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Abstract

The memory in reconstructed records of Earth’s surface temperature and records from
paleoclimatic model simulations is investigated in this thesis using a variety of estimation
methods. For the Holocene period, the analyses reveal that many local and spatially
averaged paleoclimate time series exhibit long-range memory (LRM) on timescales from
a few years to centuries or millennia, with a positive spectral exponent β predominantly
less than unity, corresponding to a fractional noise process. In both local and large-scale
temperature reconstructions, the memory properties are likely affected by the choice of
reconstruction methods, proxy records and how the reconstruction is processed to obtain
even temporal resolution.
Furthermore, for ice core records extending beyond the Holocene, a second scaling
regime is identified. However, the concept of using only second order statistics to describe these long records is critically examined, since the variability associated with the
Dansgaard-Oeschger events and the deglaciation cannot be sufficiently described by a
simple fractional noise.
Finally, as the proxy noise and reconstruction techniques may alter the memory properties inherent to temperature proxies, the ability of one selected reconstruction technique
to preserve LRM-properties of proxy data has been assessed through pseudoproxy experiments. Analyses demonstrate that for the ensemble mean, LRM is best preserved
in the field and spatial mean reconstructions if the input data are noise-free or weakly
perturbed by noise. However, the credibility of the confidence ranges of the reconstructions are more representative of the input data for high noise levels. The reconstruction
skill is found to decrease with increasing noise-levels of the input data, but is virtually
insensitive to the strength of the persistence.
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Chapter 1

Introduction
"One man’s noise is another man’s signal".

1.1

The concept of memory in the climate system

For the last 11700 years human civilization has developed under stable and warm climatic
conditions in the interglacial period called the Holocene. During the Pleistocene (2 588
000 years before present up to the Holocene), there were many glacial periods, followed
by shorter interglacials. Analyses of a number of climate proxies have revealed that the
climate exhibits variations on a broad range of time scales from months up to hundreds
of million years. There are different drivers of climate change operating on different time
scales, but the climate state is not just a simple function of the drivers, but rather the
result of a complex interaction between external forcing and internal processes in the
climate system.
There are numerous ways of modeling these interacting processes of the climate system. The most complex climate models simulate the dynamics and physical processes
of the atmosphere and the ocean at a range of spatial scales, described by geophysical
fluid dynamic equations and parameterizations for numerous processes. Simpler models
represent the energy balance of the climate system in boxes and reduced number of dimensions, reducing drastically the initially infinite number of system dimensions. The
climate system is complex, and simplifying assumptions must be used for all types of
models when describing the dynamics.
Another viewpoint on modeling climate variability is to describe it as a noise background with superposed trends, where the noise background is described as a stochastic
process. In this thesis the main focus will be on surface temperature, but the same con1
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cept can be used for other variables such as e.g. precipitation. Statistical modeling is
extremely simplified compared with state-of-the-art general circulation models (GCM’s),
and it may seem pointless to represent Earth’s surface temperature by random numbers
drawn from a statistical distribution. On the other hand, the parameters of such simple
models are estimated from real surface temperature data, and the models thereby represent possible realizations of a process with the same statistical properties as the true
climate system. One motivation for using statistical modeling is that mean estimates such
as the global mean surface temperature (GMST) can be estimated on a regular desktop
computer in less than a second, giving projections of future temperature changes with
similar uncertainties as those achieved from GCM simulations run on supercomputers.
In order to achieve such estimates it is necessary to learn about the statistics of natural
climate variability and about the nature and timescales involved for the temperature
response to external forcing.
The noise background for surface temperature is not white in time, as the interacting
subsystems respond on different timescales and introduce inertia in the climate system.
A common assumption is that the noise is red, modeled with the autoregressive model of
order one, the AR(1) process (Hasselmann, 1976), (Bindoff et al., 2013, Chapter 10). The
AR(1) process is dominated by strong temporal correlations on timescales shorter than
some characteristic timescale τc . There is no temporal dependence on longer timescales.
In statistical modeling terms we may describe the AR(1) process as exhibiting shortrange memory (SRM) or short term persistence/correlations. Another perception on the
nature of climate variability is that the noise has correlations on all timescales. This
noise background can be modeled as a long-range memory (LRM) stochastic process, for
instance the fractional Gaussian noise (fGn).
To understand the relevance of the memory in a time series, consider the significance
of a trend. This is a very common issue for climate studies, which is typically also
requested by stakeholders outside the scientific community. If the noise background
exhibits natural variability on all timescales, it is more difficult to establish significance
of a trend than if the noise is purely white. In the following, the background noise in the
climate system is assumed to represent internal variability. Superposed trends arise from
the response to external forcing, but also due to certain nonlinear internal dynamics such
as the El Niño Southern Oscillation (ENSO).
It is well known that the fundamental assumptions and statistical methods applied
to proxy data introduce uncertainties and biases that are not applicable to instrumental data. For instance, regression-based reconstruction techniques may produce reconstructions exhibiting variance loss and a mean value bias for the preindustrial period
2
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(Christiansen et al., 2009). Other reconstruction methods are based on fundamental
assumptions about the serial correlations of the data, e.g. that they follow an AR(1)
structure, (Tingley and Huybers, 2010a). The persistence in proxy-based reconstructions and paleoclimate simulations will be studied in detail in the following, emphasizing
how uncertainties and biases may introduce artifacts in the variability levels of time series
at different time scales.
The work in this thesis is mainly focused on late-Holocene surface temperature, but
in Paper 2 the full Holocene period and the last glacial period are also considered. As
a rule of thumb the temperature of interest is averaged over a larger area such as the
Northern Hemisphere, but sparseness of proxy data sometimes makes it necessary to
study local or regionally confined data.

1.2

Thesis outline

Chapters 2 and 3 cover the background information on the most relevant subjects necessary to comprehend the information in the three papers attached. Chapters 4-7 elaborate
and discuss further details that may affect the scaling properties of paleoclimate reconstructions. Relevant literature is reviewed by topic. An important criterion for choosing
the topics for discussion and literature review is that they are relevant for scaling analysis specifically of paleoclimate reconstructions and/or model simulations. An extensive
introduction and discussion of LRM analysis in instrumental temperatures was presented
earlier in Østvand (2014).
Chapter 2 describes the fundamental statistics we rely on for time series analysis
and statistical modeling of climatic records. In particular, this chapter describes the
concept of stochastic processes, self-similarity and scaling. The statistical methods used
for scaling analysis are also introduced.
The theory of proxies and proxy-based temperature reconstructions is introduced in
Chapter 3. Some well-known proxy archives are described, which are frequently used to
reconstruct surface temperature. The radiocarbon dating method is also mentioned, and
the concept of larger-scale reconstructions is briefly introduced.
Paleoclimate reconstruction techniques are discussed in depth in Chapter 4. Here,
some caveats of using regression-based reconstruction techniques are pointed out, which
may influence the scaling properties of temperature reconstructions. The reconstruction
methods applied in Mann et al. (1998, 1999, 2008, 2009); Luterbacher et al. (2016);
Werner et al. (2017) are presented, as well as the reconstruction procedure of Moberg
3
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et al. (2005).
Chapter 5, 6 and 7 summarize the three papers included in this thesis, together
with a discussion and literature review of each paper. The first and second manuscripts
(Østvand et al., 2014; Nilsen et al., 2016) are published in Earth System Dynamics, where
the review process is public and available online. Reading the discussion documents
provides supplementary insight into the issues dealt with in the papers. In particular
for Paper 2 there was a lengthy review process, and the discussion reflects the different
points of view on the subject within the scientific community. A summary of the review
process is included in the discussion of Chapter 6. The last manuscript (Nilsen et al.,
2017) is under preparation and will be submitted to Climate of the Past.
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Chapter 2

Persistence and time series analysis
2.1

Concepts and definitions

A time series X = (X1 , X2 , ...) is a sequence of discrete-time data with the first
two moments defined as the mean µ ≡ E[X], and the variance σ 2 ≡ (E[(X − µ)2 ]).
Higher-order moments include the skewness γ and the kurtosis κ.
Time series analysis is used to extract relevant statistical information from the
data, either in the time domain or in the frequency domain. Such analyses may
include estimating the first central moments, studying the cyclic/quasi-periodic
behavior of the record and examining the serial dependence in time. Furthermore,
this information may facilitate statistical modeling of the data using stochastic
processes.
A stochastic process {X(t)}∞
t=1 is a collection of random variables associated
with an indexed set of numbers, usually interpreted as points in time. If the number of points is finite the process is said to be discrete in time, while it is continuous
if the index set is considered as an interval of the real line. In the following the
curly braces will be dropped when the different stochastic processes are defined.
It will be made clear from the context whether it is referred to the stochastic process or the one dimensional marginals (the random variables X(t)). A variety of
different stochastic processes are available, a selection is presented below and are
relevant for my work:
The Gaussian white noise: w(t) ∼ N(µ, σ 2 ), with independent and identically distributed (iid ) normal draws.

7
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The autoregressive model of order 1 (AR(1)): Z(t) = φZ(t − 1) + w(t),
where φ is the AR(1) parameter, and w(t) is Gaussian white noise with variance
σw2 . Stationarity requires |φ| < 1. The AR(1) process is discrete in time, while the
continuous equivalent is the Ornstein-Uhlenbeck process.
The Wiener process (Brownian motion): W (t) is the integral of a white
noise process w(τ ) on τ ∈ [0, t]:
W (t) =

Z

t

w(τ )dτ

0

W (t) has the following properties:

1. W (0) = 0
2. W (t) has independent and Gaussian increments
3. The paths of W (t) are continuous
Hence, each value of a Wiener process is given by the previous value plus a random
number drawn from a normal distribution with zero mean.
Fractional brownian motion (fBm): a generalization of a Brownian motion,
where the increments need not be independent. The covariance structure of the
fBm BH (t) is:
E[BH (t)BH (s)] =


1 2H
|t| + |s|2H − |t − s|2H ,
2

where H is the self-similarity exponent. For a nonstationary process, H is a real
number 0 < H < 1. The fractional Brownian motion is continuous, the sample
paths are almost nowhere differentiable. The process itself is nonstationary, but
the increments are stationary.
Fractional Gaussian noise (fGn): the increment process of an fBm XH (t) =
BH (t + 1) − BH (t). This process is stationary. For the increment process, the selfsimilarity exponent H is called the Hurst exponent (0 < H < 1). In the following
we will only consider persistent time series, which limits H to ( 21 < H < 1). The
8
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case 0 < H <

1
2

is referred to as antipersistent.

The main difference between a motion and a noise is that a motion is characterized by increased variance over time. The noise on the other hand has a stationary
variance. The Gaussianity of a time series can be investigated by hypothesis testing such as the Kolmogorov-Smirnov test or the Shapiro-Wilk test, in addition to
graphical inspection of the quantile-quantile plot (Q-Q plot). Establishing Gaussianity in a time series allows statistical modeling using the stochastic processes
introduced above.
2.1.1

Self-similarity and memory

A self-similar object is exactly or approximately similar to a part of itself. A
stochastic process BH (t) is self-similar if
d

∀a > 0 : BH (at) = aH BH (t),
d

Where = means equality in distribution and H is the self-similarity exponent introduced in Sect 2.1. The fBm is self-similar. The terms scale-invariance or simply
scaling are also used to describe this statistical property.
The variance σ 2 and the Hurst exponent H constitute the parameters prescribed for the fGn process. This process exhibits long-range memory (LRM), also
known as long-range dependence/persistence if H is in the range 21 < H < 1. An
example of a discrete-time LRM process is the fractional autoregressive integrated
moving average (FARIMA) process. Other types of LRM-processes also exist, but
will not be further discussed. The memory terminology is related to the fact that
the value at time t depends not only on the previous value at time t − 1 but on
all previous values [−∞, t − 1]. LRM of fGns is characterized by an algebraically
decaying autocorrelation function (ACF):
lim C(t) ∝ tβ−1

t→∞

(2.1)

R∞
such that 0 C(t)dt = ∞, i.e., 0 < β ≤ 1. The power spectral density (PSD) also
has a power law dependence in the asymptotic limit:
9
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lim S(f ) ∝ f −β

f →0

(2.2)

It can be shown that β = 2H − 1 and 0 < β < 1 indicates positive persistence. In
the following we will use the spectral parameter β when referring to the memory
parameter instead of H. β = 0 corresponds to a white noise process, exhibiting no
memory. Equations 2.1 and 2.2 also hold for fBms BH (t). For an fBm we have
β = 2H + 1, 1 < β < 3. The limit β = 1 marks the transition from a fractional
Gaussian noise to a fractional Brownian motion. The value β = 2 corresponds to
the Brownian motion.
2.1.2

Fractality

Another description often met when working with self-similar patterns or processes is fractality. Investigating fractality in geophysical time series is relevant
when choosing the statistical model used to represent the data at hand. The need
to introduce this terminology arises from the possible pitfall of erroneously categorizing geophysical time series, or their cumulative sums, as self similar, when
in reality they belong to another class of processes that are not self-similar. This
class includes the multifractals. Careful analysis also prevent us from making the
mistake of interpreting data that are not multifractal as multifractal.
In the statistical sense, monofractality implies self similarity. The details in a
pattern appear to exhibit the same statistical properties independent of the scale
at which it is studied. A classical example of a monofractal structure is a coastline
(Mandelbrot, 1967), where the length of the coastline increases as the length of
the measuring stick is decreased.
The scaling function ζ(q) can be used to distinguish monofractal and multifractal records, given power-law shape of the structure functions Sq (∆t). To investigate
the shape of the structure- and scaling function of a stationary process X(t) it is
necessary to form the cumulative sum
Y (t) =

N
X

X(i)

i=1

The structure functions of the nonstationary process Y (t) as a function of time
scale ∆t is:
10
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Sq (∆t) ≡ E |Y (t + ∆t) − Y (t)|q

(2.3)

Which can be estimated as:

Ŝq (∆t) =

NX
−∆t
1
|Y (i + ∆t) − Y (t)|q
(N − ∆t) i=1

(2.4)

It is required that the qth moment is finite. A process is monofractal or multifractal only if the structure functions are power-law functions of time. In that
case, we can define a scaling function ζ(q) by the relation:
E |Yt |q ∝ tζ(q)

(2.5)

Self-similarity implies a linear scaling function, while multifractal processes
have well-defined and strictly concave scaling functions (Bacry and Muzy, 2003).
Note that if the structure functions of the nonstationary process are not powerlaws, then the process is neither monofractal or multifractal. Section 2.5 of Rypdal
and Rypdal (2016) present an example of a process which has a power-law structure function only for q = 2, but not for other moments. This process is a type
of Lévy noise, the jump-diffusion process. It has independent draws and is nonGaussian, but should not be mistaken for a multifractal process since the structure
functions of the cumulative sum for the first and third moment are not power-laws.
This example illustrates the usefulness of employing higher-order statistics in time
series analysis. Additional information is revealed about the data, and the degree
of ambiguity is reduced.
The above mentioned properties are used in Sect. 3.3 of Paper 2 to demonstrate
that the global mean surface temperature (GMST) record for the period 18802010 is monofractal. The demonstration requires that the strong trend associated
with anthropogenic warming is removed, and that the cumulative sum of the time
series is used. Rypdal and Rypdal (2010) showed that the GMST is Gaussian,
and the fGn is therefore a suitable model for this temperature record. For data
extending beyond the instrumental period, similar analyses can be done to justify
the use of a monofractal Gaussian model. The multiproxy reconstruction for the
Northern hemisphere (Moberg et al., 2005) is used to investigate the Gaussianity
and structure functions of the temperature for the past two millennia. Figure
11
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2.1a shows the temperature reconstruction, 2.1(b) shows the pdf of the record
compared to a normal distribution plotted on a logarithmic axis. 2.1c shows the
quantile-quantile plot (Q-Q plot) of the data versus a normal distribution.

Figure 2.1: (a) The Moberg temperature time series for AD 1-1978. (b) The pdf for the record,
in log plot. (c) The Q-Q plot of the record.

The pdf in Fig. 2.1b reveal a small deviation from Gaussianity for the tails
of the distribution. The discrepancies are due to the volcanic responses in the
temperature signal, which are manifested as sharp and abrupt drops in the temperature over 1-2 years following a volcanic eruption. The volcanic forcing is from
our point of view not considered as part of the internal climate variability. The
Gaussian model is therefore appropriate to represent the internal variability of for
the temperature reconstruction of Moberg et al. (2005). The structure functions
for moments q = 1 − 6 are plotted in Fig. 2.2a, which is a log-log plot. They
are linear up to a time scale of approximately 300 years. The scaling function for
q = 1 − 15 is plotted in Fig. 2.2b for time scales 4-256 years. The scaling function is close to linear, indicating that the Moberg record is monofractal and that
a self-similar process is suitable for statistical modeling. The fGn is appropriate
because the estimated scaling exponent β = 0.74.
On even longer time scales, the paleotemperature records from the Greenland
ice core records can be used to test Gaussianity and study the structure functions.
The δ 18 O ratio is used as a paleotemperature measure, and the time series have
been interpolated to obtain even time steps. The time series in Fig. 2.3a is plotted
on a reversed time axis, with the abbreviation "BP" indicating before present (year
0 in this terminology is set to 1950 AD). The section of the Holocene period selected
here is the past 10 000 years. The negative tail of the Q-Q plot in Fig. 2.3c is not
perfectly in line with the normal distribution, but this is due to smoothing and
12
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Figure 2.2: (a) The structure functions for the Moberg record for q = 1 − 6. (b) The scaling
function.

noise effects on the high-frequency variability of the record. The deviation from
normality observed in the pdf of Fig. 2.3b is to some extent due to the volcanic
activity as mentioned for the Moberg et al. (2005) record above, but is also related
to the cooling event observed around 8200 years BP. This event is known as the
8.2 kiloyear event, and is described further in Sect. 2.2. Truncating the GRIP
Holocene record before this event gives a pdf and a q-q plot which is consistent
with a Gaussian. For further details this is demonstrated in the online discussion
of Paper 2 in our first response to reviewer Shaun Lovejoy.
The Gaussian model is assumed to be approximately representative for the
Holocene GRIP section. The structure functions for moments q = 1 − 7 are
plotted in the log-log plot of Fig. 2.4a. They are linear up to a time scale of
approximately 1000 years. The scaling function for q = 1 − 15 is plotted in Fig.
2.4b for time scales 8-1024 years.

Figure 2.3: (a) The GRIP Holocene record . (b) The pdf for the record. (c) The Q-Q plot of
the record.

For the last glacial period it is demonstrated that the distribution of δ 18 O values
13
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Figure 2.4: (a) The structure functions for the GRIP Holocene record for q = 1 − 7. (b) The
scaling function.

is not Gaussian, and that the structure functions are not power-laws. Figure 2.5a
shows the GRIP δ 18 O anomaly time series for a section of the last glacial period
including the last glacial maximum, spanning approximately 32 00 - 13 000 years
BP. Fig. 2.5b shows the pdf, which is skewed and deviating significantly from the
normal distribution. The structure functions in Fig. 2.5c are not linear in the
log-log plot, and the scaling functions are therefore not shown.

Figure 2.5: (a) The GRIP time series for a section of the last glacial period. (b) The pdf for
the record. (c) The structure functions for the GRIP glacial record.

2.2

Toolbox for scaling analysis of geophysical timeseries

In principle, the information of LRM in a time series can be extracted from the fat
tail of the autocorrelation function. Unfortunately, most data sets are limited in
size, and hence this tail will be so contaminated by noise that a slope of this tail in
a log-log plot cannot be identified. Fortunately, there are a number of other techniques available for investigating the scaling properties of a time series. A simple
estimator for the power spectral density has been used in all three papers, Paper 1
and 2 also use other estimators to investigate the scaling properties. The methods
14
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have individual strengths and sensitivities, it might therefore be advantageous to
use a multi-method approach for specific data sets.
All methods study in some sense the same measure, namely how the variability
in the record at hand varies on a range of time scales. The spectrum presents this
variability in the frequency domain. Proxy-based reconstructions are sometimes
available only with an age model with uneven time steps, making interpolation
to annual or otherwise even sampling necessary. The techniques listed below are
designed to be used for data with even time steps. There are also possibilities for
analyzing records with uneven time-steps directly, although these techniques are
less well established in the community working with climatic time series.
To estimate the power spectral density we use the periodogram, which for
the evenly sampled time series x(1), x(2), . . . , x(n) is defined in terms of the discrete
Fourier transform Hm as
2|Hm |2
, m = 1, 2, . . . , N/2,
N
where N is the length of the time series. The frequency measured in cycles per
time unit is fm = m/N . The smallest frequency which can be represented in the
spectrum, and the frequency resolution, is 1/N . The periodogram is described in
Sect. 2.1 of Paper 1, Sect. 3.1 of Paper 2 and Sect. 2.3 of Paper 3. Power spectra
are visualized in log-log plots. If the record exhibit scaling, the scaling parameter
β can be estimated through a linear fit. If the record has short-range memory
(SRM) and follow an AR(1) structure, the PSD is Lorentzian in shape. The raw
and log-binned periodograms are plotted, where log-binning implies that the spectral power is averaged over frequency ranges that are equidistant. The log-binned
spectrum is less noisy than the raw counterpart, and β is therefore estimated from
the log-binned periodogram unless otherwise stated. The raw periodogram is very
noisy, and for many types of spectral analyses it is common to use windowing
techniques to improve the statistical properties. This is relevant for instance if the
task is to determine significance of spectral peaks against the background continuum. However, for scaling analyses we are interested in the overall shape of the
spectrum, and the noise is reduced when we use log-binning to estimate β. The
Lomb-Scargle periodogram is introduced in paper 2 as an alternative spectral
technique that can be used directly on the unevenly spaced ice-core paleotemperature records. This method was found to perform well but not significantly better
Sm =
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than if interpolation and the standard periodogram was used.
All remaining techniques used for scaling purposes are defined in the time domain. The wavelet variance technique is described in Sect. 2.3 of Paper 1.
This technique is sensitive to oscillations if the mother wavelet is oscillatory, and
may be used specifically to identify such variability in the records studied. The
resulting wavelet variance will vary depending on which mother wavelet is used.
The Mexican Hat wavelet (second derivative of a Gaussian) is real valued and often used for analysis of geophysical data sets. Methods for handling missing data
are presented in Mondal and Percival (2010), but were not used further in my
work. The wavelet scalogram is described in Sect. 3.2 of Paper 2. This measure is plotted against time and time scale, and thereby provides supplementary
information to the spectral analysis. The supplement is particularly useful if there
are time-localized features in the time series that may cause increased/decreased
power on specific frequencies. This is true for instance for the GRIP δ 18 O record
for the Holocene period, illustrated in Fig. 2.4. The abrupt decrease in δ 18 O
around 8200 years BP is related to dynamics affecting temperatures in the North
Atlantic Ocean. Probably, the event was caused by a large pulse of freshwater into
the North Atlantic associated with the collapse of the Laurentide ice sheet (Alley
and Ágústdóttir, 2005). The effect of this event on the low-frequency spectrum
power is shown by the wavelet scalogram in Fig. 11 of Paper 2.
The detrended fluctuation analysis (DFA) is introduced in Sect. 2.2 of
Paper 1, and in Sect. 3.5 of Paper 2 it is demonstrated that the technique is
unsuitable for detecting breaks in the scaling. The method will essentially shift
a break to longer time scales, as illustrated in Fig. 4 of Paper 2. There exists
a multifractal version of the DFA analysis, which has been used e.g. on climate
data from the last glacial period (Shao and Ditlevsen, 2016). Løvsletten (2017)
presents a modified DFA fluctuation function that handles missing data.
Finally, the Haar fluctuation function is described in Sect. 3.4 of Paper
2 and in Lovejoy and Schertzer (2012a,b). The standard fluctuation function is
the square root of the second order structure function (Rypdal et al., 2013). The
fluctuations are scaling with scale τ if the fluctuation function F(τ ) ∼ τ (β−1)/2 .
The Haar fluctuation analysis is a modification where the data record is convolved
with the Haar wavelet.
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Since there is only one realization of each climatic observation series available,
which is finite and discretized, all estimators used to analyze scaling properties are
subject to finite size effects when used on single time series. By this we refer to the
fact that that the variance estimates on the longest time scales/lowest frequencies
are based on very few data points, which results in larger uncertainties than on
shorter time scales /higher frequencies where more data is available. The finite
size effect is observed as a widening of the estimated measure for longer time
scales/lower frequencies, as illustrated by Fig. 2.6b and 2.6c. The first panel
shows an arbitrary realization of a synthetic fGn with β = 0.7 and n=2000 data
points. The middle panel shows the 95% confidence range of the log-binned PSD
for a Monte Carlo ensemble of realizations such as in (a). Panel (c) shows a similar
log-log plot but for the DFA2 fluctuation function.

Figure 2.6: (a) An fGn time series with scaling exponent β = 0.7 and n=2000 data points.
(b) The log-binned power spectra for the 95% confidence range of a Monte Carlo
ensemble of fGn generated as in (a). The red, dashed line is the ensemble mean.
(c) The DFA fluctuation function for the 95% confidence range of a Monte Carlo
ensemble of fGn estimated as in a. The blue, dashed line is the ensemble mean,
and the black crosses are fluctuation function values for a random realization of
fGn.

By comparing Fig. 2.6b and 2.6c it appears that the finite size effect is more
pronounced for the PSD than for the DFA function. However, we stress that
the DFA variance associated with a time scale τ does not measure the variance
specifically at this time scale, but is rather a weighted sum of the variances on
time scales shorter than τ . The shorter time scales have more data, and hence the
low uncertainties result from this artifact.
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Chapter 3

Proxies and proxy-based
temperature reconstructions
To learn more about the complex interplay of the climate system, we need reliable
quantitative estimates of climates of the past. This chapter deals with the most
used proxies involved in such studies, and the methods employed to extract climaterelated information from them. The following text is partly based on Lowe and
Walker (1997) and de Wit et al. (2015) [Chapter 3.1].
Apart from instrumental data and historical documents, the available data on
climate variability in the past is limited to proxies that contain indirect information
on environmental variables of interest. In relation to climate, the word “proxy” is
often used interchangeably for a natural archive such as an ice core, or a physical
measurement made from the archive such as a geochemical analysis. In fact, a
number of proxy records may be extracted from a single archive in addition to an
age model. Figure 3.1a shows the cross section of an ice core, which is divided into
a number of segments used for a variety of analyses. This type of cut plan is typical
for large ice coring projects. Figure 3.1b shows an ice core segment with visible
annual layers and a volcanic ash layer that settled on the ice sheet approximately
21 000 years ago (National Science Foundation, 2015).
The proxy growth/deposition is influenced by climatic conditions, but the precise relationship is generally unknown. The hypothesis of a relationship between a
proxy and an environmental variable is therefore built on scientific knowledge and a
number of simplifying assumptions. Uncertainties arise from a number of sources,
but first and foremost from the lack of understanding of the physical mechanisms
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building the proxies. It is generally unknown how these mechanisms and processes
have changed in the past. The uniformitarian principle is therefore fundamental
for interpreting proxies, implying that the physical relationship between a proxy
and an environmental variable is stationary in time. This is a an important source
of error, the principle has certainly been violated as observed from evolution of
living organisms and landscapes. The violation of the uniformitarian principle is
nevertheless ignored for most proxy-variable relationships, because the evolution
is hard to identify and quantify on the shorter time scales.
A proxy is considered an imperfect recorder of environmental conditions, capturing some aspects of variability but with possible discontinuities and timedependent sensitivity. In addition, the proxy signal is noisy, meaning it reflects
climate conditions in combination with some aspect of local weather variability
and/or non-climate effects such as food supply and biological factors. In general, proxies must be calibrated against modern instrumental records to yield a
quantitative reconstruction of past climate.

3.1

Annually banded archives

Selected proxy archives grow or are deposited following the seasonal cycle. They
develop seasonal/annual bands that can be distinguished with the naked eye. The
bands can be counted manually or using automated software, resulting in remarkably accurate chronologies. Such high-resolution records are highly valued as they
can be used for cross-verification with other records where the age-model is less
well constrained.
3.1.1

Tree rings

Dendroclimatology is the science of determining past climates from properties of
the annual tree rings. Rings are wider when conditions favor growth, narrower
for poor growth seasons. Another property of the annual rings, the maximum
latewood density is also used as a proxy in addition to simple ring width. Using
tree rings, local climates can be reconstructed for hundreds to thousands of years.
3.1.2

Ice cores

Ice cores are recovered by drilling through the Greenland and Antarctic ice sheets,
glaciers in North American regions, islands of the North Atlantic and Arctic
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Oceans, and alpine, tropical and sub-tropical locations. Measuring oxygen isotope ratios in water molecules allows estimation of past temperatures and snow
accumulations. Isotopic fractionation makes the heavier isotope 18 O precipitate
more easily as temperatures decrease than the lighter isotope 16 O. In addition
to oxygen isotopes, water contains the hydrogen isotopes 1 H and 2 H, which are
also used as temperature proxies. The best dated series are based on sub-annual
sampling of ice cores and the counting of seasonal ice layers. Such series may
have absolute dating errors as small as a few years in a millennium. Absolute
age-markers in ice cores include volcanic ash layers, these are used as tie-points
when the age-models are generated.
3.1.3

Corals

Paleoclimate reconstructions from corals provide insights into the past variability
of the tropical and sub-tropical oceans and atmosphere, making them a key addition to terrestrial information. The corals used for paleoclimate reconstruction
grow throughout the tropics in relatively shallow waters, often living for several
centuries. Accurate annual age estimates are possible for most sites using a combination of annual variations in skeletal density and geochemical parameters. Paleoclimate reconstructions from corals generally rely on geochemical characteristics of
the coral skeleton such as temporal variations in trace elements or stable isotopes.

3.2

Archives with dating uncertainties

A number of proxy archives are controlled by other factors than the seasonal cycle,
and thereby exhibit larger age uncertainties. Typically, the deposition is irregular
and simplifying assumptions are used to quantify the sedimentation/growth rate.
3.2.1

Sediment cores

Marine sediment cores are widely used for reconstructing past climate. One of
the common approaches is to extract and study the marine microfossils that are
preserved in the sediments. Carbonate deposits from foraminifera and coccolithophores are examples of abundant microfossils found in seafloor sediments that
are good indicators of past environmental conditions. Diatoms are also of great
importance for reconstructing past climate. They are unicellular, photosynthetic
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algae with a siliceous shell. The general assumption is that the down-core composition of diatomic microfossil assemblages is related to past environmental conditions at the core site. A number of statistical techniques are elaborated to convert
assemblages to past estimates of hydrographic conditions, including sea-surface
temperature at the study site. In lake sediment cores, remains of microorganisms
such as diatoms, foraminifera, microbiota, and pollen within sediment can indicate changes in past climate, since each species has a limited range of habitable
conditions.
3.2.2

Speleothems

Speleothems are mineral deposits formed from groundwater within underground
caverns. Stalagmites, stalactites, and other forms may be annually banded or
contain compounds that can be radiometrically dated. Thickness of depositional
layers or isotopic records can be used to determine past climate conditions.
3.2.3

Borehole measurements

Borehole data are direct measurements of temperature from boreholes drilled into
the Earth’s crust. Departures from the expected increase in temperature with
depth can be interpreted in terms of changes in temperature at the surface in
the past, which have slowly diffused downward, warming or cooling layers below
the surface. Reconstructions show substantial sensitivity to assumptions that are
needed to convert the temperature profiles to ground surface temperature changes,
hence borehole data are most useful for climate reconstructions over the last five
centuries.

3.3

Dating

Determining the age of paleoclimate proxy samples is based on either radiometric
dating techniques, and/or incremental dating for proxies with seasonal or annual
layers. Furthermore, Stratigraphic age markers such as layers of tephra (volcanic
ash) can be used to constrain age models. With radiometric dating, point estimates
are obtained that are typically interpolated to construct a complete age model. A
number of naturally occurring radioactive isotopes exist in nature, and some are
incorporated into proxy material. Radiocarbon (14 C) and Uranium-series dating
are two well-known methods used to construct paleoclimatic age models. The
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choice of dating method depends on the available material and also on the relevant
timescales for the study.
3.3.1

Radiocarbon dating

14

C is constantly replenished in the atmosphere through cosmic rays. The ratio of
C/12 C in the atmosphere is therefore known, and through biological/geochemical
processes the carbon is incorporated into living organisms. When the organisms
die, the ratio of 14 C/12 C will decrease because the isotope 14 C is subject to radioactive decay. Geochemical measurements of 14 C in a sample of organic material
of known volume are converted to age estimates with associated uncertainties by
using a calibration curve. The calibration takes into account a number of factors, including the fact that the ratio of 14 C/12 C in the atmosphere has not been
constant over time. This is an example where the violation of the uniformitarian
principle is taken into account, and it has been shown to improve the age model
considerably. The term radiocarbon years is used for ages estimated without this
correction, and they may differ significantly from calendar years.
Radiocarbon dating require the presence of organic material, which is not always preserved in proxy archives such as e.g. ice cores. The dating technique is
applicable to data with a maximum age of ∼45 000 years, since the radiocarbon
decays over this time range. Probabilistic methods for calibration have been developed for radiocarbon dating, because the calibrated calendar ages do not have
normally distributed PDF’s. Bayesian statistical models are formulated so that
relative dating information, if available, is implemented in the prior distribution,
while the radiometric dating is expressed through the likelihood. Finding appropriate priors is the main challenge for this type of probabilistic models. Details can
be found in Ramsey (2009), where the methodology used in the OxCal computer
software is described. In this computer package, drawing from the posterior is
done by using the MCMC algorithm called Metropolis-Hastings.
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Larger scale reconstructions

If we want to understand the climate impact of external forcings like solar irradiance and volcanic aerosols, we cannot be satisfied with local reconstructions of
the climate at the proxy sites. It is necessary to reconstruct a large-scale climate
field and/or or mean index by employing reconstruction techniques such as mul23
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tivariate regression methods or Bayesian models. Up till recently, reconstructions
of climate fields and mean temperatures on global scale have mainly been limited to the Northern hemisphere (NH). This is because the main landmasses and
the majority of proxy archives are located in this hemisphere. The first NH reconstructions published in the late 1990s were obtained by techniques involving
Principal Component Analysis (PCA) and relied heavily on tree-ring series. They
were criticized for suppressing variance on long time scales. This was an issue because the methods could potentially suppress the temperature difference between
the Medieval Warm Period (AD 800 - 1100) and the Little Ice Age (AD 1550 1850). A large number of millennium-long NH reconstructions based on different
sets of proxy archives and statistical methods have been published later.
The past 2000 years of climate change have been reconstructed in more detail than ever before by the PAGES 2k project. The 2k Network of the Past
Global Changes (PAGES) project aims to generate a globally encompassing, highresolution regional synthesis of climate variability for the last 2000 years. The
results presented in PAGES 2k Consortium (2013) reveal interesting regional differences between the different continents, but also important common trends. The
global average of the global reconstruction is based on 511 climate archives from
around the world. The two main results are a confirmation that current global surface temperatures are higher than at any time in the past 1400 years, and that the
Medieval Warm Period and Little Ice Age were not globally synchronized events.
The period from around AD 830 to 1100 generally encompassed a sustained warm
interval in the Northern Hemisphere, but in South America and Australasia it
occurred from around AD 1160 to 1370.
A new generation of PAGES2k reconstructions are currently under development, now generated from 692 records as described in PAGES 2k Consortium
(2017). The reconstruction techniques have been updated and are even more sophisticated. The reconstructions are published in Climate of the Past special issue
(McGregor et al., 2016).
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(a) Cross section of an ice core with core processing line cut plan.

(b) Ice core segment with visible annual layers and volcanic ash deposits

Figure 3.1: Source: U.S. National Ice Core Laboratory
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Chapter 4

Paleoclimate reconstruction
techniques
4.1

Overview

There are two main types of paleoclimatic reconstructions available: those based
on climate field reconstruction (CFR) techniques and those based on index methods. CFR methods generate a spatiotemporal field of the reconstructed variable
of interest, here surface temperature. The index methods generate a mean value
for the considered area. Common for all methods is that the reconstruction is calibrated against instrumental temperature for a common period of overlap, known as
the calibration period. A segment of the instrumental period which is withdrawn
from the calibration can be used for verification/validation purposes. However,
this period is short and associated with the strong anthropogenic warming. The
use of pseudoproxies is therefore useful for additional testing of reconstruction
techniques. More on this in Sect. 7.1.
Many index and CFR techniques are based on univariate, multivariate, or multiple regression techniques. Proxies are regressed onto temperatures, or opposite.
The direct regression using proxies as the independent variable is simpler, but is in
conflict with the underlying physics: that the proxies are functions of temperature
and not the other way around. As elaborated below, this choice is important, and
the effect of error in variables (EIV) poses an additional challenge. Some types
of proxy records are known to have a nonlinear relationship with temperature, for
instance varve thickness of lake sediment records (Emile-Geay and Tingley, 2016).
Transformation algorithms are developed that takes this nonlinearity into account,
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so that transformed records can be used for linear regression with temperature.

4.2

Notes on regression-based reconstruction methods

Ordinary linear regression relates a dependent variable y to an independent variable x through:
y = λx + 
(4.1)
Where  is an error term. Whether direct or indirect regression is chosen for
reconstruction purposes has effects on the resulting reconstruction, as stated in e.g.
Christiansen et al. (2009); Christiansen (2011). The direct regression effectively
underestimates the regression slope and the magnitude of the predicted values
due to errors in the independent variable, producing a reconstruction which is
biased towards zero and with underestimated low-frequency variance. This bias is
known as regression dilution, and can be corrected for univariate regression but not
multiple regression by an "inflation" technique. The inflation method compares
the variance of the reconstruction and the instrumental observations during the
calibration interval, and scales the reconstruction with a factor depending on this
ratio. Indirect regression is more physically intuitive, but involves an extra step
of inversion. The high-frequency variability with small amplitudes will, however,
be more influenced by noise than the direct regression counterpart. An additional
choice to make is whether to perform the indirect regression between each proxy
record and the local or the global temperature. The former approach is used in
Christiansen (2011), where the large-scale reconstruction is taken as the average
of the local reconstructions. On the other hand, Mann et al. (1998, 1999) perform
the regression between each proxy record and the large-scale patterns of global
temperature.
For the temperature reconstruction problem, the inherent errors in both the
dependent and independent variables can be partly circumvented by applying
error-in-variables (EIV) regression techniques. This methodology uses the observed noisy measures of proxies and instrumental temperatures instead of the
true variables. The EIV model is not identifiable under normality, i.e. additional
assumptions or information is needed to correct for the underestimated regression
slope. This information may concern the fraction of variance for the proxy and
instrumental temperature error terms. The total least squares (TLS) regression
is an example of a regression model that takes into account the error in both
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dependent and independent variables, and is used for reconstruction of the Northern hemisphere decadal temperature by Hegerl et al. (2007); Mann et al. (2008).
Mann et al. (2008) present one global field and two different variants of spatial
mean reconstructions with decadal resolution.
Last but not least, the regression-based reconstruction problem is further complicated by the effect of the anthropogenic warming trend in the calibration period.
Common statistical practice is to remove nonstationarities from the data before
processing, but a caveat is that the trend could contain important information
about low-frequency variability. The effect of removing this trend from the data
prior to the calibration has been tested by Christiansen et al. (2009). Detrending of
proxies and instrumental temperatures results in substantially worse performance
for all of the seven reconstruction techniques considered in that paper.

4.3

Index reconstruction methods

The simplest index reconstructions are composite-plus scale (CPS) methods, where
a collection of temperature proxies are averaged and then scaled so that the mean
and variance is consistent with that of instrumental data for an overlapping calibration period. The contribution from each proxy is typically weighted according
to the area or according to the correlation with local or large scale instrumental
temperature. Other index methods use regression to estimate the scaling factors.
Examples of large-scale surface temperature reconstructions constructed by
some form of the CPS method are Jones et al. (1998); Esper et al. (2002); Moberg
et al. (2005) and one of the reconstructions in Mann et al. (2008).

4.4

CFR reconstruction techniques

Most CFR techniques are based on multivariate linear regression. For surface
temperature, these techniques relate a matrix of temperature proxies to a matrix
of instrumental temperature data during a calibration interval.
If P ∈ Rm×n is the matrix of the proxy network, and T ∈ Rr×n is the matrix of
the instrumental temperatures, the relationship found through direct multivariate
linear regression is
T0 = BP0 + 
(4.2)
Matrix dimension m is the number of proxies, n is the length of the instrumental
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period and r is the number of spatial locations in the instrumental field. The
prime indicates that P and T are standardized by subtracting the mean and
normalizing by the standard deviation. B is a matrix of regression coefficients,
and  is the residual error. Using the ordinary least-squares (OLS) approach we
seek to minimize the mean squared error by choosing B as:
B = (T0 P0T )(P0 P0T )−1

(4.3)

Where T indicates the matrix transpose. In CFR applications, the number of
spatial grid points is typically larger than the temporal dimension in the instrumental period, making the system of equations underdetermined. In this case, the
inverted matrix (P0 P0T )−1 does not exist without regularization. The available
CFR techniques based on multivariate regression differ in how they regularize the
problem. Principal component analysis (PCA) is one approach for regularization,
described further in Sect. 4.5.
For the ridge regression method (Tikhonov and Arsenin, 1977), a regularization
term Γ is added so that the matrix (P0 P0T ) is invertible:
B = (T0 P0T )(P0 P0T + ΓT Γ)−1

(4.4)

The regularization term is often chosen to be a multiple of the identity matrix.
The Ridge regression technique is presented in e.g. Schneider (2001) as a means
of regularization in the multivariate linear regression technique for climate field
reconstruction known as RegEM, discussed in further detail in Sect. 4.6.
Another CFR method include the canonical correlation analysis (CCA) (Smerdon et al., 2011). The CCA method is related to the PCA in the sense that while
PCA constructs a new orthogonal coordinate system through a transformation
which optimally describes variance in one data set, the CCA method defines coordinate systems that optimally describe the cross-covariance between two data
sets.
Yet another category of CFR reconstruction techniques does not rely on multivariate linear regression, but is based on Bayesian hierarchical modeling and inference, introduced in Sect. 4.7. The BARCAST reconstruction technique (Tingley
and Huybers, 2010a) was used in pseudoproxy experiments in Paper 3.
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4.5

Regression using principal component analysis (PCA)

The matrices (P0 P0T ) and (T0 T0T ) are the covariance matrices of the proxies and
instrumental temperatures, respectively. One form of regularization for regression
methods is to exploit the information in the latter matrix so that only the major
patterns of variability is retained and used in the regression. The "hockey stick"
temperature reconstructions in Mann et al. (1998, 1999) are based on this PCA approach. A truncated set of principal components for the instrumental temperature
field is used as the independent variable, and the set of proxies is the dependent
variable. First, the temperature at each grid point is standardized by subtracting
the mean and normalizing by the standard deviation. The standardized matrix
T is then constructed by weighting each grid point by the cosine of the central
latitude. The orthogonal transformation results in:

T=

K
X

λk uk vk

(4.5)

k=1

Where the empirical orthogonal function (EOF) vk describes the spatial pattern
of eigenvector k. The principal component (PC) uk describes the variability in the
time domain. The scalar λk comprises the fraction of resolved data variance which
is standardized and weighted.
The selection of which eigenvectors to retain for the regression analysis is based
on the ability to explain variance in the proxy network during a calibration interval,
taking into account the spatial correlation with the multiproxy data set. The NEOFs
eigenvectors are then trained against each single proxy indicator using multiple
regression during the calibration period, see further details in (Mann et al., 1998).
The resulting reconstructed principal components are converted to reconstructed
temperatures through eigenvector expansion:
T̂ =

NX
EOFs

λk uk vk .

(4.6)

k=1

The temperature reconstruction in Mann et al. (1998) covers the period AD
1400-1995. The best spatial coverage of proxy data is in the Northern Hemisphere.
Mann et al. (1999) extend the reconstruction to AD 1000. Later studies have
pointed to a weakness in the reconstruction technique, causing underestimated
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low-frequency variability (Zorita et al., 2003; von Storch et al., 2004; Bürger et al.,
2006; Zorita et al., 2007).

4.6

RegEM CFR - regularized expectation maximum climate field reconstruction

Schneider (2001) presents an CFR technique which also exploits the proxy data
prior to the instrumental period, in addition to using a calibration interval for estimation of regression coefficients. The expectation maximization method estimates
parameters from incomplete data such that the likelihood of the available data is
maximized iteratively given that the data is a function of the model parameters.
The RegEM algorithm is used for estimation of the mean and covariance matrix
for the incomplete data set, and imputation of missing values. A linear regression
model relates missing "m" and available "a" values. Each record (instrumental
grid cell or proxy record) x (consisting of missing and available values) is represented as a row vector within a data matrix X ∈ Rn×p that describes the full
multivariate data set with n records and p variables. Missing values are related to
available values within the same record or in other records by:
xm = µm + (xa − µa )B + e
where B is the matrix of regression coefficients relating available and missing
values within the multivariate data set. The residual vector e is a random error
vector with mean zero and covariance matrix C to be determined.
The rows x of the data matrix X can be weighted to account for differing area
representation of grid box data, or differing error variances.

The iterative algorithm can be summed up as follows:
1. Missing values are filled into the matrix X based on some initial guess.
2. Estimates of the mean and covariance matrix are calculated, based on the
complete dataset.
3. New estimates for the infilled values are inserted.
32

4.7. BAYESIAN HIERARCHICAL MODELING

4. Iteration until convergence
Because the number of grid cells is typically greater than the number of records
when reconstructing climate variables, regularization is necessary. Ridge regression
is applied in the standard RegEM procedure (Schneider, 2001). The conditional
maximum likelihood estimate of B is replaced by a regularized estimate.
When using the full RegEM CFR procedure, one starts by filling in the missing data points in the instrumental dataset using the RegEM algorithm. The
full RegEM CFR algorithm is then applied to the combined proxy- and infilled
instrumental data set. A calibration interval is chosen, and the temperature reconstructions from the proxies are calibrated to correspond with the instrumental
data. (e.g. 1856-1995). Moving backwards in time, the RegEM algorithm is first
used to fill in missing values for the time period 1800-1995, then 1700-1799 and
stepwise further back in time until the desired start of the reconstruction. Note
that RegEM requires that there is at least one observation at each reconstructed
grid cell.
The standard RegEM procedure was used in a pseudoproxy study by Mann
and Rutherford (2002). It was later modified and used in Rutherford et al. (2005);
Mann et al. (2005) in a so-called "hybrid" variant, where the variability in the
calibration period is separated at a time scale of 20 years. The low- and highfrequency components are subsequently composited into a single reconstruction.
Furthermore, Mann et al. (2007, 2008) has abandoned the ridge regression regularization in favor of the truncated total-least squares (TTLS) approach. Both
ridge regression and TTLS account for observational errors in the data. The TTLS
method computes the regression coefficients by means of principal components of
the covariance matrix Σ. Mann et al. (2007) argue that this regularization gives
more robust estimates, and that it makes the algorithm faster.

4.7

Bayesian hierarchical modeling

Another type of CFR methods are based on Bayesian hierarchical models (BHM).
The Bayesian methodology is different from the common frequentistic way of thinking in the sense that parameters are not estimated by repeated experiments, but
are included in probability statements that represent the current state of knowledge of a hypothesis given data. Bayes’ theorem can be stated as:
p(t|y) = p(y|t)p(t)
p(y)
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where t is a hypothesis, typically including a set of parameters, and y is the collection of observations or data available. p(t) is the prior probability, and comprises
information about the hypothesis before observations are made. p(y|t) is the
likelihood function, describing the probability of the observations given a set of
parameters. Finally, p(t|y) is the posterior probability describing the hypothesis
given the observations. The posterior includes the probability distributions for
the parameters and hypothesis under study. The available information about the
prior and likelihood is typically used to form probability density functions (PDF’s)
for the two terms. A well-defined PDF for the posterior can in simple cases be
calculated directly, but when the number of possible outcomes is very large, iterative algorithms are typically used to estimate a representative distribution for
the posterior. Such algorithms are called Markov Chain Monte Carlo (MCMC)
methods.
Tingley and Huybers (2010a) present a reconstruction technique called BARCAST based on a BHM. The algorithm is described in detail Sect. 2.1 of Paper
3. The BARCAST model consists of three levels. A model for the true structure
of the target variable is formulated at the process level, this is the field that will
be reconstructed. Details on the observational data (instrumental and proxy) is
described at the data level together with formulated observation equations. The
relationship between proxy and target variable is formulated through a multivariate linear regression equation. At locations where there are no observations it is
assumed true target variable values. At the prior level, prior probability distributions are formulated for each parameter in addition to likelihood functions for
the data given the true field values and all parameters. Bayes’ rule is applied, and
samples are drawn from the posterior probability distribution using an MCMC
algorithm known as the Gibbs sampler until convergence of the posterior. The
reconstruction skill of BARCAST was tested using synthetic proxy data (Tingley
and Huybers, 2010b), and was shown to provide skillful reconstructions and outperforming RegEM. BARCAST has the opportunity to estimate a complete field of
the variable of interest, while RegEM requires a minimum number of available values for each location where missing values are to be imputed. On the other hand,
BARCAST is more computationally demanding, (Tingley and Huybers, 2010a).
BARCAST has been used to reconstruct surface temperature over Europe
(Luterbacher et al., 2016), and the Arctic (Tingley and Huybers, 2013; Werner
et al., 2017). The method has also been tested and compared with the CCA
34

4.8. METHODOLOGY AND DETAILS USING A SINGLE TEMPERATURE
RECONSTRUCTION AS AN EXAMPLE

method using pseudoproxy experiments (Werner et al., 2013).

4.8

Methodology and details using a single temperature reconstruction as an example

The scaling properties in a selection of hemispheric mean multiproxy temperature
reconstructions have been analyzed in Paper 2. Earlier, Rybski et al. (2006); Mills
(2007); Lovejoy and Schertzer (2012b) have also used regional and hemispheric
multiproxy temperature reconstructions for LRM analyses. An important caveat
when performing such analyses is that the variability-level in the considered reconstructions may be altered in some sense due to the above mentioned regression
dilution, or the selection of proxy records, or due to filtering techniques used.
These effects are not related to the climate variability, and one should therefore
be careful when interpreting the resulting curves as simply scaling or non-scaling.
In fact, the curves could reflect climate variability in combination with other artifacts due to biases and noise. To gain insight into these details, the section below
describe the reconstruction procedure for a temperature reconstructions which has
been central in my work, Moberg et al. (2005).
4.8.1

The Northern hemisphere index temperature reconstruction by
Moberg et al. (2005)

The reconstructed temperature presented in Moberg et al. (2005) is a Northern
Hemisphere reconstruction covering the time period 1-1979 AD. The reconstruction was constructed to preserve low-frequency, and circumvents the regression
dilution problem by applying a wavelet filtering technique. It is created from 11
low-resolution proxy time series (e.g. ice-melt records, pollen data, lake sediments,
1-180 year resolution) and 7 tree-ring records (annual resolution). The algorithm
for reconstruction consists of first dividing the 18 local reconstructed temperature
time series into an eastern and a western part. Linear interpolation was then applied to all time series in order to create annual mean values. The beginning and
end of the time series were padded with surrogate data so that they all covered the
time period; 300 BC - 2300 AD. The Mexican hat wavelet with 22 scales was then
applied to each series, creating 22 time series with wavelet transforms (WT). For
each scale 1-9 (Fourier timescales <80 years), the WT from the tree-ring proxy
series were averaged. For the scales 10-22 (Fourier timescales >80 years), the WT
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from the low-resolution proxy series were averaged. Scale 1-22 were then merged,
creating two full WT time series, one for the Eastern and one for the Western
Northern hemisphere. The two subsets were then averaged, and the inverse WT
was calculated, creating a dimensionless NH temperature reconstruction. Finally,
the mean and variance of the reconstructed temperature time series were calibrated
to correspond to the instrumental data available for the time period 1856-1978.
The wavelet-filtering technique used in Moberg et al. (2005) results in a reconstruction with effective temporal resolution of four years. The high-frequency
variability corresponding to time scales 1-4 years should therefore not be used for
scaling analysis, as it is smoothed and not representative of the true variability
on these time scales. as shown in Paper 1 and 2, the record shows excellent scaling with β ∼ 0.7 on time scales from 4 years up to centennial or millennial time
scales. However, caution should be taken when interpreting this reconstruction
as representative for the full Northern hemisphere, as the majority of the local
records are terrestrial, and only a handful represent coastal marine sites. Furthermore, (Mann et al., 2005) criticized the reconstruction and suggested that the
low-frequency variability may be inflated. Moberg et al. (2008) used pseudoproxy
experiments to test the reconstruction skill after this criticism. The reconstruction technique was compared against the CPS procedure, and the results showed
that the wavelet-based reconstruction method performed better for pseudoproxies
generated from a forced climate simulation than for a control run simulation. The
results also depended on the noise type and level, which is natural and expected.
After the reconstruction was first published in 2005, the understanding about
proxy-temperature relationships have been improved. The proxy data quality and
dating has also been refined, and the overall proxy database has been updated and
expanded. The Moberg et al. (2005) temperature reconstruction is still considered
as an important contribution to the ensemble of millennium-long reconstructions,
but some of the proxy records it is based on are less relevant today.
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5.1

Paleoclimate model simulations

State-of-the-art climate models are based on physical processes observed in the era
of instrumental observations, and parameterizations are calibrated from present
climate conditions. It is therefore important to test the skill of such models for
conditions that are significantly different from the present climate. The purpose is
to find out if the models respond correctly and are able to simulate future climate
change in a realistic manner. Paleoclimate simulations are used for such testing
since they can be evaluated and compared with proxy-based observations. Since it
became known in the 1980s that response to forcing is model dependent, systematic
model intercomparison became an important part of the model evaluation and development. Earlier intercomparison projects for paleoclimate simulations focused
on the last glacial maximum (LGM) and the Mid-Holocene period, where climate
conditions were significantly different from the present climate. The most recent
Paleoclimate Modelling Intercomparison Project (PMIP3) also include forced simulations for the last millennium (Braconnot et al., 2012). The climate during this
time period was more similar to the present, but the intercomparison value of these
simulations is that the modeled variability can be compared with a wide range of
accurately dated proxy-based reconstructions. Inconsistencies between simulations
and observations may indicate model deficiencies or errors in the reconstructions.
There is a wide range of complexity levels for models used for paleoclimate simulations. Potential sources of discrepancies include e.g. errors in the forcings used
by the models, incorrect representation of modeled responses and feedbacks, or
the interpretation of proxies dominated by noise/uncertainties. Standardization
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of the forcing data sets used in all model runs of PMIP3 facilitates intercomparison
between models and thereby quantifies potential model-dependent uncertainties

5.2

5.2.1

Paper one: Long-range memory in internal and forced
dynamics of millennium-long climate model simulations
Summary

The memory properties in selected paleoclimate simulations were investigated in
a systematic manner in this paper, and compared with the memory properties of
climate reconstructions. The different simulations were based on GCM models or
models of intermediate complexity, with and without Earth-system modules and
external forcing. The representation of physical processes and interactions in the
climate system must necessarily be simplified in climate models. The degree of
simplification is dependent on the model complexity. It is important to investigate
if and what types of model configurations that facilitate LRM, and if the level of
complexity and/or the inclusion of Earth System Modules or external forcing is
essential for the memory. Vyushin et al. (2004) studied ensemble experiments of
the NCAR PCM using a variety of forcing configurations, and found that inclusion
of volcanic forcing greatly improved the model scaling behavior.
The advantage of working with data from climate model simulations is that
the data sets are provided with high spatiotemporal resolution, they cover long
periods in time and have no gaps in space or time. Two proxy-based temperature
reconstructions were also analyzed with the same techniques as the model data
for comparison. One of them represent the Northern Hemisphere (Moberg et al.,
2005), and is a multiproxy temperature reconstruction based on seven tree-ring
records and 11 low-resolution records. The other reconstruction is based on diatoms from marine sediments, Miettinen et al. (2012), and represent a local site
in the Northern North Atlantic. The simulated temperature data were extracted
to replicate the reconstruction regions.
Four model configurations were selected where one is included in PMIP3,
(HadCM3). Three of the models are fully coupled atmosphere-ocean general circulation models (AOGCMs): COSMOS ESM, ECHO-G and HadCM3, and the last
one is an Earth system model of intermediate complexity (EMIC): LOVECLIM.
For COSMOS and ECHO-G there was a control run available in addition to the
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forced run.
The scaling parameter β was estimated using three different techniques: the
power spectrum, DFA and wavelet variance analysis. The results showed scaling
in all simulated data sets, and no systematic difference between control run/forced
run or the level of complexity. For the forced runs we found 0.8 < β < 1.2 on
timescales from decades to centuries. The corresponding results for the Moberg
et al. (2005) multiproxy temperature reconstruction were 0.6 < β < 0.69. The
control runs had scaling parameters 0.82 < β < 0.87. The scaling analyses were
also conducted on residual data sets, where the theory of the stochastic-dynamic
model described in Rypdal and Rypdal (2014) was applied to the model timeseries
and the Moberg et al. (2005) temperature reconstruction. The general idea of the
stochastic-dynamic model is that the temperature signal is a superposition of a
linear response to external forcing, and a response to stochastic forcing from unresolved spatiotemporal turbulence. The latter term represent internal variability
in the climate system, which can be modeled as a scaling process such as the fGn
using an LRM hypothesis. Subtracting the response to external forcing from the
full temperature signal leaves a detrended residual. The scaling of the residual
can then be investigated. This was done for the forced runs in our study and the
Moberg et al. (2005) reconstruction. The temperature response to the external
forcing was estimated using available forcing timeseries. All residuals were scaling with 0.6 < β < 1.1. The individual scaling parameters are lower than what
was estimated from the forced runs, but the small differences simply indicates a
strengthening of the memory when external forcing is included.
Through our study it has been demonstrated that state-of-the-art AOGCMs
and EMICs are able to generate output temperature data exhibiting LRM. The
memory is intrinsic in the modeled internal variability, but increase slightly when
taking into account the temperature response to external forcing. The strength of
the memory is similar to that observed in the milliennium-long mean temperature
reconstruction for the Northern Hemisphere (Moberg et al., 2005). The scaling
parameter estimated from DFA-2 of the local SST reconstruction of Miettinen
et al. (2012) was also compared with that estimated from modeled temperature
of ECHO-G from the same location. The scaling was found to be similar on
timescales from years to centuries, with 0.45 < β < 0.67.
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5.3

Climate response in proxy-based climate reconstructions
and climate simulations

This section summarises additional relevant aspects of the scientific discussion
around scaling in paleoclimate model simulations versus observations. The choice
of literature reflect the many sources of uncertainty that needs to be considered
when interpreting LRM in model simulations.
5.3.1

The role of volcanic forcing

There is no clear consensus yet on the role of volcanic eruptions in the generation
of LRM. The global instrumental temperature response to large and explosive
tropical volcanic eruptions is apparent as a sharp peak in the temperature record
over the subsequent two years only, (Robock and Mao, 1995). The long-term
effects are less pronounced, but there are indications that the surface temperature
may also be more indirectly affected for decades due to shifts in oceanic circulation
(Miller et al., 2012; Schleussner et al., 2015). Such atmosphere-ocean interaction
is an example of a mechanism that introduce LRM into the climate system. As
mentioned, Vyushin et al. (2004) found that volcanic forcing improved the scaling
in model temperature record significantly, while Østvand et al. (2014) found that
the external forcing did not have any substantial influence on the scaling. The
contradicting results gives reason to elaborate more systematically on the model
skill in representing the temperature response to strong, volcanic eruptions.
Many of the small-scale physical processes associated with volcanic eruptions
have traditionally been parameterized in climate models. The actual dynamical
processes are highly complex and involve atmospheric and oceanic interaction and
teleconnections. The spatiotemporal evolution of the temperature change associated with a specific eruption depends on a number of factors such as the season
and location of the eruption, the chemical composition of the ash plume, and the
size distribution of sulphate particles. Observational data from large, tropical,
explosive volcanic eruptions with global impact on the climate is needed to model
the dynamical processes and calibrate the response in climate models. For obvious reasons, the amount of such observational data is limited. The Pinatubo
eruption in 1991 was monitored closely using modern in-situ and remote-sensing
instruments, but further back in time the observational data basis is sparse and
based on indirect measurements.
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Driscoll et al. (2012) demonstrated discrepancies in the spatially distributed
surface temperature anomaly between CMIP5 model simulations and instrumental observations after recent, major tropical volcanic eruptions. The reanalysis
data set of the 20th Century version 2 (20CRv2) Compo et al. (2011), was used to
represent observations. The study points to well-known dynamical features that
the models fail to reproduce after large eruptions, including a strengthened NH
polar vortex, positive NAO and a pattern of warming across Eurasia. The spatial pattern of modeled cooling was shown to be substantially stronger than the
observed.
Mann et al. (2012) revealed a similar problem for historical eruptions by comparing the Northern Hemisphere mean surface temperature for one AOGCM, one
EBM and one tree-ring reconstruction. For three major eruptions the modeled
temperature decrease was significantly stronger than the reconstructed, e.g. ∼ 2◦ C
cooling versus ∼ 0.6◦ for the 1258/1259 eruption. It is not trivial to find out how
such large volcanic spikes in the temperature response affect the LRM. Mann
et al. (2012, 2013) hypothesized that trees near the tree-line might have a reduced sensitivity to cooling, so that the strong cooling was simply not recorded
in the tree-rings after abrupt, explosive volcanic eruptions. This effect was further demonstrated using a biological growth model. However, Anchukaitis et al.
(2012) pointed to a number of factors that contradict this hypothesis, including
the improper choice of tree-ring growth model and assumptions about temperature
thresholds for growth and length of growing season. By changing the tree-growth
model and replacing the parameters with more realistic measures, they demonstrated that trees near the tree-line do indeed record the temperature change associated with explosive volcanic eruptions. It was pointed out that large-scale treering based reconstructions may suffer from lagged effects from prior-year weather
on subsequent ring formation, and also that the spatial distribution of the tree-ring
network may influence the mean temperature variability.
Another possible explanation for the deviation between the modeled temperature response and the observed temperature data is that volcanic forcing for the
past millennium is generally poorly constrained with respect to magnitude prior
to the instrumental period (Fernández-Donado et al., 2013). The volcanic forcing
is primarily reconstructed from sulphate in ice cores. However, the ice core records
have higher age uncertainties than tree-ring records, where the enrichment of 14 C in
tree-rings following an eruption provides an absolute age marker (Sigl et al., 2015).
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Consistency between tree-ring and ice-core chronologies is therefore crucial to construct a coherent age model for the volcanic forcing. The exact timing of volcanic
eruptions prior to 1250 CE is debated because of such chronological discrepancies
between ice cores and tree ring records. Sigl et al. (2015) constrained and revised
the Greenland and Antarctic ice core chronologies using age markers linking the
age models of ice-cores and tree-rings. The revision of the ice core chronologies before 1250 AD implies necessary updates to the reconstructed volcanic forcing, and
it also means that the magnitude of high-to mid frequency temperature variability
(annual to a few years) may be biased in multiproxy climate reconstructions where
ice core records are used together with other proxy types.
If the volcanic forcing used as input in climate models is poorly constrained
as described in Fernández-Donado et al. (2013); Sigl et al. (2015), and the models
cannot simulate the dynamics associated with volcanic eruptions, (Driscoll et al.,
2012), it seems challenging to test the long-term temperature response to a single
eruption. A new generation of climate model simulations is currently under planning and preparation (Zanchettin et al., 2016), the “Model intercomparison project
on the climatic response to volcanic forcing”, (VolMIP). This set of experiments
is part of the CMIP6 initiative, and includes short simulations to investigate the
short-term seasonal to interannual dynamical response to a Pinatubo-like eruption,
longer simulations to study long-term effects of a single eruption, and experiments
on volcanic clusters. By performing idealized, ensemble-based experiments it is
possible to pin down the climate response in different layers of the atmosphere and
the ocean, and to observe how the internal variability contributes to the response.
The intention of the VolMIP experiments is to assess the coherence between climate models in simulating the response to volcanic forcing starting from similar
initial conditions and using the same set of external forcing, and identify causes
why such robustness is not achieved.
5.3.2

Multi-scale climate variability in proxy-based reconstructions and
paleoclimate simulations

Laepple and Huybers (2014a) demonstrate significant differences in the magnitude
of regional sea surface temperature (SST) variability on multidecadal time scales
for climate models and instrumental measurements. The power spectrum shows
that models have substantially underestimated power on decadal time scales and
longer compared with observation temperature. The instrumental data are cor42
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rected for different sources of noise prior to spectral analyses. The authors suggest
that the deviation is a result of models systematically underestimating regional
sea surface temperature variability, and that the mismatch is most evident on long
time scales. On the global level the consistency is much better, which may be
due to stronger spatial covariance in the models than in the observations (PAGES
2k-PMIP3 group, 2015).
Laepple and Huybers (2014b) compare the level of variability for SST in proxybased reconstructions and simulations. Again, the spectra show a clear difference
on the multidecadal and longer time scales, but longer time periods are available
for study than in Laepple and Huybers (2014a). For the proxy records, a continued increase in power is observed for frequencies corresponding to decadal time
scales and longer, while the models show a flat spectrum on the lowest frequencies
available. The proxy records are corrected for different sources of noise before
comparison, which are different and less well constrained than the sources of instrumental noise. The proposed explanations are that modeled internal variability
may be underestimated, or the external forcing or the responses in the models may
be too weak.
The issue of continental-scale temperature variability in models and proxy reconstructions was the focus of (PAGES 2k-PMIP3 group, 2015). The variability
in PMIP3 simulations and PAGES 2k regional temperature reconstructions were
compared for the past millennium. Reconstructions cover the landmasses of the
Arctic, Europe, North America, Asia, South America, Australasia and Antarctica.
The simulations were required to fulfill certain criteria, leading to exclusion of
some PMIP3 past millennium simulations and inclusion of some pre-PMIP3 simulations. Direct observation of the time series indicate stronger long-term trends
and more variability on centennial and longer time scales in the reconstructions
than in the simulations. Spectral analysis shows that most of the models exhibit
more variance than the reconstructions at high frequencies, and for three out of
seven regions the models show less variability than the reconstructions on multidecadal time scales and longer. At the same time, the spatial correlation structure
was demonstrated to be considerably stronger for the simulations than the reconstructions. Response to volcanic forcing is considerably stronger in the simulations
than in the reconstruction, with cooling of -0.5 to -1 ◦ C in the models in contrast
to -0.1 to -0.25 ◦ C for the reconstructions.
Franke et al. (2013) estimate local spectral exponents from power spectra for
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instrumental, reanalysis, proxy and simulated data. The proxy data material
is dominated by tree-ring width (TRW) and tree ring density (MXD), and it is
demonstrated that the proxy data have a larger spread in beta-values than the
instrumental data, biased towards higher values. It is suggested that the lowfrequency variability in tree-ring records is overestimated compared with instrumental, reanalysis and model temperature. The bias in local beta values may
propagate into multiproxy reconstructions that heavily depends on tree-ring data.
This is illustrated by estimating local spectral exponents for the global climate field
reconstruction by Mann et al. (2009). This reconstruction is dominated by treering records, and local values of beta are mainly 1 < β < 2 (Franke et al., 2013),
supplementary material. In contrast, local β values for the CRU TS3 dataset are
0 < β < 1.
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Discussion and summary of Paper 2
6.1

Paper two: Are there multiple scaling regimes in Holocene
temperature records?

There are different views on how scaling models can be used to describe the Earth’s
surface temperature. One perception is presented in Rypdal (2012); Rypdal and
Rypdal (2014); Rypdal et al. (2015); Rypdal and Rypdal (2016). The surface
temperature is considered as a superposition of internal variability (the response
to stochastic forcing) and a forced signal which is the linear response to external
forcing. The background variability may be modeled using a stochastic process
such as the fGn or fBm, or a different process that incorporates non-gaussianity
if this is considered more appropriate. The response to external forcing can be
modeled using periodic functions with superposed trends.
The concept of a break in scaling implies a different model for surface temperature. Spectral analysis of temperature proxy data representing time periods
longer than the Holocene typically gives a spectrum with a characteristic break
in scaling around centennial timescales. Lovejoy and Schertzer (2012b) use this
property to construct a conceptual framework where temperature variability is
divided into different categories associated with the time scales involved. Temperature variability on time scales shorter than 10 days is “weather”, while variability
between 10 days to a century is “macroweather”. For time scales longer than centennial the variability is categorized as “climate”. So far, these terms have not
gained general acceptance. The variability associated with "climate" is typically
dominated by data from the last glacial period or even further back in time. The
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Earth’s climate is nonstationary over such long timescales, and the concept of
scaling may be considered less meaningful for these types of records without an
associated statistical model. For the present, Holocene climate there is no scale
break in detrended temperature records, and it may be argued that the simpler
model with one single scaling regime is more suitable for describing variability up
to a few millennia. From an information criteria perspective the simpler model has
fewer parameters, and should therefore be preferred. it is possible to use a single
model with separate scaling regimes to describe the Earth’s surface temperature
over a range of time scales. However, the proxy temperature records from the
last glacial climate state are characterized by strong nonlinearities. The same is
true for the interglacial-glacial transitions. Describing this variability by a single
scaling regime is an extreme simplification, and it can therefore be debated how
useful the scale-break model is.
6.1.1

Summary

The Earth’s surface temperature record is highly nonstationary on timescales beyond the Holocene. Ditlevsen et al. (1996); Huybers and Curry (2006) and Lovejoy
and Schertzer (2012b) all present log-log power spectra for temperature and/or
temperature proxies covering the Holocene and the last glacial period, with estimated scaling parameters β. The three studies all identify a break in scaling at
centennial time scales, and β changes from approximately 0 < β < 0.6 on the
shorter scales to β > 1 on the longer. Huybers and Curry (2006) suggest that
the power-law continuum in the spectrum of surface temperature on time scales
between one year and a century is a result of an inverse cascade in frequency space
driven by the seasonal cycle forcing.
The alternative view of Rypdal (2012); Rypdal and Rypdal (2014); Rypdal
et al. (2015); Rypdal and Rypdal (2016) is that a linear power-law response to
stochastic forcing yields the β < 1 scaling, and the power-law response is interpreted from an energy balance perspective where energy is exchanged between
different parts of the climate system with different heat capacities and response
times. The fGn has been frequently used to model the Earth’s surface temperature. When 0 < β < 1, this process is persistent. If we want to model a process
with β > 1, an fBm is used.
It is necessary to study proxy records that extend into the last glacial period to detect the observed scaling transition around centennial time scales with
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significance. In Huybers and Curry (2006); Lovejoy and Schertzer (2012b), the
scale break appears in composite power spectra. The high-frequency variability
is represented by recent high-resolution temperature records and -proxies, while
low-frequency variability is represented by temperature proxies with lower temporal resolution covering time periods longer than the Holocene. This means the
scale-break only appears when considering proxy types of different nature and two
climate states that are very different from each other.
If the scale-break is a universal feature, it should also be observed in records for
the Holocene only. Assume that the centennial time scale is chosen as an arbitrary
boundary between high- and low frequency temperature variability. Then, due
to the temporal coverage of instrumental and reanalysis temperature records, and
the nature of proxy-based reconstructions, most records represent either high- or
low frequency variability, but very few can be used to actually identify the claimed
scale break at this transition.
The existence of a potential scale-break at centennial time scales in the Holocene
was investigated using statistical hypothesis testing. This involves formulating a
conservative null hypothesis, in our case that the Holocene temperature variability can be described using a stochastic process with a single scaling regime. The
alternative hypothesis is that a two-regime model with a break at centennial time
scales is a better description. A significance level of 5% is chosen for rejection of
the null hypothesis. If the temperature records are unlikely to be realizations of
fGn processes with a single scaling regime, the null hypothesis is rejected.
The Greenland and Antarctic ice core records have high enough temporal resolution, and long enough coverage in time to detect and test the significance of
a potential scale break. For simplicity, and due to the sampling rate, data from
the Holocene and the last glacial period was analyzed, but not further back in
time. Two different approaches were used; to separate the ice core records into a
Holocene and a glacial part, and to analyze the full record in search for a significant break. The results showed that for the Holocene-only records, an increase in
spectral power was observed at millennial time scales, but not at centennial. On
the other hand, a centennial scale break was detected in the glacial record, and also
in the full record. This scale-break was significant, and appears to be associated
with the difference in glacial/interglacial variability, manifested for instance as the
presence of Dansgaard-Oeschger (DO) events in Greenland and North Atlantic
records from the last glacial period.
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Six late-Holocene multiproxy reconstructions were also analyzed in search for
a potential scale break, but the records were too short to claim any significant
break. One multiproxy reconstruction covering the full Holocene period was also
included. However, it was demonstrated that the high-frequency variability was
artificially low in this record due to the selection of proxy data and the reconstruction technique.
Our conclusion is that the available temperature data from the Holocene is
insufficient to justify the notion of separate scaling regimes for Earth’s surface
temperature on time scales longer and shorter than centennial. Only when data
from the last glacial period were included in the analyses, the scale-break appeared
to be significant. The notion of multiple scaling regimes is illustrative of the
temperature variability on a large span of time scales: epochs, periods, eras and
eons. The Earth’s surface temperature variability is non-stationary over this range
of time scales, so the scaling properties will depend on the time period, and what
the dominating dynamics are. As a simple example, consider a conceptual model
of the Greenland paleotemperature records for the Holocene and the last glacial
period. The Holocene is similar to a white noise process of length N, connected
at the end with the last glacial period, represented as a highly intermittent record
of length ∼ 10*N with a higher standard deviation. It is possible to estimate
the power spectrum of this combined record and study the scaling properties,
but note that the very different characteristics of the two time periods will be
merged together. The power spectrum will be dominated by the variability in the
last glacial period, and the shorter Holocene period will essentially be suppressed.
This is acceptable only if the longer time scales are considered more important.
If the two-regime model is considered universal, prediction based on this model
would include the transition to a new glacial period at centennial time scales,
simply because the model required this. This does not comply with recent findings
summarised in Masson-Delmotte et al. (2013, Chapter 5), where it is stated that “It
is therefore virtually certain that orbital forcing will not trigger a glacial inception
before the end of the next millennium”.
In the end, the problem at hand is about model selection. The problem-solving
principle known as “Occam’s razor” states that “Among competing hypotheses, the
one with the fewest assumptions should be selected”. Without doubt, the simplest
model for the Holocene climate is the one with a single, monofractal scaling regime,
which should be used as the null hypothesis.
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6.1.2

The review process

The manuscript was submitted to Earth System Dynamics. Since there was a
lengthy review process and numerous disagreements, the discussion phase is summarized below.

6.1.3

The scope

The centennial scale-break appeared in our analyses of ice core records only when
the last glacial period was included. We did, however, observe an increase in
power at the lowest frequencies for some of the Holocene records, but this was
not a statistically significant break in scaling. To test the statistical significance
we performed numerical experiments with idealized long-range memory processes.
The null hypothesis of a single scaling regime could not be rejected. It was also
demonstrated that spurious increases/decreases in power appeared even in realisations of idealized processes defined by a single scaling parameter. Such deviations
from scaling occur simply as artifacts.
Our conclusion was therefore that the one- and two-regime model were both
possible descriptions for the Holocene temperature, but the one-regime model
should be preferred. information-theoretic criteria are used for model selection
in modern science, with the intention of finding a suitable description that does
not lead to overfitting. Our main results were therefore of a negative type, which is
unconventional in the peer-reviewed literature. The results revealed possible type
1 statistical errors (false positives) in the existing literature on this specific topic.
It appears that the intermittency associated with deglaciation and the DO
events/Southern Hemisphere teleconnections causes the centennial scale break observed in the ice core records. This variability associated with nonlinear dynamics
is important, but we question the relevance to describe it as a second scaling
regime. The physical processes are poorly understood, and assigning a scaling
parameter has little value without an associated statistical model. In Rypdal and
Rypdal (2016), the scaling in the Greenland ice core records for the last glacial
period are investigated. It is suggested that the underlying climate variability can
be described as a 1/f noise, that is, when only the intervals between the DO-events
are analyzed. The events themselves, in addition to the deglaciation, are separated
from the noise background.
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6.1.4

Remarks about method selection

Time series for proxy reconstructions typically have uneven sampling in time,
which cannot be handled directly by standard techniques for scaling analysis. Linear interpolation can be used to obtain even sampling, or alternatively one can
use a method that works for unevenly spaced data. Linear interpolation will by
definition change the PSD of the signal, in some cases producing underestimated
high-frequency variability. The “red-bias” in the power spectrum is an artifact
which is observed as a steep decrease in spectral power at high frequencies in a
log-log plot, and may be misinterpreted as a separate scaling regime. In our work
it was important to distinguish true scale breaks in the spectra from artifacts and
biases. For some of the evenly sampled time series such a bias was already observed, such as Moberg et al. (2005); Mann et al. (2009). A method known as the
Lomb-Scargle periodogram was investigated since it can be used directly on unevenly sampled data. We were not certain beforehand that the method would be
suitable for our purpose, since it was originally designed to handle periodic data
with random missing values. There were few earlier studies where this method
was used for paleoclimate data, one example is (Pelletier, 1998). After testing the
Lomb-Scargle periodogram and the first round of reviews, it was decided to use interpolation and the standard periodogram in the main paper, and include the test
results for the Lomb-Scargle periodogram in supplementary material. Contrary to
the red bias observed in the standard periodogram, the Lomb-Scargle periodogram
exhibit a blue bias for high frequencies. The skill of this estimator depends on the
skewness of the distribution of sampling intervals. It was found to perform well
but not significantly different from using linear interpolation in combination with
the standard periodogram.
The Mexican Hat and Morlet wavelet scalograms were plotted for illustrative
purposes for some of the interpolated time series versus time and time scale. Using this technique, it is possible to detect systematic differences in power over
the length of the record. This was the case for the Marcott et al. (2013) reconstruction. The wavelet scalogram was also used to pin down time-localised events
that caused changes in power in one ice core record. We demonstrated that the
increase in power observed at millennial time scales in the Holocene GRIP record
occurred due to the 8.2 kiloyear event. This was an abrupt cooling event caused
by sudden drainage of the proglacial lake Agassiz into the North Atlantic (Alley
and Ágústdóttir, 2005).
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In the accepted manuscript, only selected wavelet scalograms were included.
These plots were used as supplements to the main results from the spectral analyses.
DFA of order n was shown to be insensitive to scale breaks, and to shift the
scale where breaks are observed. The performance of the Haar wavelet fluctuation
analysis was tested and compared to the power spectrum, and the two methods
appeared to give similar results and uncertainties. However, breaks in scaling
appeared more pronounced in plots of the Haar fluctuation function versus the
power spectrum, even if they were not statistically significant. Structure- and
scaling functions were introduced to demonstrate that the Holocene temperature
records at hand are monofractal. The fGn model was thereby justified, and using the Haar fluctuation it was shown that a one-regime model plus a trend has
significantly lower uncertainties on the longest time scales than the two-regime
model.
6.1.5

How should proxy-based reconstructions be used for scaling analyses?

When working with scaling in paleoclimatic temperature, the limitations and
uncertainties of proxies and proxy-based reconstructions have to be taken into
account. The proxy-based data go through a number of processing steps and
are based on fundamental assumptions not relevant to instrumental temperature.
These assumptions arise from e.g. the complexity of physical and/or biological
processes associated with the climate proxy formation. Although physically or
biologically based models (forward proxy models) have been evolving during the
recent years, the relation between the proxy and the variable it is assumed to record
is generally unknown. It is also unknown how the proxy-variable relation changes
with time. The uniformitarian principle is therefore used, i.e. that the relation
is assumed to be stationary in time. The scaling does not necessarily reflect only
the true climate variability, and the low versus high frequency variability is often
misrepresented. In addition, the sampling site of local/regional proxy records is
generally carefully chosen to investigate a specific phenomena or type of variability, and is not necessarily representative of the variability over a larger region. All
things considered, the proxy-related uncertainties makes it harder to draw firm
conclusions about scaling from these types of data than from instrumental measurements. Proxy-based reconstructions should not be used uncritically for scaling
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analyses, as is demonstrated in this paper. Nevertheless, even if the reconstructions are poor compared to actual instrumental measurements, the scaling might
provide useful information. We argue that the noise and uncertainties associated
with the proxies makes it even harder to justify a scaling model with two regimes,
separated at centennial time scales. Given the uncertainties, inference based on
proxy-based reconstructions should be taken with more caution than the one inferred from instrumental data.
6.1.6

Principles of data selection

The scaling properties in paleotemperature reconstructions have been analyzed in
e.g. Pelletier (1998); Blender et al. (2006); Rybski et al. (2006) in addition to the
papers mentioned above. Some of the data sets were re-analyzed since we were
interested in a potential scale-break in addition to general scaling properties. Six
high-resolution ice core paleotemperature records from Greenland and Antarctica
were selected: GRIP, GISP2, NGRIP, EPICA Dome C, Taylor Dome and Vostok.
In addition, six proxy/multiproxy reconstructions from the late Holocene and one
multiproxy reconstruction covering the full Holocene period were analyzed: Jones
et al. (1998); Briffa et al. (2001); Esper et al. (2002); Huang (2004); Moberg et al.
(2005); Mann et al. (2008); Neukom et al. (2014). The late-Holocene records were
too short to detect any significant break, while an increase in power at millennial
time scales could be detected in the Holocene part of the ice core records. For the
full-Holocene multiproxy record of Marcott et al. (2013) it was demonstrated that
the high-frequency variability is incorrectly represented in the earlier part of the
record. This is an example of a bias associated directly with the particular multiproxy reconstruction procedure and data selection. The bias should be accounted
for before doing scaling analysis on the record.
Lovejoy and Schertzer (2012b) claimed that the Holocene paleotemperatures
from Greenland ice cores are exceptionally stable, and should therefore be given
less credit. He refers to a paleotemperature record in Berner et al. (2008) that
should be considered more realistic for Northern Hemisphere, Holocene climate.
This record has considerably higher fluctuation levels, and scaling analysis give
β > 1 as opposed to the ice core data which have β ∼ 0. The reconstruction
referred to is based on diatoms from a marine sediment core, sampled at Reykjanes Ridge Southwest of Iceland. Lovejoy and Schertzer (2012b) do not mention
that the sampling site in Berner et al. (2008) was chosen specifically because it is
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optimal for detecting effects of quasi-cycle ice rafting pulses, sometimes denoted
as Bond events. The authors report that such periodic cooling events are indeed
detected in the record. They are known to be localised to the North Atlantic region and are therefore not global/hemispheric features. Even if the sampling sites
of the ice cores and marine sediment cores are just 1500 km apart, they belong
to different realms and have different seasonality. The observed differences in the
scaling parameters for the ice core/marine sediment data is therefore unsurprising. In particular, Fredriksen and Rypdal (2016) demonstrate that the land/ocean
difference in heat capacity influences local values of the scaling parameter. Specifically, βsea > βland . This does not necessarily involve the existence of two different
scaling regimes on different timescales.
6.1.7

Concluding discussion about the scale break and its validity

Though our study we have demonstrated that the scale break observed at centennial time scales in composite spectra in Ditlevsen et al. (1996); Huybers and
Curry (2006); Lovejoy and Schertzer (2012b) appears to be an artifact of compositing high-resolution temperature records from the present, Holocene climate,
and low-resolution proxy records from the last glacial period and even further back
in time. On longer timescales than 10 00 years the Earth’s surface temperature
variability represents a manifestation of a nonstationary and nonlinear process
with the nonlinearity being largely a result of transitions between different climate
attractors. Using scaling to describe such an evolving system implies a substantial
simplification with a loss of crucial information on the mechanisms and behaviour
of the climate system. Due to a substantial difference in the variance of the climate related signal for the last glacial period and the Holocene, fitting a single
parameter model to a composite record will result in a dominance of the glacial
period data in the model fitting procedure.
Statistical hypothesis testing and employing information principles cannot be
used to favor a statistical model with two scaling regimes using available temperature records from the Holocene alone. Furthermore, the estimation of different scaling parameters from different records does not indicate different scaling
regimes, but may very well be a result of different climate dynamics dominating
locally, as well as effects of uncertainties in proxy-based reconstructions.
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Chapter 7

Discussion and summary of Paper 3
7.1

Testing the skill of reconstruction methods

The “skill” of a reconstruction method is commonly quantified through statistical
measures related to the mean-squared error between reconstructed and true target
variables during a validation interval. If instrumental data represent the target
data used for validation, then the testing is performed over a very short interval in time, typically less than 100 years that are withheld from the calibration
period. Another option is to use synthetic temperature data for these validation exercises, performing so-called pseudoproxy experiments. Target values are
typically extracted from millennium-long paleoclimate GCM simulations or from
instrumental data sets, and pseudoproxies are constructed by adding synthetic
noise to simulate real proxy uncertainties. The target values are extracted in a
spatial pattern simulating real-world multiproxy networks. The calibration interval is again chosen to be in modern time, but instead of true instrumental data it
is also possible to use pseudoinstrumental data for regression purposes. Pseudoinstrumental data are obtained by extracting modeled target data from a spatial
complete field for the modern period. The pseudoproxy-based reconstruction can
be compared with the true model target for the remaining reconstruction period,
which is now typically hundreds of years long. A pseudoproxy experiment can be
used to assess/compare skill of one or a number of reconstruction methods, or to
validate a particular reconstruction. A review on the topic is found in (Smerdon,
2012).
Through different experiment designs, pseudoproxy experiments are used to
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investigate the sensitivity of a reconstruction method to some types of uncertainties
in an idealized fashion. A number of experiments are typically conducted for a
single model simulation and target variable, and the reconstruction skill for each
experiment is estimated. For instance, a known proxy uncertainty is noise color and
level. In pseudoproxy experiments, separate experiments can be conducted using
white or red proxy noise, and the signal to noise ratio (SNR) can be varied between
∞ and zero, spanning the range from a perfect proxy signal to a signal masked
completely by noise. Varying the SNR is how proxy data quality is modeled. The
SNR is related to the correlation between proxy and target variable:
|ρ|
SNR = p
1 − ρ2

Where ρ is the Pearson’s correlation coefficient. Note that different correlation
measures can be applied. The local correlation refers to the correlation between
a proxy signal and the instrumental variable in close proximity. In real-world
proxy networks, the SNR in proxies has been estimated to 0.5-0.25 based on local
correlation, (Smerdon, 2012). Maximum correlation refers to the highest correlation estimated between a proxy and any of the spatially distributed instrumental
variables for a given year, (Wang et al., 2014). Other pseuodoproxy experiments
handle uncertainties in the spatiotemporal distribution of the proxy network, seasonality or nonlinear aspects of the proxy-variable relationship. It is possible to
use different models and/or model realizations to test robustness of the results.
Because reconstruction methods may be sensitive to the individual noise realizations used for the pseudoproxies, an ensemble of the same experiment is typically
used to obtain statistical uncertainties associated with this factor.

7.2

7.2.1

Paper 3: How wrong are climate field reconstruction
techniques in reconstructing a climate with long-range
memory?
Summary

In Paper 3 we study the performance of the Bayesian hierarchical model BARCAST described in Tingley and Huybers (2010a) through pseuodoproxy experiments. Target data are generated as stochastic LRM fields with prescribed spatiotemporal covariance structures. In contrast to the LRM structure of the input
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data, the underlying assumption of the BARCAST reconstruction method to be
tested is that the data follow an AR(1) structure in time. Pseudoinstrumental
and pseudoproxy data were constructed by sampling the data in a spatiotemporal
idealized pattern, and adding different levels of white noise to generate pseudoproxy data. The data were then used as input for the BARCAST reconstruction
technique, and a number of analyses were performed on the resulting ensemble of
reconstructions to compare it with the target.
One of the goals of this study is to investigate if BARCAST preserves the LRM
properties of the target data. For this purpose, the spectra of the local and spatial
mean reconstructions and target data are estimated using the periodogram, and
hypothesis testing is performed. The reconstructed spectra are estimated on an
ensemble member basis, and it is tested whether the average spectrum is consistent with the spectrum of the theoretical LRM model for the target data. The
results show that the LRM-scaling of the local reconstructions are slightly better
if measured between proxy sites than if measured directly at a proxy site. When
the local reconstructions are based on noisy input data, they are not consistent
with the LRM-hypothesis at the proxy site. However, for low noise-levels they
are scaling between proxy sites. The spatial mean reconstructions show better
scaling properties than the local reconstructions. Hypothesis testing was also performed in the spectral domain using the null hypothesis that the reconstructed
data follow the AR(1) model with parameters estimated from BARCAST. This
null-hypothesis was rejected for all experiments both for the local and spatial mean
reconstructions.
The reconstruction skill was additionally tested using selected skill measures:
the correlation, the root mean squared error and the continuous ranked probability
score. The skill was found to be positive for all experiments both for local reconstructions and the spatial mean, and decreasing in the expected manner when the
signal-to-noise ratio was decreased.

7.3

Other studies using pseudoproxy experiments

The Mann et al. (2007) pseudoproxy study includes a suite of experiments performed to validate the RegEM method. Target data is extracted from two millenniumlong GCM simulations. Addition of white/red proxy noise is tested, and also
varying the SNR and using temporally variable number of proxy records. The
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study is a response to former criticism of CFR methods, and it is concluded in the
pseudoproxy study that RegEM provide robust results.
Tingley and Huybers (2010a) use real instrumental values as targets for pseudoproxies and thereby restrict the reconstruction of spatial fields of surface temperature over North America to cover the instrumental period. Experiments are conducted using varying SNR and varying the total number of pseudoproxy records.
Wang et al. (2014) compares four different CFR methodologies for modeling
surface temperature using PPE’s. Target data is extracted from one model, and in
order to compare with past PP studies, this is the same model as most of the results
and discussion in Mann et al. (2007) are based on. The CFR techniques tested
in Wang et al. (2014) are: the RegEM algorithm described by Schneider (2001)
(regularized by ridge regression), the hybrid version of RegEM applied in Mann
et al. (2009) (regularized by TTLS), canonical correlation analysis (CCA) and
GraphEM. Experiment design involves varying SNR, but only using white proxy
noise. Separate experiments are performed for networks with uniform/varying
number of records in time. Using pseudoproxy records that are uniform in time is
highly unrealistic, as observed in Fig.1 (b) in Wang et al. (2014). The unknown
proxy-target variable relationship was also tested, and modeled differently in two
additional experiments. Testing involved calculating the correlation coefficient ρ
between each proxy in the Mann et al. (2008) network and the instrumental surface
temperature field for each year between 1850-2006 AD. The results showed that
some types of proxies were highly correlated with the local target, while a large
fraction of other proxies had maximum correlation with a target value at great distance from the proxy location. To account for this bimodal distribution, separate
experiments were conducted where the pseudoproxy networks were spatially distributed to simulate the locations with local/maximum correlation, respectively.
The latter type of correlation exploits teleconnections or long-range dependence
in space.
The results from Wang et al. (2014) show that when SNR is estimated from
the maximum correlation network, average SNR is 0.47, but a few high-quality
proxies have SNR higher than 1 and contribute largely to improving the total reconstruction skill. When temporal heterogeneities of the proxy network are taken
into account, the reconstruction skill does not decrease monotonically back in time
as might be expected. The type of climate variability (forced/internal) is also important for the skill, where for instance the higher solar/volcanic forcing during
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the medieval warm period (MWP) contributes to increased skill. Regarding spatial
skill, modeled teleconnections are shown to contribute to higher skill than expected
in regions with low proxy coverage. Sensitivity to the reconstruction methodology
is found to be low when data quality is high, and data quality is generally more important for the skill than varying availability of proxies with time. The Mann et al.
(2009) implementation of RegEM provides the most skillful estimate of global mean
surface temperature for both the local and maximum correlation experiments. For
the spatial skill, CCA and GraphEM have the highest skill throughout the reconstruction period for the maximum correlation experiment, while for the local
correlation, the Mann et al. (2009) and the TTLS RegEM implementations were
most skillful. The variable skill estimates reflect that the four techniques have different sensitivity to input data and how the data are processed differently. Since
there are many uncertainties associated with the proxies in a particular network,
it is therefore suggested to use different techniques for reconstructing a climate
field from a single proxy network.
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Concluding remarks
Data from forced runs and control runs of paleoclimate model simulations exhibit
LRM properties on time scales from years to centuries, with a spectral exponent
β ranging from 0.6 < β < 1.1. No systematic differences in scaling were found between forced runs and control runs of the millennium-long GCM and EMIC model
simulations. The strength of persistence estimated from the model simulation time
series is in line with that estimated from instrumental temperature records and
paleoclimate reconstructions.
Analyzing selected temperature reconstructions, a centennial-scale change in
scaling properties from β ∼ 0 to β > 1 was not found for data covering only the
Holocene time period. However, the break was evident when including data from
the last glacial period. The issues of trends and universal scaling are problematic,
since scaling analysis then must be performed on a signal which has time-dependent
statistical properties.
Fields of LRM-processes with prescribed spatiotemporal covariance structure
have been constructed using a novel technique, and pseudoproxy experiments show
that a state-of-the-art climate field reconstruction (CFR) technique contributed to
altered scaling properties in the resulting field and spatial mean reconstruction.
The background assumption of the Bayesian BARCAST CFR technique, that the
temperature follows an AR(1) structure, results in biased parameter estimates
and thereby partly incorrect temperature reconstructions both locally and for the
global mean.
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