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Abstract

Modes of climate variability strongly impact our climate and thus human society. Nevertheless, the
statistical properties of these modes remain poorly known due to the short time frame of instrumental
measurements. Reconstructing these modes further back in time using statistical learning methods applied
to proxy records is useful for improving our understanding of their behaviours. For doing so, several sta-
tistical methods exist, among which the Principal Component Regression is one of the most widely used
in paleoclimatology. Here, we provide the software ClimIndRec to the climate communitythe-eomputer
deviee-CliMoReer, it is based on four regression methods (PCR, Partial Least Squares, Elastic Net and Ran-
dom Forest) and cross validation algorithms, that-and enables systematic reconstruction of a given climate
mede-index. A prerequisite is that there are proxy records in the database that overlap in time with its
observed timeseriesvariations. The relative efficiency of the methods can vary, according to the statistical
properties of the mode and the proxy records used;-thereby-allowing-te-assess-sensitivity related-, Here, we
assess sensitivity to the reconstruction techmque CliMoRee-ClimindRee is-medular-as-it-allows-different
inputstilke-theproxy-database-ortheregression Q .Asan example it is here applied to the reconstruc-
tion of the North Atlantic Oscillation by using PAGES 2k database. In order to identify the most
reliable reconstruction among those given by the different methods, we use the modularity of €liMeRee
ClimIndRec to investigate the sensitivity to the methodological setup to other properties such as the num-
ber and the nature of the proxy records used as predictors or the reeonstruetion-period-targetedtargeted
reconstruction period. The best reconstruction of the NAO that we obtain is using the Random Forest ap-
proach. It shows significant correlation with former reconstructions, but exhibits better-higher validation
scores.



reviewer


reviewer


reviewer
The

reviewer
Punctuation 


1 Introduction

The interdependent components of the climate system, such as the atmosphere and the ocean, vary at
different timescales. The interactions between those components [Mitchell et al., 1966] lead the climate to
vary from the hourly to the multidecadal timescales. Preindustrial control simulations of global coupled
climate models have evidenced that such a variability is still present without any modulation of the external
forcings, which is frequently referred to as internal variability [Hawkins and Sutton, 2009]. External factors
such as volcanic aerosols [Mignot et al., 2011 ; Swingedouw et al., 2015 ; Khodri et al., 2017], anthropogenic
aerosols [Evan et al., 2009; Evan et al., 2011; Booth et al., 2012], solar irradiance [Swingedouw et al., 2011;
Seidenglanz et al., 2012], and greenhouse gas concentrations [Stocker et al., 2013], also influence the va-
riations and dynamics of the climate system by altering the Earth’s radiation balance. By only considering
the impact of external forcings which are not due to the human activity, we can characterise the so-called
natural climate variability.

An unequivocal synchronous rise in both the greenhouse gas concentration in the atmosphere and the
global mean temperature has been observed in instrumental measurements [Stocker et al., 2013]. However
for temperatures, fluctuations around this trend from a decade to another [Kosaka and Xie, 2013 ; Santer
etal., 2014 ; Swingedouw et al., 2017] highlight the modulating role of natural variability at decadal to mul-
tidecadal scale Q ereby, improving our knowledge about past natural climate variability and its sources
is essential to berrer understand the potential coming changes in climate.

Physics driving the climate system ind Q large-scale variations, organised around recurring climate
patterns with specific regional impacts and temporal properties. These variations are known as climate
modes ef-variability. Their evolution is usually quantified by an index that can be calculated from a speci-
fic observed climate variable. These indices provide an evaluation of the corresponding climate variations
and their regional impacts [Hurrell, 1995; Neelin et al., 1998 ; Trenberth and Shea, 2006]. As an example,
the North Atlantic Oscillation (NAO), is the leading mode of atmospheric variability in the North Atlantic
basin [Hurrell et al., 2003]. Generally defined as the sea level pressure (SLP) gradient between the Azores
high and the Icelandic low, the NAO describes large-scale changes of winter atmospheric circulation in the
northern hemisphere and controls the strength and direction of westerly winds and storm tracks across
the Atlantic [Hurrell, 1995]. A stronger than normal SLP gradient between the two centers of action in-
duces a northward shift of the eddy-driven jet-stream. Such large scale changes in atmospheric circulation
lead to precipitation and temperature variations in various regions (North Africa, Eurasia, North America
and Greenland [Casado et al., 2013]). Moreover, these meteorological impacts have major influences on
many ecological processes, including marine biology [Drinkwater et al., 2003] as well as terrestrial eco-
systems [Mysterud et al., 2001]. This mode also affects the oceanic convection in the Labrador Sea and
the Greenland-Iceland-Norwegian Seas through changes in atmospheric heat, freshwater and momentum
fluxes [Dickson et al., 1996; Visbeck et al., 2003]. These changes may lead in turn to modifications in the
Atlantic Meridional Overturning Circulation (AMOC) which then affect the poleward heat transport and
the related Sea Surface Temperatures (SST) pattern over the Atlantic [Trenberth and Fasullo, 2017].

The dynamics of these modes are still not fully understood due to the relatively short duration of the
instrumental records, which prevents robust statistical evaluation of their properties (e.g. spectrum, sta-
bility of teleconnections, underlying mechanisms). To partly overcome this limitation, reconstructions of
climate beyond the period of direct measurements have been performed in numerous studies that com-
bine appropriate statistical methods and information from proxy records. Proxy records provide indirect
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estimates of past local or regional climate, derived from natural archives coming for instance from sedi-
ment cores, speleothems, ice cores or tree rings. According to its nature, each proxy record has a specific
temporal resolution, from years to millennia, and can cover a specific period: from hundreds to millions
of years. New proxy records are continuously gathered extending the available datasets and allowing pa-
leoclimatologists to build increasingly consistent reconstructions [Pages 2K Consortium, 2013 ; Pages 2K
Consortium, 2017].

Based on the assumption that climate modes such as the NAO affect climate conditions in different lo-
cations, some studies have used regression-based methods on temperature and drought-sensitive proxy re-

cords to reconstruct the variability of these modes over the last thousand years. Cook-et-al{2002Luterbacher et al. (2001)
firstly proposed a complete-methodology-of nested-partly monthly and seasonal reconstruction of the
NAO that extends back to 1500 using the Principal Component Regressions (PERs)-[Hotelling, 1957] (PCR)
method. Another study have reconstructed the SLP fields in Europe further back to 1500 using a PCR
approach as well [Luterbacher et al,, 2002], and have found consistencies with the Luterbacher et al. (2001)
NAQ reconstruction. Cook et al. (2002) have also proposed a complete methodology of nested PCR using

annually resolved proxy records bounding the North Atlantic to reconstruct the NAO variability further
back to 1400. More recently, Ortega et al. (2015) performed a NAO reconstruction from 1073 to 1969, also
based on the PCR, using 48 proxy records that were significantly correlated with the historical NAO index
on their common time window. Instead of nesting reconstructions of different sizes, which can lead to
inhomogeneities between time windows using different proxy selections, this study used several random
calibration/validation samplings of the overlap period of the NAO index and the proxy records to perform
individual reconstructions on the same time frame. Regression-based methods have also been used for
reconstructing other climate modes indices than NAO, such as for instance El-Nifio Southern Oscillation
index [Li et al., 2013] and the Atlantic Multidecadal Variability index [Gray et al., 2004; Wang et al., 2017].

More recent algorithms than PCR provide alternative regression methods that can also be used to re-
construct climate modes, and may possibly further improve the quality and the robustness of these re-
constructions. In this paper, we present the computer deviee-CliMeRee{Climate-Mede-tool ClimIndRec
(Climate Index Reconstruction) version 1.0, which includes multiple statistical approaches, for reconstruc-
ting climate modes indices. It is based on four regression methods: the PCR [Hotelling, 1957], the Partial
Least Squares regression (PLS) [Wold et al., 1984], the Elastic-net regression (E-net) [Zou and Hastie, 2005]
and the Random Forest (RF) [Breiman, 2001]. It communicates with a large proxy database, that contains
various types of proxy records distributed worldwide and which are sensitive to different climate variables.
cliMeRee-ClimIndRec is thus designed to reconstruct the past variability of different climate modes (Fig -
1). It should be stressed that CliMeRee-ClimIndRec will only be useful with climate indices for which there
are enough proxy records representing their regional climate imprints, and that have the appropriate time
resolution to capture its preferred timescale of variability. Besides the climate modes, CliMeRee ClimIndRec

Q also be used to reconstruct other kinds of climate time-series-timeseries such as temperatures or pre-

tations in a given location.

i i i ismi 4 develo s the rationale
and the value-added of ChmIndRec for climate timeseries reconstruction. Section 3 compares the four

regression methods by reconstructing the NAO index over the last millenium and investigates the recons-
truction sensitivity to methodological choices such as the method used, the learning period thedpr

predictors-seleetion-and-the size-of the training-samplesor the proxy records selection for regression. Frrrar



reviewer
PAGES 2k, not Pages 2K

reviewer


reviewer


reviewer


reviewer


reviewer
No s in English 

reviewer
Finally?


section 54 presents a discussion including some outlooks for next version of €liMeRee-ClimIndRec and
the conclusions of this study.

2 Data, notations and methodologies

2.1 DataGeneral methodology of ClimIndRec

. ; gest-time-periodIn the present study, we aim
at reconstructing a climatic timeseries assuming proxy records as predictors. As {=yample, building a
wmmm@mmmgm
combination of them to reconstruct the climate index over the training period. Then, the reconstruction
consists in projecting the first seen data on the built orthogonal basis, and applying the estimated regression

coefficients to reconstruct the climate index over the whole reconstruction window.

We here compare four models that all consist in regression methods among which the PCR has been
used in many paleoclimate studies [Luterbacher et al,, 2001; Luterbacher et al,, 2002; Cook et al., 2002; Gray et al,, 2004
Ortega et al, 2015; Wang et al, 2017). The methods we added (LS, Enet and RF) aim F¥ploting alternative
approaches than PER and comparing different reconstructions using relevant mee=l PLS is a similar
approach to PCR where the difference is that the matrix of Empirical Orthogonal Functions (EQFs) is
calculated by maximising the variance of the projected proxies on the EOFs and the targeted climate index
instead of the variance of the projected proxies [Wold et al., 1984. Enet belongs to the regularized regression
methods family that are not usually used in paleoclimate reconstructions [Zou and Hastie, 2005]. It is here
investigated in order to find if this kind of regression approach is relevant for climate index reconstruction.
Finally, the RF method is an aggregation of multiple predictors called "regression trees’, which are non-linear.
regression approaches [Breiman, 2001]. The mathematical details for each method are developed in appendix

1. To put ClimIndRed(" DI this study in a wider context of regression-based approaches, the following
rationale to evaluate and thus compare reconstructions woul D vailable for any alternative regression
method and can thus be extrapolated to the other existing o= Hence, updates of ClimIndRec will be
dedicated to propose other regression methods such as lasso regression [Tibshirani, 1996] or adaptive lasso
m Zg/g}VZVQ/OvéJ Tht&tﬂd%ﬁtdeeéfehfwelybﬁmplﬁe—ea}&date%emﬁwﬁﬁﬁme&a&weﬂly

In the case of the reconstruction of climate indices, regression methods seek to establish for each
common time step the relationships between the proxies and the climate index to be reconstructed over
the period of instrumental measurements. This set of relationships constitutes a statistical model of the
considered climate index. The paleo-variations of proxy records are then translated int¢=<Jimate index
in the past using the relationships previously established by the statistical model. Sincem
method can be used in different ways, they must be optimized to make the reconstruction as robust as
possible. In the case of PCR, for example, the number of principal components of the proxies used to
regress the dMyte index directly affects the reconstruction since it modifies the set of predictors. The
term "hyperparameter” is used to design this ensemble of parameters inherent to each method. They are

identified for each method in appendix 1. Their tuning (or optimization) using cross-validation technics

[Stone, 1974 ; Geisser, 1975] are developed later in this section.
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Reconstruction of a same climate index obtained from different regression methods may significantl
differ. Thus, if the same index is reconstructed using different regression methods that each suggest different
interpretations of the past, it may be difficult to compare them directly. A common approach is to separate

the observation years (called learning period) in two to evaluate a statistical model. The first period, called
the training (or calibration) period, is used to build the model using hyperparemeter tuning, and thus to
establish relationships between the climate index and proxies. The proxies of the second period, called the
testing (or validation) sample, are then translated into a climate index over the years of observations of
this period. The actual values of the Azores-antieyelone{typically-Gibraltar)-and-ene-within-the Jeelandie

lew{typieally Reykjavik)-climate index can then be compared with the reconstructed climate index over
the testing period using a gi metric which will be defined in section 2.3.2. It gives a score estimating

the model ability to reconst D he climate index using first-seen data of proxies. This procedure is called

"hold out approach” [M] The-referenee NAO-index-is-then-caleulated-as-the normalized

The scores obtained for different regressi D ethods for a given training/testing sample might be

impacted by the specific sampling. This is overcame by repeating the hold-out approach several times
where years of observations between the training and the f==tng samples are shuffled. Thereby an ensemble
of scores is obtained, yielding an evaluation of the metHS-hbility to reconstruct the climate index, The
most robust regression model is the one that has the highest scores as it means this is the most aeeurate to
reconstruet the elimate index using first-seen data of prexies. This most robust regression method is then
applied to the whole learning period to build a final model and infer the paleo-variations of the climate
index from proxy records. In our study, and by default in ClimIndRec, the determination of the testing
samples is performed using a block-style approach over time. This means that the first testing period of a
given size encompasses the first time steps of the learning period. This testing period is then shifted byxane
time step which gives the second testing period of same size. And so on until each time step of the le Dg
period has been used at least once for testing. The reason is that for climate timeseries, autocorrelations are
often large, so that one get skills from persistence alone. Thus sampling is usually used with a block-style

In-terms-of proxies;we-use-the state-of-the-artPages-2k-database The reconstruction might also largely
differ for a same reconstruction method according to both the proxy records used and the years of observations
used. Here, the sources of uncertainties associated with the proxy selection as well as the learning period
used can be reduced using the same hold-out approach with evaluation and comparison of the most optimal
sets using scores.

The number of proxy records and the reconstruction period are thus fixed for the different training/testin
eriod sections and the final model, in contrast with some previous studies which used nested approaches
[Pages—%lé@eﬂsef&um—ZG#Cook et al., 2002 ; Wang et al,, 2017 ]r&ﬁ&la%es%—%ﬁ—v&sm&%é@ﬁ—)—?he

WWMMM
approach for the reconstruction and not the reconstruction itself, Nevertheless, ClimIndRec can be used
to perform reconstructions on different time windows which can then be aggregated to perform a nested
reconstruction, with associated scores for each portion of time._
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It should be stressed that the approach of ClimIndRec is implicitly assuming that the climate index
to reconstruct is a linear combination of the proxy records. It me Q ssuming that the climate reacts to

proxies while the correct etiological relationship is the other way aroumd. Henee; it has to be speeified that
using statistieat methods. Another caveat to highlight is that the proxy records used xmow their own
limitations and uncertainties that can come from various sources such as the measurement methodologies,
the dating uncertainties or the transfer function used to infer bio/geochemical data into paleoclimate
variations. This inevitably leads to an underestimation of the true link between the climate index and
the climate variable associated to the proxy record and therefore leads to a biased reconstruction with

loss of variance (Isobe et al., 1990). To overcome this issue, previous climate index reconstruction studies

[Hﬂﬂhﬁﬂﬁkekal—%%rte aet al., 2015 Wan et al,, 2017] ;as the inlerpolated-lime series-will present

rescaled the variance of the reconstruction accordm to the observed climate 1ndex variance. However it
implies that the variance of the climate index is stationary which might not be true. In this study we thus

esent the raw reconstructions and the loss of variance will be quantified and specified.

ClimIndRec is developed using both bash and R scripts. It uses different R packages (presented supplementar
table 5) that could be used independently to bl erform reconstructions of any climate index. The
added-value of ClimIndRec is to integrate synchronous hold-out approach and cross-validation accordin

to the user inputs (proxy records, regression method, reconstruction period targeted, proxy records pre-selection).
It therefore allows several inputs to be tested and provides relevant metrics that can be used to determine

the optimal regression model.

2.2 MethodelegyStep-by-step rationale for reconstruction and model evaluation
The general reconstructlon pfeeeéufe«feﬂew&%and model evaluatlon rocedure follows 12 steps

in ClimindRee: Gl-rm-}nd-Ree—’Fhese-are apphed sequentlally as follows

(Fig - 1)
1. An observational time series of-therepresenting mo ions of the targeted mode of variability is
chosen te-be-used as the predictand

2. A target time period 7~ for the reconstruction is selected

3. The statistical reconstruction method to be applied is selected

4. The proxy records that overlap with the selected reconstruction period are extracted to be used as
predictors

5. The common period 7 between the observed climate index and the selected proxy records is iden-

tified and extracted for ealibrating-the reconstruetion-evaluating the reconstruction method
6. This common period is randemly-split in two, one for training the model (training period), and one

for testing it (testing period). This is repeated R times to-generate-an-ensemble-of reconstruetions

following a block-style approach to perform splits, R depending on the size of the learning period

and the size of testing periods determined by the user.
7. The proxy records that have a significant correlation at a given threshold with the climate index
over the training period are selected to train the statistical model
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8. Each of the R sets of periods and proxies is calibrated over the training window for all the different

statistieal-parameters-of-sets of hyperparameters of the given method selected in 3, and the best
performing set-one is identified

9. The corresponding optimal setup is then applied to extend the reconstruction over the target-period
£Ffej\f—eaeh—eﬁsemb]fetestm eriod for each member

10. e-Validation scores are computed b
Wthe observatlon based testmg series and each training sample-based individual
reconstruction over the correspondmg testing period

11. corresponding

hyperparameters are tuned over the whole learnin eriod T and the final model is built

12. The final reconstruction is obtained by applying the final model to the proxies over the reconstruction
period 7__

Thus ClimIndRec provides the final reconstruction with associated uncertainties (appendix 3) and a
vector with an-ensemble-of R Valldatlon scores following different metrlcs as ﬁnal outputs qihe—ﬂm&ber—ef

2.3 Mathematical evaluation

This section aims to clarify the technical details of the methodolo resented in sections 2.1 and 2.2.

It will thus call on the elements mentioned above

2.3.1 Data notation

To simplify the mathematical notation, we make the assumption that the proxy record selection and
truncation to the-their common time window with the climate index have already been made (see section
2.2, steps 4 and 5). IIn this study, it is important that all proxy records are truncated on the same time
window to make them mergeable in the same matrix. Each record has to cover at least the chosen recons-

truction time window 7~ and it is excluded otherwise (section 2. p 2). Fellowing-these-steps;the-proxy
reeerd-,Hence, the proxy records matrix does not contain missing values.

Fig -2 illustrates how the proxy data are organised in the input matrix X. We denote X! = (X!),er, ..., X? =
(X?)ie7-, where 1 stands for the time (with N annual time steps), and p is the number of proxy records on the
same period 7. X is thus a N X p matrix grouping the individual records: X = [X',...,XPL.Y = (Y)er is
the target climate index, defined on the historical time window 7T called the learning period, that contains
n annual time steps. The period where Y is not known is denoted 7, containing m annual time steps (Fig
=2). Thus 7~ = T U 7 is the entire reconstruction period, which contains N = n + m annual time steps.
With these notations, the dimensions of the different matrices and vectors are: X € R¥*?; X7y € R™7;
Xz € R™P; Y € R". The learning set is denoted {X(r), Y}, and the reconstruction set is denoted {X(s)}.


reviewer


reviewer


reviewer
Not an evaluation!

reviewer
Significant limitation; address in discussion 


2.3.1 Terms and validation metrics

We denote the chosen reconstruction method by M. Each method is defined by a specific number of
paf&metefs«hygem , contalned in the vector denoted 0. As—&ﬂ—ex&mple—the—?ﬂﬂekpﬁl—@empeﬂeﬂt

Gfa’yLeFal—Z%ék—OftegfreFal—z%—\MaﬂgLe%al—z@H'We can denote the functlon M asa functlon of (l)

a set on which the model is built ({X, Y}), (if) observations of the predictors on the reconstruction period

(X(rec)), and (iii) a-parameter-an hyperparameters vector (6):

M (XYY, Xeo, 0) = Yo (1)
({R™P,R"},R™P R*) - R" n, p,m, s € N (not fixed) (2)

Hence, the M function gives an entire reconstruction of size m € N, depending on Ofergiven-trainingttesting
petiods.

We introduce S as the score function, or validation metric. This function is an indicator that estimates
the quality of a reconstruction Y with respect to the observed values Y ,ps):

St (Yops), ¥) > s 3)
R™ R™ >R (4)

In this paper, three kind of validation metrics will-be-consideredare used for different tasks. The first is
a correlation function, the second is a root mean squared error (RMSE) function and the third is a Nash-
Sutcliffe coefficient of efficiency [Nash and Sutcliffe, 1970]:

Scor(Y(obs), ?) = Cor(Y(obs)’ ?) (5)
S kats EYobsys ¥) = Yionsy = Yl = Z(Yi (obs) = ¥i)? (6)
J P
5 S (Y oby) — ¥)? - 1 &
SNSCE(Y(”bS)’ Yy=1- ml_ v 4 WithY(obs) = - Yi(obs) (7)
21 (Yi (obs) = Yions))? m 1:21

S nsce will-be-is used to validate the reconstruction methods over the testing period, and Sruse
will-allew-allows to determine the optimal parameters-hyperarameters (6) for the reconstructionever-the
training-period. We use S, because it is used in the last NAO reconstruction of Ortega et al (2015), with
which we will compare our results. S yscg is a metric defined between —co and 1, values lower than 0



mean that using the mean over the training period is better than the proposed statistical model [Nash and

Sutcliffe, 1970]—, additional informations about this metric are presented in the appendix 2. Here, we will
consider that a final reconstruction is 1 Q t and reliable when its R NSCE scores are si==ificantly positive

at the 99% confidence level using a Stu test. As the possible values of the NSCE sc Q; not symmetric
around 0, the best reconstruction is identified as the one that has the higher median of NSCE scores.

2.4 Finalreeonstruetion-andparameter-tuning
We-split-

2.3.1 Hyperparameter tuning by cross-validation and final reconstruction

As mentioned above, the initial learning D in-R partitions of two subsets: {T((lrr)am), T((tre)w)} V1<r<R

sectlon 2. 2 step 6). For a given method M, R reconstructlons are build on the R tralnlng samples R

V1 < r < R, we denote {X(r) oYY }

(train)’ =~ (train)
(r) Y(f)

(test)? (mt)} the test set. At each step, the columns of X, X4y and X, are norma-

the training set, and {X| {
lized to the mean and the standard deviation of the respective columns of X 4ix).

To estimate the optimal set of parameters-hyperparameters 6,,; on a given training set {Xqin, Yirain}, we
use the K-fold cross validation approach (KFCV; section 2.2, step 8 and 9) [Stone, 1974 ; Geisser, 1975]. Cross
Validation (CV) methods, are in general, widely used as parametrization and model validation techniques
[Kohavi, 1995 ; Browne, 2000; Dnrighausen and McDonald, 2014 ; Zhang and Yang, 2015]. Here, it is used
as an optimization method to empirically determine an optimal set of parameters-hyperparameters for
0. As presented in Fig=3, the KFCV splits the observations into a partition of n groups of same sizes (or
approximately same sizes if the length of the training set is not divisible by K). Y1 < k < K, we denote
{X@), Y}, containing only information for the k™ drawn sample. Then, {X(_y), Y(_)} is the set containing
all the K-1 other sets. For all possible values of 6 contained in ®, we scan the K models based on the sets
s {X(t)» Yot} <k~ The empirical optimal set of parameters-hyperparameters is obtained by minimizing
the averaged S gy g functions on the K splits by considering all possible combinations of 6 [Stone, 1974].
Mathematically, the optimal KFCV set of parameters-hyperparameters 0xr is determined by:

K
1
Okxr = arg min — kz_; S s EYiaoys MUX (i Yeny ) > Xwy» 0)) ®)

It should be noted that if dim6 > 1, then the different hyperparameters need to be optimized simultaneously,
with nested KFCVs.

Using this approach, we retain the empiriealestimation-of theoptimalsetof parametershyperparameters
yggtAoArN HOP, = Ogr for the glven method M and a given learmng set {X,Y}. {ﬂ—thts—stud’ye—KFGV—mefhed—wﬂ}

%Pammg%tesﬁﬂgsphffﬁKFCV is apphed to bulld a unique optlmlzed reconstruction for every training sets
and any given method. Then, for all the corresponding and independent testing periods, the associated
testing series Y (rest) AT€ compared to the individual reconstructions using the S yscr function. This way,
R NSCE scores are obtained for M. In section 43, the distributions of the NSCE scores will be used as a

metric to compare different reconstructions. Fig:4 shows the the ealeulationte-get-calculations that gives
the NSCE scores for a given method M.
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means that de & groups ol observations are k=<2 along time instead of being randomly split. Also,
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veRP
[Ivll=1
WTv)y=0

0T, =0

11


reviewer


reviewer


reviewer
The?

reviewer
reword


A hen hea N [
atic

diserete-set-{ih==pchoice of K can have implications for the estimation of optimal hyperparameters. Large
K leads to more diverse training samples, thereby bringing more variable estimates of RMSE. On the other
hand, small X leads to a low number of samples used, thereby increasing the bias due to the particular
way splits have been made. Additional works have shown that this choice is poorly influencing the final
reconstruction obtained (not shown) so that we decided to set it to K=5 for this study. It is set at K=5 by
default in ClimIndRec but it can eertainty be changed in order to produce alternative reconstructions.
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vy = argmax Cov(Y, Xv),
i1
V=

vy =arg max Cov(Y,Xv)
VER?

[vlI=1
(€' Xv)=0

i
X7, Y

E:(rec) = X(rec)v e R™P

Once the model has been evaluated, it is launched over the whole learning set {Xr), Y} with a K-fold
cross-validation to optimize the hyperparameters such as done previously for training samples. The recons-
o a . e ectimated SN il b raatr _ 1 ’

truction is ebtained-by-applyin s

v o rec. (rec)’ " "2 5(rec)
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Aﬂa%yﬁ&—the%umﬂgeﬁ&mtiﬂ&emeb%aﬂ&edﬁb’f{@@\#thus obtained b 1nferr1n roxy records variations
in {X} into a reconstructed climate index over the reconstruction period 7.

Y=X'Bi+ - +X'B,+€

Where-e~A0:0-) The assessment of the proposed reconstruction techniques is investigated for the
NAO index, as it is probably the mode of variability that has been observed for the longest time period.
This index is indeed relatively simple to calculate from SLP timeseries as it only requires two locations
with instrumental records: one within the center of action of the Azores anticyclone (typically Gibraltar)

and
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difference between these two locations. Jones @ 1997) have for example proposed an index spannin
the whole period since 1856,

In terms of proxies, we use the state of the-art PAGES 2k database [Bfetmaﬂ—ZQG}Pa es 2K Consortium, 2017]

e < servations (¥ Xpr==n}in its latest
2017 version (hereafter P2k2017). Proxy record{§-Jjch resolutions are lower than annual were removed.
Even if these proxy records could be interpolated to a finer temporal scale and used for the reconstruction,
their use is not recommended as the interpolated timeseries will present high auto-correlation coefficients,
which could inflate the correlations with the NAO and thus their weight in the final reconstruction, ¥i-<-#=<;
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We added 44 annually-resolved proxy records used in Ortega et al. (2015) and not present in P2k2017 (see

supplementary informations). We end up with a database of 554 well-verified and worldwide distributed
annually-resolved proxy records.

3 Results

3.1 Methodological sources of uncertainty in the reconstruction

We apply CliMeRee-ClimIndRec with the four methods presented above to the reconstruction of the
NAQO. In the following, each reconstruction is obtained by averaging R=-50-R individual reconstructions

performed for R training/testing randem-draws-splits. R depends on the size of the testing samples relative

Q the size of the learning period as we perform block-style splits of the data to produce training and testin

splits (section 2.1 and 2.2). Here, we set the relative length of the training splits as 80% of the learning period.
NSCE scores are alse-predueed—-thus produced and stored in a vector of R-R elements. This vector will
thus be used as a quality metric to characterize the methodological uncertainty in the reconstruction. The
following actions were undertaken to minimize the reconstruction uncertainty identified in section 2.1,
and estimate its sensitivity:

1. Pre-selecting the most relevant proxy records

2. Choosing the most-appropriate training
3. Selecting the best learning period
These three-two steps are described below, before assessing the reconstruction itself. In this section the

D.nin eriods length is set to 80% of the length of the training sample and the testing periods length is

to 20% of the length of the learning period. As mentioned in section 2.3.3, K-fold. cross-validations is
used with K=5 using a block-style partition of data.
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3.1.1 Proxy pre-selectionever-thetrainingperiods

Among the previous climate reconstruction studies, Ortega et al. (2015) have performed a proxy selec-
tion over the training periods at the 90% confidence level using the correlation test from McCarthy et al.
(2015) while Cook et al. (2002) and Wang et al. (2017) have selected their proxies by focusing on the regions
affected by the modes they respectively reconstructed. Here we run 4 reconstructions of R = 50 individual
members for each method. These reconstructions are respectively performed with different significance le-
vels for the proxy selection by correlation over the training periods. These levels are 0% (which means that
all the records are used at each training/testing split), 80%, 90% and 95%. The reconstructions are performed
for the reconstruction period 7~ = [1000, 1970] and the learning period 7~ = [1856, 1970] encompassing

110 available proxy records with n = 115. In-thisseetion-the training periodslengthissette-92-and-testing
periodslengthto-23—

Fig —6 shows that RF method, particularly useful for large-larger datasets, is more efficient using the
whole-set-of proxy records-with-med(Syscr)-=0-8-proxy records correlated at the 80% confidence level
with med(S yscg) = 0.15 (med is the median function), even if using proxy records uncorrelated with the
NAO or not located in regions affected by NAO variations. On the other hand, the 3 other regression me-
thods are more adapted when the finest proxy selection (95%) is applied, as highlighted by Ortega et al.
(2015) for the PCR. Fig -6 is also evidencing that the widely used PCR metheds-method and PLS have to be
employed cautiously with a statistically-based proxy selection over the training periods in further studies.
Indeed the reconstructions performed with these methods are only significantly robust at the 99% confi-
dence level (see section 2:42.3.2) by usmg themesteeﬂstf&mmgu pre selectlon of prox1es In-additien;

the opposite, for RF and Enet methods, the proxy selectlon is not affecting the stat1st1ca1 robustness of the
reconstruction, with reconstructions significantly robust at the 99% confidence level (see section 2:42.3.2)
for every choice of proxy selection.

Overall, RF gives the best NSCE scores and also provracs the best reconstruction. Nevertheless, it should

be stressed that these results have been obtained for a particular length-in-the training/testing-windows-of
{92/23learning period (1856-1970). The sensitivity to this is assessed in the next section.

3.1.2 Sensitivity to the length-ef-training-and-testing periodslearning period
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In this section, we keep for each method the optlmal selectlon of proxy records over the training periods
(see section 4-13.1.1)a 3 0 W W 0 2). We explore the
impact of the reconstruction perrod This affects the ﬁnal reconstructron in two dlfferent ways, both related

as explained in section 2.1.

We run the reconstruction for 31 periods 7: from 1000-1970 to 1000-2000, with an increment of one
year. By doing so, the number of available proxy records is not the same for each of the periods (see Fig 7).
Fig -7.a) shows the NSCE scores obtained for the different reconstruction/learning periods. Using the NSCE
metric, we find that the best reconstruction time window is 1000-1973for-the RE-method-and-1000-1970

Followmg the optlmal setup for each method from sectlon 443 1. 1&1&61—44—2 RF uses 110-reecords-PCR

@&Wmm LFJ&,U?)\ Among these four optlmlzed reconstructions which are the final ones of
this study, the RF gives the highest NSCE scores with #eé{Syscr)=018-and-Syscret—033:-039HFie-
P

med(S ysce) = 0.16 and S € [-0.4,0.4] (Fig 7a).

In-eentrast-with-the previeus-setups-investigated-in-thisstudy;the Results show that the four methods

are strongly affected by the choice of the reconstruction period. Thus, we recommend to determine this
period carefully with numerous-different simulations on different time windows, following the approach we
presented here&@\ﬂwrfgmmnnszkm/r}g/\qhvrglrl/dggg Overall, this study shows that for each optimisation,
PCR and PLS are less reliable to reconstruct the NAO than RF and Enet (section 4:33.1.1 s4-4-2-and-4-1-3and
this section).

3.2 Reconstructions assessment

odsScientific results

We compare and investigates the reconstruction with highest scores for each method following section 3.1.
The four optlmlzed reconstructions are obtained by maaﬂmiﬂﬂgtheNSGE—seefe&oﬁthetP&ﬁnﬂg%testmg

‘ 41-3)-using the full set of proxy
records for RF and only using the proxy records s1gn1ﬁcantly correlated at the 95% confidence level with

the NAO index over each-training-perieds-the learning period for the other methods (see section 4:33.1.1).

RF and Enet reconstructions are performed for the period 1000-1972 while PCR and PLS reconstructions
are performed for the period 1000-1970 (section 3.1.2).
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3.2.1 Comparison with previous werkFig—works

Fig 8 shows the different reconstructions of the NAO, including the Ortega et al. (2015) calibration
constrained reconstruction (only proxy-based), and Tab. 1 exhibits the paired correlations between the 5
reconstructions. The regression uncertainties (see supplementary informations) are also shown for the four
reconstructions of this study on Fig —8. The normality of the residuals for the fours methods has been veri-
fied for both the models built over the training samples and the final model as demonstrated in Fig-10. Tab. 1
and Fig -8 shows that the NAO reconstruction based on RF is distinguishable from the four others including
Ortega et al. (2015). Indeed its correlation with the other indices is-between-0-69-and-0-79-ranges between
0.49 and 0.67 (Tab. 1) while the paired correlations obtained between the others are greater than 6:950.88.
Additionally Fig -9 shows that the RF reconstruction has a higher correlation with the Jones et al. (1997)
NAO index than the other indices: r=0-96-0.98 (p<0.01), while Ortega et al. (2015) reconstruction has a cor-
relation of 0.45 (p<0.01). The RF reconstruction that uses 16846 proxy records (22 common proxies with Or-
tega et al. 2015) presented in Fig 11, has the best NSCE scores (ﬁmd@wyﬁ)—%mﬁe%—”-}}
med(S =0.16; S € [-0.24,0.33]) (section 3.1.1) and its correlation scores (
are 51gn1ﬁcantly higher at the 99% confidence level than Ortega et al. (2015 ) cahbratlon constramed
reconstruction (S, € [-0.14;0.58]; med(S .or) =~ 0.24) and model constrained reconstruction (S, €
[0.14;0.64]; med(S cor) =~ 0.43). We thus statistically verified that the best reconstruction from this study is
more robust and reliable than those from Ortega et al. (2015). This improvement in performance may arise
from the inclusion of new relevant proxy records into the reconstruction, but also from the use of a new
statistical regression methods for climate index reconstruction: the RF. Finally, it has to be stressed that the
5 reconstructions presented in Fig -8, including Ortega et al. (2015), do not show a predominant positive
NAO phase during the MEAMedieval Climate Anomaly, contrary to the hypothesis formulated by Trouet
et al. (2009).

3.2.2 Response to external forcing

No significant correlation is found between the NAO reconstruction based on RF method and the Total
Solar Irradiance (TSI) reconstruction from Vieira et al. (2011)(+=—0:09; p=-023r ~ —0.11; p > 0.18). The
same is true for the best reconstruction of the other methods (not shown) and Ortega et al. (2015). None
of the reconstructions (including Ortega et al. (2015) shows clear negative phases during the Maunder
and the Sporer minima as suggested by some modg! simulations [Shindell et al., 2004]. In addition, no
significant correlation on the pre-industrial era has been found with the CO, reconstruction based on a
Law Dome (East Antarctica) ice core [Etheridge et al., 1996] (not shown), indicating that the NAO is not
linearly associated with CO, variations over this time frame.

Ortega et al. (2015) suggested that a positive NAO phase is triggered two years after strong volcanic
eruptions, a response that is not reproduced over the last millennium by model simulations [Swingedouw
et al., 2017]. We use the 10 large volcanic eruptions selected in Ortega et al. (2015) and a second selection
(see supplementary informations) of the 11 largest volcanic eruptions from the well-verified reconstruction
of Sigl et al. (2015). By using a superposed epoch analysis and Rao et al. (2019) Monte-Carlo approach as-in
Ortega-et-al{(2015)to calculate significance (see appendix 4), we find that using the same set of eruptions
than Ortega et al. (2015) leads to the same result: a significant positive response of the NAO two years after
the eruption. However, for RF this result is not significant with a-its p-value just abeve-under 0.1 (Fig ~12).
On the opposite, by using the Sigl et al. (2015) 11 largest volcanic eruptions, we find a significant response
at the 90% confidence level for Enet; PESandPCRPLS, but one year after the eruption with a p-value under
0.05 (Fig 12). For RF, Enet and PCR, the positive NAO response is significant 1 to 3 years after the eruption

20



reviewer


reviewer

reviewer
work


(Fig 12). Here again, the signﬂQ ce for the RF composite is smaller than for the other methods while
this reconstruction is the most robust. Nevertheless-individual-Individual response analysis shows that
for the RF reconstruction, this result is particularly significant for the 2 larget eruptions of the millennium
(Samalas, 1257 and Kuwae, 1458) and not so clear for the 9 others (not shown). This result suggests that
the positive NAO response might be mainly associated to volcanic eruptions witID y large and rare
intensities such as Samalas or Kuwae eruptions and concerns less eruptions with wearcr intensities

4 Discussion and conclusion

4.1 Discussion, caveats and outlooks

The results presented above regarding the NAO have all been obtained using CliMeReeClimIndRec.
Indeed, thequire advanced programming and statistical k D:dge to ensure a good estich of
the robustness of the reconstruction performed. This is possible in €liMeRee-ClimIndRec that-piczoses
an integrated package through WhIQ arameters and methods can be efficiently tested and compared,
together-with-advaneed-validationtirermessuch-as-the NSCE—Nevertheless, the methodology proposed in

CliMeRee-ClimIndRec could be further improved in different ways.

Firstly,-CliMeRee-ClimIndRec does not deal with missing data in proxy records. This implies selec-
ting exclusively the proxy records that entirely cover the reconstruction period, which thus excludes some
existing proxy records. Also, proxy records with gaps are not used in the present version of CliMeRee
ClimIndRec as their use in an interpolated version would artificially increase their weight in the recons-
truction and thus poss1b1y induce spectral artefacts in the reconstruction [Hanhljarw etal, 2013] Seeondly;

WMQ&MMWM&W@W
many proxies as possible and as many years of observations as possible. This leads to a paradox since
periods that are well covered by observation data are the most recent ones, which are generally less well
covered by proxies. However, future versions of ClimIndRec will be dedicated to develop other probabilistic-based
WWW[M

G&rﬂe%eﬁd—%@i%fH—Bayeﬁaﬁ%hefafeh}eal—mede}&ngley and Huybers 2010a Tingley and Huybers
2010b; Tingley, 2012; Tlngley and Huybers 2013; Cahill et al., 2016] that-ean-deal-with-missing-data-and

W or regularized Expectation-Maximization
M Schnelder 2001 Mann et al., 2008 ; Guillot et al 2015 Another point that is limiting the ca-

pacities of €liMeRee-ClimIndRec is that it is based on the assumption that teleconnections of the recons-
tructed mode are stationary in time, while they may depend on the state of the climate system. This is a
classical limit for statistical climate reconstructions but it can be evaluated by use of pseudo-proxy methods
(e.g. Lehner et al., 2012, Ortega et al. 2015). On this aspect, more complex methods like data assimilation
can clearly overcome this weakness by combining model and data. The use of such approaches for last mil-
lennium remains nevertheless very complex primarily because of their computational cost and the lack of
data. They are however emerging (e.g. Hakim et al., 2016 ; Singh et al., 2018). Data assimilation techniques
can be very model dependent as highlighted for the ocean over the recent period (Karspeck et al., 2015)
so that their reconstruction of a given regional climatic modes can suffer from interferences with recons-
tructions of other aspect of the climate. Thus, dedicated approaches like the ones developed here can be
seen as very complementary approach and may increase our confidence in the reconstructions. Indeed, if
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different approaches provide very similar results, this can be interpreted as a source of robustness for a
given result or reconstruction.

Another caveat concerns the fact that the present version of CliMeRee-ClimIndRec does not account for
dating uncertainties in proxy records. Future developments of €liMeReeClimIndRec may allow to take into
account these uncertainties and to provide their estimation along time. For doing so, deeper investigations
for each proxy record are needed as these sources of uncertainty are not exhaustively provided in P2k2017.
Also, we found that the reconstructions performed by €liMoReeClimIndRec provide a clear loss of variance
over the learning period and the reconstructed period (before 1856) (see supplementary table 4). The RF
method is the only one that reproduces adequately the NAO amplitude only over the learning period but

Q also provide a significant loss of variance over the reconstructed period. This indicates that the loss of

variance over the reconstruction period could partly be due to the proxy records themselves and not only
to the statistical approach.

A key aspect that has been found within this study is the sensitivity of the results to the validation
metric used. Indeed, we also used correlation as the main score for the test period. It appears that this metric
was mainly capturing the phasing of the modes in their reconstruction (not shown) [Wang et al., 2014]. By
using NSCE, we improved the strength of our reconstruction since other aspects than the synchronisation
were accounted for. This latter metric, which is more classical in prediction evaluation further highlights
that the RF method outperforms most of the others methods, and notably the PCR which is a classical
method used in paleoclimatology [Cook et al,, 2002; Gray et al., 2004 ; Ortega et al., 2015; Wang et al,,
2017]. Other metrics of prediction validation exist (e.g. Continuous Ranked Probability Score, Gneiting and
Raftery, 2007) so that a more extensive analysis of the sensitivity of the reconstruction to other metrics
for the validation period might be very useful. Thus, the development of other validation metrics in next
versions of CliMeRee-ClimIndRec appears as an interesting avenue to explore.

4.2 Conclusions

We have proposed and described here four statistical methods for reconstructing modes of climate
variability and have compared them for a particular example: the reconstruction of the NAO. By identifying
and minimizing the sources of reconstruction uncertainty due to the method used (seetions-3;4-tsection
3.1.1, 413.1.2and-4-13), the time frame considered (section 4-1-33.1.2) and the proxy selection (sections
413.1. 1&&&44%) we found the optimal NAO reconstructions. It was obtained for the RF method over the
time frame W%ﬂﬂﬁg—the%&wm proxy records avallable on this time frame
(section 4:23.2.1)wi : 0 0 s—period. This method
has not been used yet to our knowledge for chmate index reconstructlons y\b}lvevgvcvlgmm
other methods (section 3.1) and seems thus promising. The reconstruction we obtained is distinguishable
from the Ortega et al. (2015) reconstruction but remains significantly correlated with it (r=0-470.49; p<0.01
over the period 1073-1855).

Q We have shown that for Enet, PLS and particularly PCR which is frequently used in paleelimatologypaleoclimatology,

selecting proxy records with a strong correlation with the index to be reconstructed over the training per-
iods is a good way to improve the NSCE scores, and hence it allows more reliable reconstructions (section

4:13.1.1). Contrarily, RF gives more reliable reconstructions using the wholesetof reecords{section4-1proxy
records significantly correlated at the 80% confidence level with the NAO (section 3.1.1). This may be due

to the fact that it has been mainly developed for large datasets [Breiman, 2001]. For both cases, gathering
new proxy records to the 554 available proxy records collected, may be a reliable source of reconstruction

22


reviewer


reviewer


reviewer
Expected consequence of attrition 

reviewer
See comment on model selection vs regularization


improvement. The inclusion of new NAO-sensitive proxy records in the future may thus lead to better
reconstructions. CliMeRee-ClimIndRec should allow to easily perform such new reconstructions.

In order to extract the most robust reconstruction, numerous simulations are needed. To simplify it,

reliability several-elimate-modesdifferent climate timeseries.
This may allow &S—te—ﬂ:ﬂpfﬁ’v‘&lm oving our understanding of the last millennium large-scale climate

variations, such as the M Medieval Climate Anomaly and the Little Ice Age, as well as the
interactions between the-fRode climate modes and their role in driving climate, which will be analysed in

future studies.
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FIGURE 1 - Scheme summarising the main features of €liMoReeClimIndRec.
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FIGURE 2 - Scheme of the initial data. X and Y are respectively the proxy records matrix and the index of the considered
mode of variability. N is the size of the common period of all proxy records. n is the size of the common period of all proxy
records and the index of the mode of variability. m is the size of the common period of all proxy records, where the mode
of variability is not known. p is the number of proxy records. X(r) is the sub-matrix of X where the mode of variability is
known. X(7) is the sub-matrix of X where the mode of variability is not known.
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FIGURE 3 - Scheme of a K-Fold cross validation procedure to select the optimal paraneter-hyperparameter of a specific
learning method M. X is the input set of predictors and Y the corresponding variability mode index. V1 <i < n, {X(), Y}
is the k' randomly-drawn-block-style based group of observation and {X(y), Y(-x)} contains all observations except the ith,
O = (61,...,0¢) is the ensemble of possibles values of the s hyperparameters 6 € R°.
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FIGURE 4 - Scheme of the whole procedure for scores calculation for a given method M. Y is the index of the chosen mode of
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x® (r)
X Y,

tresty Yizesn)} 1S the rth testing sample. Oxr is the empirically optimal set of parameters obtained by applying the KFCV (Fig
+3; section 2:5:12.3.3)
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X', X2, X3 are the predictors. d\, d, and d3 are the optimal thresholds of the three steps respectively.
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FIGURE 6 — Boxplot of NSCE scores obtained for the four methods and different groups of proxy records by reconstructing
the NAO index on the period 1000-1970 with R = 50 training/testing randomly-drawn-samples. Training-samples-size-is

Hrra="92-and-testing-samples-size-istzs=23—Green boxplots are the NSCE scores obtained for the PCR method. Yellow
boxplots are the NSCE scores obtained for the PLS method. Red boxplots are the NSCE scores obtained for the RF method. Blue

boxplots are the NSCE scores obtained for the Enet method. The first cluster of boxplots is the NSCE scores obtained by using
all the available proxy records over the period (110 proxy records). The second cluster of boxplots is the NSCE scores obtained
by using only proxy records significantly correlated with the NAO index at the 80% confidence level over the training periods.
The third cluster of boxplots is the NSCE scores obtained by using only proxy records significantly correlated with the NAO
index at the 90% confidence level over the training periods.”Fhe fourth cluster of boxplots is the NSCE scores obtained by
using only proxy records significantly correlated with the NAO index at the 95% confidence level over the training periods.
Boxplots with blue edges are the scores significantly positives at the 99% confidence level. Boxplots with red edges correspond
to the scores associated with the best reconstruction for each method.
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FIGURE 8 - Red line: RF reconstruction on the period 1069-1973-1000-1972 (section 4-1:33.1.2), using the-wholeset-of available
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. Black line (tiny): Ortega et al. calibration constrained reconstruction
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Regression uncertainties for Enet reconstruction. Blue area: Rggression uncertainties for PCR reconstruction. Orange area:
Regression uncertainties for PLS reconstruction. Heavy black lines are the corresponding 11-year filtered reconstructions
for each method. Purple lines: superposed 11-years filtered Jones et al. (1997) NAO index.
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line: Composite for RF reconstruction response to Sigl et al. (2015) volcanic eruptions. Dashed red line: Composite for RF
reconstruction response to Ortega et al. (2015) volcanic eruptions. Dashed purple line: Monte-Carlo 90% confidence level (Rao
etal., 2019, appendix 4). b) Blue line: Composite for Enet reconstruction response Sigl et al. (2015) volcanic eruptions. Dashed
blue line: Composite for Enet reconstruction response to Ortega et al. (2015) volcanic eruptions. Dashed purple line: Monte-
Carlo 90% confidence level (Rao et al., 2019, appendix 4). c) Green line: Composite for PCR reconstruction response Sigl et
al. (2015) volcanic eruptions. Dashed green line: Composite for PCR reconstruction response to Ortega et al. (2015) volcanic
eruptions. Dashed purple line: Monte-Carlo 90% confidence level (Rao et al., 2019, appendix 4). d) Orange line: Composite
for PLS reconstruction response Sigl et al. (2015) volcanic eruptions. Dashed orange line: Composite for PLS reconstruction
response to Ortega et al. (2015) volcanic eruptions. Dashed purple line: Monte-Carlo 90% confidence level (Rao et al., 2019,

appendix 4).
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RF Enet PCR PLS Ortega

RF 1.00 67907 673065 069054 6:520.55

Enet | 67907 1.00 6:960.92  6:.960.88  6:680.65
PCR | 0730.65 096092 1.00 09808 073048
PLS | 069054 096088  0:980.8 1.00  6:73-0.68

Ortega | 6:52-0.55_ 0.65 673048 6730.68 1.00

TaBLE 1 - Table of correlations between five reconstructions: Ortega et al. (2015) reconstruction; RF reconstruction on the
period 1066-1973-1000-1972 using the proxy records significantly correlated with a-propertion-of the length-of NAO at the
training-samples-of 86%80% confidence level; Enet reconstruction on the period 1066-1976-1000-1972 only using the proxy
records significantly correlated with a-preportion—of-the lertgﬂkqf—ﬂm—traﬂuﬁg—saﬁtpk&of%@%ﬂmdg\gd PLS

PCR reconstruction on the period 1000-1970 only using the proxy records significantly correlated with a-propertion-of the
tength-of NAO at the training-samples-of 80%95% confidence level; PER-PLS reconstruction on the period 1000-1970 only
using the proxy records significantly correlated with a-proportion-of the tength-of NAO at the trainingsamples-of 70%95%

confidence level.
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Code and data availability: CliMeReeClimIndRec’s code and the proxy records database are available at

the link: h%tps#giﬁrubfem%&m%ehe%GHMGREGhttps //github.com/SimMiche/ClimIndRec,
and the following Zenodo link: https://zenodo.org/record/3372760#.XVxQGy2B288._
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