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Abstract Hot temperature extremes have increased substantially in frequency and magnitude over
past decades. A widely used approach to quantify this phenomenon is standardizing temperature data
relative to the local mean and variability of a reference period. Here we demonstrate that this conventional
procedure leads to exaggerated estimates of increasing temperature variability and extremes. For example,
the occurrence of “two-sigma extremes” would be overestimated by 48.2% compared to a given reference
period of 30 years with time-invariant simulated Gaussian data. This corresponds to an increase from a 2.0%
to 2.9% probability of such events. We derive an analytical correction revealing that these artifacts prevail
in recent studies. Our analyses lead to a revision of earlier reports: For instance, we show that there is no
evidence for a recent increase in normalized temperature variability. In conclusion, we provide an analytical
pathway to describe changes in variability and extremes in climate observations and model simulations.

1. Introduction

Quantifying to what extent the magnitude and frequency of extreme events are changing is a priority
in climate change research [International Panel on Climate Change (IPCC), 2012; Seneviratne et al., 2014].
In recent years, unusually hot temperature extremes have occurred and these events are increasingly
exceeding the range of historical variability [Rahmstorf and Coumou, 2011; Mora et al., 2013]. Considerable
scientific debate has sparked around whether present-day changes in extreme events are due to the shift-
ing mean climatology or whether we are also confronted with changing variability [Hansen et al., 2012;
Huntingford et al., 2013; Alexander and Perkins, 2013; Mora et al., 2013; Seneviratne et al., 2014]. Of particular
focus in this context are changes in temperature extremes, which have direct impacts upon human wellbeing
and likewise affect ecosystem services and global biogeochemical cycles [IPCC, 2012; Reichstein et al., 2013].

A widely used approach to address this question relies on normalizing climate data relative to a reference
period [Hansen et al., 2012; Coumou and Robinson, 2013; Huntingford et al., 2013; Kamae et al., 2014; Curry
et al., 2014] aiming to objectively compare temperature variability and extremes across space and time. This
approach conventionally derives standardized anomalies by locally subtracting the mean () from and
dividing the observations by the standard deviation (o,) estimated from some reference period:

X -
7= Href

Oref

m

Theideais to rank or count events based on departures from the local climatology (as defined by the reference
period) in units of standard deviation (c). Transformations of this kind underpin studies of changes in the
occurrence of monthly or seasonal temperature extremes [Hansen et al., 2012; Coumou and Robinson, 2013;
Kamae et al., 2014; Curry et al., 2014] and variability [Huntingford et al., 2013]. Further, so-derived standardized
anomalies have been used to determine continental-scale rankings of the most significant meteorological
or geophysical extreme events [Grumm and Hart, 2001; Hart and Grumm, 2001; Root et al., 2007; Graham and
Grumm, 2010], and Kodra and Ganguly [2014] study asymmetry in the distributions of temperature extremes
using a variant of this methodology.

In this paper, we demonstrate that this conventional normalization procedure inevitably leads to erroneous
and exaggerated estimates of temperature extremes and variability outside a specified “reference period.”
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Figure 1. Biases in the detection of extreme events in stationary and independent Gaussian data induced by
normalization. (a) Occurrences of positive two-sigma extremes in artificial Gaussian time series based on 10,000
replicates over 60 time points before normalizing the data (black line) and after normalizing each replicate using the
first 30 samples as reference period. (b) lllustration of variance inflation and reduction through the generation of
anomalies in the out-of-base (blue) versus reference period (red) probability density function (PDF) (n,,s = 8 for
illustration). (c) Changing tails in normalized (i.e., divided by the SD estimate) Gaussian variables (n,.s = 8 for illustration).
Colored shading in Figure 1a indicates the 5th to 95th percentile in repeated simulations.

Furthermore, we derive an analytical correction that accounts for these statistical artifacts and allows for an
accurate quantification of large-scale climate variability and extremes.

2. Methodology and Results

2.1. Normalization-Induced Artifacts and an Analytical Correction for Quantifying Extremes

To test the suitability of the reference period normalization, we conduct Monte Carlo simulations with
independent and identically distributed random variables drawn from a standard Gaussian distribution
(NM(u = 0,62 = 1)). This numerical experiment is set up in analogy to investigations of monthly or seasonally
standardized extremes (see Hansen et al. [2012], for an example) in gridded temperature data with k = 10*
time series (“grid cells”) and n = 60 data points per time series (“years of data”) but consisting of purely random
Gaussian variables (independent and identically distributed (i.i.d.)). For each time series we generate anoma-
lies and subsequently standardize these based on the conventional procedure (equation (1)). Both mean (/i)
and standard deviation (6,.) are estimated from each time series’ first 30 values (i.e., n = 30). The number
of values exceeding a given o threshold (“c extremes”) are counted at each time step in the original and
normalized data set (Figure 1, grey and red lines, respectively).

Given that the statistical properties of the artificial data are time invariant, there should be no change in
the number of extremes across the data set. However, in fact, we find substantial increases in the number
of extreme events outside the reference period along with a reduction in extremes within the reference
period (Figure 1a, R code to reproduce these results in Text S1 in the supporting information). A quantifica-
tion of 26 extremes across all grid cells in the artificial data set leads to a considerable increase (red line in
Figure 1a) in the out-of-base period relative to the reference period of about 48.2%. Considering only the
out-of-base period, the number of 2¢ (36) events would be overestimated by 29.1% (131.0%) relative to
the original Gaussian data (black line in Figure 1a), which corresponds to an increase from a 2.3% (1.3%o)
chance to 2.9% (3.1%o). For illustration purposes, the distributions at a random time step inside and out-
side the reference period across all time series is shown in Figures 1b and 1c for anomalies and standardized
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Figure 2. Correction of normalization-induced biases in stationary and nonstationary time series consisting of
independent random variables. Detecting two-sigma extreme events in (a) stationary Gaussian time series, (b) Gaussian
time series with random linear trends added in the out-of-base period (=1 < 6;_¢o < 1, in units of ), and (c) Gaussian
time series with random linear trends (—1 < ;-9 < 1, in units of ¢) and changing variance (0.86,ef < A0y < 1.20¢f) iN
the out-of-base period. In each panel, colored shading indicates the 5th to 95th percentile in repeated simulations

(k = 10* simulated time series in all panels).

variables, respectively. Overall, the artificial experiment reveals potentially severe artifacts in the widely
applied reference period normalization. In the following paragraphs, we reveal the consequences of this
conventional normalization and derive an analytical solution for the induced artifacts.

To understand the origin of the apparent increase in extremes, we have to consider that the “true” values for
mean and variability are inherently unknown, which changes equation (1) to

— X— 'aref

Oref

z

)

The estimates of the mean (4,;) and standard deviation (6,) are random variables with well-known statis-
tical properties [Von Storch and Zwiers, 2001], drawn from an independent sample in case of analyzing the
out-of-base period [Zhang et al., 2005] (see Text S2 for a detailed statistical description) and subsequently
pooled in space. Consequently, the biases between both periods are induced by a combination of two effects;
first, the generation of anomalies (X,.,, = X — /i) and second, the standardization (z = )%) (Figures 1b
and 1c): The generation of anomalies systematically increases (decreases) the variance acréeés grid cells in
the out-of-base (reference) period [Tingley, 2012] but does not affect the underlying distribution (Text S2).
However, the local standardization of each time series induces qualitative changes to the (spatial) distribu-
tion (for an analytical derivation see Text S2) such that heavier tails outside the reference period are induced
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(Figure 1c). This qualitative difference stems from the fact that any time point in the out-of-base period fol-
lows a t-distribution with n. — 1 degrees of freedom (Text S2). Hence, the heavier tails generated by the
conventional standardization lead to a consistent and potentially severe overestimation of extreme events in
the out-of-base period (Figure 1a) for relatively short, but in practice often used, sometimes unavoidable, ref-
erence periods. However, the distribution after normalization can be derived analytically (Text S2), and hence,
the biases can be rectified separately both for the reference and the out-of-base periods. Specifically, instead
of counting 26 (30) extremes in the out-of-base period, a search for the corresponding percentile threshold
in the variance-adjusted t-distribution (2.12¢ (3.320), respectively, if n = 30) would allow for the detection
of the correct number of events (Figures 2a and S1 for an illustration of the correction procedure). Further,
it is worth noting that even with an increasing number of samples in the reference period, the convergence
to small biases is slow. For autocorrelated data the artifacts are even more pronounced owing to a smaller
effective sample size (Figures S2a and S2b, respectively).

Before applying the proposed analytical correction we have to consider that temperatures at monthly or
seasonal time scales are typically nonstationary [Ji et al., 2014], i.e., simulated or observed time series might
contain spatially and temporarily diverse trends. Using Monte Carlo type simulations of normalized Gaussian
time series with changing trends and variability, we find that both exert strong influence on the magnitude
of the biases (Text S3). Increasing (decreasing) trends or variability in the out-of-base period severely deflates
(inflates) the biases for the upper tail (Figures S2a and S2b). These insights are equally applicable to the lower
tail of the distribution if the sign of the trend is reversed. To assess the issue of nonstationarity in more detail,
we consider trends and changes in variability in the artificial data set introduced in Figure 1. First, random lin-
ear trends are added in the out-of-base period to each random Gaussian time series, where the magnitudes of
the trends at the last time step are drawn randomly for each grid cell from a uniform distribution in the inter-
val [-1 < § < 1]in units of ¢ (Figure 2b). Second, we investigate a trend in the out-of-base period coinciding
with randomly assigned changes in variability (0.8 < ¢ < 1.2, Figure 2¢).

Following the solution for stationary time series outlined above, we offer an analytical correction that allows
handling of the additional artifacts induced by nonstationarities (Text S4). In essence, normalizing nonsta-
tionary data induces a noncentral version of Student’s t-distribution. This analytical distribution can be used
to avoid normalization-induced biases entirely if changes in the trend or variability are known (Figures 2b
and 2¢). Likewise, estimating the trend and/or changes in variability largely allows for removing the biases
(Figures 2b and 2c). As above, o extremes are counted based on the biased estimate of the conventional pro-
cedure (red line) and based on the application of the suggested correction procedure using known (blue) and
estimated (green) trends and changes in variability. Throughout this paper, singular spectrum analysis (SSA),
a nonlinear spectral decomposition methodology [Golyandina and Zhigljavsky, 2013; von Buttlar et al., 2014]
is used to estimate trend components, before the analytical correction procedure based on the noncentral
t-distribution is applied. Trends are extracted as 31 years and larger components using a 45 year SSA window
length (L = 45).

2.2. Quantifying Extremes in Earth Observation Data

In this subsection, we assess how monthly temperature extremes on land have changed over the second
half of the twentieth century in the Northern Hemisphere up to present by applying the statistical approach
outlined above. In order to avoid potential inhomogeneities related to gridded observations, we analyze the
state-of-the-art Twentieth Century Reanalysis data set [Compo et al., 2011] (version 2). The reanalysis data set
assimilates only surface pressure measurements and monthly sea surface temperatures into an atmosphere
and land general circulation model [Compo et al., 2011] and is hence independent from station temperature
measurements. The data set has been specifically designed to assess climate variability and extremes statis-
tics “spanning the instrumental record” and has been demonstrated to reproduce the observed temperature
trends and variability to a very large extent [Compo et al., 2011].

In our analysis, we first interpolate the data set to a 2° x 2° regular latitude-longitude grid and mask ocean
pixels. Second, we estimate separately for each month and grid cell the trend component, local mean,
and (nondetrended and detrended) standard deviation in two different reference periods (1921-1950 and
1951-1980). Third, each pixel time series is normalized using both reference periods and the detrended and
nondetrended o, estimates. For each month we calculate the area affected by 26 and 3¢ extremes, using the
conventional normalization approach and our correction. We use the trend estimates for our correction but
assume an approximately unchanged variance over the past decades [Huntingford et al., 2013]. Last, we derive

SIPPEL ET AL.

CLIMATE VARIABILITY AND EXTREMES 9993



@AG U Geophysical Research Letters

10.1002/2015GL066307

JJA, 30°N-80°N

JJA, 30°N-80°N
44 — Out-of-base, standard normalization
—— Out-of-base, corrected
— = Ref. period, standard normalization
3 - = Ref. period, corrected
e e+ Piecewise linear regression

Land Area [%], T > +3 sigma T Land Area [%], T > +2 sigma

1950 1960 1970 1980
Years
C 80
60 —

Latitude [°N]
N
o
|

Change Point

15 ——  Qut-of-base, standard normalization
—— Qut-of-base, corrected
— = Ref. period, standard normalization A
10 - = = Ref. period, corrected ) i
eee Piecewise linear regression  Change Point o
A
5 — a
¢ \ (] \ L"\\l‘ o
buolele g e oo sass s S RS
: Val == 7 P
0 N\
I I I I I ]
5 —_

1990

2000

Latitude [°N]
N
T

N
o
|

2010

(U I I
1950 1960 1970 1980

Years

I
1990

I
2000

I
2010

20
15
10

Land area [%], T > +2 sigma

Normalization—induced bias [%]

Figure 3. Increase in normalized hot temperature extremes in a spatiotemporal data set (Twentieth Century Reanalysis).
Time series of fraction of extratropical Northern Hemisphere land area covered by positive monthly (a) 2¢ and (b) 3¢

events in summer (reference period: 1951-1980). Horizontal lines indicate decadal averages for the conventional

normalization procedure (light blue) and our proposed correction (orange). (c) Zonal evolution of fraction of land area

covered by monthly positive 2¢ extremes in Northern Hemisphere summer. (d) Zonal evolution of relative biases

induced by the conventional normalization approach.
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seasonal averages of the “area affected by extremes” for Northern Hemisphere summer (June, July, and
August, Figure 3).

Our analysis reveals that the exceedance of monthly 26 and 3¢ temperature extremes in summer has indeed
increased substantially over the Northern Hemisphere (Figures 3a and 3b for land areas in the Northern
Hemisphere outer tropics). However, the bias-adjusted time series show a consistently slower and smoother
increase as compared to the conventionally applied uncorrected normalization procedure. A breakpoint
analysis using piecewise linear regression [Toms and Lesperance, 2003] based on our revised figures indicates
that the recent rapid increase in hot summer months in the Northern Hemisphere (26 and 3¢ events) started
to emerge around the late 1980s or early 1990s (Figure 3b).

The magnitude of the biases and the discontinuities at the reference and out-of-base period are robust across
different reference periods and also hold if trends are subtracted before estimating local variability [Coumou
and Robinson, 2013] (Figures S3 and S4). Increases in extremes relative to local variability show a clear zonal
pattern (Figure 3c) with the largest increases in the tropics and subtropics. Therefore, biases induced by the
normalization are largest in areas where the trend is relatively small compared to local variability (Figure 3d).
However, it is worth noting that peculiarities of the station-based observational record such as urban heat
islands or local land use changes are not accounted for in the Twentieth Century Reanalysis [Parker, 2011]. In
addition, the availability of pressure observations varies through time [Compo et al., 2011]. As such, the main
purpose of the present analysis is to illustrate the potential biases induced by reference period standardization
in spatiotemporal data sets.

2.3. Implications for Large-Scale Assessments of Variability and Asymmetry

Normalization-induced biases are not only relevant for assessments of extremes, but a careful consideration
of such statistical preprocessing techniques is equally important for analysis of variability and asymmetry
in spatiotemporal data sets. An example is provided by a recent study that investigated whether tempera-
ture variability has changed over the second half of the twentieth century on global and continental scales
[Huntingford et al., 2013]. The authors argue that annual temperatures in low-variance regions have become
more variable over the past decades, while global temperature variability has remained near constant. This
explanation stems from the authors’ observation that normalized variability has increased more than abso-
lute (spatial) variability (16% versus 2% increases between 1963-1980 and 1981-1996). Using the Twentieth
Century Reanalysis data set, we reproduce the increases in the annual, global, area-weighted standard devi-
ation (12.9% versus 1.8% increases, when using the conventional data processing scheme [Huntingford et al.,
2013], Figure 4).

However, an artificial experiment in analogy to the previous subsection shows that the conventional normal-
ization procedure changes the standard deviation of the data (Figure 4a) and in particular yields an increase
in standard deviation between the reference and the out-of-base period. Therefore, we correct the conven-
tionally normalized standard deviation of annual temperatures in the Twentieth Century Reanalysis data set
empirically and analytically. The former is achieved by simulating the reduction in standard deviation in artifi-
cial Gaussian data (Figure 4a), whereas the latter is achieved by using an earlier reference period (1921-1950)
and the application of our analytical correction. The empirical and analytical corrections reduce the increase
in normalized variability from 12.9% to 5.6% and 6.0%, respectively (see Figure 4b). A permutation-based sig-
nificance test [Fay and Shaw, 2010] shows that the increases in mean corrected normalized standard deviation
between both periods are not significant (Pempirical = 0-147 and Pyatical = 0.110), whereas conventional
normalization yields a highly significant increase (pgnventionast = 0-004). Hence, the relatively small and non-
significant difference between the increases in standardized and absolute variability might indeed be due to
the explanation offered previously [Huntingford et al., 2013] and potentially related to major El Nifio events in
the latter period [Fedorov and Philander, 20001. If the periods before and after 1980 are extended to derive a
larger sample, this reduces the increase in normalized variability to only 2% (1981-2006 versus 1955-1980).
Thus, based on our proposed normalization, we cannot confirm that changes across low-variance regions
have occurred over the past decades. Nonetheless, our results underpin that global temperature variability
has not changed [Huntingford et al., 2013] and additionally show that this finding holds both in absolute and
normalized terms.

Finally, another recent study [Kodra and Ganguly, 2014] reports that asymmetry in temperature distributions
of seasonal extreme values at daily time scale (both minima and maxima, i.e., the hottest and coldest day
per season) is strongly increasing toward both the cold and hot tails in model projections of future climate
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Figure 4. Normalization-induced changes in variability. Time series of normalized variability following the data
processing scheme of Huntingford et al. [2013] in an artificial example (k = 10* time series) with (a) i.i.d. Gaussian
variables and (b) in the Twentieth Century Reanalysis data set.

conditions relative to a recent period. As a preprocessing step, the authors derive “anomalies” of seasonal
extremes by subtracting the mean of the recent (historical) climatology of seasonal extremes from both
periods. This procedure leads to narrower distributions in the reference period and a broader distribution in
the future (independent) period (see Text S2). This variance inflation in skewed extreme value distributions
leads to the observed effect even in stationary time series and should hence be interpreted with caution
(Figure S5 and Text S6).

3. Outlook and Conclusion

The observation that a commonly used normalization of temperature data is inappropriate for assessing
changes in variability, extremes, and asymmetry is of general validity and should also be considered in inves-
tigations of other climatological and Earth observations. The steadily growing archives of Earth observations
derived from both ground-based and satellite remote sensing data require reconsidering conventional data
analytic approaches such as standardization. For instance, extremes in gridded standardized anomalies of
rainfall and storms [Grumm and Hart, 2001; Hart and Grumm, 2001; Root et al., 2007; Graham and Grumm, 2010;
Curry et al., 2014] have been studied using varieties of the conventional standardization procedure and are
potentially distorted by the artifacts discussed in this paper. Further, our results might facilitate the interpre-
tation of single climatic extreme events or trends that are frequently characterized in terms of standardized
departure from climatology, both inside and/or outside the climatological reference period [Schdr et al., 2004;
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Barriopedro et al., 2011; Xu et al., 2012; Ramos et al., 2014; Cook et al., 2015]. Although our analytical treatment
using the t-distribution is confined to distributions that can be approximated as Gaussian, we emphasize that
the induction of biases in the tails due to dependent/independent estimators of location and scale is funda-
mental and holds indeed across a wide range of distributions. Furthermore, because temperature extremes
are bounded [Nogadj et al., 2006], approximations of temperature values by distributions with infinite tails
(such as Gaussian and the t-distribution) might poorly estimate the most extreme temperatures. Here we offer
a correction which adjusts biases in variability and extremes induced by a widely used data preprocessing
approach. Alternatively, statistically more advanced but readily available tools, such as the theory of extreme
values [Katzet al., 2013; Nogaj et al., 2006], offer complementary approaches to quantify extreme events under
nonstationary conditions that are not affected by the statistical issues reported in this paper.

In conclusion, data normalization for the detection of changes in extremes or variability has to be applied
with caution: otherwise, there is a risk to arbitrarily inflate both extremes and variability in the time periods
under scrutiny. Our study demonstrates how to avoid biases of this kind. However, our analyses do not call into
question the major qualitative results that were outlined in previous studies [Hansen et al., 2012; Seneviratne
etal., 2014]: hot temperature extremes have increased considerably on the global scale, a trend which is most
likely to continue throughout the 21st century [Coumou and Robinson, 2013; Sillmann et al., 2013].
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