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Abstract: There is increasing evidence that extreme weather events such as frequent and intense cold
spells and heat waves cause unprecedented deaths and diseases in both developed and developing
countries. Thus, they require extensive and immediate research to limit the risks involved. Average
temperatures in Europe in June–July 2019 were the hottest ever measured and attributed to climate
change. The problem, however, of a thorough study of natural climate change is the lack of
experimental data from the long past, where anthropogenic activity was then very limited. Today,
this problem can be successfully resolved using, inter alia, biological indicators that have provided
reliable environmental information for thousands of years in the past. The present study used
high-resolution quantitative reconstruction data derived from biological records of Lake Silvaplana
sediments covering the period 1181–1945. The purpose of this study was to determine whether a
slight temperature change in the past could trigger current or future intense temperature change
or changes. Modern analytical tools were used for this purpose, which eventually showed that
temperature fluctuations were persistent. That is, they exhibit long memory with scaling behavior,
which means that an increase (decrease) in temperature in the past was always followed by another
increase (decrease) in the future with multiple amplitudes. Therefore, the increase in the frequency,
intensity, and duration of extreme temperature events due to climate change will be more pronounced
than expected. This will affect human well-being and mortality more than that estimated in today’s
modeling scenarios. The scaling property detected here can be used for more accurate monthly to
decadal forecasting of extreme temperature events. Thus, it is possible to develop improved early
warning systems that will reduce the public health risk at local, national, and international levels.
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1. Introduction

Several disciplines such as biology, ecology, and epidemiology co-operate to maintain
environmental quality and public health at desirable levels of safe living. In some cases, several
indicators of the past environment indicate the current and future environmental state. To exploit
this fact, in-field research is currently being conducted in order to identify such indicators with
sufficient reliability. An example of such research focuses on chironomids (the name comes from the
ancient Greek word kheironómos), which includes a worldwide distributed family of nematoceran
flies. This is a large taxon of mosquito-like insects, which is important as an indicator of water
properties. For instance, chironomids can indicate whether pollutants are present in a lake. Due to
their environmental sensitivity, their fossils are widely used by paleolimnologists as indicators of past
climatic variability [1–5].
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Climate reconstruction over long timescales is crucial in investigating the processes that affect the
climate system. In this context, the chironomids, kept in lake sediments, allow for the quantitative
production of summer air temperature reconstructions with high resolution and low error. Analysis of
modern surface sediments from one hundred lakes of high-latitude in northern European Russia to
central Siberia has shown that chironomid distribution was primarily driven by July air temperatures [6].
This sensitivity enabled the development of a chironomid-inference model for the reconstruction of air
temperature in July. This is in close agreement with the local instrumental records, suggesting that
models can reliably reproduce the past climate [7–9].

Therefore, the analysis of biological records can shed light on the properties of past climate
variability. At that time, there were no experimental measurements and the environmental impact of
anthropogenic activity was not significant. Recent studies have shown that the Arctic has warmed
faster than any other region in the last century. This warming causes a series of biotic and abiotic
changes that directly affect ecosystems [10–12]. For example, large fluctuations in temperature in
successive days affect environmental quality (e.g., air pollution) and public health. This has been
widely recognized by environmental and epidemiological researchers for environmental and health
risk assessment [2,3,12].

The air temperature spontaneously creates fluctuations with high variability in frequency,
amplitude, duration, and recurrence. However, little is known about whether air temperature
fluctuations reflect a long memory of the climate system. In particular, it is very interesting to
investigate whether a slight temperature disturbance at some time in the past may cause a later
disturbance with magnified amplitude in accordance with the power-law (i.e., exhibiting the scaling
effect). If this were the case, the overlap of anthropogenic activity with the natural temporal variability
of air temperature would therefore generate an enhanced response later on.

It should therefore be of interest to investigate the specific features of the temporal dynamics
of summer air temperature, when heatwave events often occur. This has to be done by applying
modern methods of statistical physics, as the climate is considered a complicated (with many degrees
of freedom) and complex (non-linear, dynamical, sensitive) system (e.g., [13–16]).

Following the afore-mentioned hypothesis, Varotsos et al. [17] demonstrated a compelling example
of the scaling effect on a sea surface temperature time-series during 1948–2012, and the Niño3.4 index
for the period 1948–2012. Scaling behavior was also found in the marine interstitial ciliate community
when analyzing the characteristics of the marine interstitial ciliate community in the White Sea intertidal
sand during 1991–2011 [18].

The purpose of the present paper was to investigate the temporal correlations of fluctuations in
summertime air temperature at time scales ranging from one to several years. Our analyses focused
on whether these fluctuations obey power-law scaling behavior. More specifically, we investigated
the existence of scaling property in the temporal variability of summer temperature for the period
1181–1945. This was based on a high-resolution quantitative reconstruction derived from biological
records of sediments of Lake Silvaplana (Switzerland). The results will indicate the presence or absence
of the scaling effect on the air temperature at a time when the anthropogenic impact on the environment
was not as large as it is today. In the case of the presence of scaling effect, it will be attributed to natural
factors and not to human activities. The inclusion of this scaling property in the forecasting algorithms
of extreme weather effects modeling (e.g., heatwaves/coldwaves) will increase the reliability of early
warning systems. Additionally, this will help policy makers to improve the national and regional
addressing of pertinent issues synergistically affecting environmental and human health (e.g., high
temperatures can lead to asthma attacks).

2. Material and Methods

For the needs of the present paper described above, we used summer temperature (June–August)
for the period 1181–1945, based on a high-resolution quantitative reconstruction derived from the
biological records of the lake’s Silvaplana sediments [19]. More precisely, the reconstruction resulted
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from the combination of the annually analyzed biogenic silica data and decadal chironomid-inferred
temperatures from the sediments of the proglacial Lake Silvaplana (south-eastern Swiss Alps,
coordinates: 46◦27’N, 9◦48’E, altitude: 1800 m). The sediment of Lake Silvaplana is laminated
annually and is considered a good predictor of summer temperatures in large parts of western and
central Europe. A detailed description of the material and methods used for this reconstruction is
given by Trachsel et al. [20].

The record of combined summer temperature (CST) during the period 1181–1945 is illustrated in
Figure 1a and shows strong (multi) decadal-scale variability overlapped with long-term trends and
seasonal cycles. Linear least squares regression and the Wiener filter were used to eliminate trend and
seasonality, respectively [21] (see Figure 1b).
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Figure 1. (a) The 765-years combined summer temperature (CST) record and (b) the deseasonalized and
detrended CST time-series during the period 1181–1945, obtained from the sediments of the proglacial
Lake Silvaplana (south-eastern Swiss Alps, coordinates: 46◦27’N, 9◦48’E, altitude: 1800 m).

To investigate whether the CST time-series exhibited long-term power-law and multifractal
behavior, we used detrended fluctuation analysis (DFA) and multifractal detrended fluctuation analysis
(MF-DFA) [22–33].

The key operations of both MF-DFA and DFA tools are briefly described below.
The first operation focuses on the integration of the initial time-series. This is accomplished by

calculating the deviations of the observations from their mean value. The integrated time-series is then
sub-divided into non-overlapping boxes of equal length.

The second operation is to calculate the best polynomial fit with the corresponding variance in
each box:

for each box k = 1, . . . , Ns : F2(k, s) =
1
s

s∑
i=1

[x((k− 1)s + i) − `(i)]2 (1)

where x(i) is the integrated time-series; `(i) is the polynomial (of order l) least-square fit to the s data;
and N is the observations.

The same is repeated, starting at the end of the time-series:

for each box k = Ns + 1, . . . , 2Ns : F2(k, s) =
1
s

s∑
i=1

[x((N − k−Ns)s + i) − `(i)]2 (2)

The third operation is to calculate the fluctuation function by averaging the variances in all boxes:

Fq(s) =

 1
2Ns

2Ns∑
k=1

[F2(k, s)]
q/2


1/q

and Fo(s) = exp

 1
2Ns

2Ns∑
k=1

In[F2(k, s)]

, when q→ 0 (3)



Int. J. Environ. Res. Public Health 2019, 16, 4015 4 of 10

In Equation (3), q denotes the variable moment, which becomes negative (positive) for small
(large) fluctuations, respectively.

The last operation is to plot logFq(s) against log s for various q values in order to derive a power-law
behavior for Fq(s), i.e.,:

Fq(s) ∼ sh(q) (4)

where h(q) is the slope of the regression line (i.e.,: the generalized Hurst exponent).
It should be emphasized that MF-DFA is a generalization of the detrended fluctuation analysis

(DFA) resulting from Equation (3) for q = 2). The single fractal DFA-exponent a(≡h(2)) identifies
homogeneous fractal characteristics over all time scales [26,27].

In the case of monofractal dynamics, all h(q) scatter around α and Fd (s) for q = 2 obey a power-law:
Fd (s) ~ sa. Specifically, an exponent 1

2 < α < 3
2 is a signal of the persistent power-law correlations.

Finally, the findings α = 1 and α = 3
2 depict the 1/f noise and the Brownian motion, respectively.

It is important to note that the straight line fit to the fluctuation function does not confirm the
scaling effect existence. It is necessary to study the power spectral density and the stability of the
“local slopes” a(s) by applying a straight line fit on logFd(s) versus log s in a small window shifting
across all s scales [13]. To evaluate the stability of “local slopes”, we applied the method used by
Varotsos et al. [17].

3. Results and Discussion

3.1. The Long Memory Effect in Ambient Temperature

As above-mentioned, the study of the scaling properties of summer temperature is the main
purpose of the present paper. To this end, the first part of our analysis was to apply the DFA-method
to the CST time-series in order to illustrate the root-mean-square fluctuation function Fd(s) against the
time scale s (see Figure 2a).
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Figure 2. (a) The root-mean-square fluctuation function Fd(s) of the CST time-series as a function of
time scale s (in years). The corresponding best fit equation is y = 1.30x − 1.99 (R2 = 0.98). (b) The
variability of the power-law exponent expressed as local slopes of the logFd(s) vs. log s calculated
within a window of 12 points (circles) and 10 points (crosses). The dashed grey line represents the 2sa

intervals around the local slopes with an average value of a = 1.2. (c) The power spectral density as a
function of frequency (a) (dashed gray line) with a power-law fit (black line) (y = 1·10−7

·x−2.24 with R2

= 0.56) and the exponential fit (grey line) (y = 7·10−5
·e−11.5x with R2 = 0.39).

The results showed that the DFA-exponent was a = 1.3 ± 0.03. This depicts persistent long-range
correlations (i.e., the CST fluctuations are correlated at different times) with a magnitude obeying
a power-law.
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To establish the power-law long-term persistence above-mentioned, we checked the validation of
the following two criteria proposed by Maraun et al. [34].

(i) The stability of the exponent of the power-law found above: In this respect, the calculated local
slopes a(s) vs. log s (depicted in Figure 2b, for two different 10- and 12-point window sizes) are in
the range (a− 1.96sa, a + 1.96sa) (where a is the average value and sa is the standard deviation of
the local slopes a(s)). This demonstrates the stability of the power-law exponent to a sufficient
range (i.e., after 41 years).

(ii) The hyperbolic best fit of the power spectral density as a function of frequency: The best fit
of the profile of the power spectral density vs. frequency is a hyperbolic curve rather than an
exponential one (Figure 2c).

Consequently, both criteria of Maraun et al. [34] were satisfied by the CST time-series. Therefore,
we found that, in fact, average temperature fluctuations exhibit a power-law behavior, or in other
words, the temperature is characterized by a long memory that reaches almost four decades.

Furthermore, it was of interest to investigate the memory effect for low and high temperature
fluctuations. For this reason, we applied the MF-DFA technique to the CST time-series. The findings
were as follows:

(i) A power-law behavior was yielded by the q-th order fluctuation function Fq(s). The slopes of the
linear regressions of logFq(s) vs. log s were found to be higher for the negative moments than for
the positive ones, thus revealing multi-scaling dynamics (Figure 3a).

(ii) The generalized Hurst exponent h(q) varied with q in a manner that h(q) > 0.5 establishing the
power-law long-range correlations in the CST (Figure 3b).

(iii) The fact that the h(q) values for the negative q-values were higher than the positive ones indicate
that the CST exhibited multifractality with different behavior for the positive and negative
moments (Figure 3b). This means that low and high temperature fluctuations obey the power-law
with different exponents.
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Figure 3. (a) The multifractal detrended fluctuation analysis (MF-DFA) fluctuation factor Fq(s) of the
CST time-series as a function of the time scale s of particular moments q. (b) The variability of the
generalized Hurst exponent h(q) with respect to q-values. The best fit was achieved by the polynomial
h(q) = 1·10−4q3 + 0.0004q2

− 0.03q + 1.56, with R2 = 1.00. (c) The variability of the singularity spectrum
f (n) versus singularity strength n, with a best fit expressed by the equation: f(n) = 1.74n3

− 19.48n2 +

48.35n − 33.57, with R2 = 0.99.

3.2. The Long Memory Effect in the Background of Ambient Temperature

In the previous subsection, we presented the analysis of the summertime temperature during
1181–1945, according to which it exhibited long memory. It would be interesting to repeat the same
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analysis to the same timeseries, but eliminate any long-term trend and natural cycles. This will help to
understand the source of the long-term memory found above. In other words, we are interested in
whether this long-memory arises from external forcings (e.g., solar activity, anthropogenic activity, etc.)
or from the intrinsic properties of the thermal regime.

With this in mind, we applied the same analysis as described above to the detrended (trend
subtracted) and deseasonalized (natural cycles subtracted) CST time-series. The DFA-exponent
found a = 1.1 ± 0.03 to indicate, as above, persistent power-law long-range correlations (Figure 4a).
This time, the DFA exponent was close to a =1 of 1/f-noise, which is often observed in many
geophysical phenomena.
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Figure 4. As in Figure 2, but for the detrended and deseasonalized CST time-series. (a) The best fit
equation was y = 1.1x – 1.88 (R2 = 0.97). (b) The mean value of the local slopes was a = 1. (c) The
power-law fit (black line) was y = 2·10−7

·x−1.90 (R2 = 0.53) and the exponential fit (grey line) was y =

5·10−5
·e−9.9x (R2 = 0.39).

This long-term persistence was established by testing the two criteria proposed by Maraun et al. [34].
In more detail, the local slopes a(s) vs. log s (shown in Figure 4b, for the 10- and 12-point windows)
again appeared to belong to the range (a− 1.96sa, a + 1.96sa) that showed stability over a sufficient
range (after 32 years). Furthermore, the profile of the power spectral density versus frequency was
better adapted to the power-law rather than exponential decay (Figure 4c).

To investigate the order of magnitude of the power-law exponent for low and high temperature
fluctuations, we applied the MF-DFA technique to the detrended and deseasonalized CST time-series.
The findings of Figure 5a–c were similar to those of Figure 3a–c, again indicating multifractality and
power-law long-range correlations.

The result of the analysis presented in this subsection is that the long-memory effect in summertime
temperature stems from the intrinsic properties of the thermal regime and not from its trend or natural
cycles. In other words, long-term memory at ambient temperature is independent of natural or
external influences. Consequently, the expected impacts on ecosystems and public health from extreme
temperature events depend on the temperature itself and will increase their intensity according to the
above-mentioned power law.
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3.3. The Exploitation of the Scaling Effect to Develop Improved Early Warning Systems for Air
Temperature Extremes

Forecast models and early warning systems of air temperature extremes contain climatological
algorithms that are an important part of their fidelity. The air temperature scaling effect described in
detail in the above analysis is a key feature that optimally revises the climatologies currently used to
reflect all regular/irregular and nonlinear/linear components.

The resulting innovative power-law equations can be incorporated into the climatological
algorithms of the operational early warning systems. This has to be done to adjust the existing bias
between the direct forecast models output and the actual observed heatwave/coldwave parameters on
a global scale. Strictly assessing this bias, improved early warning systems could give a potential bias
correction to achieve more reliable, in advance alerts that can be provided to users and decision-makers.

The afore-mentioned power-law equations can also contribute substantially to the development
of improved nowcasting of the extreme temperature events. By nowcasting extreme temperature
events, we refer to the use of air temperature observations to estimate the current dynamic state of the
temperature regime. In other words, a nowcasting extreme event differs from forecasting as it aims to
assess the current state of the temperature regime and not the probability of a future extreme event.
We are currently working to develop a novel nowcasting model for extreme air temperature events that
will be based on the scaling effect presented in this paper and the new methods already developed by
our research team [35–38]. This innovative nowcasting tool will be described in an upcoming paper.

4. Conclusions

High temperature events are often mixed with other meteorological and air-pollution conditions
causing heat-related deaths [39]. These excessive heat events occur in the summertime period. For this
reason, the analysis described above was carried out by only considering the summertime data.

To examine whether the summertime regime was characterized by long memory (i.e., the cause
and effect occur at different times with the latter being magnified by the power-law), the reconstructed
data of the summer temperatures for the period 1181–1945 were analyzed. The main results obtained
from this analysis are as follows:

(i) The temperature record revealed persistent a power-law behavior with a single exponent over
all time scales. This means that an average fluctuation in temperature in the past may create
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another future temperature fluctuation after several decades, with enhanced amplitude that can
be calculated from the resulting power-law.

(ii) Small and large fluctuations in temperature obey the power laws with different exponents.

The detrended and deseasonalized temperature time-series (trend and natural cycles removed)
exhibited a 1/f -type power-law over all time scales (e.g., as in the case (i) above). It is worth noting that
the latter was found in several geophysical parameters.

In summary, the investigated temperature fluctuations exhibited persistent long-range correlations.
This result shows that the elimination of trend and known natural cycles from the temperature time
series during the period 1181–1945 simply provides the so-called “noise”. The “noise” must not be
ignored, but with proper analysis can provide a very important message. Our results show that
analyzing the temperature “noise” with the tools above-mentioned reveals the following: a slight
temperature change in the past has a magnified effect on the current or future temperature regime
within a 30–40-year time window. The order of magnitude of this magnification is given by the
power-laws derived above. It is also important to note that the same message can be received without
removing the trend and natural cycles if the analysis described above is applied.

Consequently, temperature fluctuations after 1945 will be a combined result of the anthropogenic
activities (reinforced after 1945), and the existing background of the fluctuations (“noise”). In other
words, the expected impact of climate change on the temperature increase in the future will not
only depend on current anthropogenic activities. There is a background to temperature variability
before 1945 that will respond late to the causes that occurred in the past. Therefore, the risk of
heat-related diseases in the future is much higher than we would expect with current models [40].
These results need to be considered when developing new advanced forecasting models and early
warning systems in order to increase their fidelity to adaptation techniques and policies to protect
public health. Indeed, it is necessary to evaluate the quality of the climatology used as a reference to a
forecasting model and an early warning system, before assessing the reliability of the predictability
of events. In particular, the afore-mentioned scaling effect and its calculated metrics must be taken
into account when comparing temporal climatologies in order to develop new forecasting models and
improved early warning systems.

Author Contributions: Conceptualization, C.A.V.; methodology, C.A.V. and Y.A.M.; resources, Y.A.M.;
writing—original draft preparation, C.A.V. and Y.A.M.; visualization, C.A.V.; supervision, Y.A.M. and C.A.V.;
project administration, Y.A.M.

Funding: This paper was partly supported by the Russian Science Foundation (grant 19-14-00102).

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Chang, J.; Zhang, E.; Liu, E.; Sun, W.; Langdon, P.G.; Shulmeister, J.A. 2500-year climate and environmental
record inferred from subfossil chironomids from Lugu Lake, southwestern China. Hydrobiologia 2018, 811,
193–206. [CrossRef]

2. Connor, S.E.; Colombaroli, D.; Confortini, F.; Gobet, E.; Ilyashuk, B.; Ilyashuk, E.; van Leeuwen, J.;
Lamentowicz, M.; van der Knaap, W.O.; Malysheva, E.; et al. Long-term population dynamics–theory and
reality in a peatland ecosystem. J. Ecol. 2018, 106, 333–346. [CrossRef]

3. Ilyashuk, E.A.; Heiri, O.; Ilyashuk, B.P.; Koinig, K.A.; Psenner, R. The Little Ice Age signature in a 700-year
high-resolution chironomid record of summer temperatures in the Central Eastern Alps. Clim. Dyn. 2019, 52,
6953–6967. [CrossRef] [PubMed]

4. Mkrtchyan, F.A. On the effectiveness of remote monitoring systems. Earth Obs. Syst. 2018, 107641076415.
5. Walker, I.R. Midges: Chironomidae and related diptera. In Tracking Environmental Change Using Lake

Sediments; Springer: Dordrecht, The Netherlands, 2001; pp. 43–66.

http://dx.doi.org/10.1007/s10750-017-3488-5
http://dx.doi.org/10.1111/1365-2745.12865
http://dx.doi.org/10.1007/s00382-018-4555-y
http://www.ncbi.nlm.nih.gov/pubmed/31178628


Int. J. Environ. Res. Public Health 2019, 16, 4015 9 of 10

6. Self, A.E.; Brooks, S.J.; Birks, H.J.B.; Nazarova, L.; Porinchu, D.; Odland, A.; Jones, V.J. The distribution and
abundance of chironomids in high-latitude Eurasian lakes with respect to temperature and continentality:
Development and application of new chironomid-based climate-inference models in northern Russia.
Quat. Sci. Rev. 2011, 30, 1122–1141. [CrossRef]

7. Bajolle, L.; Larocque-Tobler, I.; Ali, A.A.; Lavoie, M.; Bergeron, Y.; Gandouin, E. A chironomid-inferred
Holocene temperature record from a shallow Canadian boreal lake: Potentials and pitfalls. J. Paleolimnol.
2019, 61, 69–84. [CrossRef]

8. Luoto, T.; Kotrys, B.; Płóciennik, M. East European chironomid-based calibration model for past summer
temperature reconstructions. Clim. Res. 2019, 77, 63–76. [CrossRef]

9. Tsakalos, E.; Christodoulakis, J.; Charalambous, L. The dose rate calculator (DRc) for luminescence and ESR
dating—A java application for dose rate and age determination. Archaeometry 2016, 58, 347–352. [CrossRef]

10. Kokelj, S.V.; Lantz, T.C.; Tunnicliffe, J.; Segal, R.; Lacelle, D. Climate-driven thaw of permafrost preserved
glacial landscapes, northwestern Canada. Geology 2017, 45, 371–374. [CrossRef]

11. Millan, R.; Mouginot, J.; Rignot, E. Mass budget of the glaciers and ice caps of the Queen Elizabeth Islands,
Canada, from 1991 to 2015. Environ. Res. Lett. 2017, 12, 024016. [CrossRef]

12. Porter, T.J.; Schoenemann, S.W.; Davies, L.J.; Steig, E.J.; Bandara, S.; Froese, D.G. Recent summer warming in
northwestern Canada exceeds the Holocene thermal maximum. Nat. Commun. 2019, 10, 1631. [CrossRef]
[PubMed]

13. Chattopadhyay, S.; Jhajharia, D.; Chattopadhyay, G. Univariate modelling of monthly maximum temperature
time series over northeast India: Neural network versus Yule–Walker equation based approach. Meteorol. Appl.
2011, 18, 70–82. [CrossRef]

14. Lovejoy, S.; Varotsos, C. Scaling regimes and linear/nonlinear responses of last millennium climate to volcanic
and solar forcings. Earth Syst. Dyn. 2016, 7, 133–150. [CrossRef]

15. Varotsos, C.; Efstathiou, M. Has global warming already arrived? J. Atmos. Sol.-Terr. Phys. 2019, 182, 31–38.
[CrossRef]

16. Xue, Y.; He, X.; Xu, H.; Guang, J.; Guo, J.; Mei, L. China Collection 2.0: The aerosol optical depth dataset from
the synergetic retrieval of aerosol properties algorithm. Atmos. Environ. 2014, 95, 45–58. [CrossRef]

17. Varotsos, C.A.; Franzke, C.L.; Efstathiou, M.N.; Degermendzhi, A.G. Evidence for two abrupt warming
events of SST in the last century. Theor. Appl. Clim. 2014, 116, 51–60. [CrossRef]

18. Varotsos, C.A.; Mazei, Y.A.; Burkovsky, I.; Efstathiou, M.N.; Tzanis, C.G. Climate scaling behaviour in the
dynamics of the marine interstitial ciliate community. Theor. Appl. Clim. 2016, 125, 439–447. [CrossRef]

19. Available online: https://www1.ncdc.noaa.gov/pub/data/paleo/paleolimnology/europe/switzerland/

silvaplana2010b.txt (accessed on 19 October 2019).
20. Trachsel, M.; Grosjean, M.; Larocque-Tobler, I.; Schwikowski, M.; Blass, A.; Sturm, M. Quantitative summer

temperature reconstruction derived from a combined biogenic Si and chironomid record from varved
sediments of Lake Silvaplana (south-eastern Swiss Alps) back to AD 1177. Quat. Sci. Rev. 2010, 29, 2719–2730.
[CrossRef]

21. Wiener, N. Extrapolation, Interpolation and Smoothing of Stationary Time Series; MIT Technology Press:
Cambridge, MA, USA; John Wiley and Sons: New York, NY, USA, 1950.

22. Efstathiou, M.N.; Varotsos, C.A. On the altitude dependence of the temperature scaling behaviour at the
global troposphere. Int. J. Remote Sens. 2010, 31, 343–349. [CrossRef]

23. Efstathiou, M.N.; Varotsos, C.A. Intrinsic properties of Sahel precipitation anomalies and rainfall. Theor.
Appl. Clim. 2012, 109, 627–633. [CrossRef]

24. Efstathiou, M.N.; Varotsos, C.A. On the 11year solar cycle signature in global total ozone dynamics.
Meteorol. Appl. 2013, 20, 72–79. [CrossRef]

25. Ihlen, E.A.F. Introduction to Multifractal Detrended Fluctuation Analysis in Matlab. Front. Physiol. 2012, 3,
141. [CrossRef] [PubMed]

26. Kantelhardt, J.W.; Zschiegner, S.A.; Koscielny-Bunde, E.; Havlin, S.; Bunde, A.; Stanley, H. Multifractal
detrended fluctuation analysis of nonstationary time series. Phys. A Stat. Mech. Appl. 2002, 316, 87–114.
[CrossRef]

27. Mintzelas, A.; Sarlis, N.; Christopoulos, S.-R. Estimation of multifractality based on natural time analysis.
Phys. A Stat. Mech. Appl. 2018, 512, 153–164. [CrossRef]

http://dx.doi.org/10.1016/j.quascirev.2011.01.022
http://dx.doi.org/10.1007/s10933-018-0045-9
http://dx.doi.org/10.3354/cr01543
http://dx.doi.org/10.1111/arcm.12162
http://dx.doi.org/10.1130/G38626.1
http://dx.doi.org/10.1088/1748-9326/aa5b04
http://dx.doi.org/10.1038/s41467-019-09622-y
http://www.ncbi.nlm.nih.gov/pubmed/30967540
http://dx.doi.org/10.1002/met.211
http://dx.doi.org/10.5194/esd-7-133-2016
http://dx.doi.org/10.1016/j.jastp.2018.10.020
http://dx.doi.org/10.1016/j.atmosenv.2014.06.019
http://dx.doi.org/10.1007/s00704-013-0935-8
http://dx.doi.org/10.1007/s00704-015-1520-0
https://www1.ncdc.noaa.gov/pub/data/paleo/paleolimnology/europe/switzerland/silvaplana2010b.txt
https://www1.ncdc.noaa.gov/pub/data/paleo/paleolimnology/europe/switzerland/silvaplana2010b.txt
http://dx.doi.org/10.1016/j.quascirev.2010.06.026
http://dx.doi.org/10.1080/01431160902882702
http://dx.doi.org/10.1007/s00704-012-0605-2
http://dx.doi.org/10.1002/met.1287
http://dx.doi.org/10.3389/fphys.2012.00141
http://www.ncbi.nlm.nih.gov/pubmed/22675302
http://dx.doi.org/10.1016/S0378-4371(02)01383-3
http://dx.doi.org/10.1016/j.physa.2018.08.015


Int. J. Environ. Res. Public Health 2019, 16, 4015 10 of 10

28. Peng, C.-K.; Buldyrev, S.; Havlin, S.; Simons, M.; Stanley, H.E.; Goldberger, A.L. Mosaic organization of DNA
nucleotides. Phys. Rev. E 1994, 49, 1685–1689. [CrossRef] [PubMed]

29. Varotsos, C.; Assimakopoulos, M.N.; Efstathiou, M. Technical Note: Long-term memory effect in the
atmospheric CO2 concentration at Mauna Loa. Atmos. Chem. Phys. 2007, 7, 629–634. [CrossRef]

30. Varotsos, C.A.; Cracknell, A.P.; Efstathiou, M.N. The global signature of the El Niño/La Niña Southern
Oscillation. Int. J. Remote Sens. 2018, 39, 5965–5977. [CrossRef]

31. Varotsos, C.A.; Efstathiou, M.N.; Cracknell, A.P. On the scaling effect in global surface air temperature
anomalies. Atmos. Chem. Phys. 2013, 13, 5243–5253. [CrossRef]

32. Varotsos, C.A.; Efstathiou, M.N.; Cracknell, A.P. Plausible reasons for the inconsistencies between the
modeled and observed temperatures in the tropical troposphere. Geophys. Res. Lett. 2013, 40, 4906–4910.
[CrossRef]

33. Weber, R.O.; Talkner, P. Spectra and correlations of climate data from days to decades. J. Geophys. Res.
Space Phys. 2001, 106, 20131–20144. [CrossRef]

34. Maraun, D.; Rust, H.W.; Timmer, J. Tempting long-memory–on the interpretation of DFA results. Nonlinear
Process. Geophys. 2004, 11, 495–503. [CrossRef]

35. Varotsos, C.A.; Sarlis, N.V.; Efstathiou, M. On the association between the recent episode of the quasi-biennial
oscillation and the strong El Niño event. Theor. Appl. Climatol. 2018, 133, 569–577. [CrossRef]

36. Varotsos, C.A. The global signature of the ENSO and SST-like fields. Theor. Appl. Climatol. 2013, 113, 197–204.
[CrossRef]

37. Varotsos, C.A.; Efstathiou, M.N. Is there any long-term memory effect in the tropical cyclones? Theor. Appl.
Climatol. 2013, 114, 643–650. [CrossRef]

38. Varotsos, P.A.; Sarlis, N.V.; Skordas, E.S. Scale-specific order parameter fluctuations of seismicity before
mainshocks: Natural time and Detrended Fluctuation Analysis. EPL 2012, 99, 59001. [CrossRef]

39. Graham, H.; White, P.; Cotton, J.; McManus, S. Flood- and Weather-Damaged Homes and Mental Health:
An Analysis Using England’s Mental Health Survey. Int. J. Environ. Res. Public Health 2019, 16, 3256.
[CrossRef]

40. De Perez, E.C.; Van Aalst, M.; Bischiniotis, K.; Mason, S.; Nissan, H.; Pappenberger, F.; Stephens, E.; Zsoter, E.;
Van Den Hurk, B. Global predictability of temperature extremes. Environ. Res. Lett. 2018, 13, 054017.
[CrossRef]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1103/PhysRevE.49.1685
http://www.ncbi.nlm.nih.gov/pubmed/9961383
http://dx.doi.org/10.5194/acp-7-629-2007
http://dx.doi.org/10.1080/01431161.2018.1465617
http://dx.doi.org/10.5194/acp-13-5243-2013
http://dx.doi.org/10.1002/grl.50646
http://dx.doi.org/10.1029/2001JD000548
http://dx.doi.org/10.5194/npg-11-495-2004
http://dx.doi.org/10.1007/s00704-017-2191-9
http://dx.doi.org/10.1007/s00704-012-0773-0
http://dx.doi.org/10.1007/s00704-013-0875-3
http://dx.doi.org/10.1209/0295-5075/99/59001
http://dx.doi.org/10.3390/ijerph16183256
http://dx.doi.org/10.1088/1748-9326/aab94a
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Material and Methods 
	Results and Discussion 
	The Long Memory Effect in Ambient Temperature 
	The Long Memory Effect in the Background of Ambient Temperature 
	The Exploitation of the Scaling Effect to Develop Improved Early Warning Systems for Air Temperature Extremes 

	Conclusions 
	References

