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Dear referee, 

Thank you for your comments. We answer to all of them in the following part. Before,
please note that we realized that some files were not displayed correctly in zenodo and
github. Therefore we corrected those mistakes in a version 1.0.1 (in both the GitHub and
Zenodo repositories). The new Zenodo repository is available here:
https://doi.org/10.5281/zenodo.7003848.

Comment #1.1 :

major comments:

(*) Aim: What is the model aiming to simulate? It is not clear. It would help to spell this
out clearly. The model equation have a lot of details, like sub-reservoirs or subpools, but it
is unclear if it is the aim to simulate the values of these or are they just a means to
simulate something else.

Response #1.1:

We assumed that the title (carbon-climate model) and e.g. the second sentence of the
abstract would make it clear that Pathfinder aims to describe the climate and carbon cycle
systems. In addition, we further detailed three requirements we want the model to fulfil
while representing simply and accurately the carbon-climate system:

“Pathfinder was designed to fulfil three key requirements: 1. the capacity to be calibrated
using Bayesian inference, 2. the capacity to be coupled with integrated assessment
models (IAMs), and 3. the capacity to explore a very large number of climate scenarios to
narrow down those compatible with limiting climate impacts.”

Nevertheless, we propose to add the following sentence in introduction: “Simple climate
models (SCMs) typically simulate global mean temperature change caused by either
atmospheric concentration changes or anthropogenic emissions, of CO2 and other
climatically active species.”; and later on to mention again that Pathfinder is “CO2-only”.

Comment #1.2 :



(*) Level of complexity: The level of complexity in many of the model equations seems
overdone, considering the simplicity of the outcomes of this model. The authors need to
better explain why they use highly complex models to achieve fairly simplistic outcomes.
Is the level of complexity really needed?

Response #1.2:

We built the model using existing formulations, as explained in the second sentence of the
abstract, with the goal to keep it as simple and accurate as possible. We propose to add
another sentence in the last paragraph of introduction to repeat this information:

“The model is essentially an integration of existing formulations, adapted to our modelling
framework.”

The trade-off between simplicity and complexity/accuracy is already mentioned in the
third paragraph of the introduction. While we tend to agree with the referee that the
model might be slightly over-complex, we consider it is simply a property of the current
version inherited from the formulations compiled to create the model. We however
propose to add an item in the concluding discussion about this aspect, mentioning that
future development should strive to reduce complexity wherever possible:

“First, some parts of the model may well lean too much on the complexity side of the
simplicity--accuracy balance we aimed to strike, owing to the creation process of
Pathfinder that mostly compiled existing formulations. Future development should
therefore strive to reduce complexity wherever possible. The ocean carbon sub-pools and
perhaps the land carbon pools, are potential leads in this respect.”

 

Comment #1.3 :

For instance, the ocean carbon model has five subpools. It seems unlikely that this is
needed. So why is this done?

Similarly for the land carbon model.

Response #1.3:

As indicated on line 114: “To calculate the ocean carbon sink, we use the mixed-layer
impulse response function model from Joos et al. (1996), updated to the equivalent box-
model formulation of Strassmann and Joos (2018).” This is the simplest accurate
formulation we could find in the literature.

For the land carbon model, we indicate on line 152 that: “The land carbon module of
Pathfinder is a simplified version of the one in OSCAR (Gasser et al., 2017, 2020).”

If the referee can suggest simpler but still suitable formulations for these parts of the
model, we would be happy to consider them in a future version.

 

Comment #1.4 :

(*) Clarity: Much of the manuscript is really hard to follow. The authors assume a lot of
detailed knowledge that only very few readers will have. The manuscript need to be
understood to the largest part by a wider community, and I cant see how this manuscript



does that. For instance, discussion of figs. 5, 6 and 8 points out details in the text, that I
assume can be seen in one of the panels, but it is largely unclear which panel they are
talking about, as the text does not refer to the figure nor does it use the same names or
acronyms. 

Response #1.4:

This is a detailed description paper of a numerical implementation (made of about 5000
lines of code) of a mathematical model of the carbon-climate system. It is inherently
difficult to understand for those who do not have the prerequisite knowledge on some key
aspects such as the physical processes represented, the concept and mathematics of
Bayesian inference, or concrete implementation issues like differential systems solving
schemes.

While we agree that, in principle, it would be great if the manuscript could be “understood
to the largest part by a wider community”, we disagree that the burden of effort should
fall exclusively on us. Our paper is not meant to be a book to teach simple climate
models: it is merely a description of one such model, in a scientific context that goes
much beyond its scope.

Therefore, we do not expect anyone to just pick the model up, do a cursory read of its
description paper, and instantly understand and appreciate our work. This can only take
time and effort on the reader’s side. In other words, this paper is more destined to be
read by PhD students rather than by busy professors.

That being said, the referee raises a number of fair points that we can address to further
softened the experience of reading such a paper. Notably, we propose to better reference
figures in the text, although not every time we refer to them because this would mean
ending every single sentence of some sections with “(see Figure X)”. We also propose to
generate new figures that use the mathematical notations of the equations instead of the
original code notations. Finally, we propose to restructure the section of Bayesian
calibration for a more logical articulation between the parts about the prior and posterior
distribution parameters:

3 Bayesian calibration

3.1 Principle

3.2 Implementation

3.3 Constraints

3.4 Parameters (prior distributions)

3.5 Results (posterior distributions)

4 Model diagnosis

4.1 Historical period

4.2 Idealized simulations

4.3 Scenarios

 



Comment #1.5 :

(*) Parameter fit: The authors use a "Bayesian" approach to fit uncertain model
parameters. This approach is hard to follow. If all the parameters are optimised, does this
imply some kind of cost function is minimised? If so by how much has the cost function
been minimised? How is the success of the optimisation measured?

Response #1.5:

A Bayesian calibration does not optimise parameters in the usual sense, for instance in
terms of a distance to target observations. It calculates the probability distributions of the
parameters, given knowledge of the probabilistic distributions of a number of outcomes of
the model (the constraints, i.e. the observations). This is in theory simply done using
Bayes’ formula.

However, in all but trivial cases, the actual posterior distributions (i.e. the result of Bayes
formula) is not tractable and cannot be expressed using closed-form formula. Therefore,
one must use numerical methods to approximate these distributions.

Here, because the system to be optimised is of significant size, we use a specific
variational inference algorithm that approximates the sought posterior distributions by
minimizing a quantity known as the evidence lower bound (ELBO). This whole sampling
process is done in 100,000 iterations, and we checked convergence of the ELBO. Further
details on Bayesian inference and the variational inference algorithm are available in two
papers we cite: Kucukelbir et al. (2017) and Beir et al., (2017;
doi:10.1080/01621459.2017.1285773).

We propose to add an additional sentence in the section 3.1 on the principle of Bayesian
calibration, to better explain the concept and role:

“Summarily, the Bayesian calibration updates the joint distribution of parameters to make
it as compatible with the constraints as possible given their prior estimates, which
increases internal coherence of Pathfinder by excluding combination of parameters that
are unlikely.”

Similarly, we propose to rephrase and expand parts of the implementation subsection to
make it a new paragraph:

“The Bayesian procedure itself is implemented using the Python computer language, and
specifically the PyMC3 package (Salvatier et al., 2016). The solving of equation 47 and its
normalization are done using the package’s full-rank Automatic Differentiation Variational
Inference (ADVI) algorithm (Kucukelbir et al., 2017), with 100,000 iterations (and default
algorithm options). The choice of variational inference instead of Markov chain Monte
Carlo is motivated by the significant size our model (Beir et al., 2017) and the speed of
ADVI. An additional strength of the full-rank version of the ADVI algorithm is its ability to
generate correlated posterior distributions even if the prior ones are uncorrelated.
Convergence of the algorithm was controlled through convergence of the ELBO metric
(Kucukelbir et al., 2017). All results presented hereafter are obtained through drawing
2000 sets of parameters – that we call configurations – from the posterior or prior
distributions.”

Comment #1.6 :

(*) Discussion of Figures: The figure are not properly or not at all (Fig.4?) discussed. The
text discussion seem to discuss the figures in some cases, but it is unclear what figure or
panel is discussed (e.g. Fig. 5,6 and 8).



Response #1.6:

Figure 4 was not properly discussed. We propose to add the following in section 2.6 as
follows: Figure 4 gives a representation of the permafrost module as described in the
following.

We acknowledge that figures are not directly cited every time they are discussed as an
entire section (section 3.1) is dedicated to the discussion of figures 5 and 6. Hence, we
wrote as an introduction to that section: “Figure 5 shows the prior and posterior
distributions of the model’s parameters, while Figure 6 shows those of the constraints.”

 

Comment #1.7:

line 114 "... classic ...": Remove "classic".

Response #1.7:

Done.

Comment #1.8:

line 116, five boxes: Why is this done? Why is this needed?

Response #1.8:

As indicated on line 114: “To calculate the ocean carbon sink, we use the classic mixed-
layer impulse response function model from Joos et al. (1996), updated to the equivalent
box-model formulation of Strassmann and Joos (2018).” This is the simplest formulation
we could find in the literature. As this paper directly uses an existing formulation, we
invite the referee to check Strassmann and Joos (2018) for more details.

 

Comment #1.9:

[17]: What is C_p?

Response #1.9:

As indicated on line 65 after eq. [4] or in Table A4, C_pi is the preindustrial atmospheric
CO2 concentration.

 

Comment #1.10:

[18]: What is C?

Response #1.10:

As indicated on line 41 or in Table A2, C is the global atmospheric CO2 concentration.



 

Comment #1.11:

[21]: Why is this not a function of C_o but C?

Response #1.11:

As indicated on lines 144-147: “While in the real world, ocean acidification is directly
related to the carbonate chemistry and the ocean uptake of anthropogenic carbon, we do
not have a simple formulation at our disposal that could link it to our ocean carbon cycle
module. We therefore use a readily available emulation of the surface ocean acidification
(pH) that links it directly to the atmospheric concentration of CO2 (Bernie et al., 2010).”

We also noted one line after: “We note that this approach is reasonable for the surface
ocean, as it quickly equilibrates with the atmosphere (but it would not work for the deep
ocean).”

We propose to add mention of this limitation in the concluding remark that pertain to the
ocean carbon cycle module: “and properly connected to ocean pH and the ocean of the
climate module”.

 

Comment #1.12:

r_npp, eq. [24]: The equation is not easy to understand. It may help to put this into
words a little bit. How does r_npp change if C or T goes up?

Response #1.12:

Noting that we already explained the role of the alpha_npp shape parameter (as it tends
towards 0, the whole function tends towards a logarithm), we propose to add the following
information regarding the effect of C: “whereby NPP increases with atmospheric CO2”;
and the following regarding T: “that can be positive or negative”.

 

Comment #1.13:

r_fire eq. [28]: Why do wildfires (r_fire) depend on CO2 and not just T?

Response #1.13:

This equation is, as for all land carbon equations, highly inspired from OSCAR equations
(Gasser et al., 2017). In Gasser et al., 2017, they justify that: “The change in fire
intensity is a function of changes in atmospheric CO2 – used as a proxy variable to
encompass various effects such as change in leaf area index, which would help wildfires to
spread, or change in evapotranspiration and thus in soil moisture that would reduce their
intensity – […].”

We similarly added a parenthesis explaining this factor: “as a proxy of changes in leaf
area index and evapotranspiration”.

 



Comment #1.14:

section 3.3 constraints: It is unclear how the constraints relates to the previous section
parameter fits. Does the constraints lead to changes in the parameters of the model? Are
the same parameters changed again? It needs a bit more discussion.

Response #1.14:

Section 3.2 explains how the prior estimation (before calibration) of the parameters is
obtained. Section 3.3 explains the set of observation x used in the Bayesian calibration
(see Section 3.1). By essence of a Bayesian calibration, the constraints lead to changes in
the parameters from their initially assumed value and uncertainty distribution: that is the
meaning of the words “prior” and “posterior”.

This was already explained by the following sentence of section 3.1: “The approach
consists in deducing joint probability distributions of parameters from a priori knowledge
on those distributions and on distributions of observations of some of the model’s state
variables.”

Hopefully, the addition sentence we propose in Response #1.5 will makes this even
clearer: “Summarily, the Bayesian calibration updates the joint distribution of parameters
to make it as compatible with the constraints as possible given their prior estimates, which
increases internal coherence of Pathfinder by excluding combination of parameters that
are unlikely.”

 

Comment #1.15:

section 4.1 Posterior distributions: This section is hard to follow. I failed to understand it,
but it is central to the study. It seems the text is discussing the Figs. but it is unclear how.
Example: "ECS (T2×) is the parameter with the strongest adjustment ..." Is this
something the reader can see in a Figure? Which Figure? Why does the text refer to
different names that have no match in the Figures?

Response #1.15:

Indeed, this section is discussing the figures, as explained by the introductory sentence of
the section: “Figure 5 shows the prior and posterior distributions of the model’s
parameters, while Figure 6 shows those of the constraints.”

We propose to further introduce this section with the following new sentence: “The
following subsections discuss the adjustments between the prior and posterior parameters
that are the results of the Bayesian calibration, as well as the matching of the
constraints.”

To take the example of ECS (T2x) raised by the referee, one must simply look at Figure 5,
find the panel entitle T2x (which is the second panel), and compare the black and blue
distributions to compare the prior and posterior distributions of T2x.

Alternatively, one could look up the values of the prior and posterior parameters in Table
A6, although this one was not properly referenced. We propose to correct this by adding
the following sentence in introduction of the section: “Prior and posterior values of the
parameters can also be retrieved from in Table A6.”

Finally, regarding the change of notations, this was done because mathematical notations



are much harder to read on the figures than the code notations, and the correspondence
between the two are provided in Tables A1 to A4. However, we propose to generate new
figures that use the mathematical notations.

 

Comment #1.16:

Fig. 5 Distributions before and after the Bayesian calibration: It is unclear what the
message of this analysis is. It seems there is not "truth" in this, so what is the reader
suppose to see here? Is the before distribution assume to be the "truth"?

Response #1.16:

See Response #1.5. There is no truth in Bayesian statistics, just an updated estimate of
the parameters’ distributions that assimilates the information contained in the constraints.
The updated values are assumed better because they contain more information.

 

Comment #1.17:

Fig. 8; temperature driven setup: this needs a bit more discussion. How is this simulation
constructed? The upper panels are by construction a perfect fit? Where and how is T and
the atmospheric CO2 evaluated? It seems it is not down here as T is prescribed.

Response #1.17:

We are unsure what kind of discussion the referee expects, here. As stated in section 4.2,
lines 465-466: “Figure 8 gives the time series from 1900 to 2021 of six key variables.
GMST and atmospheric CO2 match very well the historical observations, by construction of
these input time series.” This answers the referee’s first question.

Subsection 3.2.8 “Historical CO2 and GMST” explains in detail how T and CO2 are
determined from historical time series to be used as input to the Bayesian calibration. The
output of the Bayesian calibration for these two time series is shown in Figure 8, which
answers the second question.

 

Comment #1.18:

model uncertainty ranges in Figs. 8 and 9: Where does the uncertainty ranges for the
model come from?

Response #1.18:

The uncertainty simply comes from the distribution of parameters, although we failed to
clearly state this in the submitted version of the paper. We propose to add the following
sentence: “All results presented hereafter are obtained through drawing 2000 sets of
parameters – that we call configurations – from the posterior or prior distributions.”

 

Comment #1.19:



Fig. 9: What are the columns 2 and 3 showing? Is this the integrated carbon uptake for
land and ocean?

Response #1.19:

Yes it is. We propose to modify the caption as: “Time series of GMST change, integrated
land carbon uptake and integrated ocean carbon uptake for idealized experiments
(abrupt-2xCO2, 1pctCO2, 1pctCO2-bgc and 1pctCO2-rad), and projections according to
SSP scenarios in Pathfinder.”

 

Comment #1.20:

line 515 "The ocean carbon storage appears overestimated by 5% to 20% by Pathfinder
across SSP scenarios": relative to what reference?

Response #1.20:

We state on lines 507-509 that: “Table 3 shows a comparison of the projected changes in
GMST to the CMIP6 estimates (Lee et al., 2021, Table 4.2), and of carbon pools to
Liddicoat et al. (2021) (since this was not directly reported in the AR6).” Therefore, the
ocean carbon storage appears overestimated compared to the ocean carbon storage
estimated in Liddicoat et al., 2021.

 

 

 

Thomas Bossy, 20 October 2022
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