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ABSTRACT

The short instrumental record of about 100–150 yr forces us to use proxy indicators to study climate over long timescales.

The climate information in these indirect data is embedded in considerable noise, and the past temperature reconstructions

are therefore full of uncertainty, which blurs the understanding of the temperature evolution. To date, the characterization

and quantification of uncertainty have not been a high priority in reconstruction procedures. Here we propose a new

statistical methodology to explicitly account for three types of uncertainties in the reconstruction process. Via ensemble

reconstruction, we directly obtain the distribution of decadal maximum as well as annual maximum. Our method is

an integration of linear regression, bootstrapping and cross-validation techniques, and it (1) accounts for the effects of

temporal correlation of temperature; (2) identifies the variability of the estimated statistical model and (3) adjusts the

effects of potential overfitting. We apply our method to the Northern Hemisphere (NH) average temperature reconstruc-

tion. Our results indicate that the recent decadal temperature increase is rapidly overwhelming previous maxima, even

with uncertainty taken into account, and the last decade is highly likely to be the warmest in the last millennium.

1. Introduction

The study of the Earth’s past climate provides insight into how the

Earth system varied over longer timescales and how it responds

to various forcings. Knowledge of the natural background is

crucial to understand the dynamics of current climate change. In

particular, the temperature reconstruction for the last one to two

millennia can shed light on how the warming of recent decades

compares to the range of natural fluctuation. Over the past 10 yr

the quality of regional and hemispheric temperature reconstruc-

tion for the past millennium has increased substantially, due to

both methodological development as well as to improved data

availability (Bradley and Jones, 1993; Jones et al., 1998; Mann

et al., 1998; Crowley and Lowery, 2000; Briffa et al., 2001;

Esper et al., 2002; Mann and Jones, 2003; Cook et al., 2004;

Luterbacher et al., 2004; Moberg et al., 2005; Rutherford et al.,

2005; Xoplaki et al., 2005; D’Arrigo et al., 2006; Hegerl et al.,

2006). However, it is widely acknowledged that these recon-

structions may contain substantial uncertainty that is difficult

to quantify in its full complexity. The recent debate about the
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‘hockey stick’ temperature reconstruction (Mann et al., 1998,

1999, subsequently referred to as MBH98 and MBH99)—a time

evolution of past NH temperatures showing a slightly decreasing

but relatively stable millennium (the shaft) followed by a com-

paratively rapid warming over the last century (the blade)—has

highlighted not only the importance of these past temperature

estimates but also the fact that the community still struggles

with uncertainty inherent in several aspects of the reconstruc-

tion procedures (MBH99; North et al., 2006). Although many

specific criticisms on MBH98 have been examined and only mi-

nor corrections were found to be necessary to address many of

the concerns debated in the literature (Mann and Jones, 2003;

von Storch et al., 2004; Bürger and Cubasch, 2005; North et al.,

2006; Wahl and Ammann, 2007; Ammann and Wahl, 2007),

there are some basic aspects of the statistical uncertainty in

hemispheric reconstructions that have not been properly de-

veloped and implemented. In any event, our paper does not

attempt to investigate the validity of the underlying assump-

tions of MBH98 nor do we include uncertainty from the re-

gression models (Bürger and Cubasch, 2005), though the Monte

Carlo idea can be extended to account for those types of

uncertainties.

Traditionally, most large-scale temperature reconstructions

are presented as single time series without error bars or
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confidence ranges representing the direct result of a regression

procedure of proxies against instrumental data. Although it is im-

plicitly or explicitly recognized that the proxies contain noise,

the reconstruction outcomes are often used as ‘unique’. This,

however, does not take into account that the noise component in

all proxies (and to some degree, albeit smaller, in the instrumen-

tal ‘truth’, see Brohan et al., 2006) is but a single representation

of many possible noise realizations. Should hypothetically the

exact same climate occur again, the noise realization would be

different. Therefore, it would be more appropriate to recognize

each proxy based climate reconstruction as an individual member

of a family of possible realizations; in a similar way, the differ-

ent climate reconstructions with their underlying methodologies

and data are forming a family of estimates of past climate, each

with their own properties.

Of course, uncertainty has not completely been ignored in the

past temperature reconstruction. In the literature some (MBH98;

MBH99; Briffa et al., 2001; Mann and Jones, 2003; D’Arrigo

et al., 2006) have published their reconstructions with an as-

sociated range of uncertainty. Such ranges have generally been

determined from the unresolved variance in the calibration pe-

riod, and the 1- or 2-standard deviations have then been simply

applied uniformly to each annual or decadal temperature es-

timate. Following a different concept, Esper et al. (2002) and

Cook et al. (2004) provided bootstrap confidence intervals for

low frequency temperature by resampling the tree ring chronol-

ogy sites. The uncertainty range shown in Moberg et al. (2005)

is of a slightly different nature because it is primarily the result

of dating uncertainty in the applied low-frequency proxies, but

not calibration uncertainty due to noise.

Here, we develop a statistical method to reconstruct past tem-

peratures together with its confidence ranges by keeping track of

different sources of uncertainties (Section 2). We illustrate our

approach with relatively simple, direct multivariate reconstruc-

tion of hemispheric mean temperatures using a limited proxy set

(Section 3); however, the same protocol can easily be applied

in other applications using different regression methods (Hegerl

et al., 2006) or in more involved climate field reconstructions

(MBH98; Rutherford et al., 2005). The benefit of our approach is

demonstrated in the evaluation of the question about past decadal

mean temperature maxima and how they compare to the present

(Section 3.2). Such an analysis is not directly achievable from

previous methods of uncertainty estimates because they were

based on the uncertainty ranges developed at the interannual

timescale. Using Monte Carlo ensemble simulations of past tem-

perature evolution, we approximate a probability distribution of

NH decadal means over the period (1000–1849 AD). Although

still based on the assumption that the relationship between the

temperature and proxies remains the same over time (Principle

of Uniformitarianism), our method offers, for the first time, an

explicit answer to the question on decadal average temperatures

because we are able to take serial correlation of uncertainty into

account.

2. Data and methods

2.1. Instrumental and proxy data

Motivated by the recent discussion of uncertainty in the MBH99

reconstruction (North et al., 2006), we illustrate our statistical

procedures for the purpose of this article by restricting our net-

work of proxy records to the 14 series originally used in MBH99

for the period back to the year 1000 (see table 1 in MBH99).

Again because we mainly focus on illustrating how to investi-

gate some uncertainties that cannot be solved by MBH99, we

do not critically evaluate these proxies but simply apply them as

the best available set at the time of 1999, despite the fact that

many more, and possibly better, series are available today. We

also assume the linear and stationary relationship between these

14 proxies and the temperature evolution following MBH98,

MBH99. We use this network to compare our results with the

detailed discussion of maximal temperature and uncertainty in

MBH99.

Instead of performing a full field reconstruction, we sim-

ply focus on the NH average temperature as the target

series. We use the latest HadCRUT3v series available at

http://www.cru.uea.ac.uk/cru/data/temperature/ (Brohan et al.,

2006), which is significantly updated from the instrumental se-

ries used in MBH99. As described below, we use the maximum

possible length for calibration (1850–1980, bounded by the prox-

ies ending in 1980), and apply the 1961–1990 mean as reference

period for all results.

2.2. Statistical uncertainty concept

Let Tt and pt denote the temperature and proxies at time t, re-

spectively. Our basic statistical model is:

Tt = p′
tβ + et , (1)

where β is a vector of regression coefficients, and the vector of

error e = (e1, . . . , et )
′ ∼ Normal (0, Σ), which means e has a joint

normal distribution with zero mean and some covariance matrix

Σ. This model takes uncertainties from both the instrumental

data and the proxies into account. In case of very large noise on

the proxy data, that is, if the noise dominates, then model (1) will

identify that this particular proxy has little skill in predicting NH

temperatures and so its contribution will be automatically down

weighted.

We assume that there is a linear relationship between the tem-

perature and proxies, and that this relationship does not change

throughout the entire time period. This is central to all climate

reconstructions, and in addition assuming that the conditional

distribution of temperature given proxies is normally distributed,

we can reconstruct the past temperature based on the multivariate

linear regression. A more subtle assumption made in the linear

model is that this linear relationship holds at all timescales. Given

the relatively short time period for calibration this assumption
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is difficult to check and any reconstruction based on such a sta-

tionary assumption must be executed with the necessary caution.

However, as Ammann and Wahl (2007) point out, the series is

likely long enough to recognize the key geophysical mechanism

of long-term radiative forcing changes, and thus dangers of over

interpretation based on the calibration process are probably rela-

tively small (see also Mann et al., 2007). There remain, however,

sizable uncertainties about the proxies themselves and how they

represent the climatic conditions over multiple timescales.

We are now interested in studying the uncertainties underly-

ing this linear regression reconstruction, and, more specifically,

discovering the distribution of the maximal temperatures after

taking the uncertainties into consideration. Accordingly we ad-

dress three types of uncertainties:

(i) Effects of possible autocorrelation in the errors of the

linear model, owing to the assumption of independent errors for

the ordinary linear model.

(ii) Potential prediction errors due to the overfitting from the

calibration period. </p>

(iii) Uncertainty induced by the calibration procedure, such

as by the variance of the estimated model parameters.

We choose the full time period from year 1850 to 1980 as the

calibration period for model (1), and then apply the estimated

model to the proxies from year 1000 to 1849 to reconstruct the

temperature for that time period. To explore whether et should

be modeled as correlated or independent for our data, we fit an

ordinary least squares (OLS) model to the temperature and prox-

ies assuming the errors are independent. One can see in Fig. 1

that the regression residuals exhibit a clear temporal correlation

and thus suggest that an autoregressive (AR) model for residu-

als is more appropriate. In order to decide the order of the AR

model, we study the temporal correlation structure in the regres-

sion residuals by examining the autocorrelation function (ACF)

and partial autocorrelation function (PACF) shown in Fig. 2 and

by computing the Durbin–Watson statistic (e.g. Fox, 2002). All
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Fig. 1. The time series of ordinary least squares (OLS) regression residuals (circles) of instrumental temperature regressed on the 14 proxies during

the calibration period from 1850 to 1980 as in Section 2.2.

these techniques reveal the existence of correlation for the first

few temporal lags. Noting that ACF appears to tail off while

PACF roughly cuts off after lag 2, we propose an AR(2) model

to the residuals. Then we investigate ACF of the innovations

(or residuals) based on the fitted AR(2) model and compute Q-

statistic to assess the goodness of fit (GOF) of the AR(2) model

(Shumway and Stoffer, 2006). Both these diagnostics suggest

that an AR(2) model is sufficient to capture the temporal cor-

relation in the residuals. We also assess the GOF of an AR(1)

model since we seek the most parsimonious but still sufficient

model. However, we find many significant p-values correspond-

ing to the Q-statistic which indicates that there are autocorrela-

tions remaining in the innovations from an AR(1) model. These

disappear under AR(2), thus we settle on an AR(2) model.

An AR(2) process is defined as:

et = φ1et−1 + φ2et−2 + εt , εt ∼ iid Normal(0, σ 2), (2)

where φ1 and φ2 are coefficients governing the correlation of

time lag 1 and time lag 2. ‘iid’ is the abbreviation of ‘independent

identically distributed’. In Section 3.1 below, we exploit a nice

property of an AR(2) process that cov (et , et+k) can be calculated

iteratively as in (p. 100 Shumway and Stoffer, 2006). Note that

the AR(2) process of errors leads to a non-diagonal form of Σ.

Various regression methods have been used in past tempera-

ture reconstruction. For example, MBH98 and MBH99 applied

essentially an OLS to fit the linear model, and Hegerl et al.

(2006) employed the total least squares to calibrate proxy re-

constructions. Bürger et al. (2006) studied a range of regression

techniques and found a large variability in the reconstruction

using different regression flavours. Motivated by the temporal

correlation in the errors, we fit the model (1) using generalized

least-squares (GLS), which allows the errors to be correlated (see

Carroll and Ruppert, 1988). This differs from the previous work

where the errors have been generally treated as indepedent. We

set the correlation structure of errors as an AR(2). The parame-

ters involved in model (1) are θ = (β ′, σ 2, φ1, φ2)′. We choose
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Fig. 2. Autocorrelation function (ACF) and partial autocorrelation function (PACF) of residuals in Fig. 1.

the maximum likelihood method in the GLS fitting and obtain

the parameter estimates θ̂ = (β̂
′
, σ̂ 2, φ̂1, φ̂2)′ simultaneously.

Being concerned with the possible overfitting problem dur-

ing the calibration period, we use 10-fold cross-validation (e.g.

Hastie et al., 2001, p. 214) to quantify how much overfitting

there is if any. We sequentially partition the 131 yr (1850–1980)

into 10 groups of approximately equal size. We withhold one

of the 10 groups in turn, use the other nine groups of data to

calibrate our linear model. We then use this estimated model to

predict the withheld group. The difference between the predic-

tion and the actual observations is an unbiased estimate of the

statistical prediction error. If there is no overfitting, the variance

of the observed prediction error is expected to be equal to the

prediction variability derived from our linear model. However,

a larger variance of the observed prediction error is a sign of

overfitting and calls for an inflation adjustment to account for

the overfitting. By applying 10-fold cross-validation, the sam-

ple mean of the inflation coefficients obtained from the 10 sets

of prediction errors estimate the inflation needed for our linear

model. For simplicity, we fix φ̂1 and φ̂2 but leave other param-

eters varying in our cross-validation. This approach suggests an

inflation factor of 1.30.

To account for the uncertainty from parameter estimates, θ̂,

we employ a parametric bootstrap (Davison and Hinkley, 1997,

p. 15) to determine the sample distribution of θ̂. This begins

with generating ensembles of temperature based on model (1).

Particular to each ensemble, we first generate an AR(2) er-

ror, e0, as defined in (2) taking σ̂ 2, φ̂1 and φ̂2 as true param-

eters. Then let T̃ = (T̃1850, . . . , T̃1980)′ denote an ensemble of

temperature and P denote the known proxy matrix containing

rows p1850, . . . , p1980, T̃ = Pβ̂ + e0 produces one valid ensem-

ble. These temperature ensembles have the same mean function

Pβ̂, however, each ensemble has its own noise, which makes

any individual ensemble feature differently from the others. For

each ensemble, we repeat the GLS model fitting procedure to get

the parameter estimates, denoted by θ̃ = (β̃
′
, σ̃ 2, φ̃1, φ̃2)′, which

are considered to have the same distribution as θ̂ estimated from

the real data. We generate 1000 temperature ensembles and thus

obtain 1000 θ̃. The sampling distribution of these θ̃ is a valid

estimate of the distribution of θ̂. For example, the sample stan-

dard deviation of σ̃ 2 estimates the standard error of σ̂ 2. Our

approach for accounting for uncertainties is conceptually differ-

ent from the significance thresholds applied in other studies (e.g.

MBH98; MBH99).

3. Temperature reconstruction and results

3.1. Ensemble reconstruction

Again resorting to ensembles, we integrate the various uncer-

tainty sources discussed above in our reconstruction. The prin-

cipal advantage of ensembles lies in the novelty of simplify-

ing complex problems. For example, predicting the uncertainty

of decadal maximum via ensembles avoids the difficulty that

there is no closed form for the distribution of the estimated

decadal maximum. To illustrate how to generate ensembles

for our purpose, we revisit model (1) in a new context. Let

T̃ = (T̃1000, . . . , T̃1849)′ and P be the proxy matrix containing

rows p1000, . . . , p1849 in this section. An ensemble is given by

T̃ = Pβ̃ + (e1000, . . . , e1849)′|(e1850, . . . , e1980)′, where | means

‘conditioned on’. The conditional error term ensures the ensem-

ble to be temporally correlated with the instrumental tempera-

ture. The concise form of the conditional distribution of Gaus-

sian random vectors and the explicit form of the AR(2) covari-

ance matrix allows one to compute the conditional distribution

of (e1000, . . . , e1849)′|(e1850, . . . , e1980)′ easily (e.g. Stein, 1999,

p. 229). We pick each θ̃ in turn from the 1000 members of θ̃ gen-

erated in Section 2.2, inflate its σ̃ 2 by the inflation coefficient to

get ˜̃σ
2 = 1.30σ̃ 2, and take the selected θ̃ with ˜̃σ

2
in place of

σ̃ 2 as true parameters to generate ensembles. This brings all the

components of uncertainty into the ensembles. In this way, we

generate 1000 temperature ensembles corresponding to the 1000

individual θ̃.

3.2. Decadal maxima

Figure 3a shows one example of a reconstructed ensemble mem-

ber with its annual values (small grey circles) and their moving

Tellus 59A (2007), 5



CLIMATE RECONSTRUCTION UNCERTAINTY 595

1000 1200 1400 1600 1800 2000

−0.5

0.0

0.5

Year

T
e
m

p
e
ra

tu
re

 (
D

e
g
re

e
 C

)

a

1000 1200 1400 1600 1800 2000

−0.8

−0.6

−0.4

−0.2

0.0

0.2

0.4

0.6

Year

T
e
m

p
e
ra

tu
re

 (
D

e
g
re

e
 C

)

b

Fig. 3. (a) An ensemble of reconstructed temperature (small grey circles) and its decadal average (the curve embedded in grey circles), together with

the instrumental temperature (small black circles) and its decadal average (the curve embedded in the black circles). The maximum of the decadal

average (large black circle) and its corresponding year (dashed line) are identified. (b) 1000 decadal averaged ensembles (fine grey lines), and two

examples in solid black and solid grey. Large circles and the dashed lines indicate the maximum decadal averages and their corresponding years for

each of the two specified ensembles.The black line after 1850 represents the decadal average of the instrumental temperature.

10-yr average value, accompanied by the annual instrumental

data (small black circles). Because little skill is to be expected

at the interannual timescale (Ammann and Wahl, 2007), we

are focusing on the decadal average temperature. Further, as we

desire to compare the reconstruction period with the instrumen-

tal record, the decadal maximum that we now investigate is of

particular interest. Therefore, we calculate the running decadal

average (the solid curve) using 10 yr as the moving boxcar win-

dow. We then identify the maximum decadal average and record

its corresponding year (marked by the large circle and the ver-

tical dashed line). We do this to each of the 1000 temperature

ensembles that we generate in this section, thus obtain 1000

decadal maxima with their corresponding years. The result en-

ables us to compute the probability of each year correspond-

ing to the maximum decadal average across all the ensembles.

All decadal averaged ensemble members (fine grey lines) are

given in Fig. 3b. For illustration purpose, we highlight two en-

sembles in solid black and solid grey, respectively. For each

of these two ensembles, we identify the maximal temperature

as well as the central year of the decade when the maximum

occurs.

All the temperature ensembles shown in Fig. 3 are possible re-

alizations with equal chance of occurrence given the same setting

of the proxy and instrumental data, though each one owns the

unique pattern that reflects the uncertainties of the reconstruc-

tion. Hence the statistical inference obtained from each ensem-

ble is an equally valid estimate of that inference, and moreover,

the variability of inferences from different ensembles shapes the

distribution of that inference. It is widely recognized that the

ensemble members can efficiently provide solutions in studying

systems with a large number of coupled degrees of freedom. This

essentially is the idea of Monte Carlo and has been employed

extensively. For instance, ensembles are used in Allen and Smith

(1996) to study how to distinguish the signals from an arbitrary

noise process; Gel et al. (2004) successfully quantify the uncer-

tainty of mesoscale weather field forecasting also via ensembles.

Particular to our interest, the decadal maxima from ensembles

constitute a sample of the estimated decadal maximum, thus this

sample distribution is a reliable estimate of the distribution of the

estimated maximum decadal average. We summarize the 1000

ensembles together with the running decadal average of instru-

mental temperature from year 1850 to 2006 in Fig. 4.
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Fig. 4. Summary of 1000 temperature ensembles: the decadal average of mean temperature over the 1000 ensembles (blue curve) with its 95%

confidence region (yellow and grey band); decadal maxima from 1000 individual ensembles (purple dots) and the chance of each year corresponding

to the decadal maximum (green curve scaled by the green label); the upper bound of the 95% confidence interval of the decadal maxima (dashed

line) and decadal instrumental temperatures (red asterisks). The small box plots overlapped with purple dots show the distribution of decadal

maxima in small groups with each group containing about 20 yr, and the leftmost big box plot shows the distribution of all the decadal maxima. The

decadal average of mean temperature before 1400 (the blue curve embedded in the yellow band) and its 95% confidence region (yellow band) can be

compared to the corresponding section of Fig. 3(a) in MBH99.

Table 1. Distribution of decadal averages of four decades with highest probabilities of decadal maxima in the reconstruction period (upper section)

and the decadal average of the four warmest decades in the instrumental period (lower section). Decade: 10 yr over which the temperature is

averaged; Prob. of Max: the probability of the decade corresponding to the decadal maximum. Mean (95th quantile; 99th quantile; Max): the mean

(95th quantile; 99th quantile; Max) of the decadal averages from 1000 ensembles.

Decade Prob. of Max Mean (◦C) 95th quantile (◦C) 99th quantile (◦C) Max (◦C)

1084–1093 0.022 −0.126 0.062 0.146 0.295

1104–1113 0.019 −0.121 0.070 0.127 0.217

1165–1174 0.014 −0.159 0.034 0.148 0.304

1316–1325 0.014 −0.131 0.060 0.175 0.288

1970–1979 – −0.097 – – –

1980–1989 – 0.086 – – –

1990–1999 – 0.301 – – –

1997–2006 – 0.525 – – –

The blue curve before 1400 and the yellow shaded band in

Fig. 4 can be compared to the corresponding section of Fig. 3(a)

in MBH99. The period 1400–1849 shown here is based on

the same limited 14-proxy network, while in MBH99 the net-

work is continuously updated to the highest possible density

(i.e. MBH98). Therefore, the details of our reconstructed tem-

peratures after 1400 are different than those in the original pa-

pers, yet the general conclusions are directly applicable. Our

ensemble reconstruction allows us to obtain the uncertainties

for each individual year as well as for decadal average temper-

ature. Such an inference about the decadal averages cannot be

obtained in MBH98 and MBH99, because their errors are in-

dependent in time. For each ensemble, we calculate the running

decadal average and identify the maximum (purple dots in Fig 4)

of these decadal averages. Using the maxima from ensem-

ble members we can describe the distribution of past decadal

maximal temperature as illustrated by the black box plots in

Fig. 4. The decadal maxima are not uniformly distributed along

the time, instead, they cluster around specific time periods that

represent most likely candidates for ‘warmest decades’ dur-

ing the reconstruction period. The maxima mainly concentrate

around 1100, the later 12th and the early 14th century as well as to

a lesser degree in the late 18th and the early 11th century, leaving

a large gap centred at the 17th century. The green curve shows

the probability of each year to be the centre of the decade that has

the maximum decadal average. All the maximum decadal NH

temperatures before 1850 remain below 0.22 ◦C with 95% confi-

dence, and none surpass 0.45 ◦C. We then selected four decades

with highest probabilities in terms of decadal maxima over the

reconstruction period. The upper section of Table 1 summarizes

the distribution of the simulated decadal averages within these

four decades.

To make a comparison between the past maxima and recent

temperatures, Fig. 4 shows in red the running decadal average of

the instrumental temperatures after 1850. After varying within

the range of the reconstructed temperature, the instrumental
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Table 2. Distribution of decadal averages of four decades with highest probabilities of decadal minima in the reconstruction period (upper section)

and the decadal averages of the coldest decade in the instrumental period (lower section). Decade: 10 yr over which the temperature is averaged;

Prob. of Min: the probability of the decade corresponding to the decadal minimum; mean (5th quantile; 1st quantile; Min): the mean (5th quantile;

1st quantile; Min) of the decadal averages from 1000 ensembles.

Decade Prob. of Min Mean (◦C) 5th quantile (◦C) 1st quantile (◦C) Min (◦C)

1638–1647 0.043 −0.373 −0.576 −0.655 −0.775

1672–1681 0.029 −0.350 −0.532 −0.618 −0.674

1811–1820 0.027 −0.356 −0.555 −0.639 −0.813

1600–1609 0.021 −0.343 −0.532 −0.622 −0.840

1904–1913 – −0.453 – – –

temperature shows a sharp increase since 1980 and reaches 0.52
◦C. Based on the proxy data set of MBH99, the reconstructed

decadal maxima remain substantially lower than the observed

decadal mean temperature in the late–20th-century. The lower

section of Table 1 offers the direct comparison. Up to the 1980s,

instrumental temperatures are not significantly higher than the re-

constructed maxima of before 1850 (below 0.22, the upper bound

of the 95% confidence interval of the reconstructed decadal max-

ima). With the 1990s, however, observed temperatures begin to

rise clearly above the maxima from Monte Carlo ensembles.

For example, the 1990s is 0.08 warmer than the upper bound of

the 95% confidence interval, and the most recent decade (1997–

2006) is yet another 0.22 warmer.

Although here we are mostly interested in decadal maxima,

our ensembles equally allow us to obtain inferences for decadal

minima. Table 2 is equivalent to Table 1, but applied to min-

ima. The last row of Table 2 shows the decadal average of the

coolest decade among the instrumental temperatures. All the

four most likely coolest decades in our reconstruction concen-

trate in the little ice age. Those pre-industry cold periods do not

seem necessarily colder than the coolest instrumental decadal

average.

4. Discussion and conclusions

In this paper, we explicitly quantify the uncertainty of the re-

constructed temperature while taking the errors in instrumental

records and proxies into account through a rigorous statistical

approach. Specifically, we quantify errors from various compo-

nents and synthesize them at different levels to ensure that all

those errors are reflected in ensembles. A benefit of introducing

the notion of ensemble reconstruction is that ensembles make it

easy to draw more sophisticated inferences about past tempera-

ture evolution such as the decadal mean, and in particular about

the decadal maximum. There are several important differences in

this analysis from previous work. Adjustment was made for tem-

poral correlation in errors, cross-validation was used to adjust for

overfitting and bootstrapping was used to determine uncertainty

in the estimated parameters. Our approach essentially parallels

the advances of a Bayesian model, which allows the introduction

of various uncertainties from different stages.

Our AR(2) error model compares conservatively with previ-

ously applied error estimates, such as the temporally independent

errors (e.g. MBH98; MBH99; Jones et al., 2001), or even with

an AR(1) error discussed in Mann et al. (2005, 2007) when gen-

erally a temporal correlation coefficient of 0.3 has been found

sufficient.

Although we focus on presenting a methodology for the un-

certainty analysis, it is worth to mention that the reconstruction

is only robust under the given assumptions. However, there is

a possibility of violations of those assumptions. For example,

the increase of CO2 may accelerate the growth of trees (e.g.

MBH99), so that makes the recent relationship between tree rings

and temperature differ from the past. If this is true, it will break

the important statistical assumption of a stationary relationship

between temperature and proxies. In addition, because the proxy

records end in 1980, the warm decades since then cannot be re-

constructed. Hence, based on the stationarity assumption, we use

the instrumental data for this period.

It is also worth noting that the spectral density of the temper-

ature at low frequencies, say, longer than 100 yr of their corre-

sponding periods, cannot be captured by the calibrated temper-

ature. Therefore, should the relationship between proxies and

climatic parameters at frequencies that can be represented by

the instrumental record be different from the higher frequencies,

then no statistical model could resolve this feature.

Finally, this work is only based on the knowledge of the 14

proxies in MBH99. Today, almost 10 yr after the original pub-

lication of MBH99, many more records have become available

and it will be interesting to see how robust the conclusions are,

even with our way of estimating uncertainty being incorporated.

Our code and example data can be obtained from the website

(http://www.image.ucar.edu/∼boli/research.html).
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