
 

We would like to thank Referee 2 for their detailed and constructive comments.   

General comments 

C: The application of Bi-LSTM is new, but the authors do not make a strong case for why this method 

should be applied. Of all the machine learning methods, why this one? Is Bi-LSTM particularly well 

suited for the CFR problem? Is the non-linear nature of the method or its incorporation of serial 

correlation important for the problem? Without strong arguments for why these characteristics are useful, 

the application of Bi-LSTM has the feeling of just being the method that the authors had sitting on the 

shelf. This should be remedied. 

A: We agree that there are several possible methods that could have been tested from the ML 

methodologies. From the available methods that we could have used for CFR, recurrent neural networks 

(RNNs) are potentially a suitable candidate with the objective of better reconstructing the true climate 

variability, because they can learn the serial correlation. Our underlying assumption, to be tested in this 

study, is that this property can improve the reconstruction variance. In general, RNNs learn only the 

short-term serial correlation (Bengio, et al. 1994). Bi-LSTM is a special type of RNN of which it has been 

demonstrated that it is capable of learning and capturing long-term dependencies from a sequential dataset 

(Hochreiter & Schmidhuber, 1997). The Bi-LSTM combines two independent LSTMs together, which 

allows the network to incorporate both backward and forward information for the sequential time series at 

every time step. Our working hypothesis is, that  a more sophisticated type of RNN could better replicate 

the past variability, and perhaps even more so for extreme values. We would like to test whether this 

property of the Bi-LSTM is useful for paleo climate research in the future based on our experiments. In 

the revised version, we will add a more clear justification for why we have chosen this particular method 

for testing. 

C: Another general concern is that the manuscript is largely just an application of the methods and a 

description of the results. There is little insight into *why* the methods might behave the way that they do. 

Does the Bi-LSTM perform similar or worse to the PCR and CCA methods simply because the problem 

isn't strongly non-linear? Does Bi-LSTM capture the cold extremes *because* it is non-linear?  If that is 

the case, why does it better capture the cold extremes and not the warm extremes? These and other 

questions are simply not taken up and the descriptive presentation of the results is not commensurate with 

the state of the science in terms of how the results are interpreted to understand how and why methods 

perform the way that they do. Consider some of the recent work in paleo data assimilation, in which the 

motivation is to incorporate new information in the form of climate model constraints, or in the Yun et al. 

(2021, https://doi.org/10.5194/cp-17-2583-2021) paper in which the authors seek to diagnose why 

various methods perform the way that they do. 

A: We thank the reviewer for the Yun et al (2021) reference. We think the for us most relevant aspect in 

Yun et al. study is the comparison of the distribution of reconstruction variance over the leading EOFs. In 

this regard, we need to consider that the PCR method is a direct reconstructions of the EOFs, and that the 

CCA method uses a PCA decomposition as one of its steps. Therefore, the Yun et al. evaluation is for 

those two linear methods not very informative, as they almost automatically produce reconstructions with 

the 'correct' EOF patterns - the corresponding explained variances may be informative though. The Yun et 

al. perspective is more informative for the Bi-LSTM method. We will therefore explore the EOFs and the 

variance spectrum in the reconstruction produced by this method in more detail.  

http://www-dsi.ing.unifi.it/~paolo/ps/tnn-94-gradient.pdf


We will also discuss our results in the context of data-assimilation methods (also in response to comments 

of Referee 1), considering their relative advantages and disadvantages, but of course a full general 

comparison deserves a whole study on its own. 

Regarding the similar or worse performance of the LSTM compared to PCA/CCA: Our underlying 

assumption was that the relationship between proxies and climate is inherently non-linear and therefore a 

non-linear method should be able to capture the variability better. Therefore, the fact that the Bi-LSTM 

does not perform better than PCR/CCA can have two possible reasons: (1) the problem is simply not non-

linear enough (as suggested by the reviewer) or (2) the Bi-LSTM architecture is not yet optimal. We will 

test this by further exploring the LSTM sensitivity to changes in architecture and parameters. If the LSTM 

results appear to be rather insensitive to changes in network architecture etc, we would conclude that 

indeed the problem at hand may not be non-linear enough to benefit from the non-linear properties of the 

Bi-LSTM.  

In response to both reviewers, we will also change the calibration period to a more realistic interval in the 

20th century (see also response to specific comment to l.165). Testing the sensitivity of the Bi-LSTM to 

the training period will also help us in understanding whether the capability of the Bi-LSTM to better 

reproduce cold events simply reflects the relatively colder training period, or whether there is a more 

systematic bias towards cold events (which we then wold need to explore further). 

 

 

Specific comments 

Ln 7: There are many places in the manuscript that use "summer season temperature." Summer season is 

redundant and can be changed to simply summer temperature. 

A: We will change “summer season temperature” to summer temperature 

Ln 22: This is a bit of a strange list of references for this general statement. I suggest the authors just list 

the many review articles on CE climate over the last decade or more: Mann and Jones (2003); Jones et al. 

(2009); Frank et al. (2010); Christiansen and Ljungqvist (2012); Smerdon and Pollack (2016); 

Christiansen and Ljungqvist (2017) 

A: We will change the references and list more review articles on CE climate over the last decade 

Ln 24: Again, this is a strange list of references for the sentence it is supporting. More appropriate 

references are: Hegerl et al. (2006, 2007); Schurer et al. (2013, 2014); Anchukaitis et al. (2012, 2017); 

Tejedor et al. (2021 PNAS and PP) 

A: We will make changes correspondingly 

Ln 26: "hinders to capture" is not grammatically correct. 

A: We will correct this grammatical mistake. 

Ln 28: "ice cores), etc." is incorrect structure. 

A: We will correct this structure. 

Ln 41-40: "Many scientific studies that employ pseudo-proxies and real proxies have focused on global 

and hemisphere climate field or climate index reconstructions..." What else is there? This is basically 



everything unless the authors are thinking about recons of dynamic indices or want to point out that the 

majority have focused on specifically temperature recons (with the exceptions of the data assimilation 

methods that have tested multiple variable recons in pseudoproxy studies). 

A: We were referring to regional reconstructions that span smaller regions than the globe or one 

hemisphere, e.g. the North Atlantic. The PAGES2k reconstructions do consider continental scales, but 

essentially they include just one (or two in some cases) continental-scale reconstructions.  

Ln 51: Data assimilation isn't mentioned at all in the Introduction, which overlooks a rapidly expanding 

area of CFR research and production in the field right now. It is relevant here inasmuch as the method 

does not assume temporally stable relationships between proxies and the targeted climate variables. 

A: Following the advice of both reviewers, we will include a discussion of data assimilation 

methodologies and summarize the difference to our approach. The family of data-assimilation methods is 

a different approach and is based on a rather  different data set, as it also requires data from climate 

simulations. In doing so, it is not constrained, in principle, by the assumption that the spatial covariance is 

stationary over time, but on the other hand, some data-assimilation methods based on Kalman Filters 

require some sort of regularization of the error-covariance matrices. They also might be computationally 

much more demanding that purely data-driven methods. Also importantly, the use of information from 

climate models precludes that the resulting reconstructions might be used to test the simulations 

themselves, and so the resulting reconstructions lose part of their original justification.  

We will include a brief discussion about the pros and cons of purely data-driven and data-assimilation 

methods, and the skill of our reconstructions will be also discussed in the light of the data-assimilation 

reconstructions.  but the objective of this paper is indeed not this type of comparison, which would 

require its own dedicated study.  

Ln 53: Coats et al. (2013, doi:10.1002/grl.50938) and Yun et al. (2021) specifically take up the 

stationarity assumption. 

A: We will correct the sentence and refer these two articles 

Ln 71: Decadally filtered after the forced global warming signal has been removed (usually via 

detrending). 

A: We think that the question of detrending the SST data to define the AMV index in the paleoclimate 

context is not as clear as for the recent climate (20th century). The purpose of detrending is to eliminate 

the impact of anthropogenic climate change and in theory retain only the part of variations driven by  

natural variability. The role of aerosols remains contested, as this cannot be easily removed by detrending 

alone. The reviewer is surely aware of the ongoing discussions on the origin of the AMV variability 

(either externally forced or internally generated, e.g Booth et al., 2012 ; Clement et al, 2015) . In the 

paleoclimate context, these issues are not directly relevant. Anthropogenic climate change is absent or 

much weaker, and thus all AMV variations are naturally generated. If one would like to focus on the 

internally generated variations only, a model to subtract the impact of the forcing would be needed, and 

this is prone to errors when the external forcing is not exactly known (Mann et al., 2022). However, for 

the present study this distinction is not really important, as the objectives is to reconstruct the AMV 

variations independently of their origins. Another practical problem would be the definition of the 

detrending period in the past millennium. A linear trend over the whole period is not really justified. 

Therefore, we think it is reasonable to stick to our initial definition of the AMV, which has also been 

adopted in other paleoclimate studies, e.g. Wang et al., 2017) 



Ln 91: It is not clear what is being combined here. It was stated above that they use the PAGES2k 

network combined with a tree-ring network from St. George.  Here they say they are combining mollusk 

shell records with PAGES2k and Luterbacher et al.  The inclusion of the mollusk shell records is a bit 

random, as I am not sure they have been included in a large-scale CFR to this point.  In a synthetic 

experiment like this, it seems a bit ad hoc to create a sampling based on a theoretical combination of 

proxies that, to my knowledge, has never been adopted before (I am not aware of a large-scale 

application of the St. George assessment, unless the authors are using that reference to refer to a large-

scale sampling from the ITRDB).  Just using the PAGE2k sampling seems sufficient and straightforward 

here. 

A: We do not totally agree with this comment. One objective of our study is the reconstruction at smaller 

scale than hemispheric, e.g. at European continental scales. The PAGES2k network for Europe is 

constrained to land proxies. On the other hand, the OCEAN2k Pages reconstructions include marine 

proxies. We think that an interesting question is to explore the reconstruction skill when both sort of 

proxies are combined. The reviewer is  right in that the mollusk shell records have not yet been included 

in larger compilation of proxies, but we find no compelling reason not to do it now. 

Thus the objective is explore the combination of suitable terrestrial and marine proxies for small-scale 

North Atlantic and European land surface temperature reconstructions, while for the large-scale Northern 

Hemisphere surface temperature reconstruction we use a subset of the PAGES2k network. This subset is 

defined following the assessment by St. George, S (2014). He analyzed all tree ring data  from ITRDB,  

and foundthat some tree ring proxies in the mid-latitudes of America and Eurasia are less suitable for 

temperature reconstructions because they show a more positive correlationwith summer precipitation 

instead of summer temperature (Figure 4 of St. George, S. 2014). We therefore think that the 

comprehensive criteria by St. Georg can help filter the proxy data from the PAGES2k network. 

However, we would like to point out that a particular choice of proxy network cannot be critical to 

evaluate reconstructions methods, as these networks can be updated and re-evaluated. The main 

methodological conclusions should be broadly independent of the pseudo-proxy network used. To test 

this hypothesis, we offer to perform a test reconstruction based on the original PAGES2k network and 

compare it with the results of our filtered network. 

Ln 95: The choice of climate model has been definitively shown to impact the pseudoproxy results: 

Smerdon et al. (2011, 2015) and Parsons et al. (2021, https://doi.org/10.1029/2020EA001467) 

A: We will correct this sentence and refer the articles mentioned here. 

Ln 132: Which ensemble member?  Also from not form. 

A: We will add the ensemble member and correct this grammatical mistake 

Ln 134: The CCSM4 model is presented as if it is distinct from the CESM, when in fact they share a very 

close lineage. This should be mentioned and does not make what the authors have done to be three truly 

independent models because of the close lineage between CCSM4 and CESM.  

A: We agree with this comment and we will limit our analysis to the two clearly different climate models 

MPI-ESM and CESM in the revised version. This should also reduce the descriptive nature of the 

manuscript and give more space for the exploration of the reasons for the respective method’s 

performance. 

Ln 150: The grid cell that contains the proxy location is probably more accurate. 



A: We will correct the expression correspondingly. 

Ln 156: It is useful to point out that white noise is not realistic and that there have been attempts to use 

other noise colors or noise simulated by proxy system models.  Noise colors were investigated in the 

seminal von Storch et al. (2004) paper, Wang et al. (2014, https://doi.org/10.5194/cp-10-1-2014) 

investigated various noise structures, and Evans et al. (2014, https://doi.org/10.1002/2014GL062063) 

investigated pseudoproxy experiments with noise from proxy system models. 

A: We will include experiments with red-noise contamination. In general, the results with red-noise 

pseudoproxies is to further reduce the reconstructed variance, but we will test whether this also applies to 

the LSTM network. 

Ln 165: I strongly disagree with what the authors have done to split up the calibration and validation 

intervals.  They use a much longer training interval than would ever be possible in the real world and 

they calibrate outside of the 20th century when the strong trend therein may have important impacts on 

their methodological performance.  Given the descriptive nature of this study, it is weakened even more if 

the conditions under which the methods are tested are far outside of what is possible with real data.  I 

strongly encourage the authors to complete the study over a more realistic calibration interval length and 

in the 20th century.  Absent these more realistic constraints, the skill measures the authors provide are 

probably inflated and impossible to interpret for more realistic frameworks. 

A: In the revised version, we will test the CFR methods with a more realistic calibration interval length 

from the 20th century and update the skill metrics and discussion accordingly 

Equation 1: The PCR and CCA formalism is inexplicably written in series form.  Why not use the much 

more traditional formulation using matrix notation?  The relationship between PCR and CCA is also 

more evident using matrix notation, in which PCR is simply a special form of CCA, i.e. it does not reduce 

the rank of the cross correlation matrix.  This relationship should also be noted. 

A: We agree with the reviewer that a matrix notation is more compact and probably elegant. However, we 

need to also consider that some readers of this manuscript may be more familiar with the series form. We 

have in mind research groups working on climate reconstructions, familiar with calibration of 

dendrochronological series and that may be not that familiar with the matrix notation, but who 

nevertheless may be interested in new applications of CFR. We surmise that the best notation in each case 

is a matter of personal taste, and that the important point is that all mathematical steps remain clear. 

Ln 192: Residual term with what assumed properties? 

A: The residual could be an unobserved random variable that adds noise to the linear relationship between 

the dependent variable (PC) and the targeted regressors (proxy or pseudoproxy) and includes all effects 

on the targeted regressors not related to the dependent variable (Christiansen, 2011). We agree with the 

reviewer that the statistical properties of the assumed noise can make a difference to the reconstruction 

skill. We will perform experiments with red noise in addition to the white noise already included 

Paragraph starting on Ln 279: This paragraph is full of undefined jargon that is not cited.  It is 

meaningless for the uninitiated.  Please correct. 

A: We will revise this paragraph starting on line 279 to better clarify the Bi-LSTM network, adding 

citations (Knerr, et, al. 1990; Yu, et, al. 2019) and removing the amount of jargon as much as possible. 

Ln 299: This was first noted in Smerdon et al. (2010, 2011). 



A: We will refer Smerdon et al. (2010, 2011). 

Ln 310: "reduction in skill" as opposed the vague use of degradation here? 

A: We will correct degradation to reduction in skill. 

Ln 320: In the spirit of my general comments, one curiosity is why CCA does not perform better than 

PCR with regard to the cc metric.  CCA is designed to optimize the correlation, which is why it can 

sometimes yield larger variance losses.  It is therefore curious why it doesn't universally beat out PCR in 

the cc metric. 

A: CCA indeed maximizes the correlation that can be attained with a change of variables, i.e. with a 

linear combination of the grid-cell series in each of the two fields. In an admittedly artificial example, the 

canonical correlation can be very high and yet the reconstruction skill in general can remain low. If one 

grid cell in each field are very highly correlated to one another (and assuming here no PCA pre-filtering), 

CCA will pick those two cells as the first CCA pair (i.e., a pattern in each field with very high loadings on 

those cells). The rest of the cells will not contribute to the CCA pattern. The reconstruction skill will 

therefore be very low in all those cells, despite the CCA being very high. In general, the reconstruction 

skill will be a monotonic function of the canonical correlation coefficient and the variance explained by 

the canonical predictand pattern. If the latter is low, the reconstruction skill will be low in large areas of 

the predictand field. 

We will introduce a short discussion in the manuscript to guide the reader. 

Ln 327: The variance losses have a relatively straightforward interpretation for the traditional regression 

approaches. When analyzing the mean results, the variance losses reflect loss of signal (reflected in the 

mean) and increases in the variance associated with the error term.  It would be useful to know if the 

machine learning method can be interpreted in the same way, or if there is an alternative way to think 

about variance losses for that method. 

A:  We believe that in the case of machine learning algorithms, but the interpretation will be more 

difficult. We also point out here that, even in the reviewer’s interpretation, simple algorithms can yield 

contrasting results. For instance, even assuming that noise is present in the predictand only, direct linear 

regression and inverse linear regression lead to under and over estimation of the reconstructed variance.   

In the case of neural network, it is very common that they also lead to underestimation of the variance 

(noted already long time ago, Zorita et al., 1999 https://doi.org/10.1175/1520-

0442(1999)012%3C2474:TAMAAS%3E2.0.CO;2),  but this can depend on the structure of the network 

and specifically on the form of the prescribed neuron activation function.  

We will discuss this point in the manuscript, but a general answer would be, in our view, rather complex.  

Ln 390: Why should complexity translate to improved skill?  I am aware of no grand postulate that makes 

this case. 

A: The reviewer is correct that there is no general principle linking complexity and skill, but it is 

reasonable to assume that a more complex model might be able to better capture more complex 

relationships. For instance, a linear model cannot capture non-linear links outside a narrow range. 

Artificial neural network is a subset of machine learning method could usually be understood as a 

universal approximator which can map and approximate any kind of linear or nonlinear functions by 

selecting a suitable set of connecting weights and transfer functions in principle (Hornik et al., 1989).   



Thus, it is reasonable to assume that a better performance might be achieved, but indeed, this not 

generally guaranteed. We will reformulate this sentence. 

Ln 402: The relationship (or lack thereof) between the skill of the mean indices and spatial skill was first 

discussed in Smerdon et al. (2010, 2011) and further highlighted in Smerdon's 2012 pseudoproxy review. 

A: We will make corrections and refer the articles mentioned here. 

Ln 418: This is vague. What about alternative methods might be useful in the context of the CFR 

problem?  There are lots of methods out there.  What direction can the authors provide, based on the 

work they have done, that might represent useful characteristics in other machine-learning methods to try 

in the context of this problem? 

A: We will present alternative directions and methods that might be useful in paleo CFR experiments 

based on more realistic calibration and validation time period as the reviewer suggested. Our first 

implementation of the  more complex Bi-LSTM does not show superiority in CFRs compared to 

traditional CFR methods, so we would like to draw an assumption that more complicated architecture 

might not be helpful for CFRs at least based on our specific experiment results and the employed 

architecture of Bi-LSTM. However, we would suggest an Echo State Network (ESN) for paleo climate 

research. (Lukosevicius, M. & Jaeger, H. 2009; Nadiga, 2020). Both ESN and LSTM  belong to RNN, yet 

ESN is much simpler than LSTM (Lukosevicius, M. & Jaeger, H. 2009), and also has outperformed the 

RNN methods in other applications (Chattopadhyay et al., 2019, Nadiga, B. 2020). We thus encourage 

testing ESN in different paleo climate research directions. 

Ln 451: CCA is a classic linear-based CFR method.  This structure is awkward. 

A: We will correct this structure. 

Ln 460: "Reservoir Computing methods-Echo State Network" is screaming for a reference so that the rest 

of us can figure out what it is. 

A: We will add references about ESN: e.g., Lukosevicius, M. & Jaeger, H. 2009 and Nadiga, 2020 

Figures 6 and 7: Much of the text in this figure would only be legible by Ant Man.  I strongly suggest 

increasing the size of the legend, fonts, and axis labels. 

A: We will increase the size of legend, fonts and axis labels . 

Figures 8 and 9: I find these figures very hard to read.  Why include the bar plots for the data bins?  It 

would be much clearer to simply show the estimated PDFs, which characterize the behavior well enough. 

A: The reason for including the bin bars is to highlight the differences in the frequency of extremes. The 

smoothed PDFs can provide a picture that is not totally accurate. Our suggestion is to produce pictures 

that show the smoothed PDFs and, additionally, a few bin bars for extreme events 
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