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Abstract 9 

Long-range dependence (LRD), the so-called Hurst-Kolmogorov behaviour, is considered to be 10 

an intrinsic characteristic of most natural processes. This behaviour manifests itself by the 11 

prevalence of slowly decaying autocorrelation function and questions the Markov assumption, 12 

often habitually employed in time series analysis. Herein, we investigate the dependence 13 

structure of annual rainfall using a large set, comprising more than a thousand stations 14 

worldwide of length 100 years or more, as well as a smaller number of paleoclimatic 15 

reconstructions covering the last 12,000 years. Our findings suggest weak long-term persistence 16 

for instrumental data (average H = 0.59), which becomes stronger with scale, i.e. in the 17 

paleoclimatic reconstructions (average H = 0.75). 18 

Keywords: Long-range dependence, Hurst behaviour, long-term persistence, rainfall variability, 19 

precipitation reconstructions, proxy records 20 
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1. Introduction 21 

Since Hurst [1951] brought long-term persistence, also known as long-range dependence (LRD), 22 

into scientific discourse, the interest in this time-series behaviour has been rising. This is mainly 23 

due to its serious implications into the modelling and design processes in various scientific fields 24 

and  particularly in water resources [O’Connell et al., 2015]. Another fact significantly 25 

contributing to its growing popularity is that LRD has been identified in many climatic variables, 26 

such as temperature [Pelletier, 1998; Koutsoyiannis, 2003], rainfall [Fraedrich and Larnder, 27 

1993; Pelletier and Turcotte, 1997], wind power [Haslett and Raftery, 1989] and the North-28 

Atlantic oscillation index [Stephenson et al., 2000]. Hurst behaviour also has a strong physical 29 

basis, as it is derived from the principle of entropy maximization [Koutsoyiannis, 2011a], a 30 

principle which can be used to determine the theoretical probability distribution model for 31 

rainfall [Papalexiou and Koutsoyiannis, 2012]. More detailed discussion on the history and 32 

relevance of the Hurst behaviour can be found in the recent review paper by O’Connell et al. 33 

[2016]. 34 

      In this analysis, we aim to investigate the dependence properties of annual rainfall. Studies 35 

regarding LRD in annual rainfall are usually limited to a specific area and/or utilize datasets of 36 

relatively short lengths [Kantelhardt et al., 2006; Bunde et al., 2013; Zhai et al., 2014]. Short 37 

record lengths can introduce bias into the estimation of long-term persistence properties, which 38 

in general, need more than 100 years in order to avoid underestimation (and, in cases of very 39 

strong dependence, even more than 1000) [Koutsoyiannis and Montanari, 2007]. A majority of 40 

other studies  investigate the dependence structure of rainfall at sub-annual or even smaller scales 41 

[Papalexiou et al., 2011], but in that case, the phenomenon gets complicated due to the 42 

combined effects of seasonal variation and intermittency. On the other hand, paleoclimatic 43 
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reconstructions suggest strong LRD behaviour in multi-decadal to centennial time scales 44 

[Pelletier and Turcotte, 1997; Markonis and Koutsoyiannis, 2016]. Evidently, there are still 45 

ample grounds for research on the existence of LRD in annual precipitation.  46 

        Herein, we have analyzed more than one thousand annual precipitation records of length of 47 

a hundred years or more from different areas of the world, as well as approximately 70 48 

paleoclimatic records spanning the time from 12 thousand years ago until the present day. To 49 

quantify LRD, we estimated the Hurst coefficient, by applying two algorithmic versions of the 50 

aggregated variance method and employed Monte Carlo method to identify a common Hurst 51 

coefficient for all the records. Additionally, we performed a simple test on the autocorrelation 52 

structure of the first few lags to examine whether the hypothesis of a Markovian autocorrelation 53 

structure is justified or not. Finally, we investigated the effect of time-scale and record length on 54 

LRD estimation using the paleoclimatic series. 55 

2. Dataset 56 

The instrumental data were obtained from the Global Historical Climatology Network (GHCN-57 

Daily, http://www.ncdc.noaa.gov/oa/climate/ghcn-daily/), which contains daily data from more 58 

than 50 000 land surface stations around the globe. A significant percentage of these records 59 

exhibit the typical issues of most datasets available, i.e. missing values, short record length and 60 

rainfall values of questionable quality, such as unrealistic outliers. In order to restrict data quality 61 

to a significantly high level, we filtered the dataset using certain criteria. 62 

        Initially, we chose to study only the stations satisfying the following conditions: (a) record 63 

length over 100 years, (b) missing daily values percentage less than 20% of the record length 64 

and, (c) suspect values with quality flags less than 0.1%. This first quality screening resulted in 65 

3477 stations of daily data with lengths varying from 100 years to 173 years. Then, in order to 66 

http://www.ncdc.noaa.gov/oa/climate/ghcn-daily/
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construct the annual series we first deleted all daily values assigned quality flags, indicating 67 

unrealistically large values, and then estimated the average daily value per year. Notably, 68 

because of the existence of missing values within some records, summing up daily values to 69 

obtain the annual total would result in smaller estimates than the real ones. Instead, it is more 70 

robust to estimate the daily mean values per year as the mean value estimate can be accurate 71 

even in the presence of some missing values. This is equivalent to estimating the annual total by 72 

first infilling the daily missing values of a year with the daily average of the year. Years having 73 

more than 20 missing daily values were considered missing and their annual estimate was not 74 

derived. Via the abovementioned method, the 3477 daily stations are aggregated to the annual 75 

timestep. Among these stations, there are different combinations of record lengths and number of 76 

missing yearly values, e.g., 558 stations having 100 years in a sequence with no missing values, 77 

1474 stations with more than 100 annual values and only eight stations without any missing 78 

values. We choose to analyze 1265 stations having more than 100 annual values and a missing 79 

yearly values percentage less than 15%. Obviously, this choice ensures a higher quality dataset 80 

for our analysis on the annual time step. 81 

 Paleoclimatic data can also be used to determine the existence of LRD in climatic variables 82 

since they cover quite larger scales compared to the instrumental data sets [Mandelbrot and 83 

Wallis, 1969; Koutsoyiannis, 2003; Bunde et al., 2013; Markonis and Koutsoyiannis, 2013]. 84 

Herein, we used 68 paleoclimatic records of rainfall reconstructions located mainly in the 85 

northern hemisphere to explore time scales reaching up to 12,000 years. Three different data sets 86 

were used corresponding to the proxy variable used for the reconstruction process; i.e. tree rings, 87 

speleothems and ‘other’ (including lake sediments, pollen, corals and multi-proxy 88 

reconstructions). The 40 time series of tree ring reconstructions are the largest data set and have 89 
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a mean sample size of 900 values at an annual time scale (see Table 1). The other two data sets, 90 

with 16 and 12 time series correspondingly, in most cases have fewer values and varying time 91 

resolutions, ranging between 1 and 100 years. It must be noted that the speleothem records are 92 

proxy records of δ
18

Ο, a variable which is linearly linked to rainfall.   93 

3. Analysis and results 94 

3.1 Aggregated variance method 95 

The method employed herein is based on the study of the variability of the data averaged at 96 

different timescales. The method is typically referred to as aggregated variance method, but what 97 

it actually aggregates is the timescale and not the variance. Specifically, let jX  be a stationary 98 

process in discrete time j (referring to years in our case) with standard deviation σ and let 99 

                                       ( )
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                                                  (1)   100 

denote the averaged process at timescale k, with standard deviation ( )k . In the case of an 101 

uncorrelated process, the standard deviation of ( )k

jX  is obtained by 
( ) /k k  . In other cases, 102 

e.g. if the process is Fractional Gaussian Noise (or a Hurst-Kolmogorov process) the 103 

abovementioned law is invalid. Instead one obtains the elementary scaling property: 104 

                                             ( ) 1k Hσ k σ                                                                             (2) 105 

where Η is the Hurst coefficient, which for stationary and positively correlated processes varies 106 

in the range (0.5, 1) [Beran, 1994]. The value of H = 0.5 denotes time independence, while 107 

smaller values are indicative of anti-persistence. The autocorrelation of the aggregated process is 108 

independent of the scale of aggregation k and is given as follows: 109 
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To apply the method to the data we used a graphic tool, the climacogram [Koutsoyiannis, 111 

2011b], which is the double-logarithmic plot of the standard deviation ( )k   of the aggregated 112 

time series at scale k versus the time scale k. The Η value is estimated as the slope of the fitted 113 

line (least squares regression). In a variant of that method, the estimation bias of the standard 114 

deviation, which depends on the time-scale of aggregation, is also considered (see 3.2 below). 115 

        Each averaged time series is constructed as follows. For every scale k, the data are divided 116 

into n groups, the number of which is obtained as the fraction of the data length L versus the 117 

scale value k. For example in time scale k = 4, 120 years would be divided in 30 non-overlapping 118 

groups of 4 years. Subsequently, the values within each group are averaged according to 119 

equation 1. However, when missing values are encountered, the process of averaging may 120 

become problematic depending on the number of missing values; if more than a half of the 121 

values is missing, then the estimate would be quite uncertain [Markonis, 2015]. To overcome the 122 

issue, we use a simple criterion on the number of missing values before estimating the averaged 123 

series within each group: (a) for scale k = 2 the average value is estimated only when both values 124 

exist (b) for scales 3k   the average value is estimated only when there are at least three values 125 

within the group. According to the latter rule, we estimated the averaged series for all the scales 126 

between kmin and kmax, where kmin = 1 and kmax ≤ L /10 so that the variance in the maximum  scale 127 

is estimated from at least 10 values [Koutsoyiannis, 2003]. For a 100-year record length this 128 

would be the variance of the decadal means. 129 

        The results of the algorithm implementation for the instrumental data are shown in Table 2 130 

and Figure Figure 1, suggesting some evidence of weak long range dependence. More 131 

specifically, it was found that 85% of the data exhibit H ≥ 0.5, yet with notable variation. For 132 

example, only half of the data show H ≥ 0.59, i.e. a more pronounced dependence structure. A 133 
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very strong dependence structure, H ≥ 0.80 is reported for 2.5% of the records, while for 15% of 134 

them we observe lack of dependence. For the 95% confidence interval, H values fluctuate 135 

between 0.4 and 0.8. In paleoclimatic data, the Hurst coefficient shows a tendency for higher 136 

estimates, as well as an increased range of values (Figure 2).  137 

        In order to test the effects of our parametric choices for the value of the minimum and 138 

maximum scale, we examined how the median and the variance of H estimates vary for different 139 

kmin and kmax. As can be seen in Figure 3, the variance of the Hurst parameter estimate becomes 140 

larger as the value of the minimum scale kmin increases; yet the value of the median in the 141 

estimate remains the same. Therefore, our choice of kmin = 1 is well-justified, since greater values 142 

of kmin only amplify the uncertainty in H estimation. In addition, the observation of the same 143 

median strengthens our hypothesis of the LRD structure, because in the alternative hypothesis of 144 

short term dependence, we would notice some change in the climacogram curvature and 145 

correspondingly to the logarithmic slope. The results for the kmax were similar. It can be seen in 146 

Figure 4 that the decrease in the number of values in the last scale increases the variance of the 147 

Hurst parameter estimate in this case too. Therefore, the choice of n ≥ 10 leads to more reliable 148 

results compared to using smaller values of n.  149 

3.2 Least Squares Based on Standard Deviation Method (LSSD) 150 

Koutsoyiannis [2003] demonstrated how the use of the classical estimator for the standard 151 

deviation can introduce significant negative bias in the estimation of the Hurst parameter by the 152 

aggregated variance method. This is because the hypothesis of independence, which is a 153 

necessary condition for the use of the estimator, is violated in the case of processes with strong 154 

LRD behaviour. This shortcoming may be overcome by the use of the Least Squares Based on 155 

Standard Deviation Method (LSSD) [Koutsoyiannis, 2003; Tyralis and Koutsoyiannis, 2011], 156 
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which performs a  simultaneous estimation of the Hurst parameter H and the standard deviation σ 157 

using an approximately unbiased estimator for the latter.  158 

        Here, for simplicity reasons we applied the LSSD method [Tyralis and Koutsoyiannis, 159 

2011] only to the sample of the 558 (44% of the total) stations with no missing values and then, 160 

compared our estimate with the one obtained by the aggregated variance method for the same 161 

sample. As shown in Table 3 and Figure 5 the two methods show small deviations from each 162 

other. Overall, the value of the bias fluctuates between 1-2% with the bias in the estimate of the 163 

average being approximately 1%. The bias is negligible in this case because the estimated Hurst 164 

parameter is not very high.  165 

3.3 Monte Carlo Testing 166 

We also investigated the assumption that the observed distribution of the sample estimates of H 167 

results from a single model with a specific true value (sometimes referred to as population value) 168 

of the Hurst coefficient. In order to produce a theoretical sample of time series exhibiting Hurst 169 

dynamics, we used a simple algorithm that generates Fractional Gaussian Noise based on a 170 

multiple timescale fluctuation approach [Koutsoyiannis, 2002]. We generated 1265 time series 171 

from a Gaussian distribution that reproduce the record length, the mean and the standard 172 

deviation of the empirical sample, repeated the same procedure for several theoretical H values 173 

and then estimated the empirical ones. We should note that there may be some cases where 174 

moderate departures from normality are observed for the annual rainfall distribution, especially 175 

in arid/semi-arid regions of the world or regions severely affected by the El Nino-Southern 176 

Oscillation (ENSO). Still the use of the assumption of normality for the synthetic records, albeit 177 

simplifying, is justifiable as for the majority of the stations the Central Limit Theorem holds 178 

(therefore normality is a good approximation) while in general, using Monte Carlo experiments, 179 

we were able to find that the estimation of the Hurst coefficient is practically insensitive to the 180 
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underlying distribution. Subsequently, the distribution of the empirical estimates for the synthetic 181 

time series was compared to the distribution of the empirical estimates for the historic time series 182 

used in the analysis. It appears that the value of H = 0.58 (Figure 6) yields the most satisfactory 183 

match. However, it is worth noticing that that 2.5% of the stations, exhibiting H > 0.8, are 184 

outside the range of the theoretical distribution. 185 

3.4 Autocorrelation analysis 186 

The estimated Hurst coefficient is not high enough to allow for any certain conclusion on the 187 

type of the dependence structure, since relatively low Hurst coefficients (0.5-0.6) can be 188 

estimated when there is short range dependence or no dependence at all due to algorithmic 189 

inadequacies, sample bias and estimation uncertainty. To this end, we have employed the 190 

autocorrelation function, to further examine the dependence properties of rainfall. Still one 191 

should keep in mind that the classical autocorrelation estimator, as in the case of standard 192 

deviation, is biased downwards [Koutsoyiannis, 2003; Dimitriadis and Koutsoyiannis, 2015]. 193 

However, since the estimator is biased downwards, any result in favour of LTP, would mean that 194 

in reality, the LTP is even stronger. 195 

        The autocorrelation coefficients of the first three lags for the instrumental data are low 196 

(Table 4). On further investigation, we tested whether independence is a plausible scenario for 197 

the dependence structure of our data. We produced 1265 independent, i.e. uncorrelated, time 198 

series of the same sample size and estimated the sample autocorrelation coefficients (Figure 7). It 199 

can be seen that for all three lags the value of the median of the historic data is greater than the 200 

one estimated from uncorrelated synthetic data. This is more obvious in the case of 201 

autocorrelation of lag-1 where for confidence interval 95% the values of the independent data 202 

fluctuate in the range –0.175 to 0.173, while the historic ones are in the range –0.09 to 0.37. In 203 
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addition, in all three cases, the historic samples exhibit significantly fewer negative values than 204 

the uncorrelated ones. 205 

        The above results could be typical for a Markov process too, also known as AR(1) process. 206 

To address this issue, a simple ad hoc test, which exploits the distinctive properties of Markov 207 

processes, was designed. Under the Markov hypothesis, the theoretical autocorrelation 208 

coefficient for lag 2 would be estimated as 2

2 1  , where 1  is the known empirical 209 

autocorrelation. Likewise, the Markovian autocorrelation coefficient for lag 3 would be given as210 

3

3 1  . The resulting theoretical estimate is compared to the empirical one for the same lag; if 211 

the empirical value is higher than the theoretical AR(1) one, then the Markov hypothesis 212 

weakens. 213 

         We applied this comparison to the 52% of the stations for which all the autocorrelation 214 

coefficients for lags 1-3 are positive (Figure 8). It is evident that the empirical estimates are 215 

considerably higher than the theoretical ones resulting from an AR(1) structure and therefore, the 216 

Markov assumption becomes less likely. In addition, the empirical estimates do not follow the 217 

exponential convergence to zero of the Markovian ones, but instead, remain approximately stable 218 

for lags 2 and 3; this is in  agreement with the theoretical behaviour of LRD whose distinctive 219 

feature is the existence of slowly decaying autocorrelation function [Beran, 1994]. 220 

        Having tested the cases of independence and short-range dependence, we finally examined 221 

whether the autocorrelation structure is consistent with that of a FGN model via a visual 222 

comparison of the two. In Figure 9 the empirical autocorrelation coefficient 1  is plotted against 223 

the corresponding empirical Hurst coefficient H as obtained from Equation (2). The theoretical 224 

autocorrelation values of a FGN model as obtained from Equation (3) are plotted as well. The 225 

diagram shows that the autocorrelation structure is consistent with that of a FGN model. The 226 
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deviation between the theoretical and the empirical estimates becomes greater in the region of 227 

high values of H; still this is justified due to the increased negative bias in the autocorrelation 228 

estimation in that case.  229 

3.5 Paleoclimatic Data 230 

Paleoclimatic data reveal a stronger form of dependence at larger time scales, which is in good 231 

agreement with other relevant studies [Bunde et al., 2013; Franke et al., 2013]. In general, we 232 

can divide proxy data into three categories based on their temporal resolution; high resolution 233 

data with annual time step (mainly tree-rings), medium resolution data with decadal time step 234 

(mainly speleothems) and low resolution data with centennial time increments (such as lake 235 

sediments or pollen). However, certain factors should be taken in consideration regarding some 236 

fundamental uncertainties about rainfall reconstruction from proxy variables. Often, tree-rings 237 

represent areal reconstructions of precipitation and in some cases the area covered is rather large, 238 

e.g. CE11 (as defined in Table 1). Since the individual time series are cross-correlated, their 239 

aggregation to a single time series might increase H [Granger, 1980]. To address this issue a 240 

random cross-examination of individual tree-rings records was performed and it was confirmed 241 

that the individual series exhibit the same behaviour as the aggregated records. In addition, until 242 

recently, the most common approach to transform the proxy variable (tree-ring width) to the 243 

reconstructed one (rainfall) was through a method that involved detrending and/or pre-whitening 244 

of the original time series. This methodology has a severe impact on the low-frequency 245 

variability [Briffa et al., 1996; Helama et al., 2004], and thus on H estimation, as presented in 246 

Figure 2 (red diagonal lines). Detrended/pre-whitened time series have a mean H equal to 0.5; 247 

while the rest of the records which are derived using the Regional Curve Standardization [Briffa 248 

et al., 1992] or the Neural Networks [Ni et al., 2002] methods  have a mean near 0.72. 249 
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On the other hand, in some cases such as the time series with centennial time resolution, 250 

the uncertainties in the correct estimation of the precipitation amount are so high that the record 251 

is strongly smoothed in order to depict only major shifts of the mean. These data sets (e.g. As05 252 

or CC09 as defined in Table 1) are of small sample sizes and thus H estimates are unavoidably 253 

pushed towards values that reach close to 1 (Figure 2; green diagonal lines). Even in larger data 254 

sets, i.e. speleothems, if the smoothing happens to be combined with a strong monotonic trend of 255 

the original data then again H values would falsely tend towards 1 (Figure 2; orange diagonal 256 

lines). Such estimates cannot be included in the estimation of H, which finally reaches 0.75 for 257 

the paleoclimatic data. However, they cannot be totally neglected as they provide some 258 

qualitative evidence for the long term change in rainfall, which includes both long term trends 259 

and abrupt shifts in the mean. 260 

The effect of record length on LRD is further explored by partitioning the reconstructed 261 

records to smaller segments, which can be achieved  by estimating H through a moving time 262 

window of variable length (i.e. 50, 100, 250 and 500 years). Since the tree-rings have annual 263 

resolution, they are suitable for such analysis, as the results are directly comparable with the 264 

estimates of the instrumental time series. To limit any methodological uncertainties, the CL02 265 

dataset was used, which contains 15 records with average H ( 𝐻 ̅̅ ̅) equal to 0.75, has record length 266 

close to 1000 years and is not detrended or pre-whitened. The results show that if the sample size 267 

is equal to the instrumental records (100 years) then LRD structure fluctuates between white 268 

noise (H = 0.5) and strong Hurst behaviour (H = 0.9), with 𝐻 ̅̅ ̅= 0.71 (Figure 10). As the record 269 

length increases, H values are constrained to (0.7, 0.8) and 𝐻 ̅̅ ̅ converges to 0.75. The results are 270 

reproduced for an equal number of synthetic time series with similar size and LRD properties. 271 

However, the even higher values of Hurst coefficient (H > 0.8) found in other paleoclimatic 272 
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reconstructions (Figure 2) cannot be simply attributed to sample size bias (their behaviour cannot 273 

be reproduced by synthetic time series). This suggests that either rainfall presents different 274 

dependence structures in sub-decadal and above-decadal scales [Markonis and Koutsoyiannis, 275 

2016], or that the stronger LRD is artificial, introduced to the precipitation reconstructions 276 

through some intrinsic properties of the proxy variables (e.g., karst transit time in speleothems 277 

[Dee et al., 2015]). 278 

 279 

4. Discussion and conclusions 280 

The analysis of the global instrumental data set shows that there are notable indications of weak 281 

LRD in the annual rainfall. As the Hurst parameter is not very high, the aggregated variance 282 

method induces only 1-2% negative bias in the Hurst coefficient estimation and therefore, the 283 

best population value of H that has been shown through Monte Carlo estimation to account for 284 

the observed sampling variability, H = 0.58, may be considered accurately representative for 285 

instrumental data.  286 

The study of the autocorrelation function shows that it is consistent with the 287 

autocorrelation of a FGN model, even though for a certain percentage of the stations the Markov 288 

hypothesis could not be falsified. Specifically, the existence of negative correlations in all three 289 

lags examined did not permit the application of the abovementioned method in the case of the 290 

48% of the stations. Some studies using smaller data sets [Potter, 1979; Fraedrich and Blender, 291 

2003; Kantelhardt et al., 2006] supported the appropriateness of the Markov structure, but they 292 

did not investigate the differences between actual and theoretical auto-correlation in larger lags 293 

(Figure 8). These differences might be quite small, and thus allow the stochastic modelling of 294 

annual rainfall as a Markovian process for record lengths below 100 years. It has been shown 295 
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though, that they might have serious implications when it comes to the estimation of trend 296 

significance and as a result, the observed changes in rainfall might be considered much rarer than 297 

they actually are [Cohn and Lins, 2005]. Lastly, it was shown as well, that the autocorrelation 298 

function significantly departs from the case of independence. 299 

 Although the above findings are in favour of the existence of a stronger dependence 300 

structure than the one typically assumed in literature [Potter, 1979; Fraedrich and Blender, 301 

2003; Kantelhardt et al., 2006], it seems that there is a discrepancy between smaller and larger 302 

time scales [Fraedrich and Larnder, 1993; Pelletier and Turcotte, 1997; Poveda, 2011; Ault et 303 

al., 2013]. To this end, the most important source of uncertainty in the determination of LRD, 304 

which is the record length, should not be overlooked [Koutsoyiannis, 2002; Koutsoyiannis and 305 

Montanari, 2007]. Although using stations with relatively high —compared to the majority of 306 

the existing rainfall data records— record length, the accurate detection of long range 307 

dependence cannot be guaranteed because this behaviour may require even longer record length 308 

to be revealed. Subsequently, the low estimates of Hurst parameter in instrumental time series 309 

could be attributed to the limited record length available in some cases and therefore, should be 310 

considered characteristic only for this time horizon of approximately 100 years. This behaviour 311 

of LRD is illustrated in the case of paleoclimatic data with annual time-step; when the sample 312 

size of paleoclimatic data is restricted to match the one of instrumental data (approximately 100 313 

years) the distribution of the estimated Hurst coefficient exhibits a lower mean value together 314 

with an increased variance, compared to the one arising from larger sample sizes. However, 315 

these results could not be reproduced for paleoclimatic series of longer time-scales, i.e. above 316 

decadal, which suggests that the discrepancy in LRD structure, i.e. the difference in the mean 317 

value of H between sub-decadal (annual as in the instrumental series) and above-decadal (as in 318 



15 

 

the paleoclimatic series) scales, may be nonetheless inherent in precipitation behaviour, rather 319 

than being solely attributed to the sample size effect. This finding is in good agreement with a 320 

recently published work by Markonis and Koutsoyiannis [2016], which emphasizes the influence 321 

of time-scale when it comes to the analysis of the dependence of a time-series.        322 

          In addition, due to historical and socio-economic reasons, the data set does not include 323 

enough or any stations at all adequate for our analysis, from certain regions of the world such as 324 

Central Africa and South America. However, the representation of climates according to the 325 

Köppen classification system remains fairly good since a wide variety of climates is still 326 

represented in North America, Australia and Central Europe, i.e. the areas which contribute the 327 

most to our dataset. Even so, the possibility of a misrepresentation of climates cannot be 328 

excluded and this constitutes a source of uncertainty in our results and an area open for research 329 

in the future, when more stations of larger record lengths will be made publicly available. 330 

 It is also important to consider the uncertainty induced due to measurement errors or false 331 

homogenization techniques which may introduce bias to the estimation of LRD [Steirou, 2011].  332 

GHCN-Daily highlights the potential bias provoked by changes in instrumentation over the years 333 

and it is possible that this kind of bias could also affect the estimation of H.  334 

 Ultimately, the high variability of the results is in accordance with the inherent uncertainty 335 

of the phenomenon, apart from algorithmic or data choices. An important conclusion drawn from 336 

the analysis is that simplifying assumptions commonly used in practice, such as inter-annual 337 

independence, may, in cases, significantly, depart from reality and hence, a thorough and careful 338 

study of the dependence properties of the dataset, as performed here, is recommended, especially 339 

when longer time horizons are of interest.  340 

 341 
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Table 1 Rainfall reconstructions properties. Area presents the area covered by the reconstruction 561 

in thousand km
2
; Start and End refer to years, in absolute chronology for tree rings and years 562 

before present (1950) for the other two data sets; and Res refers to time resolution in years. 563 

Tree-rings 

Site Location Lat Lon Area Start  End Size Res Reference 

CL02 Arizona, N. Mexico; 

USA 

34°-

38°N 

105°-

120°W 

739.3 1000 1988 988 1 Ni et al. 2002 

Kl13 Klameth; California, 

Oregon; USA 

37°-

44°N 

119°-

123°W 

345 1000 

& 

1610 

2004 

& 

2010 

1004 

& 

406 

1 Malevich et al. 

2013 

Du03 Durango; Mexico 24°-

26°N 

104°-

105°W 

24.6 1386 1993 607 1 Cleaveland et al. 

2003 

EA13 East Anglia; UK 52°-

53°N 

0°-2°E 24.6 900 2009 1109 1 Cooper et al. 

2013 

Ma02 Manitoba; Canada 49°-

50°N 

96°-

97°W 

12.3 1409 1998 589 1 St. George et al. 

2002 

Mo01 NE Mongolia 48°-

49°N 

107°-

110°E 

86.2 1651 1995 344 1 Pederson et al. 

2001 

BC01 Baja California; 

Mexico 

23°N 110°W - 1571 1977 406 1 Díaz et al. 2001 

Ca14 California; USA 34°-

36°N 

118°-

121°W 

73.9 1293 2014 721 1 Griffin et al. 

2014 

Ch02 Chihuahua; Mexico 26°-

31°N 

104°-

109°W 

308 1667 1992 325 1 Díaz et al. 2002 

Ar12 NE Arizona, USA 36°-

38°N 

108°-

110°W 

49.3 1349 2008 659 1 Faulstich et al. 

2013 

NA07 North Aegean; 

Greece & Turkey 

39°-

42°N 

22°-

37°E 

554.4 1089 1989 900 1 Griggs et al. 

2007 

RG97 Rio Grande; New 

Mexico; USA 

29°-

34°N 

105°-

108°W 

184.8 622 1994 1372 1 Grissinο-Mayer 

H. et al. 1997 

SE12 South-central 

England 

51°-

53°N 

0°-

3°W 

73.9 950 2009 1059 1 Wilson et al. 

2012 

Ti14 Tibet; China 37°-

39°N 

97°-

100°E 

73.9 -1500 2011 3511 1 Yang B et al. 

2014 

WM11 White Mountains; 

California; USA 

37°N 118°W - 1085 2005 920 1 Bale et al. 2011 

Co05 Colorado; Arizona; 

USA 

36°-

37°N 

110°-

111° 

12.3 570 1987 1417 1 Salzer et al. 

2005 

CE11 Central Europe 40°-

50°N 

2°-

15°E 

1602 -398 2008 2406 1 Büntgen et al. 

2011 

SJ99 South Jordan 30°N 36°E - 1600 1995 395 1 Touchan et al. 

1999 

BS05 Black Sea; Turkey 41°-

42°N 

32°-

34°E 

24.6 1635 2000 365 1 Akkemik et al. 

2005 

Tu01 Turkey Unavailable 1628 1980 305 1  

ST05 Southern Turkey 37°-

38°N 

31°-

34°E 

<0.1 1689 1994 305 1 Akkemik et al. 

2005 

NA13 North America; USA 30°-

35°N 

108°-

113°W 

<0.1 1530 2008 478 1 Griffin et al. 

2013 

EM05 Eastern 

Mediterranean 

35°-

40°N 

20°-

40°E 

1100 1400 2000 600 1 Touchan et al. 

2005 



27 

 

 

Site Location Lat Lon Area Start  End Size Res Reference 

BCC-

002 

Buckeye Creek 

Cave; West Virginia; 

USA 

38°N 80°W - 67 6937 230 30 Springer et al. 

2008 

T7 Cold Air Cave; 

South Africa 

24°S 29°E - -36 6404 645 10 Holmgren et al. 

1999 

T8 Cold Air Cave; 

South Africa 

24°S 29°E - -41 7925 1139 7 Holmgren et al. 

2003 

CWC-

1s 

Cold Water Cave; 

Iowa; USA 

43°N 92°W - 10 7760 156 50 Denniston et al. 

1999 

CWC-

3L 

Cold Water Cave; 

Iowa; USA 

43°N 92°W - 2017 7857 147 40 Denniston et al. 

1999 

D4 Dongge Cave; China 25°N 108°E - 14 7874 263 30 Yuan et al. 2004 

DA Dongge Cave; China 25°N 108°E - -47 7936 2662 3 Wang et al. 

2005 

HS-4 Heshang Cave; 

China 

30°N 110°E - -42 7928 398 20 Hu et al. 2008 

LR06-

B1 

Liang Luar Cave; 

Indonesia 

9°S 120°E - -45 6444 928 7 Griffiths et al. 

2010 

LR06-

B3 

Liang Luar Cave; 

Indonesia 

9°S 120°E - 11 7861 158 50 Griffiths et al. 

2010 

A1 Lianhua Cave; China 29°N 110°E - -50 6586 1107 6 Cosford et al. 

2009 

NZ-1 South Island; New 

Zealand 

42°S 172°E - 568 7768 121 60 Williams et al. 

2010 

PP-1 Pink Panther Cave; 

New Mexico; USA 

32°N 105°W - 5 7905 396 20 Asmerom et al. 

2007 

So-1 Sofular Cave; 

Turkey 

41°N 32°E - -52 7936 1998 4 Fleitmann et al. 

2009 

SCC-1 Soreq Cave; Israel 31°N 35°E - 70 7910 113 70 Bar-Matthews et 

al. 2003 

NC-A Cueva del Tigre 

Perdido; Peru 

6°S 77°W - 44 4284 213 20 Van Breukelen 

et al. 2008 
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Site Location Lat Lon Area Start  End Size Res Reference 

As05 Lake Aspvatnet; 

Norway 

70°N 20°E - 0 8000 80 100 Bakke et al.  et 

al. 2005 

Be08 Beringia; USA 60°-

69°N 

126°-

166°W 

4436 0 25000 250 100 Viau et al. 2008 

CC09 Central Boreal; 

Canada 

50°-

70°N 

80°-

120°W 

9857 0 11900 119 100 Viau et al. 2009 

LC09 Labrador; Canada 50°-

70°N 

50°-

65°W 

3696 0 11900 119 100 Viau et al. 2009 

LC11 La Cruz; Spain 40°N 2°W - 1 371 370 1 Romero-Viana 

et al. 2011 

LP12 Lago Plomo; Chile 47°S 73°W - -52 420 472 1 Elbert et al. 

2012 

MC09 MacKenzie; Canada 50°-

70°N 

120°-

140°W 

4928 0 11800 118 100 Viau et al. 2009 

NC11 North central China 33°-

42°N 

104°-

121°E 

1885 -25 1755 178 10 L. Tan et al. 

2011 

QC09 Quebec; Canada 50°-

70°N 

65°-

80°W 

6161 0 9000 90 100 Viau et al. 2009 

Qu07 Queensland; 

Australia 

17°-

23°S 

147°-

151°E 

295.7 1631 1983 352 1 Lough et al. 

2007 

Sa12 Rebecca Lagoon; 

Tasmania; Australia 

41°S 145°E - 469 3654 637 5 Saunders et al. 

2012 

St12 Castor & Lime 

Lakes; USA 

49°N 120°W - -52 1448 300 5 Steinman et al. 

2012 

Table 2 Summary statistics of the Hurst parameter as estimated from the aggregated variance 564 

method applied to the 1265 records. Q indicates the empirical quantile. 565 

Min 𝑄2.5 𝑄25 Median 𝑄75 𝑄97.5 Max Mean SD 

0.23 0.40 0.53 0.59 0.65 0.80 0.99 0.59 0.1 
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Table 3 Summary statistics of the Hurst parameter as estimated from the aggregated variance 566 

method and the LSSD method both applied to the 558 records without missing values. 567 

Q indicates the empirical quantile. 568 

 Agg. var. 

method 

LSSD 

method 

Mean 0.56 0.58 

SD 0.10 0.09 

Min 0.28 0.33 

𝑄2.5 0.37 0.40 

𝑄25 0.50 0.52 

Median 0.56 0.57 

𝑄75 0.63 0.64 

𝑄97.5 0.78 0.79 

Max 0.90 0.92 

 569 

Table 4 Summary statistics of the estimated autocorrelation coefficients for lags 1, 2, 3. 570 

Q indicates the empirical quantile. 571 

 ρ1 ρ2 ρ3 

Mean 0.12 0.03 0.05 

SD 0.11 0.12 0.11 

Min −0.19 −0.35 -0.32 

𝑄2.5 −0.10 −0.16 -0.15 

𝑄25 0.05 −0.05 -0.02 

Median 0.11 0.02 0.05 

𝑄75 0.18 0.10 0.12 

𝑄97.5 0.37 0.29 0.27 

Max 0.62 0.59 0.47 

 572 
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Figures 573 

 574 

Figure 1 Empirical distribution of the Hurst coefficient H as obtained by applying the 575 

aggregated variance method to the 1265 annual rainfall records. 576 

 577 

Figure 2 Empirical distribution of the Hurst coefficient H as obtained by applying the 578 

aggregated variance method to the paleoclimatic records. Tree rings (D/P) represents the 579 

detrended/pre-whitened time series; Speleothems (T) for time series exhibiting strong trends; 580 

Other (LR) for low resolution, 100-year-scale reconstructions (see Discussion). 581 
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 582 

Figure 3 Box-plots depicting the sample differences resulting from variations in the value of 583 

minimum scale kmin when applying the aggregated variance method. 584 

 585 

Figure 4 Box-plots depicting the sample differences resulting from variations in the number of 586 

minimum values n in kmax when applying the aggregated variance method. 587 
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 588 

Figure 5 Double histogram depicting the empirical distribution of the Hurst coefficient H 589 

resulting from the aggregated variance method (left) and from the LSSD method (right), both 590 

applied to the 558 annual rainfall records without missing values. 591 

 592 

Figure 6 Paired histogram depicting the match of the empirical (blue) and theoretical (purple) 593 

distribution of the Hurst coefficient H  resulting from applying the aggregated variance method 594 

to the 1265 historical records and 1265 synthetic records respectively. The synthetic records are 595 

realizations of a stochastic process characterized by a theoretical Hurst coefficient H = 0.58. 596 
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 597 

 598 

Figure 7 Box-plots depicting the resulting sample differences of the autocorrelation coefficient ρ 599 

between the empirical series and uncorrelated series for lags 1, 2, 3. 600 
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 601 

Figure 8 Box-plots showing the differences in the value of the autocorrelation coefficient ρ 602 

between the empirical estimates and the theoretical ones derived from an AR(1) model for lags 1, 603 

2, 3. 604 
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 605 

Figure 9 Empirical autocorrelation coefficient ρ1 vs empirical Hurst coefficient H of the 1265 606 

annual rainfall records and the theoretical line derived from a FGN model (Equation 3). 607 

  608 

Figure 10 Empirical distributions of H estimation for different record lengths; green 50 years, 609 

light orange 100 years, dark orange 250 years, brown 500 years. a. CL02 dataset (15 records). 610 

b. Synthetic time series (H = 0.75, n = 15 records, L = 1000 years) 611 
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