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Abstract
Tree-ring chronologies are the main source for annually resolved and absolutely dated temperature reconstructions of the last 
millennia and thus for studying the intriguing problem of climate impacts. Here we focus on central Europe and compare the 
tree-ring based temperature reconstruction with reconstructions from harvest dates, long meteorological measurements, and 
historical model data. We find that all data are long-term persistent, but in the tree-ring based reconstruction the strength 
of the persistence quantified by the Hurst exponent is remarkably larger ( h ≅ 1.02 ) than in the other data ( h = 0.52–0.69), 
indicating an unrealistic exaggeration of the historical temperature variations.We show how to correct the tree-ring based 
reconstruction by a mathematical transformation that adjusts the persistence and leads to reduced amplitudes of the warm 
and cold periods. The new transformed record agrees well with both the observational data and the harvest dates-based 
reconstructions and allows more realistic studies of climate impacts. It confirms that the present warming is unprecedented.
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1  Introduction

One of the important questions in global change research 
is which impact the increase of the recent warming will 
have on societies and human beings (Stocker et al. 2013). 
One possibility to study this question is to look at historical 
developments in relation to annually resolved and absolutely 
dated temperature reconstructions.

Presently, the main source for these kinds of data are tree-
ring chronologies that in some cases cover more than two 

millennia (Esper et al. 2016). However, the reliability of 
their high-frequency variability (Matalas 1962; Cook et al. 
1999) as well as, their low-frequency variability (von Storch 
et al. 2004; Moberg 2012; Franke et al. 2013; Bunde et al. 
2013) is debated and it is not yet clear to which extent tree-
ring chronologies reflect historical reality.

The purpose of this article is to assess and improve tree-
ring based reconstructions of temperatures. We focus on 
central Europe, where the temperatures of the past can be 
obtained not only from tree-rings (Büntgen et al. 2011), but 
also from long meteorological measurements (1753-present) 
(Berkley Earth; Czech Hydrometeorological Institute) as 
well as from grape and rye harvests date records (Chuine 
et al. 2004; Labbé and Gaveau 2011; Meier et al. 2007; Wet-
ter and Pfister 2011) that date back up to 1370 and from his-
torical model data (850-1849) (Jungclaus et al. 2010; Earth 
System Grid Federation).

Figure  1a shows the tree-ring based reconstruction 
(TRBR) of central European summer temperatures (Bünt-
gen et al. 2011), together with its 30 year moving average 
that reveals the long-term temperature variations in the 
record. Particularly large temperature increases occurred 
between 1340 and 1410 and between 1820 and 1870 that 
even are comparable in amplitude with the recent warming 
trend since 1970, indicating that the recent (anthropogenic) 
warming may not be unprecedented.
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To assess if the amplitudes of the warm and cold peri-
ods in the reconstructed temperature record reflect real-
ity, we first performed a persistence analysis of the TRBR 
record and compared it with the results from the other three 
sources. We find that all records are long-term persistent. 
The strength of the long-term persistence is quantified by 
the Hurst exponent h. This exponent was originally intro-
duced by Harold E. Hurst to quantify the persistence in 
streamflow data of the Nile (Hurst 1951) and has since 
then been applied to a large number of records in hydrol-
ogy, climate, financial markets and biology (see, e.g., Bunde 
et al. 2012). Here we show, that the strength of the long 
term persistence is remarkably larger in the TRBR record 
than in the other time series. We demonstrate that it is this 
overestimation of the long-term persistence that leads to the 
enormous climate variations in the tree-ring based recon-
struction and discuss its potential origin. Finally, we show 
how the TRBR record can be corrected by a mathematical 
transformation that reduces the Hurst exponent and leads 
to reduced amplitudes of the warm and cold periods while 
leaving their positions unchanged. The transformed record 
agrees well with both the observational data and the harvest 

dates based temperature reconstructions and also confirms 
unprecedented recent warming in central Europe.

2 � Data and methods

2.1 � Data

Tree-ring data: We consider the tree ring-based reconstruc-
tion (TRBR) of central European summer temperature 
variability by Büntgen et al. (2011), which reconstructs the 
June-August temperature over nearly the past 2500 years. A 
description of the methodology used can be found in Bünt-
gen et al. (2011). The TRBR data set can be obtained from 
the NOAA paleoclimatology datasets (National Centers for 
Environmental Information). Here we focus on the last mil-
lennium, where also temperature reconstructions based on 
harvest dates are available. The data are displayed in Fig. 1a.

Harvest dates: The 4 harvest date records (Burgundy, 
Dijon and Swiss grape harvest data as well as rye harvest 
data) considered here specify, in each year, the calendar 
date where the harvest begins. From the records one can 
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Fig. 1   Tree ring-based reconstruction of the central European tem-
peratures in the last millennium. a The reconstructed June-August 
temperatures in units of the records standard deviation. The red line 
depicts the moving average over 30 years. b, c The DFA2 fluctuation 
functions F(s) and the WT2 fluctuation functions G(s), respectively, 
for the reconstructed data from a, for monthly observational data 
(Swiss temperatures from Berkeley Earth, station data from Prague) 

and the MPI-ESM-P-past1000 model output for central European 
summer temperatures, from top to bottom. For the TRBR and model 
data, the time scale s is in years, while for the two observational 
records, it is in months. Note that in the double logarithmic presenta-
tion, the asymptotic slopes (Hurst exponents h) for the reconstruction 
data ( h ≅ 1 ) and the observational and model data ( h ≅ 0.6 ) differ 
strongly
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reconstruct the temperatures during the growth season in 
central Europe (Chuine et al. 2004; Labbé and Gaveau 2011; 
Meier et al. 2007; Wetter and Pfister 2011). (i) The Bur-
gundy data set (Chuine et al. 2004) ranges from 1370 to 
2003 and reconstructs the April–August temperatures. There 
exists one gap (1978) that we interpolated linearly. (ii) The 
French Dijon grape data set (Labbé and Gaveau 2011) is 
between 1385 and 1906 and represents the April-Septem-
ber temperatures. Since the Dijon data set has large gaps 
before 1448 we concentrated on the time span between 1448 
and 1906. There are only short gaps that we filled by linear 
interpolation. (iii) The Swiss grape data set (Meier et al. 
2007) is from the Swiss Plateau region and north-western 
Switzerland and ranges from 1480 to 2006 and reconstructs 
the April–August temperatures. (iv) The rye harvest data 
set (Wetter and Pfister 2011) is based on harvest dates in 
northern Switzerland and southwestern Germany. The data 
are between 1454 and 1970 and reconstruct the March–July 
temperatures.

Observational and model temperature data: We consider 
the long observational monthly temperature records for 
France and Switzerland that have been established by the 
Berkeley Earth analysis (Berkley Earth). The records range 
from 1753 to 2013. We also consider a long observational 
record from Prague (1775–2018) (Czech Hydrometeoro-
logical Institute). From the monthly data, we also obtain the 
mean June–August temperatures. Since these summer tem-
perature time series are too short for a reliable DFA2 per-
sistence analysis, which requires more than about 400 data 
points, we analyzed the complete monthly time series, which 
provide upper bounds for the seasonal Hurst exponents (see 
below). We also consider the central European summer tem-
peratures from the output of the past 1000 (850–1849) run 
of the MPI-ESM-P general circulation earth system model 
(Jungclaus et al. 2010). We obtained the data from (Earth 
System Grid Federation).

2.2 � Persistence analysis

It is well known that hydroclimatic records like temperature 
data and river flows are long-term persistent (Hurst 1951; 
Mandelbrot and Wallis 1969; Salas et al. 1980; Pelletier and 
Turcotte 1997; Koscielny-Bunde et al. 1998; Eichner et al. 
2003; Koscielny-Bunde et al. 2006; Mudelsee 2007; Franzke 
2010; Mudelsee 2013; Yuan and Fu 2014; Blesic et al. 2019; 
Yuan et al. 2019). The long-term persistence of temperature 
and river flow data represents an efficient testbed for model 
outputs, as well as reconstructions (Meko and Graybill 1995; 
Govindan et al. 2002; Livina et al. 2007; Ault et al. 2013).

In long-term persistent records {yi}, i = 1,… ,N with zero 
mean the power spectral density S(f) decays with increasing 
frequency f as S(f ) ∼ f −� (see, e.g. Turcotte 1997). For white 
noise, � = 0 . Records with 0 < 𝛽 < 1 are stationary and can 

be characterized by an autocorrelation function C(s) with 
time lag s that decays by a power law, C(s) ∼ (1 − �)s−� , 
with � = 1 − �.

As a consequence of the long-term persistence, long-
lasting deviations from the mean appear that lead to a char-
acteristic mountain-valley structure in the record. With 
an increasing persistence, this mountain-valley structure 
becomes more pronounced, and the likelihood of encounter-
ing large mountains and deep valleys increases. Accordingly, 
it depends on the strength of the persistence, if a trend may 
be considered as natural or not (Lennartz and Bunde 2009b; 
Tamazian et al. 2015), and the prerequisite for comparing 
trends in different records is that both records have the same 
persistence characterized by the same �-value.

Since both S(f) and C(s) exhibit large finite-size effects 
and are affected by external deterministic trends, one can-
not use C(s) nor S(f) to reliably estimate the persistence 
of short records where N is of the order of 103 . Here, to 
reveal the memory in the data, we followed (Bunde et al. 
2013) and used wavelet (WT2) and detrended fluctuation 
analysis (DFA2), where fluctuation functions F(s) and G(s) 
are calculated. In long-term persistent data both fluctuation 
functions show power-law behavior ∼ sh , h = (2 − �)∕2 , but 
on complementary time scales s: WT2 on short time scales 
and DFA2 on longer time scales. For � = 1 (white noise), 
h = 1∕2.

Accordingly, the deviation of the (Hurst) exponent h from 
1/2 quantifies the strength of the long-term persistence of a 
time series: h well above 1/2 signifies stronger long-term 
persistence with a pronounced mountain-valley structure, 
while h = 1∕2 corresponds to white noise or short memory 
processes, e.g., an autoregressive process of first order, 
where the autocorrelation function decays exponentially. 
Thus, the question if an observed trend in a record is natural 
or not depends essentially on the Hurst exponent h of the 
record.

In both DFA2 and WT2 one measures the variability 
of a record by studying the fluctuations in segments of the 
record as a function of the segment length s. Accordingly, 
one first divides the record into non-overlapping windows 
� of lengths s.

In WT2 (see, e.g., Koscielny-Bunde et al. 1998; Bunde 
et al. 2013) one determines, in each segment � , the mean 
value ȳ𝜈 of the data and considers the linear combination 
𝛥(2)

𝜈
= ȳ𝜈(s) − 2ȳ𝜈+1(s) + ȳ𝜈+2 . Then one averages (�(2)

�
)
2 over 

all segments � , takes the square root and multiplies by s to 
arrive at the desired fluctuation function G(s). For white 
noise data, G(s) ∼ s1∕2 . For long-term persistent records, we 
have

(1)G(s) ∼ sh, 1 < s < N∕20.
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The exponent h can be associated with the Hurst exponent 
and is related to the correlation exponent � and the spectral 
exponent � by h = 1 − �∕2 = (1 + �)∕2 . For spectral expo-
nents � above 1, corresponding to Hurst exponents above 
1, the data are non stationary. A well-known example is a 
simple random walk, where � = 2 and h = 1.5.

In DFA2 (Kantelhardt et al. 2001) one focuses, in each 
segment � , on the cumulated sum Yi of the data and deter-
mines the variance F2

�
(s) of the Yi around the best polyno-

mial fit of order 2. After averaging F2

�
(s) over all segments 

� and taking the square root, we arrive at the desired fluc-
tuation function F(s). One can show that for long-term 
persistent records,

Accordingly, F(s) and G(s) show the same power-law 
dependence on complementing time scales.By construc-
tion, linear (deterministic) trends in the data are eliminated, 
which is particularly important when determining long-term 
persistence in the presence of climate change. By evaluating 
both functions, we can measure long-term persistence from 
very short ( s = 1 ) towards very large ( s = N∕4 ) time scales.

We estimated the error bars for DFA2 and WT2 by 
creating long ( N = 2

21 ) synthetic records (Turcotte 1997) 
with prescribed Hurst exponents between h = 0.2 and 
h = 1.5 and analyzing by DFA2 and WT2 short subrecords 
with the same lengths as the original records. We iden-
tified the cases when the subrecords’ Hurst exponents 
were within ±0.01 of the empirical (observational) data’s 
Hurst exponent and determined the distribution of the 
prescribed Hurst exponents, which correspond to these 
cases. The standard deviation of this distribution is taken 
as the error bar. For the shortest record ( N = 459 ) we 
obtain �h = 0.06 , while for the longest record ( N = 3132 ) 
�h = 0.03.

For seasonal records comprised only of a subset of a 
year, e.g., summer temperatures June–August as in the 
tree-ring data or April–August as in the Burgundy data, the 
obtained Hurst exponent constitutes only a lower bound 
for the full years Hurst exponent. For an estimate of this 
effect, we have created synthetic full year records and ana-
lyzed the corresponding seasonal subrecords. For example, 
for the tree-ring data where N = 1000 and h = 1.02 the 
annual Hurst exponent is around h = 1.1 , while for the 
Burgundy data with N = 634 and h = 0.55 the annual Hurst 
exponent is around h = 0.64.

We like to note that the Hurst exponent was first deter-
mined via a rescaled range (R/S) analysis (Hurst 1951) and 
is also referred to as Hurst coefficient. In a (R/S) analysis 
(for a review see, e.g., (Salas et al. 1980)) one considers 
how the range R of the cumulated sum Y, divided by the 
standard deviation of the data, scales with the considered 

(2)F(s) ∼ sh, 8 < s < N∕4.

segment length (period) s. For long-term persistent 
records, (R/S) scales as,

Compared with DFA2, drawbacks of the (R/S) analysis are 
(1) strong finite-size effects and (2) the dependence on exter-
nal linear trends. DFA2 can also be generalized easily to 
study nonlinear correlations in a record (Kantelhardt et al. 
2001).

3 � Results

3.1 � Long‑term persistence

The result of the DFA2 and WT2 analysis of the tree ring-
based summer temperatures of central Europe in the last 
millennium is shown in Fig. 1b, c. In the double logarithmic 
presentation, the asymptotic part of the DFA2 fluctuation 
function F(s) and the WT2 fluctuation function G(s) are 
straight lines, confirming the power-law behavior of F(s) and 
G(s), with slope h ≅ 1.02 . Accordingly, the reconstructed 
temperature reveals a very high long-term persistence at the 
border towards non-stationarity. We compare this result with 
long monthly observational temperature records from Swit-
zerland (1753–2013) and Prague (1775–2018) as well as 
with a long climate model simulation output (850–1849). For 
these records, the DFA2 analysis yields h = 0.58, 0.61, 0.57 , 
respectively. The WT2 analysis yields h = 0.58, 0.58, 0.56 , 
with the differences to the DFA2 analysis being within the 
error bars ( �h ≈ ±0.03 ). These values are consistent with 
numerous observational temperature records from the last 
century, where the Hurst exponent typically ranges between 
0.55 and 0.75 (see, e.g., Koscielny-Bunde et al. 1998; Eich-
ner et al. 2003). Thus the long-term persistence of the tree-
ring data is considerably above the long-term persistence of 
the observational records.

However, since the observational data cover only a rela-
tively short period, between 1753 and present, we cannot 
exclude a priori that the persistence of the central European 
temperatures might have changed over time or might depend 
on the regarded time scale, as suggested for precipitation 
records in Markonis and Koutsoyiannis (2016). To study 
this possibility, we expanded the time window by study-
ing several harvest date based temperature reconstructions 
from central Europe, which go back up to 1370 (see Data 
and Methods section). Figure 2a–c show the graphs of the 
three harvest date proxy temperatures we considered. Fig-
ure 2d shows the negative harvest date anomalies for the 
Dijon grapes where a temperature reconstruction has not 
been performed. We include the Dijon record in our study 
since for the other 3 harvest data sets the negative harvest 

(3)(R∕S)(s) ∼ sh, s >> 1.
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date anomalies and the reconstructed temperature anomalies 
based on them show the same structure, when the anoma-
lies are plotted in units of their standard deviation from the 
mean. As in Fig. 1, the red curves denote the 30-year moving 
average revealing the long-term summer temperature vari-
ations. Figure 2e, f show the result of our DFA2 and WT2 
persistence analysis. The figure shows that the fluctuation 
functions are characterized by Hurst exponents between 
h = 0.52 and h = 0.69 , in agreement with the observational 
data and considerably below the tree-ring data.

3.2 � Climate variations since 1753

For a more direct evaluation of the long-term summer tem-
perature variations suggested by the tree-ring and harvest-
date based proxies, we next compare the 30-year moving 
averages of the proxy data and the observed temperature 
records. For obtaining a coherent picture, before determin-
ing the moving average, we normalized each data set with 
respect to the period 1753–2000 by subtracting its mean and 
dividing by its standard deviation.

Figure 3 shows that between 1870 and 1988, the TRBR 
data reflect quite well (up to some offset) the observed 

long-term summer temperature variations, overestimating 
only slightly the depth of the valley around 1910. In this 
time window, the temperature reconstruction based on the 
tree rings appears to be superior to the harvest date based 

Fig. 2   Harvest date based 
temperature reconstructions. 
Temperature anomalies based 
on a rye harvest dates from 
northern Switzerland and south-
western Germany (1454–1970), 
b grape harvest dates in 
Switzerland (1480–2006) and c 
grape harvest dates in Burgundy 
(1370–2003). d The inverted 
harvest date anomalies in Dijon 
(1385–1906). All anomalies 
are shown in units of their 
standard deviation from the 
mean. The red lines are moving 
averages over 30 years. e, f The 
DFA2 fluctuation functions 
F(s) (with Hurst exponents) 
and WT2 fluctuation functions 
G(s) of the records from (a–d). 
The WT2 Hurst exponents are 
h = 0.59, 0.63, 0.54 and 0.52 
from top to bottom
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reconstructions. Between 1790 and 1870, however, the 
agreement is not so good. The TRBR curve runs through 
a valley as the observational curve does, but considerably 
exaggerates the depth of the valley. In contrast, the harvest 
date proxies only run through a shallow minimum, remark-
ably close to the observational data. The figure suggests 
that the TRBR data describes the appearance of warm and 
cold periods in the past properly, but, due to its considerably 
enhanced long-term persistence, overestimates the strengths 
of the cold and warm periods considerably.

3.3 � Correction of the long‑term persitence

To correct the enhanced long-term persistence in the TRBR, 
we are interested in a mathematical transformation of the data, 
which lowers the natural long-term persistence while leaving 
the gross features of the record, the positions of the warm 
and cold periods, unchanged. We performed the following 
mathematical transformation to change the original TRBR 
Hurst exponent h

0
= 1.03 to h

1
= 0.60 and thus to be in line 

with the observational, harvest and model data. Since this 

transformation is only suitable for altering a record’s natural 
long-term persistence, i.e., in the absence of external trends, 
we transformed the TRBR data between 1000 and 1990, 
before the current anthropogenic trend became relevant.

The transformation starts with calculating the 
Fourier transform y

0
(f ) of the TRBR data y

0
(i) . 

By definition, y(f) is related to the power spectrum 
S( f) by S(f ) = |y(f )|2 ∼ f −(2h0−1) .  Next,  we def ine 
y
1
(f ) = y

0
(f )f (h0−h1) .  F ina l ly,  we t ransfor m y

1
(f ) 

back to time space. The resulting record y
1
(i) has the 

desired properties: It is long-term correlated with 
Hurst exponent h

1
 since its power spectrum scales as 

S1(f ) = |y1(f )|
2
∼ |y0(f )|

2f 2(h0−h1) ∼ f−(2h0−1)f 2(h0−h1) ∼ f−(2h1−1) . This 
transformation reduces the height of warm periods and 
depths of cold periods but leaves their position unchanged.

Figure 4a compares the transformed TRBR data (blue) with 
h
1
= 0.6 with the original TRBR data (black). The bold lines 

are the 30-year moving averages. The figure shows that by the 
transformation the structure of the original TRBR data is con-
served, but the climate variations characterized by the depths 
of the minima and the heights of the maxima are reduced.
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1
= 0.6 (blue). For better visibility, the trans-

formed TRBR record has been shifted downward by 5 units of its 
standard deviation. b How the magnitudes of the cold periods in the 
transformed TRBR record decrease with decreasing Hurst exponent 

h
1
 . The magnitudes are quantified by the differences of the 30 year 

moving averages between the beginning and the end of the respec-
tive periods. c Compares the 30-year moving averages of the original 
and the transformed TRBR record ( h = 0.6 ) with the 30-year mov-
ing average of the observational temperatures from Switzerland. The 
comparison shows that the transformed TRBR record fits quite nicely 
with the observational data
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To see how the strength of the long-term variations in the 
transformed TRBR data depends on their Hurst exponent h

1
 , 

we have determined, in the 30-year moving average, the tem-
perature differences in 4 periods (1415–1465, 1515–1536, 
1562–1595, 1793–1824) where the greatest changes between 
1350 and 1950 occur. The result is shown in Fig. 4b. The 
figure shows that the temperature difference between the 
beginning and the end of each period decreases continuously 
with decreasing h. For h around 0.6, the temperature differ-
ences are roughly halved.

Finally, we have compared the natural long-term varia-
tions in the transformed TRBR data with those in the obser-
vational data of Switzerland in the time interval between 
1753 and 1990 (red curve) where anthropogenic effects have 
not yet become relevant. Figure 4c shows that the overall 
agreement between both data is very good, in particular in 
the period between 1790 and 1870, where the original TRBR 
data failed to reproduce the quite shallow minimum in the 
observational data. It is evident from Figs. 3 and 4c that the 
transformed TRBR curve fits best to both kinds of recon-
structed and observed data, even though the period between 
1870 and 1930 is not as well represented by the transformed 
TRBR data as the other periods. Interestingly, also the Bur-
gundy and Swiss harvest data show a deviation in the same 
direction in this period.

4 � Discussion

We suggest three possible reasons (or a combination thereof) 
for too much persistence in tree ring-based temperature 
reconstructions (i–iii): (i) If the applied standardization 
method, i.e., tree-ring detrending, is insufficient in remov-
ing all of the age-dependent biological growth trends, the 
resulting chronologies will be characterized by too much 
persistence. This methodological constraint will be strongest 
when using RCS-type detrending techniques on composite 
datasets for which samples are not randomly distributed 
over time. (ii) Since ring formation partly depends on pre-
vious year resources, carbon allocation from former year(s) 
results in too high persistence. (iii) Since tree growth always 
depends on soil moisture availability, inertia effects of soil 
property and water storage increase persistence. All of these 
factors (i–iii) are particularly strong when using ring width 
compared to wood density.

Our study is geographically limited to central Europe 
since long observational temperature records and long har-
vest date based temperature reconstructions are currently 
only available for this region. However, the analysis and, if 
necessary, the adjustment of a record’s long-term persistence 
is not limited to temperatures and generally applicable to 
other tree-ring based reconstructions of long-term persistent 
quantities, e.g., river flows.

In the case of streamflow reconstructions, the problem 
of persistence biases has gained a lot of attention, since the 
risk of multi-decadal droughts that can empty reservoirs, 
depends strongly on the assumed persistence properties 
(Ault et al. 2013, see also Woodhouse et al. 2006). So far, 
approaches to address persistence bias in this domain have 
been limited to short-term persistence. For instance, in Meko 
et al. (2001) the chronologies have been adjusted to have the 
same AR(1) coefficient as the observed streamflow.

In contrast, the mathematical transformation suggested 
here adjusts a record’s long-term persistence, to provide a 
more realistic reconstruction of the record’s low-frequency 
part, i.e., the climate variations characterized by, e.g., the 
30-year moving average, but not of its high-frequency part. 
A simultaneous adjustment of a record’s long-term, as well 
as short-term persistence, might be achieved by a combined 
application of a fractional autoregressive integrated moving 
average (FARIMA) and an autoregressive integrated moving 
average (ARIMA) filtering. This remains for future work.

Since tree ring-based reconstructions play an important 
role in the understanding of past temperature variability, we 
suggest the use of the Hurst exponent as a standard practice 
to assess the reconstructions’ low-frequency properties and 
to compare the determined values with the Hurst exponents 
of other respective time series (observational, harvest dates, 
models). If deviations from the expected values are detected, 
the data should be transformed to adjust the Hurst expo-
nent. This will lead to a more realistic reconstruction of the 
record’s low-frequency signal and thus to a better under-
standing of the climate variations of the past.
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