about type 1 constraints. We fully agree that the presence of a tipping point or mechanism for the

transient trend to alter would weaken a first order constraint. Indeed, we already note this when we
introduce the concept.

We do agree, however, that our level of confidence on the TCR constraint may be too high in places, and
we’ve edited section 5.4 to convey this. However, we do not see evidence of deviation in either CMIP
ensemble of near-linear warming response to linearly-increasing forcing. See Gregory (2015), and the
following plot, which shows in CMIP5 and CMIP6 there is a very strong relationship in both ensembles
between warming at 400ppm (approx. present day) and warming and TCR at 560ppm (2xCO2) in the

1pctCO2 simulations, with a slightly weaker relationship for warming at 4xCO2:

This points to at least the potential for extrapolation of a forced transient trend in CMIP ensembles in
the idealised case of the 4xCO2 simulation, potentially complicated by forcing uncertainties in a
historical simulation. However, the point is well taken that this is an empirical observation (we believe
the constraint because it’s there) — and there is strength in your argument that a process-based
constraint allows for a deeper investigation for responses like TCR and ECS, which are driven by multiple
mechanisms. We have updated the text to reflect this better.
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This was an interesting observation, and we briefly followed it up. The plot above shows that the
relationship between transient response on different timescales is strong in both CMIP5 and CMIP6 in
the 1pctCO2 simulations.

More important than the slope itself is perhaps the fact that the relationship between past warming and
TCR in CMIP5 showing in Tokarska 2020, is much weaker — with a 0.52 correlation — so confidence in the
slope is lower than the CMIP6 case (corelated at 0.74). We agree that the lack of strong relationship in
CMIPS is a relevant issue, especially given the addition of the CMIP5 to the CMIP6 ensemble weakens
the constraint seen in CMIP6 alone. We’ve adjusted the text to reflect this.

We would expect there to be two major factors in the difference between the two ensembles: CMIP6
containing some models with higher TCR values than CMIP5, and there are potentially differences in
historical forcing trends between the two studies. However, following this up further is a study in itself.

We stand by this sentence, but we take the reviewers point — that the plausibility of process
representation can be reinforced by additional observations. We’ve added the following qualifier:

“However, confidence in process representation can be assessed and potentially increased through
consideration of the plausibility of common model assumptions (Klein and Hall, 2015) or
identification of independent observables which can be used to assess the degree to which models
represent relevant processes (Terhaar et al., 2020).”

We certainly agree that process understanding based on observations is highly desirable. However,
process-based emergent constraints are still fundamentally based on the differences among model
simulations, so in this sense models remain fundamental to the interpretation of the constraints.
Furthermore:

(1) this sequence of inquiry is not universal —it remains possible to retrofit a plausible process
hypothesis upon the discovery of a constraint, and it is difficult to objectively assess from the
published literature whether this has been done, given the primary quantitative evidence for an
emergent constraint is generally presented as the constraint itself.

(2) Though the example you present of Terhaar (2020) is compelling (that the base-state
observationally derived understanding of Arctic water transport provides a good conceptual
model for an emergent constraint based on the persistence of ocean circulation), in this case, a
simple model expectation (expected deep ocean carbon transport given persistence of
circulation biases) is supported by the ESM relationships. In this case, confidence in the EC is
boosted by the persistence-based hypothesis, and the presence of the EC in the ESMs is



confirmation that nothing unexpected is happening in this class of model. We would still argue
that confidence in the EC is ultimately conditional on the ESM process representations being
complete and accurate.

That said, we do agree that a strong hypothesis, with supporting observational evidence, allows the
confidence to be built in process-based ECs through supporting, potentially independent means.

This point is well taken. The use of the MME distribution mean and standard deviation in assessment is
indeed making implicit assumptions about how the model distribution relates to uncertainties. We
agree that treating the CMIP distribution as a proxy for uncertainty is problematic — and this is also
appreciated in the IPCC assessment process. AR5 was quite specific with uncertainty language while
regarding to the MME - and referred to the CMIP distribution as a range or spread, but generally not as
an uncertainty. AR6 is also not going to take CMIP6 as an uncertainty because the distribution of CMIP6
ECS contains a significant fraction of models above the assessed likely range.

We also agree that ECs can be a powerful tool in identifying model feedback processes and relevant
observables, and potentially for understanding ensemble limitations —and we have revised our
discussion to highlight that these uses of ECs can be a powerful way to understand the ensemble. Our
critique is the use of ECs in isolation as a tool to confidently narrow projections while potentially
ignoring other aspects of model performance.

Thanks for this point. Firstly, we are in agreement with the reviewer that the biases and approximations
ultimately exist in the models, and not in the constraints themselves. We also agree that emergent
constraints are potentially a powerful way to understand diversity in model results.

However, our primary point is that the use of emergent constraints to reduce model projection spread
must be treated with caution because if models make common simplistic assumptions (as in some cases,
we know they do — e.g. eddy diffusion parameterisations, soil temperature respiration relationships),
then (1) an EC may emerge because there are few degrees of freedom in the common model structure
repeated in the ensemble, (2) calibrating a projection using this EC is then conditional on those common



structural assumptions and (3) the EC framework disregards other observable quantities which might
highlight the deficiencies of the model parameterisations.

We fully agree that ECs are useful to isolate potentially relevant observable processes for feedback
processes in MMEs, but we differ on whether this information should then be used in isolation to
constrain the MME distribution of projections. As we argue in the discussion — multi-metric skill scores
and model weights represent one extreme (many metrics, no consideration of relationship to response),
while emergent constraints represent the other (one metric chosen because of its correlation to
response).

We argue that both approaches are non-ideal, and that the more defensible middle ground has been
underexplored. Constraining projections based on an EC is a very strong statement that only the EC
variable is relevant in our assessment of the plausibility of different values of the response variable, and
all other model performance metrics can be ignored. However, it is only by consideration of multiple
model metrics, and trade-offs between different calibration targets, that model structural errors
become apparent (see e.g Hourdin 2017 or McNeall 2016). This multi-metric perspective highlights that
complex models cannot be tuned to match all observable targets simultaneously, and by restricting our
consideration to only one variable, we would get an overly confident projection of the future. Clearly —
a simple skill score/bias weighting also has disadvantages, with no focus on aspects of model response
which are relevant to the projected quantity.

As such, we agree with the reviewer that emergent constraints can help us analyse ensembles, and that
they should inform which variables should be included in model evaluation. What we argue against is
the use of emergent constraints as a direct means to constrain model projections, implicitly ignoring all
other possible evaluation metrics as well as the known process assumptions in the component models.

In the case of the simple model example, we agree that the bias exists in the shallow ocean model.
However, in this simple case, we disagree that the EC derived in the simple model relating T70 to T280
would improve the projection. The use of that EC in that model would result in a constrained projection
which excluded the real value of T280 (where ‘real’ is in this case the two-layer model). Use of the EC
alone to constrain projections would therefore result in a failed forecast where the truth lies outside the
constrained distribution. This failure happens because the EC does not factor in uncertainty due to the
model structural errors.



In this case, the identification of the EC is still useful because it helps us understand the degrees of
freedom in the model and the processes which govern its long-term response. It even helps us identify
the model’s structural limitations, given it illustrates that the ensemble does not represent a plausible
diversity of equilibration responses. However, the example underlines that the use of the EC alone in
this ensemble to constrain projections of long-term warming would result in a confident wrong answer —
and our argument highlights the risk of this type of error.

4) In the Conclusions, the authors argue that EC is effectively model weighting. | disagree. No model is
weighted when using emergent constraints. An important mechanism is identified for a projection and
that mechanism relates the predictor and predictand in the same way across all models, they are equally
weighted.

This is a misunderstanding - apologies, we have clarified our position. Our argument is not that
weighting is used in the derivation of ECs, rather that their application to constrain projections is a form
of weighting. We agree that almost all published ECs weight each model member equally in the
derivation of the relationship between predictor and predictand. But ECs usually present a calibrated
projection conditional on the observed value and uncertainty range of the predictor, usually using the
ensemble as a transfer function. This is effectively weighting the projected values of the response
according to modelled skill in the predictor.

Completely agreed — the composite response of a complex system is subject to a different set of
considerations than a single process component, the latter enabling a clearer assessment of model
assumptions and performance. We already discussed the difference between ‘top-down’ and ‘bottom-
up’ emergent constraints in the discussion — we agree that Terhaar 2021 is an excellent example of the
latter, and have included the citation.

Agreed, done.
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