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Abstract: Atmospheric pollutants and environmental indicators are often used to reconstruct historic
atmospheric pollution from peat, as it accumulates over time by decomposing plant material,
thus recording a history of air pollution. In the present study, three key parameters related to the peat
bogs’ surface wetness dynamics in European Russia during the Holocene were investigated using
modern statistical analysis. These parameters are: (i) the water table depth (WTD) in relation to the
surface, which is reconstructed based on the community structure of the subfossil testate amoeba
assemblages; (ii) the peat humification estimated as absorption of alkaline extract that directly reflects
moisture at which the peat was formed; (iii) the Climate Moisture Index (CMI) and the Aridity Index
derived from pollen-based reconstructions of the mean annual temperature and precipitation and
classifying moisture conditions as the ratio between available annual precipitation and potential land
surface evapotranspiration. All these parameters provide useful information about the paleoclimate
(atmospheric moisture component) dynamics. High values of WTD and peat humification appear
to comply with Gutenberg–Richter law. It is noteworthy that this law also seems to reproduce the
high values of the modeled climate moisture and aridity indices. The validity of this new result is
checked by replacing “conventional time” with “natural time”. On this basis, a new nowcasting
tool is developed to more accurately estimate the average waiting time for the extreme values of
these climate parameters. This will help to understand climate variability better to address emerging
development needs and priorities by implementing empirical studies of the interactions between
climatic effects, mitigation, adaptation, and sustainable growth.
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1. Introduction

A better understanding of the climate–land surface interaction in the past and present is a very
important issue, especially for predicting its future changes. Mathematical models can be very useful
in deriving the key components of the energy, water, and carbon budgets of the ground surface
and to predict the spatial and temporal variability of surface evapotranspiration, surface moisture
and runoff, carbon uptake and release, etc. [1,2]. Over the past few decades, many process-based
and statistical models of different levels of complexity have been developed and implemented in
various climatological, hydrological, and ecological studies [3,4]. While process-based models use
mathematical representations of physical and biological processes on the land surface–atmosphere
interface, statistical models apply mathematically-formalized ways to derive reality using statistical
methods. Recent progress in the modeling of paleo ecological processes has been made using advanced
mathematical tools and sophisticated models of statistical physics developed based on long-term
biological data [5–7]. Natural time and multifractal analyses are core concepts for studies aimed at
building nowcasting models [8–10].

The paleo ecological records archived in various types of deposits represent a valuable tool for
long-term modeling of biosphere dynamics and past climate change. Peatlands, with their gradual
and consistent accretion of deposits, make these ecosystems an excellent medium for paleoecology
with a range of biological remains preserved. Peat proxies are capable of indicating a variety of aspects
of Holocene climate change [11,12]. Ombrotrophic (‘rain-fed’) peatlands receive all their moisture
directly from the atmosphere and are, therefore, particularly sensitive to changing hydroclimate. It is
believed that the peatland surface wetness may be a useful indicator of climate, and in the last two
decades, the reconstructions of Holocene climate by peats have proliferated [13,14].

Recently, we applied biological (remains of pollen and testate amoebae in peat) and physicochemical
(peat humification) proxies to reconstruct surface wetness dynamics during the Holocene in two
peatlands in the East European Plain [15–17].

The present study aims to investigate the long-term variability of the reconstructed values of
peatland surface wetness to develop a new nowcasting tool for evaluating the average waiting time
in which these parameters achieve extreme values. With the term nowcasting of these parameters,
we refer to the use of their data to estimate the current dynamical state of these parameters. In other
words, nowcasting differs from forecasting in that its objective is to assess the current state of these
parameters and not the probability of future extreme values, which is the goal of forecasting [18,19].
This will reduce losses to climate-related risks enhancing sustainability.

2. Data and Methods

2.1. Data

The dataset used in the present analysis contains parameters that reflect the long-term dynamics
of surface wetness and peat humification in two peat bogs situated in the East European Plain (namely
Klukva [15,16] and Staroselsky Mokh [17]) during the Holocene. Due to the fact that peat bogs receiving
water only from the atmospheric via precipitation, surface wetness can be a very good indicator to
reflect surface moisture conditions.

To describe the surface wetness, we used in our study three key parameters: (i) the water table
depth (WTD) in relation to the surface (i.e., the depth of water below the bog surface), which was
reconstructed based on the community structure of the subfossil testate amoeba assemblages, using the
transfer function developed by Tsyganov et al. [20]; (ii) the peat humification estimated as absorption
of alkaline extract that directly reflects the moisture in which the peat was formed [21]; (iii) the Climate
Moisture Index (CMI) suggested by Willmott and Feddema [22] and the Aridity Index obtained using
pollen-based reconstructions of the mean annual temperature and precipitation which allows the
classification of moisture conditions as the ratio between available annual precipitation and potential
land surface evapotranspiration [15,23].
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2.2. Methods

The date calibration was given by the IntCal13 calibration curve of the northern hemisphere, which
is defined by tree-ring measurements from 0 to 13,900 cal Before Present (BP) and was supplemented
by the addition of the Lake Suigetsu macrofossil data. This procedure is described in detail in [24].

Additionally, where the analysis of data requires the null hypothesis Ho test (i.e., whether
the normal distribution fits significantly to the values of a paleoclimate parameter), we used the
Kolmogorov–Smirnov and Anderson–Darling tests of goodness-of-fit [25,26].

To investigate the distribution of high values of the above-mentioned parameters, we first
calculated the cumulative absolute frequency A(x), which indicates the times of exceeding a high
value x in the total dataset. We then plotted the logA(x) versus x to examine if the high values were
significantly described by a semi-logarithmic distribution (i.e., the Gutenberg–Richter–GR law):

logA(x) = a − b·x (1)

However, the unequal time intervals between the sequential data of the two paleoclimate
time-series we used gave us the idea to replace the clock time with the “natural time”. The definition
of natural time is as follows: If a time series consists of N events and the order of occurrence (count) of
an individual event is A, then the ratio τ = A/N is defined as the natural time of this event.

For example, suppose a time series includes N = 5 events that can occur at unequal times in the
conventional time domain. Then, to convert this time series into the natural time domain, the first
event corresponds to τ1 = 1/5, the second event to τ2 = 2/5, the third event to τ3 = 3/5, the fourth event
to τ4 = 4/5, and the fifth event to the τ5 = 5/5. Thus, natural time is not continuous, unlike conventional
time. In the natural time domain for the study of a time series involving a series of events, the original
time intervals between successive events are ignored and eventually become equally spaced [27].

In addition, natural time refers to the concept of using the count As of small events (with magnitude
x > Xs) that occurred after a large event (with magnitude x > Xh) to determine the count the Ah of large
events [8].

Additionally, the natural time concept could help our analysis to test the reliability of the GR-fit to
the high values of both parameters. More specifically, according to the semi-logarithmic relationship
given in Equation (1), two values with a constant difference (i.e., Xs −Xh) must correspond to a constant
ratio Ah

As
= 10b(Xs−Xh) regardless of when this difference occurred (where b is derived from Equation (1)).

Finally, for the purposes of our study, we attempted to calculate the average waiting time t for
a specific large value (with size x) based on the latter equation that can be written as follows:

t =
[

dAs

dt
·10b(Xs−x)

]−1

(2)

where As indicates the count of small events (with magnitude x > Xs),
dAs
dt is the slope of the linear

regression applied to the As plot versus age, and b comes from Equation (1) (more details are given
below, in Section 3.1.2).

3. Results and Discussion

3.1. A Novel Nowcasting Tool; the Case of WTD and Peat Humification

3.1.1. The Long-Term Dynamics of WTD and Peat Humification: A Step-Wise Pattern

Figure 1a illustrates the WTD values in relation to the estimated age of the deposits according to
the mean depth, covering the period 8749–131 cal years BP. According to Figure 1a, there was an abrupt
downward shift (occurred 5232 years BP), followed by a rapid upward shift (occurred 3316 years BP)
in the WTD time-series. The statistical method used in the WDT dataset to detect the existence of
these two shifts was the numerical algorithm developed by Rodionov [28]. This algorithm is based



Sustainability 2020, 12, 5546 4 of 14

on a sequential t-test that examines the hypothesis that the average of two consecutive intervals in
a time-series is significantly different [29].
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Figure 1. Time-series of (a) Water table depth (WTD) and (b) peat humification, covering the common
period 8749–131 cal years BP. (b) Time-series of peat humification covering the period 8714–131 cal yr.
BP. Present is defined as the mean value 0–5 ka. The red solid lines stand for the mean values for the
respective time periods.

Similarly, the application of the Rodionov method to the peat humification time-series (covering
the common period 8749–131 cal years BP) again led to a downward shift (occurred 5232 years BP,
as in the case of WTD), which followed this time by a rapid upward shift (appeared 4291 years BP) and
a downward shift (occurred 1525 years BP) (see Figure 1b). The coincidence of the downward shift for
the two parameters (at 5232 years BP) might indicate a specific climatic event or a physicochemical
change associated with both WTD and peat humification.

Certainly, there is more to be explained about how shifts in the various series are related to each
other and what they imply about Holocene climate shifts in the region. However, a clear answer
to these questions requires the availability of much more data as the system under consideration
is complex and complicated. However, the fact is that the present analysis shows that these two
variables can change abruptly, which is similar to the behavior of the short-term climate and even the
weather [30].

On small time scales, groundwater tables fall faster when peat is humified and are flashier,
recovering faster after rain. In addition, during wet periods, less water is required for groundwater
tables to rise in humified peatlands, which explains the faster recovery after rain and generally the
more flashy behavior. Moreover, deeper groundwater tables in humified peat during dry periods lead
to more severe hydrological drought than in non-humified peat [31].

On large time scales, such as those shown in Figure 1a,b, knowledge is limited. There is no doubt
that the afore-mentioned finding is a result of the complex mechanisms that govern the peatlands
and WTD dynamics. However, to better understand hydrological, physicochemical changes taking
place as a result of WTD changes, the detailed study of the evolution of the organic matter of the
bulk peat and its humified fraction is required. In this regard, it should be recalled that peatland
ecosystems have been shown to be net CO2 sinks and net greenhouse gases sources on a long-term
basis. More specifically, when they are drained, the peatland areas become a threat to the environment
as the thickness of the aerobic layer increases. This leads to an increase in the rate of decomposition of
organic matter, and so peatlands may change from net carbon sinks to large carbon sources, resulting
in increased CO2 and CH4 emissions from these organic soils.

All of the shifts in the regime described above reflect sudden paleoclimatic changes that may
affect the parameters studied in different ways, as suggested by Payne et al. [17]. However, these rapid
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shifts have recently also been identified in the sea surface temperature (SST) time-series and hurricane
frequency over the North Atlantic (in 1925/1926 and 1987/1988) This may indicate that there are similar
natural laws and mechanisms that govern the paleo and modern climate, which could have potential
effects on future climate shifts and crossing tipping points due to the well-established interactions of
intrinsic climate dynamics and anthropogenic enhancement of the atmospheric greenhouse effect [32].

3.1.2. Gutenberg–Richter Law on WTD and Peat Humification

In the context of climate change problems, such as those mentioned in the previous section,
techniques for estimating exceedance probabilities and return periods for extreme events are a matter
of first priority. To that end, good, high-resolution paleoclimatic files can be quite useful in this context,
as they provide opportunities for evaluating more extreme events over longer periods [32–34].

In this direction, the next step in our analysis was to investigate the statistical distributions of
WTD and peat humification values. As it turned out, the normal distribution fits significantly to
the values of both paleoclimate parameters, and this result was checked using appropriate statistical
tests, such as Kolmogorov–Smirnov and Anderson–Darling tests, at a 95% confidence level. However,
focusing on the high values of WTD and peat humification, we showed that they were better described
by a semi-logarithmic distribution (i.e., the Gutenberg–Richter–GR law) than the Gaussian distribution.

In this regard, calculating the cumulative absolute frequency A(x) (which indicates the times that
a value x is exceeded into a dataset) and plotting the logA(x) versus x (see Figure 2a,b), a statistically
significant linear fit yielded (see Equation (1)). More specifically, for the high x values of WTD (or peat
humification) with x ≥ xo = 10.1 (with x ≥ xo = 0.4) the estimated b–value was 0.085 ± 0.002 (3.55 ± 0.07)
and the a–value was 2.84 ± 0.02 (3.13 ± 0.04). The xo–values were selected to achieve the best statistical
significance for the R2-coefficient of determination and the a–, b–coefficients (according to the F–test
and t–test, respectively, at the 95% confidence level).
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Figure 2. Semi-logarithmic graph of the cumulative absolute frequency A(x) versus the size x (white
circles) for: (a) WTD values covering the period 8749–131 cal years BP and (b) peat humification covering
the period 8714–131 cal years BP. The red dashed line is the least-squares fit of the Gutenberg–Richter
(GR) scaling, with (a) y = −0.085x + 2.84 and R2 = 0.98 for WTD and (b) y = −3.55x + 3.13 and R2 = 0.99
for peat humification.

Then, we introduced in our analysis the concept of natural time (mentioned in Section 2), putting
in the equation Ah

As
= 10b(Xs−Xh) as Xh–value the data average µ (i.e., 13.8 and 0.42 for WTD and peat

humification, respectively) and as Xs–value a slightly lower value than µ (i.e., 11.3 and 0.41 for WTD
and peat humification, respectively).
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Figure 3a,b shows Ah versus As revealing, indeed, the expected constant ratio Ah
As

= c which verified
the GR-model for the high values of both parameters. Applying the F-test (t-test), we established the
linear fit Ah = c·As, in terms of the statistical significance of R2 (slope c).
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Figure 3. Dependence of the count Ah on the count As (white circles). The dashed red line is the
least-squares linear fit to the data passing through the origin, with (a) y = 0.66·x and R2 = 0.99 for WTD,
(b) y = 0.92·x, and R2 = 1.00 for peat humification.

Finally, the introduction of the ratio c (i.e., 0.66 ± 0.066 and 0.92 ± 0.043 for WTD and peat
humification, respectively) and the difference (Xs – Xh) (i.e., 2.5 and 0.01 for WTD and peat humification,
respectively) into the equation Ah

As
= 10b(Xs−Xh), provides a coefficient b’, which is approximately equal

to the b–value obtained by Equation (1) for each parameter examined. Therefore, the use of the natural
time concept helped our analysis to re-affirm the reliability of the GR that fits the high values of both
paleoclimate parameters.

3.1.3. Occurrence Rate for High WTD and Peat Humification Values

In the following, we employed the natural time tool again to estimate the rate of occurrence
for high values of WTD and peat humification. To this aim, we calculated the rate of occurrence
dAs
dt (between 8749–131 cal years BP for WTD and 8714–131 cal years BP for peat humification) by

determining the slope of the linear regression applied to the plot of As as a function of the age.
The linear fit in this plot was characterized by a high R2–value (which was statistically significant at
95% confidence level), indicating a constant occurrence rate for the lower values (with x > Xs) of the
two parameters examined (see Figure 4a,b).

After that, we plotted the empirical and the nowcasted Ah–values (derived from the product of the
As–values and the constant ratio c) versus the age, over the periods 8749–131 cal years BP (8714–131 cal
years BP) for WTD (or peat humification) (see Figure 5a,b). The Wilcoxon signed-rank test confirmed
the assumption that the empirical and the nowcasted Ah–values have the same distribution, at a 95%
confidence level.

Then, the occurrence rate of high values with size x > Xh (i.e., dAh
dt = dAs

dt · c) showed a time
interval of about 152 years and 109 years (for WTD and peat humification, respectively) between two
consecutive high values.
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Figure 4. Schematic of the count As (white circles) for (a) WTD and (b) peat humification versus age
(in years), for periods 8749–131 cal years BP and 8714–131 cal years BP, respectively. The dashed red
line is the least-squares linear fit to the data with (a) y = 0.01·x + 6.81 and R2 = 0.97 for WTD and
(b) y = 0.01·x − 3.54 and R2 = 0.98 (p < 0.05) for peat humification.

Sustainability 2020, 12, x FOR PEER REVIEW 7 of 14 

Figure 4. Schematic of the count  (white circles) for (a) WTD and (b) peat humification versus age 
(in years), for periods 8749–131 cal years BP and 8714–131 cal years BP, respectively. The dashed red 
line is the least-squares linear fit to the data with (a) y = 0.01∙x + 6.81 and R² = 0.97 for WTD and (b) y = 
0.01·x − 3.54 and R² = 0.98 (p < 0.05) for peat humification. 

Figure 5. The empirical and nowcasted Ah–values of (a) WTD and (b) peat humification versus age 
(in years), over the periods 8749–131 cal years BP and 8714–131 cal years BP, respectively. 

The last step of our analysis was to estimate the time intervals between extreme events of both 
parameters examined. So, we calculated the average waiting time t for a specific large value (with 
size x) of WTD and peat humification using Equation (2), where b comes from Equation (1) and –
value was 11.3 and 0.41 for WTD and peat humification, respectively (see Figure 6a,b). For example, 
the average time interval for a WTD (or peat humification) value with x = 14 (x = 0.45) was estimated 
at approximately 169 (137) years, with confidence interval [165.2, 172.9] ([134.3, 139.8]). Thus, using 
Figure 6a,b as a nowcasting tool, we can predict the average waiting time for high values of both 
WTD and peat humification. Estimating the corresponding 1σ–error bars, the uncertainties in the 
waiting times seem to have a small range for both parameters [35]. 

0

10

20

30

40

50

60

70

80

0 2,000 4,000 6,000 8,000 10,000

A s

t (years BP)

0
5

10
15
20
25
30
35
40
45
50

0 2,000 4,000 6,000 8,000 10,000

A s

t (years BP)

0

10

20

30

40

50

60

0 2,000 4,000 6,000 8,000 10,000

A h

t (years BP)

empirical

Nowcasted

0
5

10
15
20
25
30
35
40
45

0 2,000 4,000 6,000 8,000 10,000

A h

t (years BP)

empirical

Nowcasted

(a) 

(a) (b) 

(b) 

Figure 5. The empirical and nowcasted Ah–values of (a) WTD and (b) peat humification versus age
(in years), over the periods 8749–131 cal years BP and 8714–131 cal years BP, respectively.

The last step of our analysis was to estimate the time intervals between extreme events of both
parameters examined. So, we calculated the average waiting time t for a specific large value (with
size x) of WTD and peat humification using Equation (2), where b comes from Equation (1) and
Xs–value was 11.3 and 0.41 for WTD and peat humification, respectively (see Figure 6a,b). For example,
the average time interval for a WTD (or peat humification) value with x = 14 (x = 0.45) was estimated
at approximately 169 (137) years, with confidence interval [165.2, 172.9] ([134.3, 139.8]). Thus, using
Figure 6a,b as a nowcasting tool, we can predict the average waiting time for high values of both WTD
and peat humification. Estimating the corresponding 1σ–error bars, the uncertainties in the waiting
times seem to have a small range for both parameters [35].
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Figure 6. The mean waiting time (in years) for high values of (a) WTD (with x > 13.8) and (b) peat
humification (with x > 0.42), accompanied by the corresponding 1σ-error bars (red bars).

3.2. Studying the CMI and Aridity Index Using the Novel Nowcasting Tool

3.2.1. Study of the Long-Term Dynamics of CMI and Aridity Index

To classify the surface moisture conditions in the next step, we analyzed the time-series of two
modeled climatic indices (i.e., Climate Moisture Index (CMI) and Aridity Index) over the past 8700 cal
years BP from Staroselsky Moch peatland, Russia [17]. In contrast to the long-term dynamics of
WTD and peat humification, no abrupt shift of the CMI and Aridity Index time-series was found
(see Figure 7a,b).
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Figure 7. Time-series of (a) Climate Moisture Index (CMI) and (b) Aridity index during the last
8700 cal years.

3.2.2. Gutenberg–Richter Law on CMI and the Aridity Index

The Kolmogorov–Smirnov test suggested an insufficient determination of the normal distribution
for CMI and Aridity Index values at a 95% confidence level. It would be of great interest to use the
natural time tool in our analysis by applying the nowcasting model described above, at high values
of CMI and Aridity indices (see Figure 8a,b). Table 1a,b and Figures 8–12 show the statistical results
derived from the GR-model. All of these results were established using appropriate statistical tests.
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Figure 8. As in Figure 2, but for (a) CMI values with y = −13.20x + 5.11 and R2 = 0.96 (p < 0.05) and
(b) Aridity Index values with y = −6.41x + 10.30 and R2 = 0.97 (p < 0.05), for the last 8700 cal years.

Table 1. The results of the statistical analysis of the Gutenberg–Richter (GR)-model applied (a) to
the large Climate Moisture Index (CMI) values and (b) to the large Aridity Index values for the last
8700 cal years.

(a) Statistically Significant Semi-Logarithmic Fit to
the Large CMI Values (with x ≥ 0.26):

logA(x) = a − b·x
with b = 13.2 ± 0.46 and

a= 5.1 ± 0.13

Xh–value: 0.284
Xs–value: 0.278

Ah
As

: constant ratio c = 0.84
b’: 12.6 (which is very close to b)

dAs
dt : 0.0031

empirical vs. nowcasted Ah–values: significant agreement, established by Wilcoxon
signed-rank test

(b) Statistically Significant Semi-Logarithmic Fit to
the Large Aridity Indices (with x ≥ 1.34):

logA(x) = a − b·x
with b = 6.4 ± 0.19 and

a = 10.3 ± 0.28

Xh–value: 1.42
Xs–value: 1.39

Ah
As

: constant ratio c = 0.68
b’: 6.0 (which is very close to b)

dAs
dt : 0.0032

empirical vs. nowcasted Ah–values: significant agreement, established by Wilcoxon
signed-rank test

The analysis and the results presented above showed that both in the conventional time scale and
in the natural time domain, high values of WTD, peat moisture, CMI, and Aridity Index follow the
GR law. Based on this finding and employing the natural time concept, the new nowcasting tool was
developed. Next, the application of this model to three climate parameters was demonstrated. From
the analysis presented and the results drawn above, it emerged that this new view of time reveals
novel dynamical features hidden behind time series that describe complex systems, such as Earth’s
global climate, and can be identified when the system approaches a critical point. Therefore, natural
time plays a key role in predicting impending extreme events, which, according to GR law, are rare.
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Figure 9. As in Figure 3, with (a) y = 0.84·x and R2 = 0.97 (p < 0.05) for CMI, (b) y = 0.68·x, and R2 = 0.95
(p < 0.05) for the Aridity Index.
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Figure 10. As in Figure 4, but for (a) CMI with y = 0.0031·x + 4.09 and R2 = 0.92 (p < 0.05) and (b) Aridity
Index with y = 0.0032·x + 3.59 and R2 = 0.94 (p < 0.05), versus peat age (in cal years BP) for the last
8700 cal years.
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Figure 11. As in Figure 5, but for (a) CMI and (b) Aridity Index versus peat age (in years) for the last
8700 cal years.
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Figure 12. As in Figure 6, but for (a) CMI and (b) Aridity Index versus pear age (in years) for the last
8700 cal years, accompanied by the corresponding 1σ-error bars (red bars).

As can be seen above, the concept of natural time is the basis of the proposed new nowcasting
tool. This tool provides the average waiting time (with satisfactory accuracy) for high values of WTD,
peat moisture, CMI, and the Aridity Index, thus forecasting the behavior of the relevant climatic events
in the region. For instance, peatlands store more CO2 than forests, and, on the other hand, they maintain
heavy rainfall and release the water more gradually, helping to control flooding. Therefore, the peat
bog series seems to be related to CO2 concentration and rainfall. Determining the probability of an
extreme peat moisture value, we could nowcast the abrupt changes in these two climatic parameters
(i.e., CO2 and rainfall).

Thus, the proposed model is a suitable tool for the timely protection of vulnerable communities
in developing countries from the effects of climate change. Its integration into development policy
will substantially contribute to the synergies between mitigation and energy use by demonstrating
the potential for long-term weather forecasting and climate, thus enhancing the desired mitigation,
adaptation, and sustainable development.

4. Conclusions

In this study, we looked at the dynamics of time series for variables, such as water table depth
(WTD) and the Climate Moisture Index (CMI). We have demonstrated that these variables may indicate
abrupt or gradual changes, reminiscent of the behavior of the shorter-term climate and even weather
first discovered by Edward Lorentz about 60 years ago [30]. Then we used statistical techniques
(Kolmogorov–Smirnov and Gutenberg–Richter) to model WTD and CMI, respectively. We used these
to estimate the time interval between maxima using a new time domain (natural time) to anticipate
future climate changes.

More specifically, our analysis yielded the following main results:
(1) Sudden shifts in WTD and peat humification time-series (for the common period 8749–131 cal

years BP) were detected. Although the reason is not clear, the fact is that these variables may feature
abrupt or step-wise changes, which is similar to the behavior of shorter-term climate and even weather
(e.g., [30,36,37]).

(2) In contrast to the long-term dynamics of WTD and peat humification, no abrupt shift in the
time-series of the modeled climatic parameters, namely CMI and Aridity Index, was observed in the
last 8700 cal years.

(3) Both in the conventional time scale and in the recently introduced natural time domain, the high
values of WTD, peat humification, CMI, and the Aridity Index followed the GR law. Based on this
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finding, a novel nowcasting tool was developed that derives the mean waiting time for the high values
of WTD, peat humification, CMI, and Aridity Index with satisfactory accuracy.

It is emphasized that the above-mentioned results and the novel nowcasting tool presented in this
study can be used to accurately assess the deposition of airborne contaminants transported over large
distances, as ombrotrophic peat bog is polluted by atmospheric deposition mechanisms [38].

In addition, the proposed algorithm integrated into the development policy aims both at the
timely protection of vulnerable communities from the effects of extreme climate change phenomena
and at strengthening sustainability, mitigation, and adaptation.
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