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Abstract: Hurst’s seminal characterisation of long-term persistence (LTP) in geophysical records
more than seven decades ago continues to inspire investigations into the Hurst phenomenon, not
just in hydrology and climatology, but in many other scientific fields. Here, we present a new
theoretical development based on stochastic Hurst–Kolmogorov (HK) dynamics that explains the
recent finding that the Hurst coefficient increases with the spatial scale of averaging for regional
annual precipitation. We also present some further results on the scale dependence of H in regional
precipitation, and reconcile an apparent inconsistency between sample results and theory. LTP
in average basin scale precipitation is shown to be consistent with LTP in the annual flows of
some large river basins. An analysis of the crossing properties of precipitation deficits in regions
exhibiting LTP shows that the Hurst coefficient can be a parsimonious descriptor of the risk of
severe precipitation deficits. No evidence is found for any systematic trend in precipitation deficits
attributable to anthropogenic climate change across the regions analysed. Future precipitation deficit
risk assessments should, in the first instance, be based on stochastic HK simulations that encompass
the envelope of uncertainty synonymous with LTP, and not rely exclusively on GCM projections that
may not properly capture long-term natural variability in the climate. Some views and opinions are
expressed on the implications for policy making in sustainable water resources management.

Keywords: climatic variability; long-term persistence; precipitation deficits; scale; Hurst phenomenon;
water resources management; sustainability

1. Introduction

Hurst’s remarkable finding [1,2] that the flows of the river Nile, and a variety of other
geophysical records, exhibited long-term persistence (LTP) has inspired research that has
spanned several decades. He found that LTP could be characterised by a single parameter H
(0.5 < H < 1), since referred to as the Hurst coefficient, which, for the records analysed, had
an average value of 0.73, with a standard deviation of 0.09. The disparity between this result
and the then prevailing theory, based on Brownian motion, that H should equal 0.5, came
to be known as the Hurst phenomenon. A number of stochastic approaches to modelling
LTP have emerged over the years (e.g., fractional Gaussian noise [3,4], ARMA models [5,6],
shifting mean models [7] and fractionally differenced models [8]. Koutsoyiannis [9] showed
that those models exhibiting Hurst behaviour asymptotically can be encompassed within a
Hurst –Kolmogorov (HK) stochastic dynamics framework, acknowledging the contribution
of Kolmogorov who, unknown to Hurst and others, had developed the necessary theoretical
basis in the 1940s. Hurst’s work has influenced the characterisation of LTP in a wide range
of disciplines, from internet traffic to the flow of blood in human arteries [10]. Despite
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this large scientific footprint, a causal explanation of the Hurst phenomenon in annual
river flows has been regarded as elusive. The reason for this is that analyses of a number
of precipitation data sets at the point/grid scale (e.g., [11,12]) have shown that LTP in
precipitation is weak (H~0.6). Bunde, et al. [13] questioned whether LTP/memory exists
in precipitation, while Mudelsee [14] attributed the higher H values observed for large
river basin flows to the aggregation process performed by the river network (essentially
the summation of tributary runoffs, modelled as HK stochastic processes, from upstream
to downstream), dismissing the argument of Potter [15] that an explanation of the Hurst
phenomenon must lie in precipitation. Recently, it has been shown that for selected climatic
regions, LTP and H for annual precipitation increases with the spatial scale of averaging,
thereby providing the evidence that LTP in regionally-averaged precipitation can be strong,
and associated with large-scale, long-term modes of fluctuation in the global climate system
that appear to be linked with sea surface temperatures [16]. It was suggested that this
finding can account for strong LTP in the annual flows of large river basins, and this was
demonstrated for the case of the river Nile, thereby explaining the Hurst phenomenon
in that case.

LTP is well known to be synonymous with runs of years of above or below average
precipitation and runoff that can be unusually long [3], so extended droughts can result.
Cases of precipitation deficits and droughts are frequently reported in the recent literature,
with an inevitable focus on the impact that anthropogenic climate change (ACC) is having
on the precipitation deficits driving these droughts (e.g., [17–21]). Thus, the question
arises: does the scale dependence of LTP and the Hurst coefficient referenced above have
implications for the characterisation of regional drought intensity, and is there evidence
that ACC is having an impact on the intensity of regional precipitation deficits?

In this paper, we explore further some features of the spatial scale dependence of LTP
in annual precipitation, and provide a theoretical explanation of how H can increase with
the scale of averaging based on the properties of HK stochastic dynamics. For a global
gridded annual precipitation data set, the scale dependence of H for some further selected
regions is analysed, including a large region of Asia. The causal link between LTP in basin
average precipitation and river flows is analysed for two large river basins. The crossing
properties of regional annual precipitation time series (basically the durations and volumes
of precipitation deficits below a prescribed level) for the set of regions exhibiting strong
LTP [16] are analysed, and the use of the Hurst coefficient H to characterize precipitation
deficits is investigated. We explore whether or not there is evidence that ACC has led to
the intensification of regional precipitation deficits in recent decades.

In the Discussion, we comment on the reliability of GCM projections of future climate
used in water resources planning and management in the presence of LTP. We make some
suggestions on how HK simulations might be used for stress testing the resilience of water
resources plans. We express some views and opinions on some broader issues concerning
policy and decision making under high climatic uncertainty, to reflect the focus of the
Special Issue.

2. Materials and Methods
2.1. Data Sets

The GPCC global precipitation gridded data set (0.5 × 0.5 degree over land surfaces
excluding Antarctica: version 7) for the period 1901–2013 [22] was used to analyse the
spatial scale dependence of annual precipitation for (a) a subset of the 19 regions outlined
in black in Figure 1; (b) a major region of Asia shown in red. The crossing properties of
spatially-averaged annual precipitation time series for a subset of regions exhibiting strong
LTP were also analysed.

The regions outlined in black in Figure 1 were used in previous analyses carried out
by [24] and they were also used initially by the IPCC in AR3 and AR4. They were chosen
based on the following criteria: (1) the sizes of the rectangular regions vary in the range
of a few thousand to several thousand km in each direction; these were originally chosen
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to facilitate grid-based analyses of GCM outputs [24], which in our case facilitated the
grid-based analysis of the scale dependence of LTP (consistent rules for averaging over
irregular regions at increasing scales are messy to construct); (2) we wanted to cover all
global land areas approximately with a manageable number of previously designated
climatic regions of simple regular shape that facilitated the scale-dependent analyses of
LTP and the Hurst coefficient.
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Figure 1. Regional grid scale annual average precipitation (1901–2013) (precipitation data from [22];
regions defined in [23]). (Abbreviations: N., North; S., South; SE, Southeast, AM, America; AUS,
Australia; EUR, Europe). A large Asian region box is superimposed (in red).

Naturalised annual river flow data are needed to investigate the link between LTP in
the annual flows of large rivers and the scale dependence of LTP in precipitation, as abstrac-
tions and river regulation can distort estimates of the Hurst coefficient. Long records of
naturalised flow data have been published for very few large rivers; we needed continuous
records dating from 1900 to maintain consistency with the precipitation analyses. The Col-
orado river gauged at Lees Ferry (area 290,000 km2) satisfied both these criteria; naturalised
annual flow data were obtained from the US Bureau of Reclamation. Continuous annual
flow data for the Mississippi at Keokuk (area 308,000 km2) were obtained from 1900 from
the Global Runoff Data Centre (GRDC). The Mississippi flow data were not naturalized.

2.2. Estimation of the Hurst Coefficient H

The Hurst coefficient was estimated using aggregated variance plot analysis [16,25],
which is based on a property of the change in the statistical characteristics of a Hurst
–Kolmogorov (HK) process with respect to the time scale of averaging [25]. The summary
here is taken from [16].

For an HK time series split into nonoverlapping blocks of size n, the relationship
between block size n and the variance in the block mean (the time-averaged process) is
given by

var
[
Xn
]
= cn2H−2 (1)

where Xn is the block mean, H is the Hurst coefficient and c is a constant. Using a range
of block sizes, a double log plot of the variance in the block mean against the block size is
constructed, with the data points expected to fall along a line with negative slope 2H − 2. A
slope of−1 indicates independence (white noise), with a long-range dependent HK process
with different H values having shallower slopes.
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It should be noted that the term ‘aggregated variance’ is a misnomer as it is not the
variance that is aggregated but the time scale; for this reason, the term climacogram has
been coined [26].

The H values were calculated using the aggvarFit function in the R package fArma [27].
The block sizes (denoted as m in fArma) used in the calculation of the slope were the set
of integer values in the range 4 ≤ m ≤ 14. For the GPCC data set, the maximum value of
14 provides eight values for calculation of the variance at the largest block size. The slope
was obtained from the least square fit of the logarithm of the block sample mean variances
versus the logarithm of the block sizes.

The standard variance estimator used in the R package fArma has been shown to be
biased [28], with the bias being a function of H. For H < 0.7, the downward bias is negligible,
but it becomes more noticeable above H = 0.8. The main conclusions of the paper about the
spatial scale dependence of H are not affected by the bias.

2.3. Cumulative Departure from the Mean (CDM) Plots

Cumulative departure from the mean (CDM) plots are a useful diagnostic tool for
differentiating time series with upward and downward fluctuations that can result in
similar H estimates. They are used in analysing the spatial scale dependence of average
regional precipitation [16]. The CDM is defined as

CDMk =

k

∑
1

Xt − kX (2)

where CDMk is the CDM at time point k, 1 ≤ k ≤ n where n is the length of the time series
and X is the mean.

2.4. Spatial Scale Analysis of H for Average Regional Precipitation

Starting at the (0.5× 0.5 degree) grid scale, and for increasing spatial scales, each region
was partitioned into nonoverlapping tiles using a moving window approach. Starting at
the northwest corner of the region, the window was moved in an easterly direction by a
distance equal to the width of the window, with the average precipitation calculated for
each window position. On completion of the row, the window was moved in a southerly
direction, by a distance equal to the window width, and the process repeated. Each window
must lie entirely within the region. The Hurst coefficient was estimated for the average
precipitation for each tile (in calculating the regional average precipitation values, the grid
scale values were weighted by their projected earth surface areas) [16]. A box plot is used
to display the sample frequency distribution of H against increasing scale.

2.5. Theoretical Explanation of the Increase in H with the Scale of Averaging
2.5.1. Introduction

The increase in H with the spatial scale of averaging found by [16] raises the question
of how this might be explained theoretically. Here, a theoretical development is presented
for the case of the sum (or weighted average) of two (or many) HK stochastic processes
over time or space.

For a stationary stochastic process x(t), where t denotes time and an underlined
symbol denotes a stochastic (random) variable (the Dutch convention) and a nonunderlined
symbol denotes a common variable, the Hurst parameter H is formally defined through
the asymptotic relationship

lim
k→∞

γ(k)k2−2H = a2 (3)

where a < ∞ is a positive constant, H is the Hurst coefficient and γ(k) is the climacogram,
i.e., the variance of the averaged process at time scale k, that is,
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γ(k) := var[x(k)(t)], x(k)(t) :=
1
k

∫ t+k

t
x(ξ)dξ (4)

Now we consider the sum of two processes x1, x2 with climacograms γ1(k), γ2(k) and
Hurst parameters H1, H2, correlated with each other with (lag-zero) correlation at scale
k equal to r(k). We denote γ12(k) and H12 the climacogram and the Hurst parameter of the
sum, respectively.

The following relationships, in which for notational brevity we have omitted t, hold
true always

var
[

x(k)1 + x(k)2

]
= var

[
x(k)1

]
+ var

[
x(k)2

]
+ 2cov

[
x(k)1 , x(k)2

]
var
[

x(k)1 + x(k)2

]
= var

[
x(k)1

]
+ var

[
x(k)2

]
+ 2r(k)

√
var
[

x(k)1

]
var
[

x(k)2

]
γ12(k) = γ1(k) + γ2(k) + 2r(k)

√
γ1(k)γ2(k)

(5)

For sufficiently large k, the following approximations will be valid, becoming exact
as k→ ∞ .

γ1(k) = a2
1k2H1−2, γ2(k) = a2

2k2H2−2, γ12(k) = a2
12k2H12−2 (6)

for some a1, a2, a12. Hence

γ12(k) = a2
12k2H12−2 = a2

1k2H1−2 + a2
2k2H2−2 + 2r(k)a1a2kH1+H2−2 (7)

2.5.2. Components with Equal Hurst Parameter

Solving Equation (7) for r(k) we find

r(k) =
1
2

(
a2

12
a1a2

k2H12−H1−H2 − a1

a2
kH1−H2 − a2

a1
kH2−H1

)
(8)

Assuming H1 = H2 = H, this becomes

r(k) =
1
2

(
a2

12
a1a2

k2H12−2H − a1

a2
− a2

a1

)
(9)

We wish to find H12. If H12 < H, then

lim
k→∞

r(k) =
1
2

(
a2

12
a1a2

0− a1

a2
− a2

a1

)
= −1

2

(
a1

a2
+

a2

a1

)
(10)

On the other hand, as it should hold that lim
k→∞

r(k) ≥ −1, this is only possible when

a1 = a2 and in this case lim
k→∞

r(k) = −1. Any other case (a1 6= a2) would violate lim
k→∞

r(k) ≥ −1.

This is a quite restrictive case not met in general.

If H12 > H, then

lim
k→∞

r(k) =
1
2

(
a2

12
a1a2

∞− a1

a2
− a2

a1

)
= ∞ > 1 (11)

which violates lim
k→∞

r(k) ≤ 1.
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Thus, the only feasible case is H12 = H, in which

r(k) =
1
2

(
a2

12
a1a2

− a1

a2
− a2

a1

)
(12)

Note, this is constant for all time scales k for which the variances can be expressed as
power laws of the time scales k, and r(k) could be positive, negative or zero.

2.5.3. Components with Unequal Hurst Parameter

Now we assume H1 6= H2, say H1 > H2. From Equation (7), we obtain

γ12(k)k2−2H1 = a2
1 + a2

2k2(H2−H1) + 2r(k)a1a2kH2−H1 (13)

Since H2 − H1 < 0
lim
k→∞

k2(H2−H1) = lim
k→∞

kH2−H1 = 0 (14)

Hence
lim
k→∞

γ12(k)k2−2H1 = a2
1 (15)

This means that the Hurst parameter of the sum of the two processes x1, x2 will be H1,
i.e., equal to the maximum of the Hurst parameters of the two processes. Symbolically,

H12 = max(H1, H2) (16)

2.5.4. Generalization

Likewise, by induction, if we consider the sum of n processes x1, x2, . . . , xn, then the
Hurst parameter of the sum will be

H1...n = max(H1, H2, . . . , Hn) (17)

Furthermore, since the Hurst parameter of a process does not change if we multiply
the process by any constant, Equation (17) should also hold true if, instead of the sum of
the n processes x1, x2, . . . , xn, we take their weighted average, with arbitrary weights.

2.6. Crossing Properties of Regional Precipitation Deficits

As discussed in the Introduction, LTP influences the characteristics of precipitation
deficits. The finding that LTP is enhanced and can be much stronger at the regional
scale than evidenced by point precipitation analyses has implications for characterizing
regional precipitation deficits. The crossing properties of a time series [29] are a useful
basis for assessing the statistics of excursions above or below any predefined level of a time
series. Here we investigate the crossing properties of precipitation deficits defined for the
average regional precipitation time series Xt for each of the eight LTP regions identified
by [16] and the period 1901–2013, and how well they can be described by the value of the
Hurst coefficient H.

Figure 2 is used to define the crossing properties investigated. The duration D of a
crossing below a predefined level is defined as the length of an excursion of annual average
regional precipitation below the selected level. The volume V is the shaded area below
the selected level, and for the annual time series analysed here, is assigned to the year in
which the deficit ends. In what follows, this will be referred to as a volume deficit. A third
measure employed is the intensity I, defined as V/D, which is assigned to the same year
as V. Two crossing levels are used: (a) the mean and (b) the mean minus one standard
deviation (MSD) of the average precipitation time series.
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If Di represents a member of a set of m deficits defined for each crossing level of the
annual time series of length n years, then the average duration is defined as

D = ∑m
1 Di/m (18)

To allow comparisons across the eight regions, the volumes Vi are divided by the mean
of the time series X and converted to a percentage to give a standardised percentage volume

SVi=
(
Vi/X)100 (19)

The average percentage volume is defined as

SV = ∑m
1 SVi/m (20)

and the average intensity as
I = ∑m

1 (SVi/Di)/m (21)

3. Results
3.1. Monte Carlo Simulation of Theoretical Scale Dependence of H

As the theoretical result (17) may appear counterintuitive, Figure 3 provides an intu-
itive explanation for the reasons it is actually valid and, at the same time, a confirmation
using Monte Carlo simulation. The simulation was made by the method described in [30].
Time series of length 1000 were generated from HK processes x1, x2 independently from
each other (r = 0), and the sum was defined as x1 + x2. The process x1 has a large Hurst
parameter, H1 = 0.8, while the process x2 has a small one H2 = 0.55. However, at scale 1,
the process x2 has five times larger variance than that of x1(5 against 1, respectively) and√

5 times higher mean (22.4 against 10, respectively). However, because of the different H
values, the variances of the two processes become equal at a time scale between 22 and 23,
and beyond that the variance of the process x2, which initially was a small portion (1/6) of
that of the process x1 + x2, dominates. This is illustrated in the slopes of the climacograms
of Figure 3 (slope = 2H − 2), empirically estimated for scales ≥ 20. The slope for the
time series generated from x1 is −0.37 (theoretical value −0.4: H = 0.8) and that of x2 is
−0.97 (theoretical value −0.9 : H = 0.55)). The climacogram of the sum has slope −0.49,
i.e., approaching the theoretical value of –0.4. Had the time series been longer, so that
estimation of even larger time scales would be possible, the slope for the sum would tend
to −0.4 (H = 0.8), i.e., H for the process x1 + x2 is max(H1, H2) as predicted by (17).
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Figure 3. Monte Carlo simulation of the scale dependence of H for the sum of two HK processes with
different H parameters.

3.2. Spatial Scale Dependence of H for Average Annual Precipitation

In a previous work [16], 8 of the 19 regions outlined in black in Figure 1 were selected
on the basis of having H > 0.6 for average grid-scale precipitation, and analysed for scale
dependence of H. The mean value of H at the grid scale was 0.66 and, at the regional
scale, 0.83, showing substantial enhancement at the latter scale. It was also shown that
the increase in H with scale was linked to modes of long-term climatic variability, such as
the AMO, the PDO and the IPO. It is possible that small-scale climatic variability/noise
disguises the LTP signal at the point/grid scale, which emerges as the scale of averaging
increases. Here, the scale dependence of H for the remaining 11 regions with grid scale
H < 0.6 has been analysed

Box plots of H against the scale of averaging for the 11 regions are presented in Figure 4,
and the results are summarized in Table 1. Central North America, Western North America
and Southern Africa show a substantial increase in H at the regional scale, Central America
and the Mediterranean Basin less so, and the remaining regions show no increase with
scale, or a slight decrease. These latter regions all have weak LTP, with the exception of
Alaska, which has H = 0.65 at the grid scale and H = 0.66 at the regional scale, i.e., moderate
LTP (Alaska was omitted from the original set having grid scale H > 0.6 (16) because it
exhibited no increase with scale). Overall, the mean value of H across the regions shows
only a slight increase in H from the grid to the regional scale.

ENSO has a dominant role within the global climate system, particularly in the South-
ern Hemisphere, and the Hurst behaviour it can induce in annual precipitation, as seen in
the H values for Northern and Southern Australia in Table 1, merits a specific comment.
ENSO is characterised by alternating El Nino and La Nina phases of random durations of
2–4 years, which can result in anti-persistence, or short-term, high-frequency fluctuations
in annual precipitation, for which H < 0.5. However, this can mask underlying LTP, which
can emerge at longer time scales. This is illustrated in the climacogram in Figure 5 for
the average precipitation over Australia where, for short time scales, H = 0.3, while for
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longer time scales, H = 0.7, reflecting LTP induced by longer-term modes of oscillation such
as the PDO.
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For the red box encompassing most of the Asian continent in the Northern Hemisphere
in Figure 1, H has been calculated for a range of increasing scales of averaging, starting
with the 0.5 × 0.5 degree grid scale (Figure 6). The results illustrate that H increases with
scale up to the 40 decimal degree (40dd) scale of averaging (from 0.69 to 0.93), but then
collapses to a value of 0.63 at the full regional scale. This surprising result may appear to be
at variance with Equation (17) but it is not, as the latter is an asymptotic result. The sample
time series data, which are observed at the 40dd scale, all have high H values (Figure 6)
but distinctly different CDM plots (Figure 7) that reflect contrasting long-term modes of
climatic fluctuation for the tropics and northern regions over the period of record. These
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tend to cancel each other out at the regional scale of averaging, even though the three 40dd
boxes all have high H values.

Hydrology 2022, 9, x FOR PEER REVIEW 10 of 29 
 

 

ENSO has a dominant role within the global climate system, particularly in the 
Southern Hemisphere, and the Hurst behaviour it can induce in annual precipitation, as 
seen in the H values for Northern and Southern Australia in Table 1, merits a specific 
comment. ENSO is characterised by alternating El Nino and La Nina phases of random 
durations of 2–4 years, which can result in anti-persistence, or short-term, high-frequency 
fluctuations in annual precipitation, for which H < 0.5. However, this can mask underlying 
LTP, which can emerge at longer time scales. This is illustrated in the climacogram in 
Figure 5 for the average precipitation over Australia where, for short time scales, H = 0.3, 
while for longer time scales, H = 0.7, reflecting LTP induced by longer-term modes of os-
cillation such as the PDO.  

 
Figure 5. Climacogram separating short and long time scales for average precipitation over Aus-
tralia (GPCC Version 2022 data set). The fitted linear relationship for the short time scales gives H = 
0.30, reflecting the influence of ENSO, which is anti-persistent, while for the longer time scales, H = 
0.71, reflecting LTP. 

For the red box encompassing most of the Asian continent in the Northern Hemi-
sphere in Figure 1, H has been calculated for a range of increasing scales of averaging, 
starting with the 0.5 × 0.5 degree grid scale (Figure 6). The results illustrate that H increases 
with scale up to the 40 decimal degree (40dd) scale of averaging (from 0.69 to 0.93), but 
then collapses to a value of 0.63 at the full regional scale. This surprising result may appear 
to be at variance with Equation (17) but it is not, as the latter is an asymptotic result. The 
sample time series data, which are observed at the 40dd scale, all have high H values (Fig-
ure 6) but distinctly different CDM plots (Figure 7) that reflect contrasting long-term 
modes of climatic fluctuation for the tropics and northern regions over the period of rec-
ord. These tend to cancel each other out at the regional scale of averaging, even though 
the three 40dd boxes all have high H values.  
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(GPCC Version 2022 data set). The fitted linear relationship for the short time scales gives H = 0.30,
reflecting the influence of ENSO, which is anti-persistent, while for the longer time scales, H = 0.71,
reflecting LTP.
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Table 1. H values for the eleven selected regions at grid and regional scales.

Region H (Grid) H (Region)

Alaska 0.65 0.66
Central North America 0.50 0.63
Western North America 0.56 0.68

Central America 0.59 0.63
Mediterranean Basin 0.60 0.65

East Africa 0.63 0.61
Southern Africa 0.53 0.63

Central Asia 0.62 0.58
East Asia 0.58 0.52

Northern Australia 0.55 0.57
Southern Australia 0.44 0.37

Mean 0.57 0.59
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3.3. LTP in Catchment Boundary Box Precipitation and Rivers Flows

LTP in the annual flows of the river Nile at Aswan has been shown to be attributable
to LTP in basin scale precipitation for the Blue Nile [16]. Here, we present results for two
other large river basins: the Colorado at Lees Ferry, and the Mississippi at Keokuk.
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Figure 8c,d show scale-dependent analyses of precipitation for rectangles bounding
the Colorado and Mississippi catchment areas (a,b). There is a slight increase in H with
scale for the Colorado (0.53 to 0.59), and a modest increase for the Mississippi (0.61 to 0.72).
Time series and CDM plots for both rivers are presented in Figure 9 for both annual average
precipitation and flows.
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Estimates of H are presented in Table 2 for the annual average catchment precipitation
and annual flows for the Colorado and Mississippi rivers. For the Colorado, there is weak
LTP in basin precipitation (Table 2: H = 0.59), reflecting the reversals in fluctuations seen
in the CDM plot (Figure 9). However, the fluctuations seen in the CDM plot for annual
precipitation in the later decades of the record are damped in the CDM plot for annual flows,
indicating that the latter have been declining in this period, resulting in a higher H value for
the flows of 0.69. This decline has been mainly attributed to increased evapotranspiration
caused by a reduction in albedo from snow loss and the associated rise in the absorption of
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solar radiation [31]. Otherwise, the CDM plot shows that there is coherence between the
longer-term fluctuations in annual flows and those in precipitation.
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Figure 9. Time series and CDM plots for average annual precipitation and annual flows for the
Colorado at Lees Ferry (1906–2013) (a,c) and the Mississippi at Keokuk (1901–2013) (b,d).

Table 2. H estimates for catchment boundary box average annual precipitation (P) and annual flows
(Q) for the Colorado river at Lees Ferry (1906–2013) and the Mississippi at Keokuk (1901–2013).

Colorado Mississippi

P Q P Q

H 0.59 0.69 0.72 0.84

For the Mississippi, the fluctuations in the CDM plot for the annual flows at Keokuk
clearly follow those for annual average precipitation, but the Hurst coefficient for the
annual flows Q is higher (H = 0.84) than for precipitation P (H = 0.73) (Table 2). It is evident
from Figure 9 that the annual flows are smoother than annual precipitation, most probably
reflecting a degree of regulation, e.g., the low precipitation years are much less evident
in the flows. The precipitation is therefore more ‘noisy’ than flow, which accounts for the
lower H value. However, the CDM plot clearly shows that the long-term fluctuations in
flow are coherent with those in precipitation.

3.4. Analysis of the Crossing Properties of Precipitation Deficits

Figure 10 presents plots of precipitation deficits Vi for the eight regions for the period
1901–2013. Deficit periods of 5 years or more below the mean, with standardised volumes
and intensities, are summarised in Table 3, together with embedded crossings below the
MSD level. The threshold of 5 years is chosen to capture the longer deficits associated with
LTP, and to keep the information in Table 3 manageable.
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Table 3. Deficit periods (D) of more than 5 years below the mean, with percentage volumes (SV)
and intensities (I), for average area precipitation for the 8 LTP regions for the period 1901–2013.
Embedded deficits below MSD, with percentage volumes and intensities, are also shown.

Region Dates D SV I Dates D SV I

Mean Mean-StDev

Eastern North America
1907-11
1913-19
1921-27

5
7
7

26.5
32.4
29.7

5.3
4.6
4.2

1910-11
1914
1921
1923
1925

2
1
1
1
1

4.3
6.1
2.8
0.4
2.8

2.2
6.1
2.8
0.4
2.8

Amazon 1901-06
1965-69

6
5

32.3
10.4

5.4
2.1 1901-03 3 8.2 2.7

Southern South America

1906-10

1947-52
1967-71

5

6
5

57.2

27.0
26.2

11.4

4.5
5.2

1906
1909-10

1968

1
2

1

8.9
12.8

2.5

8.9
6.4

2.5

Northern Europe 1917-21
1936-47

5
12

32.2
58.9

6.4
4.9

1920-21
1941-42

1947

2
2
1

4.8
4.7
3.7

2.4
2.4
3.7

Western Africa

1970-87

1988-93

2000-11

18

5

12

142.3

34.8

77.5

7.9

7.0

6.5

1972-73
1977

1982-84
1986-87

1990
1992
2001

2004-05
2011

2
1
3
2
1
1
1
2
1

7.8
2.2
22.7
8.0
2.1
1.0
1.1
9.4
3.1

3.9
2.2
7.6
4.0
2.1
1.0
1.1
4.7
3.1

North Asia 1901-21
1928-45

21
18

184.4
95.7

8.8
5.3

1901-02
1904

1906-7
1909-11

1914
1916-18
1920-21

1931
1933-34
1936-37

2
1
2
3
1
3
2
1
2
2

4.2
4.1
4.5

20.5
1.5
6.8

12.5
5.5

10.0
1.2

2.1
4.1
2.3
6.8
1.5
2.2
6.3
5.5
5.0
0.6

Southern Asia

1962-69

2000-04

8

5

42.8

22.2

5.4

4.4

1962
1965-66

1968
2000
2002

1
2
1
1
1

0.8
6.6
3.1
6.3
2.2

0.8
3.3
3.1
6.3
2.2

Southeast Asia
1925-30

1989-94

6

6

23.4

30.7

3.9

5.1

1925
1929

1990-92

1
1
3

0.1
2.5
3.4

0.1
2.5
1.1

Eastern North America (ENA), Amazon (AMZ) and Southern South America (SSA)
show some regional coherence, in that the deficits occur predominantly in the early part
of the twentieth century, although the timings of the deficits are different. ENA had three
multi-year deficit periods below the mean (1907–11; 1913–19 and 1921–27), with shorter
embedded crossings of the MSD level. The volume percentages SV range from 27 to 32% of
the mean range, while the MSD deficits range from 0.4 to 6%. The intensity range is 4–5%
for the mean level, and 0.4–6% for the MSD level.
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Figure 10. Area average precipitation deficits below the mean and the MSD for the eight LTP regions,
1901–2013. Standard deviations are shown as horizontal lines. Units are mm.

For Amazon and the mean level, there is an early 20th century deficit period of 6 years
(1901–06), and a later deficit period of 5 years (1965–69), with volume deficits of 32.3% and
10.4%, and intensities of 5.4 and 2.1%, respectively. There is only one MSD deficit, which is
for the early period, with volume and intensity of 8.2% and 2.7%, respectively. Southern
South America has a five year deficit period in 1906–10, with volume and intensity of 57.2%
and 11.4%, and two MSD crossings with volumes of 8.9% and 12.8%, respectively, and
intensities of 8.9 and 6.4%. There are two further deficit periods in 1947–52 and 1967–71,
with volumes of 27.0% and 26.2% and intensities of 4.5 and 5.2%, respectively. The former
period has no MSD crossing, while the latter has one crossing with volume and intensity of
2.5% and 2.5%, respectively.

Northern Europe also has an early 20th century deficit period (1917–21) and an ex-
tended period of 12 years (1936–47), with volumes of 32.2% and 58.9%, and intensities of
6.4% and 4.9%, respectively. There are three short MSD crossings with volumes in the range
3.7–4.8% and intensities in the range 2.4–3.7%.
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Western Africa stands out as a region with prolonged and intense deficits in the late
20th and early 21st centuries of 18 years (1970–87) and 12 years (2000–2011), respectively;
these have volume deficits of 142.3% and 77.5% and intensities of 7.9 and 6.5%, respectively.
These are interspersed with a five-year deficit period (1989–93) with volume and intensity
of 34.8% and 7.0%, respectively. The major deficit periods are known to have had large
socio-economic impacts, e.g., in the Sahel. There are several short embedded 1–3-year MSD
deficit periods.

North Asia has extended deficit periods of 21 years (1901–21) and 18 years (1928–45)
in the early part of the 20th century, and no later deficits, reflecting an almost continuous
upward fluctuation over the period of record; the corresponding volume deficits and
intensities below the mean are 184.4% and 8.8%, and 95.7% and 5.3%, respectively. There
are multiple embedded MSD crossings of 1–3-year durations. In contrast, Southern Asia
has a predominance of crossings in the latter half of the record, with two deficit periods
of 8 years (1962–69) and 5 years (2000–04); they have volumes of 42.8% and 22.2%, and
intensities of 5.4 and 4.4%. These two deficit periods have five 1–2-year MSD crossings,
with a volume percentage range of 0.8–6.6%, and an intensity range of 0.8–6.3%. Southeast
Asia also has a greater number of crossings in the second half of the record, with two deficit
periods of six years in 1925–30 and 1989–94; these have percentage volumes below the mean
of 23.4% and 30.7%, and intensities of 3.9% and 5.1%, respectively. There are three 1–3-year
MSD deficits, with volume and intensity ranges of 0.1–3.4% and 0.1–2.5%, respectively.

These results are summarised in Table 4 by the means of the three crossing measures
for the two crossing levels, with the means, standard deviations, coefficients of variation
and Hurst coefficients of the regional time series also shown. North Asia and West Africa
have the longest average durations below the mean and MSD, with correspondingly high
percentage volume deficits below the mean and MSD; these results are consistent with the
high H values for these regions.

Table 4. Summary statistics and average crossing properties for areal average precipitation below the
mean and MSD for the 8 regions for the period 1901–2013.

Mean MSD

Region Mean StDev CV H ¯
D SV ¯

I
¯
D SV ¯

I

Eastern North America 1081 62.5 0.058 0.83 2.50 10.68 4.13 1.14 3.16 2.51
Amazon 1846 81.7 0.044 0.72 2.00 7.72 3.77 1.27 2.64 1.88

Southern South America 904 73.4 0.081 0.78 1.97 12.44 5.29 1.20 8.56 6.87
Northern Europe 711 47.3 0.066 0.81 2.17 12.94 6.18 1.33 4.21 3.37

Western Africa 903 70.3 0.078 0.91 3.28 19.25 3.71 1.55 5.76 3.05
North Asia 417 29 0.069 0.99 4.23 24.42 3.16 1.90 7.08 3.64

Southern Asia 781 43.5 0.056 0.85 2.22 9.44 3.90 1.17 2.73 2.32
Southeast Asia 2486 144.9 0.058 0.78 1.77 8.44 5.12 1.17 3.35 3.10

In Figure 11, plots of D, SV and I against the Hurst coefficient H (Table 4) are presented
for the mean crossing level ((a)–(c)) and the MSD crossing level ((d)–(f)). For the former
case, there is a strong correlation between both D and H and SV and H, which is less well
defined for the MSD crossing due to the smaller number of deficits below this level. There
is no evident correlation between I and H. West Africa (H = 0.91) and North Asia (0.99)
have the highest H values, and the longest duration deficit periods and volume percentages
among the set of eight regions. H is evidently a good descriptor of the susceptibility of the
eight regions to persistent precipitation deficits.

Regional averages of duration D and volume percentage SV, taken across the eight
regions for the two crossing levels, and the period of record 1901–2013, are presented in
Figure 12. To allow the multi-decadal variability of D, SV and I to be assessed, grand
averages across regions and years have been computed for three periods:

• Period 1: 1901–1938 (38 years)
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• Period 2: 1939–1976 (38 years)
• Period 3: 1977–2013 (37 years)

In particular, this allows evidence for any anthropogenic climate change (ACC) signal
in Period 3 to be assessed. The results for the three periods are summarised in Table 5(i)
and Figure 13(i). No evidence of ACC intensification is apparent for Period 3.

To explore the effect of more recent data on our results, the 1901—2013 data set was
extended up to and including 2020 using the GPCC 2022 data set (which, despite its label,
only includes data up to 2020). Firstly, the eight LTP regions were analysed, and there is
no evidence of any enhancement of precipitation deficits in the last period (3 periods of
40 years were used) (Table 5(ii) and Figure 13(ii)). Finally, all 19 regions were analysed using
the extended data set, and the results show that some of the sampling variability in the
results for the eight regions was averaged out, with no apparent ACC deficit intensification
evident in the last period. Crossings occurred in every year for both levels (Table 5(iii)
and Figure 13(iii)).

Table 5. Grand averages of the crossing statistics D, SV and I taken across the 8 regions and years for
the mean and MSD crossing levels and Periods 1–3. The proportion of years in which no crossing
event occurred across the set of regions is also shown.

(i) For the 8 LTP regions and the 1900–2013 data set.

Period Average Crossing
Duration Mean

Average Crossing
Volume % Mean

Average Crossing
Intensity Mean

Proportion Zero
Crossing Mean

1 2.613 16.081 5.663 0.184
2 2.103 10.029 4.734 0.132
3 1.985 9.159 3.941 0.135

Period Average Crossing
Duration MSD

Average Crossing
Volume % MSD

Average Crossing
Intensity MSD

Proportion Zero
Crossing MSD

1 1.427 5.739 3.969 0.289
2 1.240 3.231 2.524 0.342
3 1.258 4.618 3.347 0.514

(ii) For the 8 LTP regions and the extended 1900–2020 data set

Period Average Crossing
Duration Mean

Average Crossing
Volume % Mean

Average Crossing
Intensity Mean

Proportion Zero
Crossing Mean

1 2.753 16.414 5.443 0.225
2 2.098 10.001 4.688 0.050
3 2.127 10.638 4.559 0.150

Period Average Crossing
Duration MSD

Average Crossing
Volume % MSD

Average Crossing
Intensity MSD

Proportion Zero
Crossing MSD

1 1.311 5.365 3.877 0.275
2 1.271 3.344 2.569 0.400
3 1.240 4.732 3.520 0.400

(iii) For all 19 regions and the extended 1900–2020 data set.

Period Average Crossing
Duration Mean

Average Crossing
Volume % Mean

Average Crossing
Intensity Mean

Proportion Zero
Crossing Mean

1 2.257 14.770 6.147 0
2 2.239 13.622 6.111 0
3 2.165 12.844 6.108 0

Period Average Crossing
Duration MSD

Average Crossing
Volume % MSD

Average Crossing
Intensity MSD

Proportion Zero
Crossing MSD

1 1.207 5.332 4.420 0
2 1.207 4.230 3.428 0
3 1.192 5.307 4.492 0
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no evidence of any enhancement of precipitation deficits in the last period (3 periods of 
40 years were used) (Table 5(ii) and Figure 13(ii)). Finally, all 19 regions were analysed 
using the extended data set, and the results show that some of the sampling variability in 
the results for the eight regions was averaged out, with no apparent ACC deficit intensi-
fication evident in the last period. Crossings occurred in every year for both levels (Table 
5(iii) and Figure 13(iii)).  
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Figure 13. Plots of grand averages of the crossing statistics D, SV and I taken across regions and
Periods 1–3 for the mean crossing level (a–c) and MSD level (e–g). The proportion of years in which
no crossing event occurred across the set of regions is also shown (d,h). (i) For the 8 LTP regions
and the 1900–2013 data set; (ii) for the 8 LTP regions and the extended 1900–2020 dataset; (iii) for all
19 regions and the extended 1900–2020 data set. (Note, different vertical scales.)
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4. Discussion

In what follows, we discuss the specific results reported above, and then broaden the
discussion to express some views and opinions on related hydrology and water resources
issues, and on how the findings presented here and in previous papers we have published
might inform sustainable water resources policy making, particularly for risk assessments.

4.1. Spatial Scale Dependence of H for Annual Average Precipitation

Firstly, the results we obtained are a function of the regions chosen, their scale and
shape, and we justified our choice of these in Section 2.1 above. Sensitivity to these factors
might be explored in further work, but based on the results in (16) and those presented
here, we are confident on the validity of our main findings on the scale dependence of
LTP and H.

The results for the 11 regions show that Central North America, Western North
America and Southern Africa have a substantial increase in H at the regional scale, Central
America and the Mediterranean Basin less so, and the remaining regions show no increase,
or a slight decrease with scale. These latter regions all have weak LTP, with the exception of
Alaska, which has H = 0.65 at the grid scale and H = 0.66 at the regional scale, i.e., moderate
LTP but with no scale dependence.

There is an apparent inconsistency between the theoretical explanation of the asymp-
totic increase in H with the scale of averaging (17), confirmed by Monte Carlo simulation,
and the sample result obtained for the Asian region (Section 3.2) where H has decreased at
the full regional scale. The latter result can be viewed as a statistical artefact in the context
of the theory, and can be explained as follows. At the 40dd scale of averaging, there are
three boxes that are averaged to give the regional scale result (Figure 7):

1. Western Russia, with an H of 0.93
2. Eastern Russia, with an H of 0.94
3. India and the Himalayas, with an H of 0.83.

According to the theoretical result (17), H for the Asian regional scale should be 0.94,
but the opposite mode of climatic fluctuation observed in the CDM plot (Figure 7) for
subregion 3 results in the decrease in H at the full Asian region scale to H = 0.63. Sample
estimates of H cannot distinguish between a predominantly upward fluctuation and a
predominantly downward fluctuation. These opposing fluctuations are averaged out
asymptotically in an HK process so there is no inconsistency with the theory.

The areas of the eight strong LTP regions from Figure 1 analysed for H scale depen-
dence in [16] (land area range 2.4–14.7 × 106 km2) are of the same order of magnitude of
those of the three 40dd regions 1–3 analysed here (area range 8.8–10.0 × 106 km2), and
all eight exhibited no reduction in H at a full regional scale, so it seems that the spheres
of influence of the relevant modes of climatic fluctuation are at least as large as these
scales but lessen as the scale of averaging increases to include other opposing modes of
oscillation. There is an extensive literature on the NAO, AMO, IPO, PDO, etc., influences on
regional and global precipitation, which would need to be analysed to define their spheres
of influence; these might be made up of land areas that are not contiguous. This is outside
the scope of this paper.

4.2. Consistency of LTP in Annual Flows with LTP in Basin Average Precipitation

The results obtained for the Colorado and Mississippi rivers in Section 3.3 show that
the long-term fluctuations in annual flows are driven predominantly by those in basin
average rainfall. The enhancement of H for the naturalised Colorado flows over that for
rainfall is apparently due to the decline in flows, which has been attributed to the enhance-
ment of evaporation associated with a declining snowpack [31]. For the Mississippi, the
enhancement can be attributed to the effects of regulation as the flows are not naturalised.
Similar analyses of other large rivers are restricted by the record lengths available (estimates
of H need to be based on record lengths comparable to precipitation, and they become too



Hydrology 2022, 9, 199 21 of 27

variable if short record lengths are used (100 years is still short in the presence of LTP as
the information content is low).

To investigate how the scale dependence of LTP in large basin average rainfall trans-
lates into LTP in river flows, a distributed monthly rainfall–runoff modelling approach
could be adopted using GPCC gridded monthly rainfall. This would allow the effects of
regulation and other factors that create trends in flows to be isolated from the effects of LTP,
enhancing attribution.

4.3. Characteristics of Precipitation Deficits for the Eight LTP Regions

The analysis of the crossing properties of average regional precipitation deficits using
the 1900–2013 data set shows that some regions encountered deficits predominantly in the
early part of the 20th century, while other regions were in surplus over the same period.
The averages of the D, SV and I statistics across the eight regions for each year suggest
that there is a levelling up of the crossings between the first and second half of the record
(Figure 12), and with relatively low volumes in the middle period. The grand averages
for Periods 1–3 (Table 5(i) and Figure 13(i)) do not suggest that there is any intensification
of precipitation deficits in Period 3 that might be attributed to ACC. On the contrary, the
statistics suggest that Period 1 is characterised by more severe deficits, with the lowest
deficits and intensities below the MSD level in Period 2. It also appears that the proportion
of years in which no crossing of the MSD level occurs is increasing, indicating that fewer
crossings of this level are occurring, but these results have high uncertainty due to the
small number of crossings. Significance tests on the differences between the proportions
requires the assumption of independence, which is unlikely to be satisfied in this case.

The results obtained using GPCC data up to and including 2020 for the eight LTP
regions (Table 5(ii) and Figure 13(ii)) do not suggest that there is any signal emerging in
recent data that could be attributed to the intensification of precipitation deficits from
ACC. This is also the case for all 19 regions analysed using data up to 2020 (Table 5(iii)
and Figure 13(iii)).

4.4. Precipitation Deficits, Droughts and Anthropogenic Climate Change

In analysing the evidence for any recent global warming influence on precipitation
deficits, the IPCC [32] noted that, while some regions of the world had recorded strong
precipitation deficits in recent decades, other regions had not. They noted that global
studies had generally shown no significant trends in SPI time series, and in derived
drought frequency and severity data, and concluded that natural climatic variability is still
the dominant mode of variability governing precipitation deficits and droughts, and, by
implication, LTP. This conclusion is supported by our findings here, where we have not
seen any clear evidence of intensification in precipitation data up to and including 2020
(Table 5 and Figure 13). Moreover, the narrative on causality continues to evolve [33–36].

Droughts are increasingly governed by a complex mix of physical and socio-economic
factors. However, the overarching global concern about anthropogenic climate change
(ACC) frequently results in droughts being at least partly attributed to ACC. However,
given our findings about LTP and high natural variability, the main physical risk of precipi-
tation deficits is coming from LTP. Many governments include water resources planning
and management under the umbrella of their ACC mitigation and adaptation policies,
with major reliance placed on GCM projections. Successive generations of GCMs have
been shown to be deficient in reproducing natural climatic variability [37–41]. A recent
study [39] revealed systematic errors in the representation of drought persistence in the
then current GCMs. The newer model generations continue to exhibit this deficiency;
output data from the Coupled Model Intercomparison Project (CMIP6) was recently found
to be inconsistent with reality for the entire region of Italy [42].

The reliance on GCM projections in adaptation planning can place undue emphasis
on an expected outcome. For example, several climate models projected an increase in pre-
cipitation in East Africa in future decades, whereas some severe droughts materialised [18];
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this has implications for developing viable adaptation policies. However, multiple factors
are deemed to be at play in what has come to be known as the East African Paradox, and
a conclusive explanation for this has yet to emerge [18]. Nonetheless, this outcome does
demonstrate that adaptation planning based on one expected scenario may not be robust
under other scenarios and high uncertainty. Adaptation plans need to be tested against an
envelope of uncertainty for future precipitation. It is relevant to mention here the prolonged
(7-year) drought that occurred in Greece around 1990, which severely affected the water
supply system of Athens. The management of the situation was quite effective as it was
based on an HK stochastic framework [9].

Recent droughts are being reported in many regions of the world, and water crises are
also being reported. While the results presented here would suggest that many of these
droughts that result primarily from precipitation deficits can be a consequence of natural
climatic variability, it is the case that many are attributed a priori to nonstationarity caused
by ACC, supported by trend analysis, the Mann–Kendall test, etc. Scientific investigations
frequently start from the premise that ACC is an explanatory factor, and set out to prove it,
whereas a more conventional scientific approach would be to adopt the Null Hypothesis
that natural climatic variability is a causal factor, and to test the Alternative Hypothesis
that it is ACC. In this regard, the use and misuse of trend tests, and the misunderstanding
of stationarity have been analysed and discussed in a number of papers (e.g., [43–46]),
and it is good to see that more considered approaches are now emerging in the literature
(e.g., [47–49]). That ACC can be a factor influencing droughts is not in question, but based
on current evidence, natural climatic variability remains the main driver of precipitation
deficits in regions affected by LTP, but care is needed that apparent trends resulting from
LTP are not misinterpreted as evidence of ACC.

Stochastic HK simulations reproducing the Hurst coefficient can capture the full
envelope of uncertainty resulting from LTP for a risk assessment of annual precipitation
deficits [50] rather than approaches that focus on weak dependencies on climatic modes
of variability such as the NAO, e.g., [19], which may not capture LTP adequately. The
NAO does not affect total annual precipitation but influences its spatial and seasonal
distribution [51]. No significant correlation was found between average annual regional
precipitation and the NAO for the eight LTP regions listed in Table 4 [16].

4.5. Implications for Policy Making and Risk Assessment in Sustainable Water Resources Planning
and Management

The climate has always been naturally variable, and the key manifestation of this
variability in the fields of hydrology and water resources management is in precipitation.
Our recent findings show that precipitation, when averaged over increasing spatial scales, is
much more naturally variable than we would think based on the analysis of point precipita-
tion. This explains why the annual flows of some large rivers such as the Nile exhibit much
more variability/LTP than point precipitation would reveal, and precipitation deficits at a
regional scale will therefore be more severe. This has implications for drought adaptation
planning in vulnerable regions of the world such as East Africa, and for water resources
management, both surface and subsurface. Major aquifers are recharged over large areas,
so will be affected by area average LTP. The Hurst coefficient is the key parameter in
describing this, and in undertaking risk analyses.

In determining the yields of reservoirs and river abstractions, the average flow over
the available period of record is the key quantity used to determine the yield that can
be maintained as a proportion of the mean flow. The reliability of the yield is usually
assessed by running a simulation over the period of record. However, in the presence of
LTP, the mean flow is highly variable, and its increase with H is described by (1). As a
consequence, the information content of a record reduces sharply [9], and the typical record
lengths available are woefully inadequate for estimating yield reliably in the presence of
LTP. This can have some unintended consequences. Suppose the record covers a period
of above average long-term flows, and a period of below average flows is subsequently
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encountered during operation, there will be adverse impacts on water supplies, and the
projected benefits of the investment will not be realised. If the design is based on a below
average period of flows, and a period of above average flows follows, all is fine, but there
will be the temptation to use the surplus water rather than let it go to sea when the demand
is growing. This makes yields more vulnerable to future reversals in flow resulting from
precipitation deficits and droughts. The climate has always had the capacity to surprise,
particularly in the presence of LTP. This is basic hydrological understanding that, in current
times, is lost sight of in the quest to attribute droughts and water crises to anthropogenic
climate change (ACC). This does not necessarily mean that ACC is not a factor, and it
is expected that it might enhance/intensify LTP in the future, but the strength of the
underlying LTP will be the dominant factor in determining the severity of precipitation
deficits. Risk analyses based on HK simulations should explore the sensitivity to an increase
in H to reflect ACC intensification.

Most governments nowadays have policies aimed at reducing emissions and planning
adaptation to ACC that reach across all sectors, including water. GCM projections and
related products (e.g., downscaled precipitation generators) are prescribed as mandatory
for adaptation planning. However, as noted above, GCMs still do not reproduce the
persistence that generates multi-year droughts, and so drought risks will be underestimated
for those regions affected by LTP. The essentially deterministic nature of GCM projections
(e.g., precipitation in a region is expected to increase over the coming decades) is also
a problem as the full uncertainty in these projections is not captured by ensembles, but
recent developments by hydrologists demonstrate how the uncertainty in these conditional
projections can be better represented [42,52]. It is relevant to note that, according to the
analysis by [34], even when accepting the IPCC assertions, the changes in precipitation
are a priori framed in the range of 1% to 3% per ◦C. In hydrology, such percentages are
negligible compared to the natural variability (particularly in view of the Hurst behaviour),
and even to the uncertainty in the measurement of precipitation. It is thus puzzling why
hydrologists have followed such nonsensical mandates and continue to consider future
projections of climate models for adaptation planning.

Accelerating socio-economic growth and demand for water in many countries across
the globe has led to the depletion of water resources [53]. Gaps between supply and
demand are developing, leading to water crises, and some countries are likely to run
out of water by 2030 [54]. Those regions and countries affected by LTP will be more at
risk and vulnerable due to more severe precipitation deficits. Despite the best efforts of
UN Water to encourage the implementation of Integrated Water Resources Management
(IWRM) through its numerous WWDR reports, sustainable development has demonstrably
not been implemented. Concerned by this situation, and reflecting the concern of the
World Economic Forum about the threat to the global economy posed by water crises,
and to their own businesses, a group of banks and multi-nationals created the 2030 Water
Resources Group (2030WRG) and published a report in 2009 that set out how country gaps
between supply and demand could be closed by 2030. This could be achieved by focusing
on demand management and improved water use efficiency, which have to be central to
sustainable water resources management. They demonstrated, through economic analyses
of water use efficiency opportunities for a number of countries, that their water gaps could
be closed at much less cost than the conventional approach of supply-side investment,
which has increasingly failed to respect the needs of the water environment. Moreover,
under high levels of uncertainty, large supply-side capital investments should be avoided,
and incremental investments based on water use efficiency preferred that are essentially
‘no regret’, i.e., they should be made in any case from a sustainability perspective [53].
This will require major shifts in water use behaviour, just as major behavioural shifts are
required to reduce emissions. Whatever the future impacts of ACC (and the 2030WRG
did not include ACC in their analyses), water crises are happening now, and the necessary
investments in the water sector are needed to achieve a paradigm shift towards sustainable
water use. The 2030WRG has been absorbed into the World Bank Group, and, to date, has
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formed 1009 public–private–civil society partnerships in 14 countries to deliver USD 993 M
of investment in support of ‘collective action on water security for people, environment
and economy’ [55].

Thus, why has it fallen to the private sector to take the lead in demonstrating how a
sustainable approach to water resources management can be achieved? Multi-nationals are
known for preparing business plans that look 20 years ahead, and this is rarely the case
for public sector bodies. It can also be argued that the ability to leverage private sector
funding is a significant advantage, as well as a culture of hitting targets within prescribed
time scales. Despite the huge effort made by UN Water to mobilise the implementation of
IWRM through the Sustainable Development Goals and its many reports, its uptake has
been far too slow.

Thus, what are the implications for policy making in the field of water resources
management? In many countries, water is not included in national economic planning,
and the water sector is expected to meet the needs of other sectors primarily through a
supply-side approach, i.e., deliver the water that is needed by whatever means to support
the economic growth imperative. Globalisation has added to the pressure to deliver the
necessary water. Resource depletion inevitably follows, and countries that are affected by
LTP in precipitation will be much more at risk of developing water crises. They need to
be made aware of this, and, based on the results presented here on precipitation deficits
where no ACC signal is evident, to realise that ACC is not the main threat that they are
at risk from. Policy making should integrate risk assessment of the impacts of LTP into
sustainable water resources planning and management for those countries where LTP can
be shown to be a threat.

The GPCC data set, which now includes data up to and including 2020, is a good
starting point for doing a baseline assessment of the risk of precipitation deficits arising
from LTP for a river basin. A more complete risk assessment would require the estimation of
H to enable HK stochastic simulations of basin precipitation that can be fed into a monthly
rainfall–runoff model to ‘stress-test’ the water resource system [56], as used originally
within the Harvard Water Programme [57]. All of this would need to be packaged and
made available for use by practitioners in a form that would enhance its use to test the
robustness and resilience of water resources plans alongside the use of GCM projections.
This would allow any deficiencies in the latter to be identified. Globally, the mainstream
focus of global water resources planning and management should place more emphasis
on adaptation to the population growth and socio-economic changes that are happening
now and that will continue to happen in the coming decades. There needs to be a greater
focus on investment options that will be robust and resilient to the risks to stressed water
resource systems from an ever-changing climate, and which embrace sustainability [53].
Otherwise, economic growth itself, and lifestyles and livelihoods, will be placed at risk,
and the water environment will suffer even more damage.

5. Conclusions

The main conclusions that can be drawn from our findings are:

1. A theoretical result was derived for an HK stochastic process that explains how the
Hurst coefficient can increase with the spatial scale of averaging, as observed for
regional annual precipitation.

2. Analysis of 11 climatic regions that exhibit weak LTP at the grid scale (H < 0.6) showed
that five of the regions exhibit an increase in H with the scale of averaging, while the
remainder do not.

3. For a large region of Asia, an increase in H was observed up to the full regional scale
of averaging, but a decrease was observed at the full regional scale, which was shown
to be a consequence of contrasting modes of climatic oscillation for the subregions
averaged. This result can be viewed as a statistical artefact in relation to theory, which
would disappear as the sample size became very large.
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4. For the Colorado and Mississippi basins, LTP in annual river flows was shown to be
attributable to LTP in basin average precipitation.

5. For average precipitation at the regional scale, the Hurst coefficient H was shown to
be a good descriptor of the crossing properties of precipitation deficits below the mean
and the mean minus one standard deviation, both in terms of duration and volume.

6. From a multi-decadal analysis of the crossing properties, no evidence was found to
show that there has been any increase in precipitation deficits in recent decades that
might be attributable to global warming.

7. Precipitation deficits are a consequence of natural climatic variability/the level of
LTP, so the Hurst coefficient and HK stochastic simulations conditioned on a his-
toric data set should be used to test water resource system resilience and robust-
ness, and not rely exclusively on GCM projections that do not reproduce the LTP in
observational records.

8. To facilitate the assessment of risk arising from LTP by water resources managers, a
package for risk assessment and resilience and robustness testing should be developed
and made available on the web in a form that will facilitate uptake.

In addition to that specified in (8) above, future work could explore the sensitivity
of the scale dependence of precipitation to region choice, scale and shape. Mapping the
zones of influence of the major modes of climatic variability affecting LTP would provide
an insight into regions where conflict between these modes leads to weak LTP. Monthly
rainfall–runoff modelling of large river basins as a function of scale-dependent LTP in
precipitation would enhance understanding of the evolution of LTP in river flows with
increasing scale in these basins.
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