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Abstract

Canonical correlation analysis (CCA) is evaluated for palienate field reconstructions in the context
of pseudoproxy experiments assembled from the millenniabrration (850-1999 C.E.) of the National
Center for Atmopsheric Research Climate System Model 1.4a’imonious method for selecting
the order of the CCA model is presented. Results suggesthbanethod is capable of resolving
approximately 3-18 climatic patterns given the estimatecyobservational network and the amount
of observational uncertainty. CCA reconstructions are gar@d to those derived from the regularized
expectation maximization method using ridge regressigulegization (RegeEM-Ridge). CCA and
RegEM-Ridge yield similar skill patterns that are chareeea by high correlation regions collocated
with dense pseudoproxy sampling areas in North America amdde. Both methods also produce
reconstructions characterized by spatially variable waiames and variance losses, particularly at high
pseudoproxy noise levels. RegEM-Ridge in particular igestttio significantly larger variance losses
than CCA, even though the spatial correlation patterns eftwto methods are comparable. Results

collectively indicate the importance of evaluating thediperformance of methods that target spatial
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climate patterns during the last several millennia, andcate that the results of currently available

climate field reconstructions should be interpreted célsefu

1. Introduction

A concerted research effort over the last decade has foarseeconstructing global or hemispheric
climate during the last millennium using networks of climaroxies (e.g. Folland et al. 2001; Jansen
et al. 2007, North et al. 2006, Jones and Mann 2004; Jones 208DP). These efforts are in many
ways an outgrowth of earlier studies that developed recactsbns on regional scales, particularly
pioneering work in dendroclimatology that extends backh®1960s and 70s (e.g. Fritts et al. 1971).
Recent efforts have employed single-proxy (e.g. Cook &t@94, 2004, Briffa 2000; Briffa et al. 2001;
Esper et al. 2002; Evans et al. 2002; D’Arrigo et al. 2006, @0 multi-proxy statistical approaches
(Mann et al., 1998, 1999, 2005, 2007, 2008; Jones et al.,; X@@8vley and Lowery 2000; Rutherford
et al. 2005; Moberg et al. 2005; Hegerl et al. 2007) to caldo@oxy records on observational data
during their period of overlap and subsequently to recosipast climate variability using derived
climate-proxy relationships. Various efforts have dentiaied the promise of these approaches (e.g.
Cook et al. 1994, 2004; Mann et al. 1998, 1999; Evans et al2;2DGterbacher et al. 1999, 2004,
Rutherford et al. 2005; Casty et al. 2005; Pauling et al. 2006t it in some cases results and
methodologies have been vigorously debated (Broecker;20@dng et al. 2000; Harris and Chapman
2001; Esper et al. 2002; Beltrami 2002; Gonzalez-Roucd. 2@03, 2006; von Storch et al. 2004,
2006; Pollack and Smerdon 2004; Rutherford and Mann 2004ntyfe and McKitrick 2005; von
Storch and Zorita 2005; Birger and Cubasch 2005; Huybed§;20/ahl et al. 2006; Birger et al.
2006; Zorita et al. 2007; Lee et al. 2007; Smerdon and KaptflY 2Smerdon et al. 2008a; Wahl
and Ammann 2007; Mann et al. 2003, 2005, 2007a, b, ¢, 2008;ekgoét al. 2005, 2008; Hegerl
et al. 2007; Kuttel et al. 2007; Christiansen et al. 2009he ©f the principal issues of this debate
surrounds the magnitude of reconstructed temperaturabibty during the last millennium on decadal
and longer time scales, particularly as it relates to themtade, phasing and ubiquity of the putative
Medieval Climatic Anomaly and Little Ice Age (e.g. Hughegiddiaz 1994; Broecker 2001; Mann
2002; Mann et al. 2003, 2005, 2007a, b, c). Although a great deprogress has been made to
understand how various reconstructions may or may not atayirepresent the characteristics of these

past epochs, there remain important unanswered questions$ Bconstructions uncertainties. These
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guestions are tied to understanding, for example, the itngiaproxy distributions and abundance,
the connections between climate and proxy responses atiffesent spectral domains, the nature of
multivariate responses in proxy records, and the role ectainections and noise in the calibration
data - questions that are ultimately fundamental to theesscof efforts that attempt to reconstruct past
climatic variability (e.g. North et al. 2006; Jansen et &02).

An additional element of uncertainty in climate reconstiuts, which has recently gained more at-
tention, is the degree to which specific reconstruction wadlogies impose their own error and biases
in derived reconstructions. Here we focus specifically @uhcertainties in regional and hemispheric
scale temperature reconstructions of the past millenninanarise principally from methodology. Re-
construction methods for this purpose generally can beldd/into two groups that have been termed
composite-plus scale (CPS; Mann et al. 2005) and climat feglonstruction (CFR) methods (Evans
et al. 2001). CPS methods target mean hemispheric or glebwidrature time series as predictand,
therefore yielding reconstructions of only these indiatadices (e.g. Groveman and Landsberg 1979,
Esper et al. 2002, Crowley and Lowery 2000, Moberg et al. 26@gerl et al. 2007, D’Arrigo et al.
2006). Although CPS methods have the disadvantage of nfferd spatial information, they have the
benefit of being more straightforward, robust and likelyuiegino more than a few tens of predictors
for skillful reconstructions of hemispheric or global teenature variability (e.g. Crowley and Lowery
2000; Hegerl et al. 2007). In contrast to CPS approaches,@&tRods attempt to reconstruct spatial
patterns of temperature variability, which is the fundataepromise of these methods (e.g. Cook et
al. 1994, Mann et al. 1998, 1999, 2005, 2007a, Rutherford. e2@05, Evans et al. 2002; Luter-
bacher et al. 2004, Xoplaki et al. 2005). CFR methods can bglcated, however, by the ill-posed
nature of the problem (rank deficiency), are more dependetii@stability of climate-proxy connec-
tions and climate teleconnections, and require more exe$stributions of proxies than their CPS
counterparts.

In spite of the differences between CPS and CFR methods,ebatel surrounding temperature
reconstructions of the last millennium has almost excklgibeen limited to comparisons between
mean NH or global time series (e.g. Briffa and Osborn 2008es@nd Mann 2004; North et al. 2006;
Folland et al. 2001; Jansen et al. 2007); in the case of CRBsetmean time series are computed from
the underlying reconstructed fields. Consequently, thave hheen few assessments of the robustness

of spatial patterns in the collection of available CFRs. 8dield comparisons of CFRs have been done
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on regional scales. Cook et al. (1994) compared two CFR tgohs applied to dendroclimatic series
in western Europe and eastern North America and found thearotduce similar results. Zhang et al.
(2004) similarly compared two methods over the continddtaled States and found their performance
comparable. A more recent study has compared the field dkilv@ reconstruction methods over
the North Atlantic and the European continent (Riedwyl et 2008). At global and hemispheric
scales, however, proxy distributions are more diffusedioter networks comprise multiple proxies,
and teleconnection patterns are likely more essentiald@cskiil of the reconstruction. It therefore is
crucial to evaluate not only the mean global or hemisphédracacteristics of CFRs, but also the spatial
skill of the fields derived from these methods.

A significant challenge for CFR comparisons is the fact thastmesearchers use proxy networks
of opportunity and thus of variable composition in proxyeymd location. Uncertaintiy in any given
reconstruction is therefore the convolution of uncertag;itn the method used, the spatial sampling
of the proxy network, and the actual climate-proxy conmetif each of the proxy series used in
the network. If the objective is to isolate the impact of origh@se factors, it is difficult to do so
from comparisons between these real-world CFR results. allvent of pseudoproxy experiments
(Mann and Rutherford 2002) has circumvented some of thesléeolyes, however, by constructing a
consistent test bed on which to objectively test reconstmanethodologies (Gonzalez-Rouco et al.
2006; von Storch et al. 2004, 2006; Mann et al. 2005, 2007geHet al. 2007; Smerdon and Kaplan
2007; Smerdon et al. 2008a; Lee et al. 2007; Kuttel et al.72Qbristiansen et al. 2009; Riedwyl et
al. 2008).

Pseudoproxy experiments have typically employed millahimtegrations from General Circula-
tion Models (GCMs) that only recently have become availg¢Blenzalez-Rouco et al. 2003, 2006;
Ammann 2007). These experiments are generally perform#ueifollowing steps: (1) the complete
GCM field is subsampled to mimic the availability of instrumted and proxy information in real-world
climate reconstructions of the last millennium; (2) thediseries that represent proxy information
are perturbed to simulate the spatial and temporal noisectaaistics present in real-world proxies;
(3) reconstruction algorithms are applied to the modelgathpseudo “instrumental data” and pseu-
doproxy series to derive a reconstruction of the climateutated by the GCM; and (4) the derived
reconstruction is compared to the known model target. Thexandeed some open questions asso-

ciated with these experiments, such as whether or not thetedimoise models in the pseudoproxy
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network are realistic, and how well the model statisticsespnt real-world climate characteristics that
affect reconstruction skill (e.g. teleconnections). Ndweless, the utility of pseudoproxy experiments
lies in their ability to provide an objective dataset on whio test reconstruction methods. While fu-
ture improvements in the implementation of pseudoproxg t@gl undoubtedly be made, much insight
into the performance of multiple reconstruction methods &leeady been gained from this approach
(von Storch et al. 2004, 2006; Mann et al. 2005, 2007a; Snmeatiol Kaplan 2007; Lee et al. 2007,
Kuttel et al. 2007; Hegerl et al. 2007; Christiansen et &I02 Riedwyl et al. 2008; Moberg et al.
2008; Smerdon et al. 2008a).

Here we investigate skill and uncertainty in CFRs arisimgrfrapplication of a reconstruction
algorithm using canonical correlation analysis (CCA). CiSAa well-established method within the
climate sciences (e.g. Anderson 1984; Barnett and Preisfemdl987; Bretherton et al. 1992; Cook
et al. 1994; Wilks 1995; von Storch and Zwiers 2000; Luteheact al. 2000; Tippett et al. 2003,
2008), but has not been widely applied for the purpose of/ateyiarge-scale temperature CFRs (CCA
is mentioned in passing within Mann et al. (1998) as beingiitabkle for their purposes and has more
recently been applied by Christiansen et al. (2009) as oaenamber of methods tested in the context
of reconstructed NH means). Our purposes herein are to aweain detail the application of CCA
for reconstructing NH temperatures during the last millarmand to specifically focus on the field
characteristics of the derived CFRs.

In addition to investigating the performance of CCA, we cangpCCA-derived results to those
obtained using the regularized expectation maximizategEM) method (Schneider 2001). RegEM
has been a recently favored method for NH temperature recations (e.g. Rutherford et al. 2005;
Mann et al. 2005, 2007a, 2008), but pseudoproxy experinaswshave shown some implementations
of RegEM to be susceptible to warm biases and variance |¢Ssaesrdon and Kaplan 2007; Smerdon
et al. 2008a; Riedwyl et al. 2008; Christiansen et al. 2008gse findings are consistent with previ-
ous pseudoproxy experiments that have demonstrated sheit@vior associated with the Mann et al.
(1998, 1999) CFR method (von Storch et al. 2004, 2006). A fitemiecomparing CCA and RegEM
reconstructions is the relative transparency of the CCAhoustapplication of which requires the se-
lection of only three model dimensions to yield a final re¢ordion by a linear transformation of rank
equal to the smallest of these dimensions. Such transpeaiows a straightforward interpretation of

the source of skill in CCA results. This characteristic ofAC(S in contrast to the more complicated



s Structure of the iterative RegEM algorithm, which also caménsignificant computational costs. The
150 comparisons of these two methods therefore can help ebedida underpinning behavior of both.

151

12 2. Data

153 We use pseudoproxies derived from the millennial simute¢@50-1999 C.E.) of the National Center
152 for Atmospheric Research (NCAR) Climate System Model (CSM), a coupled atmosphere-ocean
155 GCM that has been driven with natural and anthropogenidrfigec(Ammann et al. 2007). The simu-
156 |lated model fields of annual surface temperature means leaveibterpolated to & 3ongitude-latitude

157 grid (Smerdon et al. 2008b; Rutherford et al. 2008). For sb@scy in latter comparisons to RegEM-
18 derived results, we use the same realizations of CSM pseoxiep employed by Mann et al. (2005)
150 With locations shown in Figure 1 (publicly available at hitipx.rwu.edu/ rutherfo/supplements/Pseudoproxy05/
1o These pseudoproxies were sampled from thgrid-box locations that approximate the actual proxy
161 locations of the Mann et al. (1998) multiproxy network, totg 104 sampled grid cells. Pseudoproxies
162 at these selected locations contain white noise at fouerdifft levels to produce pseudoproxies with
1ss Signal-to-noise ratios (SNRs), by standard deviationnfihity (noise free), 1.0, 0.5 and 0.25.

164 To further facilitate comparisons with previous pseudagraork, we also use the same subsam-
15 pled CSM field used by Mann et al. (2005, 2007) to approximiageatvailability of the instrumental
s temperature data. Grid points missing more than 30% of theardata from 1856-1998 C.E. in the
17 Jones et al. (1999) dataset were excluded from use as tage(Mann and Rutherford 2002). This
168 restriction limits the total number of grid cells to 669 iretBqg-70 N region (the target region). Also in
10 Keeping with Mann et al. (2005, 2007a), the subsampledimstntal (calibration) data are constrained
10 to the 1856-1980 C.E. period.

171

12 3. Methods

173 3.1 Least-Squares CFRs as Multivariate Linear Regression

172 Multivariate linear regression is the underlying formali®f most CFR methods. The fundamental
175 approach relates a matrix of climate proxies to a matrix iofiate data during a common time interval
176 (generally termed the calibration interval) using a lineavdel. For instance, leP be anm x n

177 matrix of proxy values and’ be anr x n matrix of instrumental temperature records wherés the

178 humber of proxiesy is the number of spatial locations in the instrumental fialtgn is the temporal
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dimension corresponding to the period of overlap betweerptbxy and instrumental data. We write
the regression of’ columns onP columns for time-standardized matricds @nd P’) with rows that

have means of zero and standard deviations of one:

T=M+ST, P=M,+S,P,

where M, is a matrix of identical columns equal to the average of dlliwms of the matrix’, and.S;
is a diagonal matrix with elements that are the standardcatienis of the rows of matriX’; M, and.S,

are similarly defined for matri®. In these terms,

T'=BP +e, (1)

whereB is a matrix of regression coefficients with dimensiens m, ande is the residual error. The

error variances of all the elements«oih (1) are simultaneously minimized B is chosen as:

B = (T/P/T)(P/P/T)_l, (2)

where the superscrigt denotes the matrix transpose. Temperature thus can befg@dor “recon-

structed”, using this regression matrix during periods mch proxy data are available:

T =M, + S,BS; (P — M,), (3)

whereT” denotes a matrix of reconstructed temperature values.

While the above formalism is straightforward, it works besten the system is overdetermined;
that is, the time dimensiom is much larger than the spatial dimensianbecause the covariances are
more reliably estimated. The challenge for CFR methoddwesthe manner in whicl is estimated
in practical situations when this condition is not met. Ibften the case in climate applications that the
number of target variables exceeds the time dimensiondipgla rank-deficient (ill-posed) problem.
For instance, in most global or NH CFRs, the number of gritcdalthe climate field is typically on
the order of many hundreds or a few thousands, while the wéisenal record usually contains 150
annual fields or less. The number of proxies is typically andrder of a few tens to hundreds, which
may exceed or at least be comparable with the time dimenbi®uch cases, the covariance matrices

(T'P'Ty and (P’ P'") cannot be well estimated, even to the extent {#4f>'"") can be ill-conditioned.

7
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The inversion in (2) therefore requires some form of regugdion. Published linear methods for global
temperature CFRs vary primarily in the form of this reguation. In the following subsections we

discuss CCA and RegEM as the two regularization approadresdered in this manuscript.

3.2. Canonical Correlation Analysis
For the purposes described herein, we outline the BarnétPegisendorfer (1987) version of CCA
formalism as presented by Tippett et al. (2003, 2008). Wenbleg decomposing the standardized
proxy matrix P’ during the calibration interval using Singular Value Degmsition (SVD; Golub and
Van Loan, 1996):
P =05,V (4)

where the columns df/, represent spatial patterns (empirical orthogonal funstior EOFs) and the
principal components (PCsdl),, are orthonormal timeseries of coefficients that combirth e EOF
patterns to produce the original data set. The diagonalixnaly contains non-negative elements
(singular values), arranged in descending order, with eguproportional to the variance captured
by the corresponding EOF-PC pairs. If the diagonal elemehts, decrease quickly, as is often the
case in climatological data where leading climate pattdaminate over many more weakly expressed
local patterns or noise, a reduced-rank representatidti aéing only a few leading EOF-PC pairs is
typically a good approximation of the full-rank version.uwe employ a reduced rank representation
of P’ such thatl, EOF-PC pairs are retained:

T ryryr T
P =Usivr T, (5)

Here P" denotes the reduced-rank representatio®ofand matrices with the superscriptare the
truncated versions of the SVD factors corresponding to étaimed number off, singular values.

Similarly, the reduced-rank version @ is written:
T =Ursiv T, (6)

whereT™ only usesd; singular values and the corresponding number of singuletov® Note that
rank(P") = d, andrank(7") = d;, while rank(P’) = min(m,n — 1) andrank(7”) = min(r,n — 1).

Now we use multivariate linear regression with a matsix



‘/trT — Bl‘/;)rT_i_gv

24 (€, IS the residual error) to predict the PCs of temperaturegusia proxy PCs:

‘A/'tr T — B/‘/Z’ T.
2s Because the PCs are orthonorrﬁQ,’I,TV;,’“ = [ (i.e. the identity matrix), the expression B¢ simpli-
26 fies:
B/ — (‘/tr TVZ“)(VZ“ T‘/pr)—l _ ‘/tr T‘/;)T.
227 The last expression faB’ can be decomposed using SVD:
B' =V'V] = 03O . ()

26 and can then be truncated by retaining afly, < min(d,, d;) leading singular values and correspond-

229 INQ patterns:

B =0;%.,007. (8)
230 Predicting temperature PCs usiig, instead ofB’, i.e.

‘A/trT _ ngr o TVZ“T

cca~’p

231,

222 transforms into a simple form:
Qf = X0 Q, - 9)
23 if written in terms of the CCA time series; these are profgusiof the PC vectorg,” andV” onto the

23 Sets of pattern®} andO;, respectively:
Q=V'0[,  @Q=V]0, (10)

zs Similarly, the predicted), corresponds to the predicted temperature lf’tCs

@t == ‘A/trOI
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To obtain the CCA timeserieg), and(),, directly from the standardized data sets, it is convenient

to define weight matrices,
Wy =Uf(3)70;, W, =U;(%,)70,, (11)

so that
Qr =wlTr, Qg = WpT P, (12)

where the columns ap, and@, are orthonormal. Moreover, due to (7) and (10),

Qi Qp = Xlea-

The columns ofy; and@,, with different ordering are therefore also orthogonal, le/tinose with
the same ordering are positively correlated. The coraatoefficients of these latter columns, also
called canonical correlations, are equal to the diagorethehts of¥ . and because of the SVD
decomposition in (7), are maximized in the following sendee correlation coefficient between the
first columns of@Q; and @, is the largest among the projections lgf and V] on any unit length
vectors (patterns); these maximizing patterns are thedaistmns ofO; and O}, respectively. The
remaining correlation coefficients are arranged in desognorder, i.e. the coefficient between the
second columns of); and @, is the largest among projections Bf andV," on unit length vectors
orthogonal to the first columns @b; and O}, respectively, and the patterns that achieve the latter
correlation are the second columngffandO;; the correlation coefficient between the third columns
of Q; and@, is the largest among projections Gf and V" on unit length vectors orthogonal to the
first and second columns 6f andO;, and so on.

The predictions of the CCA temperature time series by (9)uarhtw a simple multiplication of the
CCA time series of the proxies by the diagonal elements/gf. To perform these predictions for the
fields of temperature on the basis of the original proxy dabtaever, we require the spatial patterns of

their regression on the CCA timeseries:
T =CQf +e, P =0CQ] +¢,

To determineC, and C; (the CCA patterns) or the CCA homogeneous covariance mapsis# the

orthonormality of the CCA timeseries and the decompositic@d):

Cp=(P'Qy)(QLQ,) " = P'Q,=U%,V, VO, =U; O] (13)

p—p—Pp

10



28 and similarly,

250 Thus the use of the low-rank CCA approximations in (5), (6) €8) in the regression matrix formula

20 given in (2) results in,

Bcca — UZZ;“/J TVZ(E;)_IU;T — UZE:O:ZT or T(E;;)—IU;T’

cca~p

21 If the inverse of the proxy covariance matrix is replacedhsy pseudo-inverse (Golub and Van Loan,
262 1996):

(P/P/T)—l _ (P/P/T)+ — (PrPr T)—i— _ U;(Z;)_2U; T.
263 Given the definitions in Egs. (11) and (14,.., takes a simple form:

Bcca = CtZT

Ccca

Wr, (15)

2

3
~

Applying B... to P’ in order to reconstruct’ is therefore equivalent to a three-step procedure:

265 (i) use the weighting patterri§, to convert”’ into the CCA time series

Q, =W, P,

s (i) scale these time series by the canonical correlatiomsthe diagonal element &f,

cca’!

to produce

267 the CCA timeseries for temperature:

cca

NT T
Qt :ET P

s (i) and use the”; patterns to reconstruct a standardized version of the tenpe fields:

T/ - C«thtF

20 Since the CCA patterns and canonical correlations arerdeted at the calibration stage and do not
270 change thereafter, the CCA time series provide the main iamgalifed diagnostics of the reconstruc-

a1 tion performance; i.e. the actual CCA temperature timeeseri

11
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Q;[ = WtTT/a

during the reconstruction period can be directly comparét their prediction on the basis of the
proxies in item (ii) above. The use of these statistics dustilated further in Section 4.2.1.
For the non-standardized version of temperature fields emdgs given in (3), the CCA tempera-
ture CFR becomes
T = M, + S BecaS, (P — M,). (16)

Performing this reconstruction requires the determimatibfive matrices: two in which all columns
contain the mean vectors for the temperature field and theigwol/, and M,; the two diagonal
matrices of the temperature and proxy standard deviatiyres)dS,, and the CCA low-rank regression
matrix B.... Under the assumption of stationarity between the mutuatypand climate statistics,
(16) can be used to reconstruct temperatures in any temindeabval, including those outside of the
calibration period. The only formal change is in the numideratumns in matriced/, and,,, which
of course changes to match the length of the given recorigtnyoeriod.

The operatoB,., is a reduced-rank-nk(B...) = d...) representation of the standard multivariate
regression operator. Given calibration interval datafetad P, upon the selection of three parameters
for truncated ranksd..., d,, andd;, the matrixB.., is completely determined. Note that traditional
applications of CCA did not involve rank reductions of thegtictor and predictand matrices, and thus
only depended od.., (see the discussion in Bretherton et al. 1992). Steps farciag these matrix
ranks by selecting thé, andd, parameters prior to estimating the CCA time series and magrs w
added by Barnett and Preisendorfer (1987) (termed the BRaudty Bretherton et al. 1992). Tippett
et al. (2003) and Christiansen et al. (2009) used and refeéoréhis latter BP version as CCA, as do

we hereinafter.

3.3. CCA Model-Dimension Selection

Appropriate selections of thé..., d,, andd, dimensions are crucial for the application of the CCA
method. Previous CCA applications have proposed variouss@f model selection. Christiansen et
al. (2009) set the number of dimensions by maintaining aiBpéevel of retained variance and im-

posing the additional constraint that the dimensional cédo be equal for all three decompositions.

12



206 Barnett and Preisendorfer (1987) used principal compomentation rules for the reduction of the
200 predictor and predictand datd,(andd;) as proposed by Preisendorfer et al. (1981). The number of
200 canonical coefficientsi(.,) was then estimated using jackknife cross-validationsttes computed for

201 a set of withheld single time samples (“leave-one-out”ppEtt et al. (2003) employed a similar ap-
202 proach, but used a jackknife cross-validation scheme tionag# all three truncation dimensions. Our
w03 @approach is similar to the latter application except we usaiah cheaper “leave-half-out” approach
200 tO cross-validation to reduce computational costs. In giliegtion using proxy data series with an-
205 hual resolution, this approach is also more conservatitie r@spect to validation of the reconstructed
w6 decadal-centennial timescale variations.

307 To perform the leave-half-out cross-validation procedtime period when both instrumental and
208 Proxy data are considered available is split into two terapbalves: 1856-1917 and 1918-1980 C.E.
200  We generate two sets of reconstructions using (16) andratdibising each half of the target data to es-
a0 timate theB,., matrix, as well as the means and standard deviation fieldbéquroxy and temperature
su data (M,, S,, M, S;). The reconstructions are verified on the left-out halveso Tross-validation

a1z Statistics are used: (1) the area-weighted Root Mean Sdirame (RMSE) of the reconstructed field
a1z relative to the target; and (2) the correlation between ¢leemstructed and target area-weighted mean
au NH time series (hereinafter termed NH mean correlation (NBJM These validation statistics from
a5 both experiments are combined to determine the statistidbé entire instrumental data interval 1856-
as 1980.

317 Using the above cross-validation scheme we compute the RMBENHMC for a range ofl...,

as  d, andd, combinations. The optimal selection @f.., d, andd; is based on the cross-validated re-
a9 construction skill in terms of either small RMSE or large NEMAfter this selection, all the matrix
w20 parameters of (16) can be computed for the entire calibratiterval (1856-1980 C.E.) and used for

21 feconstructions in the preinstrumental period. Using #éfedions
Bf = 8BS, ', M; = My — By M,, (17)
222 the reconstruction in (16) can be rewritten in the final forina inear transform with an offset:
T = My + BfP. (18)

223 All columns of matrix the)M, are identical and specify offsets for alllocations of the predicted

24 temperature fields, thereford; containsr independent parameters. The linear-transform ma#yix
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has the dimensionsx m and thus containsm = 669 - 104 = 69, 576 elements. This number is about
one third smaller than the number of of elements in the taegaperature data during the calibration
period (n = 669 - 125 = 96, 625) from which the elements aB; must be determined. Fortunately,
not all elements i3, are independent parameters because of the CCA rank redustiwce5.., has
rank d..,, and By is obtained in (17) by multiplyind3... by non-singular diagonal matriceB; has
the same sizer(x m) and rank {...) asB.... Such a matrix hag.., hon-zero singular values and as
many left and right singular vectors corresponding to thedees. Using the non-zero singular values
of B; in non-increasing order to form a diagonal mattiband arranging the corresponding singular
vectors as the columns of matricEsandV’, we can uniquely (up to the reordering of the columns in

U andV corresponding to identical singular values) presenas

By =UxV". (19)

The first column ofU, as a unit vector in the-dimensional space, has- 1 degrees of freedom. The
second column, subject to an additional constraint of gdimality to the first column has— 2 degrees

of freedom, etc. Therefore the entire mattixconsisting ofl.., orthonormal vectors has

d

—y dCCa dCCa ]‘ dCCa ]‘
NU) =3 (r i) o, — Gecaldeca +1) : g (7’—72+ )

=1

Similarly, the number of independent parameter¥iis

dCCa 1
N(V):dcca<m— + )

2

and N(X) = d... In the general case, non-zero singular values of a méatfare different, the

decomposition (19) is unique and, therefore,

N(Bf) = N(U) + N(Z) + N(V) = deca(r +m — deca)-

Together with the constant offset parameters, the numberdefpendent parameters that have to be

determined in order to produce the reconstruction formL (s

Niot = N(By) + N(My) = deca(r + m — deca) + 7. (20)
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Substituting the values efandm specific to the present pseudoproxy scenarie (669 andm = 104),

we find that for the CCA reconstructions presented herein

Niot = 669 + 773dcca — d?

cca’

(21)

The number of independent parameters in the CCA recongtnsaherefore depends only ap.,, the
number of CCA modes retained. The number does not depedgaomd,, i.e. the numbers of retained
EOF modes for the proxy and temperature data, respectiVhly.actual values abB; and M/ in (18)
of course do depend on tldg andd, choices, but the underlying number of parameters that reeled t
specified in order to determine these values does not. Farthe, whend.., < r + m = 773, the
d2

cca

term in (20) and (21) is negligible compared(to+ m)d... = 773d.... Analyses we will present
suggest that reasonable valuesigf, are well below 50. Thereforéey,,, grows nearly linearly with
d.a, @and 773 additional parameters need to be specified in tHikooexets of (18) whenl,.., increments
by 1. Considering the relative shortness of the data seladaifor calibration and cross-validation,
choosing a reconstruction model that requires a smallgrerahan larger number of free parameters
(i.e. value ofd,..,) becomes especially important. In Section 4.1 we demaesargractical means of
selecting the smallest... that produces a reconstruction with cross-validated RMfaEi$ practically

indistinguishable from the absolute minimum of RMSE ovécambinations ofl..,, d,, andd,.

3.4. RegEM

Application of the RegEM method to the problem of NH CFRs hesrbdiscussed in detail within
the literature (Schneider 2001; Rutherford et al. 2005; Metnal. 2005, 2007a,c, 2008; Smerdon and
Kaplan 2007; Lee et al. 2007; Smerdon et al. 2008a; Chrstiaret al. 2009; Riedwyl et al. 2008).
While RegEM is an iterative method, the underlying formalis based on a linear regression model

that reconstructs missing dakg,, from available data, and can be written as

X = My + S, BS; (X, — M,). (22)

The notation here is analogous to (3), except the subindieesln denote available and missing data
respectively.
For the conventional expectation maximization algoritimwhich regularization is not employed,

the estimate of the regression matfsxis given, in full analogy to (2), by the standard multivagiat
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regression formula for standardized data séfsand.X:
B = (X, X1)(X,XT)™". (23)

Similar to CCA, however, regularization is required for bggtion to CFRs of the last millennium.
Multiple regularization approaches for the expectatiorximéation algorithm have been discussed
(Schneider 2001; Rutherford et al. 2005; Mann et al. 2009,7a@; Smerdon and Kaplan 2007,
Christainsen et al. 2009), but the differences betweemstnactions derived from these approaches
has not been sufficiently explored (Smerdon et al. 2008a).0Ep purposes herein we employ the
more widely applied ridge regression regularization inahhihe inverse covariance matrix in (23) is

replaced by

(XX ™ — (XX + 27 (24)

whereh is a positive number called the ridge parameter (see Schin@@01) for a detailed derivation
and discussion of these equations). In keeping with thenstoactions performed by Rutherford et al.
(2005) and Mann et al. (2005),is chosen herein by minimization of the generalized croidation
(GCV) function. Although the further details of the RegEM timad are extensive, it is important to
note that the final RegEM reconstruction in this millenni&RCcontext is simply derived from a set
of linear operators (Smerdon et al. 2008a). The final recocsbn is thus principally the product of
the regularized regression coefficients acting on the proarix, i.e. it takes the form of (22) for a
specific choice of\,, S,, M,,, S,,, andB. If the proxy data inP are substituted for the “available”
dataX,, and the “missing” dat&,, are taken to be temperatufeduring the reconstruction interval,
then the RegEM reconstruction in (22) essentially becorBgsufd is comparable to the same form
given for the CCA reconstruction in (16). The main differefetween these formulas is of course the
form of regularization used for the regression maBixand the iteratively computed mean offset, scale
matrices and regression coefficients in the RegEM formwa. (b fact, both of these reconstruction

formulas can be brought to the form in (18) using one offsedt@me linear transformation.

4. Reconstruction Results

4.1 Selected model dimensions
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Our motivation is to seleat..,, d,, andd; values for the collection of CCA reconstructions that
calibrate the 104 pseudoproxies on the instrumental pérosd 1856-1980 C.E. and compute CFRs
during the interval 850-1855 C.E. These are the same expetsperformed by Mann et al. (2005,
2007a) to test the RegEM method using white-noise pseudm®olIn all casesP andT are stan-
dardized over the calibration period prior to estimating bgression matrig.., using equation (15);
reconstructions during the validation period are perfamgng (16).

Following the approach described in Section 3.3, CCA watbiked on each half of the data
during the instrumental period and tested on the other tsatfguall combinations ofl..., d, andd,
between 1 and 50 modes such that < min(d,, d;) (yielding d2, triplets (d.c., d,, d;) for eachd..,
value between 1 and 50 and thus a total dft 22 + --- +50? = 50 - (50 + 1) - (2- 50+ 1)/6 =
42,925 reconstruction models). Test results for both halves ofrieeumental period were combined
to produce cross-validation statistics for the entireridband a given set of dimensions. RMSE values
were combined as the square root of the mean residual sumarfesgjin the two intervals and NHMCs
were calculated as the average correlation coefficienthéotwo intervals weighted by the number of
years in each interval.

Table 1 displays the minimum RMSE and maximum NHMC values ragnall d..., d,, andd,
combinations used, as well as the dimensional combinattmatsachieve these extrema. Results are
tabulated for each pseudoproxy noise level. While the tabstics are optimized at somewhat similar
dimensional combinations, the results are not identibal aliternative statistic for each optimization is
also provided in Table 1.

The RMSE and the NHMC statistics are plotted in Figure 2 foSAIR of 0.5, showing that the
former generally decreases as the latter increases. Mariantly, the range of possible NHMCs de-
creases as the RMSE becomes smaller. The reciprocal dahgt@avever, is much weaker: increases
in NHMCs are not accompanied by nearly as large a decreaseirahge of RMSE. For instance,
when confined to a range of RMSE values within 1% of the minimtima range of possible NHMCs
spans 12% their total range. By contrast, if confined to timgeaof NHMCs that are within 1% of
the maximum, the range of possible RMSE values spans 34%dbtal RMSE range. These obser-
vations suggest that RMSE is a more robust statistic fonuping the CCA reconstructions than the
NHMC. Furthermore, the color of the circles in Figure 2 reyengtd...., i.€. corresponds to the number

of independent parameters in the reconstruction modeigitheting validated. While particularly small
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d.. (less than 10) correspond to reconstructions that are lmathip RMSE and NHMC performance,
high d... (larger than 30) correspond to high NHMC but the full rang&MSE values. RMSE per-
formance is especially poor for reconstructions with thrgdatd.., values. We therefore use RMSE
as the principal basis for our selection criterion in sulbeed dimensional selections.

As mentioned earlier, the total number of combinations tige@termine the optimized dimensions
given in Table 1 is 42,925. This collection of models wasdaé@dor their cross-validated performance
on only 125 annual fields of target data, thus some combimatiaght correspond to low RMSE simply
by chance and yield optimal reconstructions impacted hfical skill. To guard against this likeli-
hood we adopt a conservative selection strategy that sediksltthe most parsimonious of acceptable
models by minimizing the number of free parameters in the fa@nstruction model, which is equiv-
alent to minimizingd,.., without deviating significantly from the absolute minimurMBE. Figure 3
plots RMSE versud.., for all tested combinations of the CCA dimensions at eachighgeroxy noise

level; the black dashed line connects the RMSE minima foln @atue ofd,..:

RMSE" (deca) = min RMSE (deca, dy, dy).

If d;(dcca) andd;(d...) are values ofl, andd, that respectively minimiz& MSE(d..., d,, d;) for a
givend.c., then the triple(dec., d;(dcc.), df (deca)) defines the optimal (by the cross-validated RMSE
criterion) CCA reconstruction among all models with a fixeanier of independent parameters corre-
sponding to a given,.,. Figure 3 demonstrates tHaMSE* (d...) decreases steeply for all noise levels
at small values ofl..,. Beginning at a gived,., value, however, this drop is replaced by a rather flat
plateau. For all noise levels except the highest one, th@atesminimum (identified by the closed cir-
cle) is rather far from the beginning of this plateau. Altgively, using thel.., value corresponding to
the beginning of the plateau yields a solution with an RMSEqumance that is similar to the absolute
RMSE minimum but corresponds to a model with a much smallerber of independent parameters.

We identify the beginning of the plateau by selecting theimumd,.., at which an increase by one
does not reducBMSE* (d..,):

d:., = min{deca : RMSE*(deca) < RMSE* (deca + 1)}

cca

Optimal solutions(d;.., d:(d:..), d;(d;..)) are identified by stars in the panels of Figure 3 and are

cca’ ’p cca Ccca
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listed in Table 2 along with the corresponding values of RM®E NHMC cross-validation statistics.
At any noise levelRMSE*(d?,,) does not exceethin, , (RMSE") by even 0.5%. In subsequent

CcCa

presentations herein, we use these “beginning of the platedutions(d;,,, d;(d:..), d; (d.,)) as our
preferred choices of the CCA dimensions (termed the prdesolutions hereinafter).

Note that in the preferred solutions, the valueg,phndd, are chosen as those corresponding to the
absolute minimum of RMSE for the preselected valu€gf. Relatively fluid color transitions in the
panels of Figure 3 suggest smooth but significant depenadfiMdSE ond,. This impression is borne
out in a more detailed illustration of the RMSE dependenctherCCA parameter§l.... d,, d;): Fig-
ure 4 presents two-dimensional fields of the RMSE minima va#pect to the individual dimensions.
The area of the RMSE minimum is quite wide, therefore chamges or d, by a few units should
not affect the reconstruction quality very much. The dejesicé of RMSE or, is particularly poorly
constrained by the data: for all., in the range between 5 and 30, a valuelptould be selected so

that RMSE is quite close to the absolute minimum for any valué exceedingl.....

4.2 CCA Reconstructions

4.2.1 Assembly of the CCA Reconstructions

To demonstrate the individual elements of the CCA reconstra we plotin Figure 5 the homogeneous
covariance maps{, andC;,) and the associated time seri€g ) for the first three canonical patterns
of the no-noise reconstruction. In the cas&)f we plot both the true time series from the target data,
as well as the estimated time series from the pseudoproME@can).

The three temperature covariance maps plotted in Figurkesaa dynamically interpretable char-
acteristics, although the patterns are rotated from thgirai model EOFs. The three plotted maps
combine features of global-warming-, EI-Nino-Southerse{Dation-, and North-Atlantic-Oscillation-
like patterns. This demonstration illustrates the physiaterpretability of the derived covariance
maps, which ultimately can be evaluated in terms of the rgttoative skill associated with individual
dynamical patterns in the field.

As demonstrated in step (ii) of the three-step procedurem32, the time series of the tempera-
ture covariance maps are estimated during the reconstruictierval by the product of the canonical
coefficients and the time series of the proxy covariance mHpsse time series are plotted in Figure 5

and compare closely to the true time series of the temperatwariance maps. Correlations between
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the true and estimated time series for these first threerpatéee all above 0.99 in the calibration in-
terval and above 0.98 in the reconstruction interval (sdxeTa for these statistics at all noise levels).
As dictated by the CCA formulation, correlations within ttaibration interval progressively decrease
from the maximum of the first pattern for all noise levels ([&®). This is interestingly not the case in
the reconstruction interval when some of the correlationdiigher-order patterns exceed those of the
lower-order patterns.

Figure 5 also plots the relative values of the proxy covasamaps for the first three canonical
patterns. These maps scale location markers for the 104lpsmxies by their relative loadings and
also designate where the loadings are positive or negasive the color of the markers. Upon in-
specting the two sets of temperature and pseudoproxy emvaimaps one can see the that the proxy
maps effectively reflect local sampling from the tempemtmaps. For instance, the leading canonical
pattern associated with predominant warming is reflectatiernproxy map that contains universally
positive loadings. In the other two patterns, the positive aegative loadings are roughly collocated

with the areas of positive and negative temperatures iretim@érature covariance maps.

4.2.2 Northern Hemisphere Means

The temperature covariance maps and proxy-estimated énmesgresented in Figure 5 are combined
to yield a complete field reconstruction for each of the itigeged noise levels. The total number of
combined patterns is of course dictated by the number ahedd..., values, which were determined
for the preferred solutions in Section 4.1 to range from 18him no-noise case to 3 at an SNR of
0.25 (see Table 2). Complete CCA reconstructions are adedrfiom these collections of patterns
and time series. We first plot the area-weighted mean NH tenesassociated with these complete
reconstructions in Figure 6a.

The correlations between the reconstructed mean NH tinessamnd the model target are all signif-
icant, even though they reduce with increasing noise lgu@lle 4). These correlations are interest-
ingly less than those determined for the first three canbpetéerns at all noise levels given in Table
3. This is indicative of the fact that the leading individyaitterns (Table 3) are reconstructed more
skillfully than the combined field comprising the scaled fahge of canonical patterns.

Although the determined correlations are all significang time series in Figure 6a suffer from

warm biases and variance losses during the reconstruadtierval, both of which increase with higher
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noise levels. This behavior is not associated with the iffee between the dimensions chosen for
the preferred solutions in Section 4.1 and those for thelatessminimum RMSE: Figure 6b plots the
mean time series from the reconstructions using the ld#ewed dimensions and the results still suffer
from the observed effects. These absolute-minimum timeseorrelate with the preferred-solution
reconstructions at levels of r = 0.97 or better. In fact, wtirtually impossible to discern the differences
between the two panels in Figure 6, pointing to the robustaéthe achieved results and the prevalence
of the observed warm biases and variance losses in the NHsnean

Box plots in Figures 6¢ and 6d further demonstrate the wamrmsds and variance losses in the
reconstructed NH time series. These plots also illusttee¢duced number of extreme events in the
reconstructed time series relative to the known model targeese extrema are typically associated
with volcanic events in the model simulated NH mean, and aaifast as cold outliers in both the
model target and the reconstructed time series. The numbegxdent of the outliers is diminished in
the reconstructed time series, however, and indicatesitbaeconstructions have the potential to miss

the characterization of these important annual eventseimtbdel simulated climate.

4.2.3 Reconstructed Fields

We further confirm the robustness of the reconstructionwelgifor the preferred solutions against
those for the absolute minimum RMSE dimensions in Figureoivaiig the local correlations between
the two reconstructions for SNRs of 1.0 and 0.5. For all noases, the area-weighted mean field cor-
relations are 0.97, 0.95, and 0.89 for SNR = infinity, 1.0, @i respectively (note that the dimensions
for SNR = 0.25 were the same in both cases and all correlatvens determined over the reconstruc-
tion interval from 850-1855 C.E.). These comparisons destrate a spatial consistency between the
two dimensional choices and suggest that the large-scatheréss are well captured for different sets of
CCA dimensions (assuming the RMSE is held close to the atesgiinimum).

Figure 8 shows the spatial distributions of validationistads for the preferred CCA reconstruc-
tions at SNRs of 1.0 and 0.5; statistics are computed duhiegeconstruction interval and summary
statistics for all noise levels are given in Table 4. Fieldre@tions of course reduce with increased
noise, but Figure 8 illustrates the spatial variabilitytws tocal correlation coefficient. In all reconstruc-
tions, regions containing the largest correlations are dbla@th America and Europe. These regions

correspond to the areas with the largest density of pseodms (see Figure 1), i.e. the reconstruc-
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tions perform best where the field is sampled the most. Silpileegions that are not sampled in the
pseudoproxy network have comparatively low verificatiorrelations. Correlations fall to particularly
low values over some regions (e.g. subtropical and mitlld¢i ocean basins or the Asian continent)
at high-noise levels.

The warm biases and variance losses observed in the meaméldéiries (Figure 6) are also man-
ifest in the reconstructed fields, but their spatial patestmow important regional distinctions (Figure
8). Standard deviation ratios (reconstructed standardéatien divided by the corresponding model
value) indicate that variance is most strongly preservedre@as where field correlations are high,
whereas variance losses are largest over the ocean basens thie lowest field correlations are ob-
served. Overall, significant variance losses are observedllfnoise levels: the area-weighted mean
standard deviation ratio is respectively 0.58 and 0.44HerSNR cases of 1.0 and 0.5 shown in Figure
8, while the ratio drops to 0.37 at a SNR of 0.25 (Table 4). Addally, large variance losses can
accompany reconstructions with relatively high correlasiin the field: standard deviation ratios drop
below 0.5 in many regions of the reconstruction for an SNR.Of(Eigure 8).

Mean biases also display regional variations, althoug éppear more spatially uniform than ob-
served for the local correlations or standard deviatioosatVhile most regions of the reconstructions
are warmer than the actual model field, means are colder iw arfeas (e.g. North America and the
North Atlantic). The proportion of colder to warmer regiosseduced with increasing noise levels and
is reflected in the average mean biases calculated for tds {ete Table 4); high-noise reconstructions
therefore are dominated by warm-biased regions.

The bottom panels in Figure 8 show the RMSE of the fields, wessentially combine errors
associated with variance losses and mean biases. The RM&Epdollow most closely the patterns
in the mean biases, indicating that the error is dominatetifigrences between the reconstructed and
actual means. Contrary to the correlation patterns, itge ahportant to note that the RMSE is in
some cases largest over regions where the pseudoproxymasveensest. Mean biases, and therefore
RMSE, do not appear to be as strongly tied to the distributibthe pseudoproxy network as the

correlation and standard deviation ratios.

4.3. Comparison of CCA and RegEM Reconstructions

We have used the same pseudoproxies from the CCA experimleot® to compute corresponding
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non-hybrid (Rutherford et al. 2005) RegEM-Ridge recorngtams. The derived reconstructions are
the same reconstructions presented by Smerdon et al. (R@8amploy a standardization scheme re-
alistically confined to the calibration interval (Smerdard&aplan 2007). Figures 9a and 9b compare
the mean NH time series computed from the CCA and RegEM-Riglganstructed fields at SNRs of
1.0 and 0.5. The time series at all noise levels compare Vesgly: correlations between the CCA and
RegEM-Ridge time series are 0.96, 0.97, 0.96, and 0.89 fé&=8Minity, 1.0, 0.5, 0.25, respectively.
The reconstructed NH means also correlate with the true hmeéan at comparable levels (Table 4).
There is, however, an indication that the RegEM-Ridge nekfeforms slightly better at higher noise
levels given that the correlations increase by a few huridsedbove those observed for CCA. The
mean biases and variance losses are larger in the RegEM-Ridgnstructions, however, and can be
clearly seen in the box plots in Figures 9c and 9d. The failareeconstruct extreme events is also
most strongly associated with the RegEM-Ridge reconstmgias illustrated in these latter panels of
Figure 9.

The correlation fields between the CFRs derived from the twthods are plotted in Figure 10,
again showing results for SNRs of 1.0 and 0.5. Correlati@ta/éen the two reconstructions depend
on location, but overall the area-weighted mean field catiahs are 0.89, 0.92, 0.85, and 0.65 for
SNR=infinity, 1.0, 0.5, 0.25, respectively. As discusse&éattion 3, CCA and RegEM-Ridge select
regression coefficients in two distinctly different wayst the widespread high field correlations be-
tween the results from both methods indicate that they iooct similar patterns of variability in the
target field (note that the exact same pseudoproxies haveuseel for each of these methods).

Validation fields for the RegEM-Ridge reconstructions dreven in Figure 11. These are directly
comparable to the CCA-validation fields shown in Figure 8e Tlose correspondence between the
two figures further attests to the similarities between #seilts derived from both methods. Summary
statistics for the RegEM-Ridge field correlations, stadd#eviation ratios, mean biases, and RMSE
are given in Table 4. The mean field correlations associatétiae two methods are very similar, yet
indicate RegEM-Ridge to have slightly more correlatiorlskiincreased noise levels. The RegEM-
Ridge mean biases also have spatial patterns very simil@CW, but indicate that RegEM-Ridge
produces larger biases at increased noise levels. The wtadtia difference between the two methods
is associated with their standard deviation ratios. Redilige standard deviation ratios have patterns

similar to the CCA reconstructions and also maintain thetr@adgance where the field correlations
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are highest. The variance loss in RegEM-Ridge, howeverpshnmore pronounced than in the CCA
reconstructions: mean standard deviation ratios are ad2fy 6f those achieved for the CCA recon-
structions at a SNR of infinity and fall to almost 40% of the CE€unterpart at a SNR of 0.25. These
variance losses are manifest in the higher RMSE values iassdavith the RegEM-Ridge fields, but
result in only modest increases in the mean field errors €Tdpkelative to CCA. Two factors con-

tribute to the similar RMSE fields in spite of the larger vara losses in the RegEM-Ridge CFRs:
(1) the mean biases dominate the error fields, which are goifsiantly different in the reconstruc-

tions from the two methods; and (2) the slightly higher clatiens associated with the RegEM-Ridge

reconstructions offset the errors associated with vaedogses.

5. Discussion
We have evaluated the performance of a widely used anditraditmultivariate regression method,
CCA, for the purpose of reconstructing climate fields overltist millennium. The advantages of the
method in such a context reside in the interpretability efrdconstructed patterns and the relative effi-
ciency of the algorithm. The method also operationalizeghhee principal choices of a reconstruction
method: the degree of spatial reduction in the target anxldrelds and the regularization of the least-
squares regression. Derived skill statistics can be neaatiérpreted for their dependence on these
three choices and therefore provide a measure of the untertaassociated with the selection of the
statistical model. Characterization of this uncertaistjurther aided by the computational efficiency
of the CCA method by allowing collections of reconstrucidn be calculated. In the present work
we have generated reconstructions from all possible caatibims of the CCA dimensions between 1
and 50 modes, which has provided robust estimates of thedgpendence on these selections. Fur-
ther work will similarly allow calculations of reconstruch ensembles generated from multiple noise
realizations in the proxy or target fields. The method of threethsional selection is of course the
biggest challenge for deriving robust predictions of péistate fields while also guarding against the
likelihood of artificial skill. We have provided a heuristiteans of selecting these dimensions, but al-
ternative approaches undoubtedly exist. Further apmicatf the CCA method may therefore dictate
improved means of dimensional selection.

We have also compared the CCA results to those derived uggg&R-Ridge. Our results show

that the methods produce very similar results, with the pttae of the larger variance losses observed
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in the RegEM-Ridge reconstructions. The smaller varianssds and mean biases associated with
the CCA method might warrant its use over RegEM-Ridge, beitlifferences are minor as measured
in the total RMSE. The source of variance losses is likelypeassed with the manner in which the
eigenvalue spectra are truncated in the two methods. Retgession filters the eigenvalue spectrum
using a continuous filter function, i.e. there is no abrugeavalue truncation like that applied in CCA
where modes that cannot be reliably calibrated are simplyps&ero. This was indeed one reason why
RegEM-Ridge was originally proposed as a potentially athgeous method in CFR contexts (Schnei-
der 2001). A consequence of the continuous filtering fumcthmwever, is the fact that leading modes
may be overly dampened if only a small number of them carrygelpercentage of the total variance,
as in the case of the CFR application presently considerexda Aemonstration of this fact, Figure
12 plots the eigenspectra for the true model field and for tbgER1-Ridge and CCA reconstruction
fields at SNR levels of 1.0 and 0.5. The figure demonstrategtibascaling of the lower-order modes
is similar for the two reconstruction methods except forréduced magnitudes of the RegEM-Ridge
eigenvalues and the abrupt transitions to zero in the CCAtspeThe similarity of the spectra in the
lower-order modes, and the similarity of the correlatiotdBein Figures 8 and 11, indicates that the
two methods are likely reconstructing similar patternsl differ primarily by the dampened variabil-
ity of the leading modes in the RegEM-Ridge spectrum. By st} the finite truncation of the CCA
method yields leading modes that are unaffected by thedtiorc The result is effectively very similar
reconstructions that differ primarily by the amount of @ace preserved.

The above discussion raises the important and yet-to-pkxiexed difference between pseudoproxy
CFRs derived using RegEM-Ridge and RegEM-TTLS. This lattethod has been shown to perform
well in one pseudoproxy context, particularly in terms efability to reproduce the NH mean index
(Mann et al. 2007a), while the former has not. The originglaxation for the differences between the
performance of RegEM-Ridge and RegEM-TTLS was tied to thecten of the ridge parameter by
means of generalized cross validation (GCV) in RegEM-Riddann et al. 2007a,c). Because GCV
was not used within RegEM-TTLS, Mann et al. (2007a,c) cotetlthat the problem was specific
to RegEM-Ridge. Smerdon et al. (2008a), however, demdesitthat the mean biases and variance
losses in RegEM-Ridge were not associated with the GCV tsetteof the ridge parameter, leaving the
differences between the two regularization proceduregplamed. Prior to the CCA results presented

herein, one could have argued that the different approdolegenvalue truncation in the two RegEM
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regularization methods still might explain their diffeoes. This argumentis unlikely, however, in light
of the fact that CCA and RegEM-TTLS both truncate the eigkrvapectrum and CCA still suffers
from warm biases and variance losses. Moreover, the sisfitaitcomings observed for the Mann et al.
(1998) CFR method noted by von Storch et al. (2004, 2006)@tpthe idea that the effects cannot
be connected to something specific in RegEM-Ridge. It tloeeeis unlikely that differences in the
reported performance of multiple CFRs can be specificabpeiated with the method of eigenvalue
truncation or filtration, pointing to the need for alternatexplanations.

Comparisons of the field performances of the different mgghaill ultimately help explain some
of the above inconsistencies. While a complete investigaif the differences between the two RegEM
methods is outside the scope of this paper, some prelimiasgrvations are possible. Mann et al.
(2007a) provide validation statistics for RegEM-TTLS wgsihe same calibration (1856-1980 C.E.) and
reconstruction (850-1855 C.E.) intervals used herein,iacidde the mean? values for the NH field
(labeled Multivariate2 in Table 1 of Mann et al. (2007a)). Their experiments d, enél la correspond
to the same white-noise pseudoproxy experiments perfotraegin for SNRs of infinity, 1.0, 0.5 and
0.25, respectively (although these pseudoproxies invdifferent noise realizations). The principal
difference between these experiments is that Mann et ab.7@®Pperformed hybrid reconstructions that
calibrate separately in high- and low-frequency domaipkt(@t the 20-year period), before combining
the two reconstructed domains in a final CFR; the authorsrtéipere to be little difference between
hybrid and non-hybrid results.

The r? values reported in Mann et al. (2007a) for RegEM-TTLS ar®00B23, 0.19 and 0.06,
for SNRs of infinity, 1.0, 0.5 and 0.25, respectively. Theakigs are equivalently 0.51, 0.36, 0.20,
and 0.05 for CCA, and 0.48, 0.37, 0.23, and 0.07 for RegEMy&idExcept for the highest noise
level, for which all methods perform similarly poorly (ancedikely within uncertainties imposed by
different pseudoproxy noise realizations), these validastatistics indicate that CCA and RegEM-
Ridge produce CFRs with more field skill than RegEM-TTLS. Maat al. (2007a) also provide the
r? values between the target and reconstructed NH means: @87, 0.83, and 0.34 for SNRs of
infinity, 1.0, 0.5 and 0.25, respectively, as compared t6,00874, 0.52 and 0.17 for CCA and 0.83,
0.73, 0.55, and 0.24 for RegEM-Ridge. RegEM-TTLS thus apgeproduce more skillful mean NH
time series than CCA and RegEM-Ridge, whereas the lattemeihods produce more skillful field

reconstructions. The potential differences between kiydomd non-hybrid methods notwithstanding, it
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is possible that the reduced field skill associated with tagEM-TTLS reconstructions is the result
of targeting only a few leading modes in the field, i.e. thdsd most strongly to the field mean.
Such an application of RegEM-TTLS is indeed discussed amularad in Mann et al. (2008), who
target specifically a NH index reconstruction. An approdet exclusively targets the NH mean could
therefore yield skillful NH mean results, but provide kttlield skill. Similarly, one would expect the
field skills to be comparable at high noise levels when allhods are effectively targeting only a few
leading modes, which is indeed observed in the above cosqrei

It is also important to highlight the observed concentratd the highest field correlations (and
preserved variance) in those areas with high pseudoproxgerdrations, a feature of both the CCA
and RegEM-Ridge CFRs. Although this result may seem inyitit is not necessarily an expected
characteristic of either the CCA or RegEM-Ridge methodsthBx these techniques attempt to re-
construct large-scale climate patterns by discarding Ilemstale modes of variability and noise. In
spite of this emphasis on large-scale patterns, the oldemeelation distributions suggest that the
methods perform best where dense sampling exists, indic#tat low-noise proxies outside of the
highly sampled regions would have the most potential to owerCFR field skill. It is important,
however, to understand better the origin of the observelll glmncentrations and their dependence
on the underlying character of the target field. In the cash@feported pseudoproxy experiments,
the skill patterns are dependent on the internal statisfitse model-simulated climate. Integrations
from two different GCMs were used by von Storch et al. (20@D6) to test the Mann et al. (1998)
method and results where consistent across the simulatiadesms of the NH means. The authors
also reported no significant dependence on the samplingodison. Similarly, Mann et al. (2007a)
indicated no significant sensitivity to the two GCM integoas or sampling distribution used to test
RegEM-TTLS. Christiansen et al. (2009) use yet another iiotegration and method for generating
ensemble statistics and observed mean biases and varamses in NH means derived from multiple
methods. It therefore is unlikely that differences in madtdgrations will affect the gross performance
of reconstruction methods already reported. Neverthgllessinderlying field performance of CFRs is
likely more sensitive to the spatial statistics of the madedulations and should be tested on multiple
model integrations. More experiments using observatidatd (e.g. Evans et al. 2001, 2002) are also
needed in order to determine whether the skill patternsedighsproxy experiments are similar to those

estimated from real-world datasets.
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The above discussion leads to one final point of discussigarding the strengths and weakness
of pseudoproxy experiments. Pseudoproxy research hasgated under the assumption that modeled
climates are a good approximation of real-world field chemastics. This assumption may require the
most caution, however, when interpreting results depenalehe underlying spatial statistics of the
field and the associated teleconnections. Furthermorserstiuctures in real-world proxies are un-
doubtedly more complicated than the white noise models ustids study. While it is appropriate to
approach the results contained herein as a best-caseis¢cémdher work is necessary to more faith-
fully capture the nonlinear, multivariate and nonstatignaoise characteristics that are likely present
in many proxy series (e.g. North et al. 2006). For instarme®-ting models have been developed to
simulate dendroclimatic series and have been applied ieraestudies with notable success (Evans
et al. 2006; Anchukaitis et al. 2006). Such work will ultirat help to incorporate more representa-
tive noise structures into pseudoproxy series and thexgfmvide more realistic evaluations of CFR

methods.

6. Conclusions

Successful application of the CCA method to the problem obmstructing NH temperature fields
during the last millennium has been demonstrated and eealusing pseudoproxies. An element of
this application involved the development of a selectiascpdure for the three CCA dimensions. We
have demonstrated a “leave-half-out” cross-validati@mtpdure that selects a robust and parsimonious
model selection while guarding against artificial skill hretreconstruction. Our experiments demon-
strate that the CCA method faithfully reconstructs betw@emd 18 climatic patterns given a proxy
distribution approximating the Mann et al. (1998) proxyvmatk and a range of observational uncer-
tainties from no noise to an SNR of 0.25 (the exact numbersafived patterns will of course vary with
different noise realizations at a given SNR value and islidedin the pseudoproxy framework). Sub-
sequent application of the CCA method to real-world climatexies is thus easily attainable in future
work. The transparency of the CCA method and its well-dgwedbtheoretical basis in the literature
is a strong motivation for its application. These charasties provide straightforward evaluations of
the CCA model selection and the source of skill in derivednstructions. The results of our pseu-
doproxy experiments, however, suggest that CFRs derivied) @CA, just like those derived from

RegEM-Ridge, should be interpreted carefully when appitethe problem of reconstructing large-
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scale climate patters during the Common Era. We note inquéati that CCA CFRs have the potential
to suffer from significant mean biases and variance losgessa range of noise levels spanning those
of real-world proxies.

Field correlations were also shown to diminish significamtlth increasing noise, particularly in
regions with few or no pseudoproxies. Given that SNRs inpeaty records are estimated to be on the
order of 0.4 (e.g. Mann et al. 2007a) and typically char@terby more complicated autoregressive
and moving average structures than the white-noise modelsted herein, the observed skill reduc-
tions should be considered a best-case scenario. In redd-@&Rs derived with CCA, the spatial
patterns of the above characteristics would likely depemdtdeast five factors: (1) the spatial distri-
bution of the proxies; (2) the magnitude and character oda@i the proxy network; (3) the spatial
coherence of the target field, i.e. the strength and charafits teleconnections; (4) the true historical
variability of the climate during the reconstruction intak, and (5) the length of the calibration period
used for estimating proxy-climate correlations. The deleeice of the spatial skill associated with the
CCA method to these factors requires further testing usduitianal model-generated and observa-
tional fields. Nevertheless, our results are robust withe\@SM model integration and are supported
by their close correspondence with reconstructions deiseng the RegEM-Ridge method.

Comparisons between reconstructions derived from CCA agERI-Ridge demonstrate strong
similarities between the two methods, both in terms of thevdd mean NH temperatures and the
spatial characteristics of the reconstructed fields. Ihésdfore difficult to argue for the advantages
of RegEM-Ridge over the more traditional CCA applicatioright of the similar skill performance
observed for both methods and the higher conceptual cormtybexd computational costs of RegEM-
Ridge. Furthermore, these similarities are encouragiggroeng the consistency of the two linear
methods, but are also an indication that there may be prabéardemic to the present generation of
CFR methods used to reconstruct large-scale temperatttegnsaduring the last millennium. More
research therefore is needed to characterize the perfeem@imultiple CFR methods in terms of
their field performance and to draw distinct conclusionsuabloe similarities and differences across a
range of methods. These results are particularly needée icantext of CFRs derived from real-world
proxies as a means of deriving a better description of themaioties in these results.

The good agreement between the CCA and RegEM-Ridge reatitef points to the need to un-
derstand the differences in the performance of the RegEd#id&kand RegEM-TTLS methods. Initial
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comparisons explored herein indicate that RegEM-TTLS rmaglyoce more skillful NH mean indices,
while yielding CFRs that are less skillful than those pragtliby either CCA or RegEM-Ridge. Resolv-
ing the origin of these differences is not only importantd$tardies that have attempted to reconstruct
temperatures over the last millennium (Rutherford et ab5320/ann et al. 2005, 2007a, 2008), but also
for efforts that have applied RegEM in other contexts (elgarf) et al. 2004; Steig et al. 2009). This
necessity is further supported by the fact that pseudopegpgriments have demonstrated differences
between the performance of the two RegEM regularizatiomaggies, while real-world reconstruc-
tions of millennial temperatures have not been notablyedzffit - at least in their representation of the
NH mean (Mann et al. 2007a). Each of these observationsatedichat the focus within the literature
on only NH means is insufficient for evaluating CFR methods éueir derived results. Furthermore,
explaining the performance differences between variolR @Ethods remains an open research ques-
tion, but the persistence of similar problems in now mudtipldependent linear reconstruction methods

suggests that caution must be exercised in the interpratafipublished real-world CFR results.

Acknowledgments

This research was supported in part by the National Sciengadation by grant ATM04-07909 to AK
and by the National Oceanic and Atmospheric Administralia. Department of Commerce, by grant
NAO070AR4310060 to JES, AK and MNE and by grant NAOAR432094.2ES and AK under the
Cooperative Institute for Climate Applications Reseal€lOAR). Part of this research was completed
while DC was supported by a research internship from the Hsi@tience Pipeline Project and JES
was supported by a Mellon Postdoctoral Fellowship, botbugh the Department of Environmental
Science at Barnard College. The statements, findings, asiods, and recommendations are those of
the authors and do not necessarily reflect the views of theathe above organizations or agencies.
LDEO contribution XXXX.

References

Ammann, C. M., F. Joos, D. S. Schimel, B. L. Otto-Bliesned & A. Tomas, 2007: Solar influence
on climate during the past millennium: Results from trans@mulations with the NCAR Climate
System ModelProc. Nat. Acad. Sci. USA04, 3713-3718, doi:10.1073-pnas.0605064.103.

30



809

810

811

812

813

814

815

816

817

818

819

820

821

822

823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

Anchukaitis, K. J., M. N. Evans, A. Kaplan, E. A. Vaganov, M.Hughes, H. D. Grissino-Mayer, and
M. A. Cane, 2006: Forward modeling of regional scale tregrpatterns in the southeastern United
States and the recent influence of summer drougbtphys. Res. LetB83, L04705, doi:10.1029/2005GL025050.

Anderson, T.W., 1984An Introduction to Multivariate Statistical Analysi&nd ed. Wiley-Interscience,
704 pp.

Barnett, T., and R. Preisendorfer, 1987: Origins and levElaonthly and seasonal forecast skill for
United States surface air temperature determined by cealacorrelation analysisvionthly Weather
Review 115 1825-1850.

Bretherton, C., C. Smith, and J.M. Wallace, 1992: An interparison of methods for finding coupled
patterns in climate datd. Climate 5, 541-560.

Beltrami, H., 2002: Climate from borehole data: Energy fhiaad temperatures since 15@kophys.
Res. Lett.29, doi:10.1029/2002GL015702.

Briffa, K. R., 2000: Annual climate variability in the Holeae: interpreting the message of ancient
trees.Quat. Sci. Reyl19, 87-105.

Briffa, K. R., and T. J. Osborn, 2002: Blowing hot and cdBtience295, 2227-2228.
Briffa, K. R., T.J. Osborn, F.H. Schweingruber, I.C. Har®D. Jones, S.G. Shiyatov, S.G. and E.A.
Vagano, 2001: Low-frequency temperature variations fronodhern tree ring density networkl.

Geophys. Resl06, 2929-2941.

Broecker, W.S., 2001: Paleoclimate - Was the medieval wagnog global? Science 291, 5508,
1497-1499.

Burger, G., and U. Cubasch, 2005: Are multiproxy climateorestructions robust®%eophys. Res.

31



839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

Lett, 32, L23711, d0i:10.1029/2005GL024155.

Burger, G., I. Fast, and U. Cubasch, 2006: Climate recoastm by regressionTellus Ser. A,58,
227235.

Casty, C., D. Handorf, and M. Sempf, 2005: Combined wintanate regimes over the North At-
lantic/European sector 1766-20@eophys. Res. LetB2, L13801, doi:10.1029/2005GL022431.

Christiansen, B. T. Schmith, and P. Thejll, 2009: A surregatsemble study of climate reconstruction
methods: Stochasticity and robustnek<;limate 22(4), 951-976, DOI:10.1175/2008JCLI2301.1.

Cook, E. R., K. R. Briffa, and P. D. Jones, 1994: Spatial regisn methods in dendroclimatology: A

review and comparison of two techniquést. J. Climatol, 14, 379-402.

Cook, E., J. Esper, and R. D'Arrigo, 2004: Extra-tropicalrtlern Hemisphere land temperature
variability over the past 1000 yeai®Quat. Sci. Rey23, 2063-2074.

Crowley, T. J., and T. S. Lowery, 2000: How warm was the Medi&/arm PeriodAmbiq 29, 5154.

D’Arrigo, R., R. Wilson, and G. Jacoby, 2006: On the longtiezontext for late twentieth century
warming.J. Geophys. Resl11, D03103, doi:10.1029/2005JD006352.

D’Arrigo, R., R. Wilson, and A. Tudhope, 2009: The impact ofecanic forcing on tropical tempera-

tures during the past four centuridéature Geoscj.2, 51-56.

Esper, J., E. R. Cook, and F. H. Schweingruber, 2002: Loguieacy signals in long tree-ring chronolo-
gies for reconstructing past temperature variabifigience295, 2250-2253.

Evans M.N., A. Kaplan, M.A. Cane, and R. Villalba, 2001: Gatity and optimality in climate field

reconstructions from proxy data, in V. Markgraf (eBresent and Past Inter-Hemispheric Linkages in

32



869

870

871

872

873

874

875

876

877

878

879

880

881

882

883

884

885

886

887

888

889

890

891

892

893

894

895

896

897

898

the Americas and Their Societal EffedBambridge University Press, p. 53-72.

Evans, M. N., A. Kaplan, and M. A. Cane, 2002: Pacific sea serteamperature field reconstruc-
tion from coral 5'*0 data using reduced space objective analyBaleoceanographyl7(1), 1007,
doi:10.1029/2000PA000590.

Evans, M.N., B.K. Reichert, A. Kaplan, K.J. AnchukaitisAEVaganov, M.K. Hughes and M.A. Cane,
2006: A forward modeling approach to paleoclimatic intetption of tree-ring datal. Geophys. Res.
111, G03008, doi:10.1029/2006JG000166

Folland, C.K., T.R. Karl, J.R. Christy, R.A. Clarke, G.V.@za, J. Jouzel, M.E. Mann, J. Oerlemans,
M.J. Salinger, and S.-W. Wang, 2001: Observed Climate Waitya and Change. pp. 99-181 In:
Climate Change 2001: The Scientific Bast®ntribution of Working Group | to the Third Assessment
Report of the Intergovernmental Panel on Climate ChangaigHton, J.T., Ding, Y., Griggs, D.J.,
Noguer, M., van der Linden, P.J., Dai, X., Maskell, K. andrdgdn, C.A. Eds.). Cambridge University
Press, Cambridge, UK, 881 pp.

Fritts, H. C., T. J. Blasing, B. P. Hayden, and J. E. Kutzbd&71: Multivariate techniques for speci-
fying tree-growth and climate relationships and for re¢arding anomalies in paleoclimaté. Appl.
Meteorol, 10, 845-864

Gonzalez-Rouco, F., H. von Storch, and E. Zorita, 2003: fD=m®l temperature as proxy for surface
air-temperature in a coupled model simulation of the lagtifand yearsgGeophys. Res. LetB0(21),
2116, doi:10.1029/2003GL018264.

Gonzalez-Rouco, J. F., H. Beltrami, E. Zorita, and H. voor&t, 2006: Simulation and inversion of
borehole temperature profiles in surrogate climates: 8lpaistribution and surface couplingseo-
phys. Res. Leit33, L01,703,d0i:10.1029/2005GL024,693.

Groveman, B. S., and H. E. Landsberg, 1979: Simulated northemisphere temperature departures

33



899

900

901

902

903

904

905

906

907

908

909

910

911

912

913

914

915

916

917

918

919

920

921

922

923

924

925

926

927

928

1579-1880Geophys. Res. Lettb, 767-770.

Golub, G. H. and C. F. Van Loan, 1998atrix ComputationsJohns Hopkins University Press, 3rd
Ed.

Harris, R.N., and D.S. Chapman, 2001: Mid-latitud&°(N — 60°/) climatic warming inferred by

combining borehole temperatures with surface air tempegatGeophys. Res. LetR8, 747-750.

Hegerl, G. C., T. Crowley, M. Allen, W. T. Hyde, H. Pollack, Smerdon, and E. Zorita, 2007:
Detection of human influence on a new 1500 yr climate recaostm. J. Climate 20, 650-666,
DOI:10.1175/JCLI4011.1.

Huang, S., H.N. Pollack, and P.Y. Shen, 2000: Temperaterelsr over the last five centuries recon-

structed from borehole temperaturdkature 403 756-758.

Hughes, M.K. and H.F. Diaz, 1994: Was there a medieval wamogeand if so, where and when?
Clim. Ch, 26, 2-3, 109-142.

Huybers, P., 2005: Comment on “Hockey sticks, principal ponents, and spurious significance” by
S. Mclintyre and R. McKitrick Geophys. Res. LetB2, L20705, doi:10.1029/2005GL023395.

Jansen, E., J. Overpeck, K.R. Briffa, J.-C. Duplessy, FsJdgoMasson-Delmotte, D. Olago, B. Otto-
Bliesner, W.R. Peltier, S. Rahmstorf, R. Ramesh, D. RaynauRind, O. Solomina, R. Villalbaand D.
Zhang, 2007: Palaeoclimate. I@limate Change 2007: The Physical Science BaSwntribution of
Working Group | to the Fourth Assessment Report of the Iteeghmental Panel on Climate Change
(Solomon, S., D. Qin, M. Manning, Z. Chen, M. Marquis, K.B.ekyt, M. Tignor and H.L. Miller
(eds.)). Cambridge University Press, Cambridge, Unitetggom and New York, NY, USA.

Jones, P.D., K.R. Briffa, T.J. Osborn, J.M. Lough, T.D. vani®en, B.M. Vinther, J. Luterbacher, E.R.
Wabhl, F.W. Zwiers, M.E. Mann, G.A. Schmidt, C.M. Ammann, B.Buckley, K.M. Cobb, J. Esper,

34



929

930

931

932

933

934

935

936

937

938

939

940

941

942

943

944

945

946

947

948

949

950

951

952

953

954

955

956

957

958

H. Goosse, N. Graham, E. Jansen, T. Kiefer, C. Kull, M. Kiite Mosely-Thompson, J.T. Overpeck,
N. Riedwyl, M. Schulz, A.W. Tudhope, R. Villalba, H. Wanné&t, Wolff, E. Xoplaki, 2009: High-
resolution paleoclimatology of the last millennium: a ewiof current status and future prospects,

Holocene 19, 3-49.

Jones, P. D., and M. E. Mann, 2004: Climate over past mileenilev. Geophys42, RG2002,
doi:10.1029/2003RG000143.

Jones, P. D., M. New, D. E. Parker, S. Martin, and J. G. Rige®91 Surface Air Temperature and its
Changes over the Past 150 YedRev. Geophys37, 173-199.

Jones P.D., K.R. Briffa, T.P. Barnett, and S.F.B. Tett, 139i§h-resolution palaeoclimatic records for
the last millennium: Interpretation, integration and camgon with general circulation model control-

run temperatureddolocene 8, 455-471.

Kuttel, M., J. Luterbacher, E. Zorita, E. Xoplaki, N. Riegiwand H. Wanner, 2007: Testing a European
winter surface temperature reconstruction in a surrogateate. Geophys. Res. Lett34, L07710,
doi:10.1029/2006GL027907.

Lee, T.C.K, FW. Zwiers, and M. Tsao, 2007: Evaluation ofyyxtvased millennial reconstruction
methods Clim. Dyn, DOI 10.1007/s00382-007-0351-9

Luterbacher, J., C. Schmutz, D. Gyalistras, E. Xoplaki, &hdVanner, 1999: Reconstruction of
monthly NAO and EU indices back to AD 1676eophys. Res. LetR6, 2745-2748.

Luterbacher, J., D. Dietrich, E. Xoplaki, M. Grosjean, andwhnner, 2004: European seasonal and

annual temperature variability, trends, and extreme®sis00.Science303 149-1503.

Luterbacher, J., R. Rickli, C. Tinguely, E. Xoplaki, E. Sigtvach, D. Dietrich, J. Hsler, M. Ambhl, C.
Pfister, P. Beeli, U. Dietrich, A. Dannecker, T. D. DaviesDPJones, V. Slonosky, A. E. J. Ogilvie, P.

35



959

960

961

962

963

964

965

966

967

968

969

970

971

972

973

974

975

976

977

978

979

980

981

982

983

984

985

986

987

988

Maheras, F. Kolyva-Machera, J. Martin-Vide, M. Barriendigls J. Alcoforado, F. Nunez, T. Jonsson,
R. Glaser, J. Jacobeit, C. Beck, A. Philipp, U. Beyer, E. Kdaschmith, L. Barring, P. Jonsson, L.
Racz, L. and H. Wanner, 2000: Reconstruction of monthly nsearevel pressure over Europe for the

Late Maunder Minimum period (1675-171%jt. J. Climatol, 20, 1049-1066.

Mann, M.E., Ammann, C.M., Bradley, R.S., Briffa, K.R., Cray, T.J., Hughes, M.K., Jones, P.D.,
Oppenheimer, M., Osborn, T.J., Overpeck, J.T., Rutherrdlrenberth, K.E., Wigley, T.M.L., 2003:
On past temperatures and anomalous late 20th-century WwalEog 84, 256-258.

Mann, M.E., 2002: The Value of Multiple ProxieScience297, 1481-1482.

Mann, M. E., and S. Rutherford, 2002: Climate reconstructising pseudoproxie§seophys. Res.
Lett, 29(10), 1501, doi:10.1029/2001GL014554.

Mann, M. E., R. S. Bradley, and M. K. Hughes, 1998: Globalestamperature patterns and climate
forcing over the past six centurieature 392, 779-787.

Mann, M. E., R. S. Bradley, and M. K. Hughes, 1999: Northermiiéphere temperatures during the

past millennium: Inferences, uncertainties, and limitasi. Geophys. Res. LetR6, 759-762.

Mann, M. E., S. Rutherford, E. Wahl, and C. Ammann, 2005: ifigghe fidelity of methods used in
proxy-based reconstructions of past climakeClimate 18, 4097-4107.

Mann, M. E., S. Rutherford, E. Wahl, and C. Ammann, 2007a: URtiess of proxy-based climate
field reconstruction methods. Geophys. Resl12 D12109, doi:10.1029/2006JD008272.

Mann, M.E., Rutherford, S., Wahl, E., Ammann, C., 2007b: IRgp Comments on “Testing the
Fidelity of Methods Used on Proxy-based Reconstructiorizast Climate” by Zorita et all. Climate
20, 3699-3703.

Mann, M.E., Rutherford, S., Wahl, E., Ammann, C., 2007c: IRgp Comments on “Testing the

36



989

990

991

992

993

994

995

996

997

998

999

1000

1001

1002

1003

1004

1005

1006

1007

1008

1009

1010

1011

1012

1013

1014

1015

1016

1017

1018

Fidelity of Methods Used on Proxy-based ReconstructioriRast Climate” by Smerdon and Kaplan.
J. Climate 20, 5671-5674.

Mann, M. E., Z. Zhang, M. K. Hughes, R. S. Bradley, S. K. Mill& Rutherford, and F. Ni, 2008:
Proxy-based reconstructions of hemispheric and globdheaitemperature variations over the past
two millennia.Proc. Nat. Acad. Sci. USAOQ5, 36, 13252-13257.

Mclintyre, S., and R. McKitrick, 2005: Hockey sticks, pripal components, and spurious significance.
Geophys. Res. LetB2, L03710, doi:10.1029/2004GL021750.

Moberg, A., R. Mohammad, and T. Mauritsen, 2008: AnalysithefMoberg et al. (2005) hemispheric
temperature reconstructio@lim. Dyn, 31, 957-971, doi: 10.1007/s00382-008-0392-8.

Moberg, A, D.M. Sonechkin, K. Holmgren, N.M Datsenko, W. K, 2005: Highly variable Northern
Hemisphere temperature reconstructed from low- and hegbtution proxy dataNature 433 7026,
613-617.

North, G.R. et al., 2006Surface Temperature Reconstructions for the Last 2,006 YEhe National
Academies Press, Washington D.C., 196 pp.

Pauling, A., J. Luterbacher, C. Casty, and H. Wanner, 20@® years of gridded high-resolution
precipitation reconstructions over Europe and the commedtd large-scale circulationClim. Dyn,
26, 387-405.

Pollack, H. N., and J. E. Smerdon, 2004: Borehole climatenstuctions: Spatial structure and
hemispheric average3. Geophys. Resl09 D11106, doi:10.1029/2003JD004163.

Preisendorfer, R., F. Zwiers and T.P. Barnett, 1981: Fotima of principal component selection
rules, SIO Ref. Ser. 81-4.

Riedwyl, N., M. Kittel, J. Luterbacher, H. and Wanner, 20@®mparison of climate field reconstruc-

37



1019

1020

1021

1022

1023

1024

1025

1026

1027

1028

1029

1030

1031

1032

1033

1034

1035

1036

1037

1038

1039

1040

1041

1042

1043

1044

1045

1046

1047

1048

tion techniques: Application to Europ€lim. Dynam, 32, 381-395

Rutherford, S., and M. E. Mann, 2004: Correction to Optimaface temperature reconstructions us-
ing terrestrial borehole data by Mann etalGeophys. Resl09 D11107, doi:10.1029/2003JD004290.

Rutherford, S., M. E. Mann, T. J. Osborn, R. S. Bradley, K. Rff8 M. K. Hughes, and P. D.
Jones, 2005: Proxy-based Northern Hemisphere surfaceetatnpe reconstructions: Sensitivity to

methodology, predictor network, target season and tametth.J. Climate 18, 2308-2329.

Rutherford, S., Mann, M.E., Wahl, E., Ammann, C., 2008: Replcomment by Jason E. Smerdon
et al. on “Robustness of proxy-based climate field recon8tm methods.”J. Geophys. Resl13
D18107, doi:10.1029/2008JD009964.

Schneider, T., 2001: Analysis of incomplete climate datstirgation of mean values and covariance

matrices and imputation of missing valudsClimate 14, 853-887.

Smerdon, J.E., and A. Kaplan, 2007: Comments on “Testindidledity of methods used in proxy-
based reconstructions of past climate”: The role of thedstetization interval.J. Climate 20, 22,
5666-5670.

Smerdon, J.E., A. Kaplan, and D. Chang 2008a: On the stazd#imh sensitivity of RegEM climate
field reconstructions]. Climate 21(24), 6710-6723.

Smerdon, J.E., J.F. Gonzalez-Rouco, and E. Zorita, 2008mment on “Robustness of proxy-based
climate field reconstruction methods” by Michael E. Mann let & Geophys. Res113 D18106,
doi:10.1029/2007JD009542.

Steig, E.J., D.P. Schneider, S.D. Rutherford, M.E. Marmd, @omiso, D.T. Shindell, 2009: Warming
of the Antarctic ice sheet surface since the 1957 InternatiGeophysical YealNature 1457, 459-
463.

38



1049
wso  Tippett, M. K., M. Barlow, and B. Lyon, 2003: Statistical cection of Central Southwest Asia winter
ws1  precipitation simulationdnt. J. Climatol, 23, 1421-1433.

1052

wss  Tippett, M. K., T. DelSole, S. J. Mason, and A. G. Barnstomn)20Regression-Based Methods for
102 Finding Coupled Patternd. Climate 21(17), 4384-4398.

1055

10ss  VON Storch, H., and F.W. Zwiers, 2008tatistical Analysis in Climate Reseay€ambridge University
1057 Press, Cambridge, United Kingdom, 484 pp.

1058

105 von Storch, H., and E. Zorita, 2005: Comment on “Hockey stigkincipal components, and spurious
we0  Significance” by S. Mcintyre and R. McKitriclGeophys. Res. Let82, L.20701, doi:10.1029/2005GL022753.
1061

we2 VOn Storch, H., E. Zorita, J. M. Jones, Y. Dimitriev, F. GaleZ-Rouco, and S. F. B. Tett, 2004:
10ss  Reconstructing past climate from noisy dedaience306, 679-682.

1064

w05 VON Storch, H., E. Zorita, J. M. Jones, F. Gonzalez-Roucal, &. F. B. Tett, 2006: Response to
1066 COMMent on “Reconstructing past climate from noisy dédaience312, 529c.

1067

w0es Wahl, E. R., and C. M. Ammann, 2007: Robustness of the ManadIBy, Hughes reconstruction of
0e0  SUrface temperatures: Examination of criticisms basedemature and processing of proxy climate
w7 evidenceClim. Ch, 85, 1-2, 33-69.

1071

w2 Wahl, E. R., D. M. Ritson, and C. M. Ammann, 2006: Comment oa¢&nstructing past climate from
w073 NOISYy data.”Science312, 529b.

1074

s Wilks, D. S., 1995 Statistical Methods in the Atmospheric Sciendssademic Press: New York., 467
1076 PP.

1077

s Xoplaki, E., J. Luterbacher, H. Paeth, D. Dietrich, N. SégiM. Grosjean, and H. Wanner (2005), Eu-

39



1079

1080

1081

1082

1083

1084

1085

1086

1087

ropean spring and autumn temperature variability and ahahgxtremes over the last half millennium.
Geophys. Res. LetB2, L15713, doi:10.1029/2005GL023424.

Zhang, Z., M.E. Mann, E.R. Cook, 2004: Alternative methoflproxy-based climate field recon-
strucion: application to summer drought over the conteominUnited States back to AD 1700 from

tree-ring dataHolocene 14, 502-516.

Zorita, E., J. F. Gonzéalez-Rouco, and H. von Storch, 20@m@ent on “Testing the fidelity of meth-
ods used in proxy-based reconstructions of past climat&éyn et al.J. Climate 20, 14, 2693-3698.

40



Absolute minimum RMSE
SNR RMSE d., d, d

Absolute maximum NHMC
NHMC RMSE d., d, d. NHMC
Inf. 04838 21 26 50 0.8178 0.5157

1.0 0.5608 24 27 45 0.7207 0.5670

21 41 35 0.8697

20 27 35 0.7356
05 0.6545 15 25 47 0.6275 0.6744 25 34 32 0.6905

0.25 0.7077 3 44 4 0.2799 0.7294 4 12 44 0.4376

Table 1: CCA reconstruction statistics using the absoluteémum RMSE or maximum NHMC criteria
during the calibration interval (1856-1980 C.E.).
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Preferred Solutions
SNR RMSE d, d, d NHMC
Inf. 0.4839 18 25 36 0.8378
1.0 05636 13 27 21 0.7031
05 0.6562 7 28 12 0.6162
0.25 0.7077 3 44 4 0.2799

Table 2: CCA reconstruction statistics for the preferrelditsans in which parsimonious dimensional

combinations have been chosen as the first local minimumedRMSE statistic.
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SNR Infinity SNR 1.0 SNR 0.5 SNR 0.25
CCARank Cal. Recon. Cal. Recon. Cal. Recon. Cal. Recon.

1 0999 0991 0.975 0.916 0.920 0.734 0.876 0.397
2 0.997 0.990 0.969 0.875 0.895 0.653 0.792 0.454
3 0.996 0.987 0.958 0.853 0.876 0.528 0.719 0.252
4 0994 0969 0.936 0.839 0.817 0.700 — —
5 0.989 0.965 0.928 0.810 0.785 0.6711 — —
6 0.984 0.950 0.905 0.671 0.694 0.252 — —
7 0.983 0.951 0.869 0.652 0.658 0.333 — —
8 0.975 0.899 0.820 0.638

9 0971 0.916 0.803 0.553

10 0.964 0.889 0.764 0.422

11 0.956 0.861 0.757 0.586

12 0.950 0.875 0.625 0.364

13 0.913 0.700 0.592 0.279

14 0.912 0.815

15 0.887 0.752

16 0.879 0.800

17 0.820 0.548

18 0.747 0.644

Table 3: Correlation statistics between the true canonéaperature time serie§),;, and those pre-
dicted by the proxy PCs, i.éiccaQ;F. Statistics are shown for both the reconstruction and icldn

intervals.
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CCA
SNR NHMC Mean of Field Correlations Mean STD Ratio Mean Bi§fs (Local RMSE Mean (K)

Inf. 0.93 0.69 0.76 0.04 0.37
1.0 0.86 0.58 0.58 0.09 0.45
0.5 0.72 0.43 0.44 0.17 0.53
025 041 0.22 0.37 0.23 0.61
RegEM-Ridge
SNR NHMC Mean of Field Correlations Mean STD Ratio Mean Bi§fs (Local RMSE Mean (K)
Inf. 0.91 0.68 0.47 0.01 0.42
1.0 0.86 0.60 0.37 0.11 0.47
0.5 0.74 0.46 0.23 0.20 0.55
0.25 049 0.24 0.15 0.26 0.61

Table 4: Validation statistics computed during the recacsion interval (850-1855 C.E.) for the CCA
and RegEM-Ridge reconstructions. Reconstructions frazth esethod were derived with the same set

of pseudoproxies at all noise levels. All field statisticsevereighted by the cosine of the mid-latitude
for each grid cell.
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Figure 1: Map of grid-cell locations for the pseudoproxywatk chosen to approximate the Mann et

al. (1998) proxy locations.
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d Ccca

NHMC (r)

0.66 0.68 0.7 0.72 0.74 0.76

Figure 2: Cross-validation statistics during the calilmrainterval (1856-1980 C.E.) for the ensemble
of CCA reconstructions at an SNR of 0.5. Colors in the figukaate the value o,..., which ranges
from 1-50. The symbols in the figure correspond to the follmpCCA solutions: the absolute mini-
mum RMSE (black dot), the maximum NHMC (black square), aredgsred solution based on RMSE
(black star).
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Figure 3: RMSE as a function af.., for all reconstructions spanning the collection of dimensi
combinations between 1 and 50. Colors in the figure indidegevalue ofd, chosen for the derived
RMSE value. Black dots correspond to the absolute minimunSEMnd the values @f..., d,, andd,
are given in the parenthesis next to each dot. The locatibiegreferred solutions based on RMSE
are also shown in each panel with a black star; the dimenistonabinations for these values are also

given in parenthesis.
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Figure 4: Minimum RMSE values for each pairing of ttie,, d, andd, dimensions. The absolute

minimum RMSE value is plotted as a white dot; the preferrddtsmn value is plotted as a white star.
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Temperature (K)

Figure 5: Temperature homogeneous covariance mapsléft column), target and predicted time
series of the temperature magg, @nd>,..,Q%; middle column) and proxy homogeneous covariance
maps (,; right column) for the first three canonical patterns of tleenoise reconstructions (rank
increases from the top panels to the bottom). The markerseirptoxy covariance maps reflect the
loadings for each pattern, where blue and red markers argveaand negative loadings respectively.
All elements are estimated over the calibration intervad the time series are extended into the recon-
struction interval by projecting the covariance maps ohttemperature and proxy matrices over the
full temporal period. Correlations between the target amdligted time series during the calibration

and reconstruction intervals are given in the middle colwihpanels.
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Figure 6: Area-weighted NH time series for the CCA recor@tams usingd..., d,, and d, values

associated with: (a) the preferred solution (Table 2); anditfe absolute minimum RMSE values

(Table 1). Time series have been smoothed using a decadgldssv/filter. Also shown in (c) and (d)

are the box plots associated with the two combinations obtlk.., d,, andd, values, calculated from
the annual (unfiltered) NH time series.
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Figure 7: Correlation fields between the preferred (Table2) absolute-minimum RMSE reconstruc-
tions (Table 1). Results are shown for SNRs of 1.0 (left peawedl 0.5 (right panel) and are computed

over the reconstruction interval (850-1855 C.E.).
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Figure 8: Field comparisons between derived CCA reconstmng (using the preferred-solution values
of deca, d,,, andd;) and the known CSM model fields: correlation (top row), sedddeviation ratios
(second row), mean biases (third row) and RMSE (last ronan&ird deviation ratios are computed
between the reconstruction and model and mean biases aputamras reconstruction minus model,
l.e. negative (positive) biases indicate a colder (warmegdnstruction mean. Results are shown for
SNRs of 1.0 (left panels) and 0.5 (right panels); summarissies for all noise levels are given in

Table 3. All statistics are computed over the reconstradtiterval (850-1855 C.E.).
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Figure 9: Same as in Figure 6, but for comparisons betweearédaeweighted NH time series for CCA
and RegEM-Ridge reconstructions. Results are shown forsSMR.0 and 0.5; summary statistics for

all noise levels are given in Table 4.
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Figure 10: Correlation fields between the CCA and RegEM-Ridgonstructions. Results are shown
for SNRs of 1.0 (left panel) and 0.5 (right panel) and are categh over the reconstruction interval
(850-1855 C.E.).
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Figure 11: Same as in Figure 7, but for the RegEM-Ridge rdoactsons.

55



400

350 H- -'- ;C'SM Actu'al -~
300 Ll - —CCA (SNR =1.0)
----CCA (SNR =0.5)

% 250 |- — RegEM-Ridge (SNR = 1.0)|- 1
qé) 200 | i ----RegEM-Ridge (SNR =0.35)|
= 150 BEN--1---G--r-o--To-E o
100 | :
50 | N T—— T

o L T N

0O 5 10 15 20 25 30 35 40 45 50

Eigenvector Number

Figure 12: Eigenspectra computed from the true model teatper field and the CCA and RegEM-
Ridge reconstructed temperature fields during the reaactstl interval (850-1855 C.E.). The CCA
spectra have the characteristic truncation to zero at tleetee rank, while the RegEM-Ridge spectra

reflect the continuous filtration constraint applied in Bdggression.
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