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Abstract

Today, the problem of climate change is addressed in many ways. The most important effect
of climate change is the disruption of the water cycle. Therefore, the location and timing of
the water resources in the world are changing. Water is an indispensable resource that
connects all living things together and directly affects their lives. Water is not only a
biological requirement for man, but also for economic, social, and cultural life itself.
However, this resource, which is of vital importance, exists unfortunately in a limited
amount on earth. This study aims to identify similar countries in terms of water resources by
taking into account the changes in precipitation amounts together with climate change. For
this purpose, a time series clustering analysis was conducted to precipitation amounts of 21
countries between 2009-2017 with the Hierarchical clustering and Partitioning Around
Medoids (PAM) clustering methods. Countries are divided into two clusters and they were
evaluated according to their water risk levels and populations. It should be noted that
countries with low precipitation, high risk of water, and a high population should take urgent
measures for climate change.
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Introduction



Water has been a very important natural resource for all civilizations for centuries (Akkaya,
Efeoglu, Yesil, 2006; 195). With the advancement of technology, water use has increased.
Water resources are used for many purposes such as for drinking, irrigation water, and
energy production. Therefore, water has an indispensable role in the economic development
of countries.

The total amount of water on earth, which has an area of 510 million km?, is 1.2 billion km?.
Approximately 97.5% of the water consists of saltwater in the seas and oceans. The
remaining 2.5% is freshwater. However, a very small portion of these freshwaters can be
used. 79% of freshwater (2.39% of all water) is in glaciers, 20% (0.6% of all water) is
groundwater and 1% (0.03% of all water) is surface and atmosphere water (Bahadir, 2011).
This situation shows that the freshwater that can be reached in the world’s water resources
are very small and even insufficient. Approximately 1.5 billion people in the world are
devoid of sufficient drinking water, while 2.5 billion people are in need of healthy water and
about 7 million people die from water-related diseases annually (Kanber et al., 2010).
Today, the three main threats to water resources around the world are population growth and
urbanization, given our consumption habits and climate change. Due to climate change, and
the hydrological cycle, water resources are becoming more and more critical to manage the
on local, regional, global management, and distribution of water resources. Global climate
change affects the hydrological system, namely the cycle of water through evaporation and
precipitation, causing floods; it can also cause floods in some places and drought in others.
For this reason, unprecedented changes in pattern and time behavior of water resources are
observed in different parts of the World (Sen, 2005). Significantly, the presence of water is
affected. This creates difficulties in accessing water in terms of time and location.

In addition, the world population is growing rapidly. Over the next 40 years, an additional 2.5

billion people are expected to be added to the world population (Godfray et al., 2010).



Therefore, natural resources are consumed day by day. In addition to the increasing
population, rising incomes, and consumption levels, as well as increasing demand for food
products, can also create additional pressure on water resources (Faures et al., 2007).
However, economic developments are increasing the demand for water on the one hand and
are threatening water reserves that seem to be approaching their limit values on the other.

Due to the rapidly increasing water demand in the twenty-first century, the gradual decrease
of usable water resources as a result of global warming, and its misuse, has brought water to
the forefront in the international agenda (Kilig¢, 2008). The Global Risk Report 2014,
prepared for the World Economic Forum held in Davos, shows a possible water crisis
among the top three worrying risks for the world economy. Although the effects of water
resources are generally experienced locally, water security is now defined as a global issue.
Literature Review

Many studies have been conducted to examine the impact of climate change on hydrology due
to human and environmental water use focusing on the water cycle and water resources. Some
of these are given below.

Abadi et al. (2017) forecasted the dynamics of water consumption behavior and predicted
future consumption behavior with a new predictive approach based on non-homogenous
Markov Models. This predictive classification method was applied on a real dataset provided
by a water supply enterprise in France, and the results show that it can be useful for water
supply enterprises to better manage water resources and respond to consumer needs. Santos et
al. (2019) divided sites with similar trends using precipitation data from the Tropical Rainfall
Measurement Mission (TRMM) satellite for the period from January 1998 to December 2015
by hierarchical clustering. The results show an uneven spatiotemporal precipitation
distribution in all mesoregions of the state and considerable monthly precipitation variation

per location. Doulah and Islam (2019) identified Bangladesh climate regions by cluster



analysis using monthly data from 34 climate stations for precipitation from 1991 to 2013.
They applied Five Agglomerative Hierarchical clustering measures, K-means, Fuzzy, and
density-based clustering techniques initially to decide the most suitable method for the
identification of homogeneous regions. It is decided to use the Ward method based on
Euclidean distance, K-means, and Fuzzy by nine validity indices. Findings show seven
different climate zones were found. Ullah et al (2019) determined homogeneous climatic
zones (HCRs) based on droughts determined by the Reconnaissance Drought Index from
cluster analysis using climate data from 55 metrology stations in Pakistan. These statistical
measures provided the validity of five homogeneous climatic zones for Pakistan. According to
the results obtained, there is high variability between these regions in terms of water
resources. Sohoulande et al. (2019) defined precipitation regions for an area covering South
Carolina, North Carolina, and Georgia, using a spatial regionalization approach. 208
precipitation stations area were selected in the study. For the data set, the time series of
seasonal precipitation totals and the seasonal numbers of precipitation events greater than 5
mm during the period 1960-2017 were obtained. A regionalization method combining the
principal components and cluster analysis was applied to the data obtained and three
precipitation regions were defined according to statistics and similarity criteria. Pathak and
Dodamani (2019) evaluated regional groundwater drought characteristics in the Ghataprabha
river basin and focused on understanding trends in groundwater levels. They classified the
wells by cluster analysis using long-term monthly groundwater levels. The results supply
valuable information about the long-term behavior of regional groundwater levels. It also
helps to create an effective groundwater management strategy for upcoming droughts.
Fukushima et al (2019) examined the long-term trends, interannual variations (IAVs) of
seasonal precipitation, and their relationship to atmospheric circulation during two different

periods in India. Using hierarchical cluster analysis, they identified homogeneous regions



based on pentad precipitation seasonality. They focused on the relationship between the
regional characteristics of precipitation and the large-scale circulation system. Reviewing
existing works in the literature, it is implied that essentially time-series clustering has four
components: dimensionality reduction or representation method, distance measurement,
clustering algorithm, prototype definition, and evaluation. Xiong and Yeung (2004) proposed
a model-based approach using mixtures of autoregressive moving average (ARMA) models to
cluster data models represented as time series. They used the Bayesian information criterion
(BIC) to determine the model selection and the number of clusters. Alonso et al. (2006)
proposed a new clustering method for time series based on the full probability density of the
forecasts. First, a resampling method combined with a nonparametric kernel estimator
provides estimates of the forecast densities. A measure of the discrepancy is then defined
between these estimates and the resulting dissimilarity matrix is used to carry out the required
cluster analysis. Applications of this method to both simulated and real-life data sets were
discussed. Zhang et al. (2006) recommended an unsupervised feature extraction algorithm
based on selecting the feature dimensionality by leveraging two conflicting requirements, i.e.,
lower dimensionality and the lower sum of squared errors between the features and the
original time series. Experimental results were attained on several synthetic and real-world
time series datasets. Aghabozorgi et al. (2015) examined the clustering of time series data. In
the study, the improvement trend in the efficiency, quality and complexity of time series
clustering approaches and new ways for future studies were presented. Ferreira and Zhao
(2016) recommended a method for time series clustering using community detection in
complex networks. Firstly, they presented a technique to transform a set of time series into a
network using different distance functions. Then, they applied community detection
algorithms to identify groups of strongly connected vertices and identify time series clusters.

Li and Prakash (2011) proposed a method of time series clustering that can learn joint



temporal dynamics in the data, handle time lags, and produce interpretable features. They
obtained this by developing complex-valued linear dynamical systems which included real-
valued Kalman Filters as a special case. Rinderer et al. (2019) presented a data-driven
approach composed of time series clustering and topography-based upscaling of shallow,
perched groundwater dynamics using groundwater data from 51 monitoring sites in a 20-ha
pre-alpine headwater catchment in Switzerland. Mutti et al. (2020) proposed a comprehensive
approach for the characterization of precipitation climatology on semiarid watersheds using
the monthly precipitation time series (1962-2015) with up to 30% of the gaps measured in 56
rain gauges in the Piranhas-Watershed - Brazil semi-arid region. It identified two
homogeneous precipitation sub-regions in the basin, C1 at the top and C2 at the middle, and
the bottom by principal component analysis and cluster analysis.

Many of the studies in the literature have focused on changes in the amount of rainfall in the
countries regionally. This study aims to determine the similarities of countries in terms of
water resources by taking into account the change in precipitation amounts of countries due to
climate change. According to the findings, the water risk levels and populations of these
countries are evaluated. In this way, guidance can be provided for these similar countries in
terms of similar laws and policies in water consumption.

Climate Change and Its Effect on Water Resources

Climate change is a general term that refers to changes occurring in many climatological
factors such as changes on a global scale, on a local scale, changes in temperature and
changes in precipitation. Changes in climate systems not only harm the ecological balance
but also disrupt the hydrological cycle and contribute to the increase in unwanted
hydrological events. According to scientists, the most important effects of climate change
are the deterioration of the water cycle and the change in water quality. It can be said that

the water resources in the world remain constant with the water cycle, but due to climate



change, the location and time of the water resources in the world will change. Therefore, in
many places, the management of water resources will be difficult in terms of quantity and
quality. In this case, significant changes will occur in the supply and quality of water
resources (Capar, 2019). Considering that water is related to all sectors from agriculture to
tourism, from health to energy, it can be said that the negative consequences that will arise
are vital.

Water resources are directly related to weather events. Surface and underground water
increase the water potential as the amount of precipitation falls into the basins it feeds, while
excessive evaporation as a result of global warming and precipitation falling below normal
level causes drought. Drought does not emerge suddenly, unlike other natural disasters; it is
a result of the accumulation of factors. It is impossible to estimate the start and endpoint. In
addition, it is not only evaluated by its effects alone, but it also simultaneously has negative
effects on many resources in nature. Unconscious consumption of resources, which are
rapidly declining as a result of global warming and changing weather events, can have
serious consequences leading to desertification and threatening the lives of future
generations (Albayrak, 2017).
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Figure 1. Global Land-Ocean temperature index
(Source:https://climate.nasa.gov/vital-signs/global-temperature/)
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As seen in Figure 1, the warming that started in the late 19th century of global surface
temperatures became more evident with the 1980s; global temperature records have been
broken with almost every year being warmer than the previous year. The global average
surface temperature has increased by approximately 0.7 °© C since the early 20th century
(Tiirkes, 2008). Elements of climate change such as changing temperature, sudden severe
weather events (flood, drought, hose, etc.), and an increase of solar radiation causes physico-
chemical changes in water resources.

Given the data on precipitation and temperature changes, it is clear that any change in climate
will change the amount of precipitation, evaporation, surface runoff, and the amount of usable
water in the soil. Changes seen in seasons and annual precipitation are very important in terms
of both storage of water resources and regulation of the moisture regime in the soil (Aksay et
al., 2005)

The most important factor affecting a country's water potential is precipitation. With climate
change, land and sea temperatures increase and precipitation behavior/patterns change. In
general, rainy regions become rainier especially in winter, and arid regions become drier
especially in summer. Factors such as air mass-facade systems, landforms, and geographical
location affect the amount of precipitation and precipitation distribution (Cigek and Ataol,
2009).

Time Series Clustering

Time series data mining has received a lot of attention in the last years due to the ubiquity of
this kind of data. A special type of clustering is time-series clustering. Just like static data
clustering, time series clustering requires a clustering algorithm or procedure to form clusters
given a set of unlabeled data objects and the choice of clusteringalgorithm depends both on

the type of data available and on the particular purpose and application.



Time series clustering algorithms can be broadly classified in to two approaches: data
adaptation and algorithm adaptation. The form erextracts features arrays from each time
series data and, then, applies the conventional clustering algorithm. The latter modifies the
traditional clustering algorithms in such a way that they can handle time series directly. Many
dissimilarity measures between time series have been proposed in the literature. These have
been grouped into four categories as complexity-based measures, model free measures,
prediction-based measures and model-based measures. Additionally, majority of existing time
series clustering techniques in literature use k-means, k medoids or hierarchical clustering
algorithms in their original forms or modified versions.

A hierarchical clustering algorithm, presentedby Maharaj (2000),takes as starting point the m
X m matrix P =(pi; ), whose (i, j)-th entry, pi; , for i # j, corresponds to the p value obtained
by testing whether or not X;i)and X;j )come from the same generating model. Then, the
algorithm proceeds in a similar way as an agglomerative hierarchical clustering based on P,
although in this case will only group together those series whose associated p values are

greater than a significance level a previously specified by the user. In other words, the i-th

(imk)}

series X;i) will merge into a specific cluster Crx formed by the series {X;jl), e X

iffp; j, 2 a, forall /= 1,. .., mk (Montero and Vilar, 2014).

There are many different approaches to the K-medoids algorithm. The most common is the k-
medoids clustering method, the Partitioning Around Medoids (PAM) algorithm (Kaufman and
Rousseeuw, 1990). In the k-medoids clustering method, it is aimed to find k representative
objects showing various properties of the data. In the PAM algorithm, k representative objects
are called "medoid". The representative object is the central object of the cluster that
minimizes the average distance to other objects (Kaufman and Rousseeuw, 1987). In this

clustering method, the logic of minimizing the total value of the distances (dissimilarity)



between each object and the reference point is used. Any point (i) in a cluster that will

minimize the sum below is selected.

where, C; is the cluster containing point i, and d (i, j) is the distance between points i and j.
PAM first takes k randomly selected numbers as the cluster center, as in the k-means
algorithm. Whenever a new element is added to the cluster, by trying the elements of the
cluster, when it detects the point that will contribute the most to the development of the
cluster, it performs the swap operation to be the new center and the old center to be the
ordinary cluster element.

Casado de Lucas (2010) considered a distance measure based on the cumulative versions of
the periodograms, i.e., the integrated periodograms. These distances based on the integrated

periodogram, one normalized and other non- normalized, are proposed as follows.

VA

Ot ) = | [Py 3 = Fyp )] d2

-1
where Fy, (1) = Cg} I Iy, (ADandFy_(%;) = it I Iy (A)withCy, = X; Iy (A;)iskdand
Cy, = Xily,(4;) for the normalized version, and Cy, = Cy, = 1for the non-normalized
version.The normalized version gives more weight to the shape of the curves while the non-
normalized considers the scale (Montero and Vilar, 2014).
Data and Results
Precipitation data is the most important input for calculating the water potential of an area. It
is possible to calculate the total precipitation when the annual average falling precipitation
per year is known for the whole country or a precipitation basin. However, the topography

of that area plays a very important role in precipitation that falls on an area. This is because

it 1s a known fact that precipitation increases depending on the altitude in many regions



(Cicek and Ataol, 2009; Napoli et al., 2019). Therefore, it is one of the indispensable
conditions for assessing the correct water potential to know the distribution of precipitation
in the area and the annual total rainfall depending on this distribution. The aim of this study
is to determine the similarities of countries in terms of water resources by years, to evaluate
the water risk levels and populations of the countries according to the results obtained, and
to provide guidance for similar countries in terms of similar laws and policies in water
consumption. For this purpose, the data set of the annual precipitation amounts of 21
countries (Belgium, Czech R, Ireland, France, Cyprus, Latvia, Lithuania, Hungary, Malta,
Netherlands, Poland, Portugal, Romania, Slovenia, Slovakia, Finland, Sweden, Albania,
Serbia, Turkey, Bosnia, and Herzegovina) was obtained from Eurostat for the period 2009-
2017. Figure 2 shows the precipitation amount of each country peryear. Time series
clustering analysis with hierarchical clustering and PAM methods using the distances based
on the integrated periodogram was applied to the obtained data. R program was used for the

dendrogram analyses obtained with the hierarchical clustering method, and results are given

in Figure 3.
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Figure 2. The amount of precipitation of countries by years
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Figure 3. The dendrogram obtained with the hierarchical clustering method
In Figure 3, the states of connecting and clustering countries are shown. Dunn and
Connectivity indexes, those of the cluster validity indexes, were used to find the appropriate
number of clusters, and the results are given in Table 1. The Dunn Index has a value between
zero and oo, and should be maximized. The connectivity has a value between zero and o and
should be minimized (Brock et al., 2011).

Table 1. Validity indexes for hierarchical clustering and PAM methods by the

number of cluster

Hierarchical clustering PAM algorithm

The number | Dunn Connectivity | Dunn Connectivity
of cluster

2 0.4420666 | 5.220238 0.4420666 | 5.220238

3 0.3974761 | 10.81944 0.3974761 | 10.81944

4 0.4052699 | 13.39802 0.4052699 | 14.8123

5 0.2842661 | 22.90476 0.4052699 | 16.59802

6 0.2954353 | 26.10476 0.4052699 | 24.65317




As can be seen from Table 1, according to both Dunn and Connectivity indexes for two
methods the number of clusters suitable was found to be 2. Considering that the countries
will be divided into 2 clusters, the countries in each of the clusters were determined for the
hierarchical and PAM methods according to the number of clusters of 2. The distribution of
countries to each cluster is the same according to both the hierarchical clustering and PAM
method. The first cluster includes Finland, Lithuania, Turkey, France, and Poland, and the
second cluster includes Latvia, Netherlands, Belgium and Albania, Malta, Cyprus, Sweden,
Ireland, Portugal, Romania, Bosnia and Herzegovina, Czech R, Hungary, Slovakia,
Slovenia, Serbia. While the first cluster shows countries with more precipitation, in recent
years the amount of precipitation has decreased in these countries. The second cluster shows
countries with low precipitation. While Sweden was expected to be in the first cluster, it was
included in the second cluster. Table 2 shows the water risk levels and populations of the
countries.

Table 2. Populations and risk levels of water resources according to countries

Country Cluster Risk level population
Belgium 2 High 10,859,940
Czech R 2 Low medium 10,618,857
Ireland 2 Low 4,494,576
France 1 Medium High 64,667,596
Cyprus 2 High 1,170,187
Latvia 2 Low 1,974,266
Lithuania 1 Low Medium 2,845,414
Hungary 2 Low 9,864,358
Malta 2 - 62,800,000
Netherlands 2 Low medium 16,892,523
Poland 1 Low Medium 37,989,220
Portugal 2 High 10,573,143
Romania 2 Low Medium 19,796,285
Slovenia 2 Low 2,074,210
Slovakia 2 Low 5,442,003
Finland 1 Low 5,277,491
Sweden 2 Low 9,390,168
Albania 2 High 3,063,021
Serbia 2 Low 8,853,963
Turkey 1 High 79,827,871
Bosnia and |2 Low medium 3,542,606
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(Source: https://www.worldometers.info/water/, https://www.bloomberg.com/graphics/2019-
countries-facing-water-crisis/)

According to this information, as can be seen from Figure 2, Turkey’s and France’s
precipitation is declining in recent years. In addition, it is seen in Table 2 that the water risk
level and the high population is higher than in other countries. Lithuania, Poland, and
Finland, on the other hand, show an increase in the amount of precipitation over the years,
and their risk levels are low.

In Belgium and Albania, which are in the second cluster, the amount of precipitation
decreased, and the water risk level is high. On the other hand, the amount of precipitation
increasing, and the risk level is low in Latvia and the Netherlands. In Malta, Cyprus, and
Portugal, the amount of precipitation decreased over the years, and the risk level is high.
Malta, especially, has a very high population density. However, the risk levels of other
countries in this cluster are low.

Conclusions

The world is in the process of climate change, the effects of which are felt as unstable weather
events. Climate change causes problems that negatively affect the development of countries
such as desertification, drought, land degradation, severe storms, and floods, which threatens
their national security and assets. Development such as population growth, urbanization, and
industrialization, aggravates this climate change. The effects of climate change especially on
water, which is the most important natural resource, are starting to be seen. A country's water
presence is possible by knowing the average precipitation amount and the spatial distribution
of precipitation. Whether on a global or regional scale, climate change causes changes in the
frequency, severity, spatial distribution, length, and timing of extreme weather and climate
events. One of the most important indicators is the changes in the amount of precipitation.

These changes in the amount of precipitation are not proportionally distributed throughout the
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earth. Precipitation, zonal and temporal variations were high, and tendency to decrease
(drought) and increase was observed in very large regions and continents. Due to this change
in precipitation amount, changes were also observed in water resources. This disparity in the
amount of precipitation between regions is expected to continue in the coming period.

Studies on the impact of climate change on water resources have generally focused on human
factors. In addition, the majority of studies in the literature have focused on the regional
rainfall of each country. In this study, precipitation amounts of different countries are
discussed. Taking into consideration the changes in the amount of precipitation together with
climate change, the similarities between the countries in terms of water resources were
examined. In this context, cluster analysis was applied by considering the precipitation data of
21 countries between 2009-2017. According to the cluster validity indexes, the appropriate
cluster number was determined as 2 and the countries in the clusters with the hierarchical
clustering and PAM methods were: Finland, Lithuania, Turkey, France and Poland in the first
cluster, Latvia, Netherlands, Belgium and Albania, Malta, Cyprus, Sweden, Ireland, Portugal,
Romania, Bosnia and Herzegovina, Czech R, Hungary, Slovakia, Slovenia, Serbia in the
second cluster. The first cluster shows the countries with more precipitation and the second
cluster shows the countries with low precipitation. The water risk levels and populations of
the countries in the clusters obtained have been evaluated. It appears that the water risk level
and population in Turkey and France are higher than the other countries in the first cluster.
For Belgium, Albania, Malta, Cyprus and Portugal, which are the second cluster, the amount
of precipitation decreases over to the years and the risk level is high. Malta, especially, has a
very high population density. Thus the risk increases even more. On the other hand, in
Lithuania, Poland, and Finland, which are in the first cluster, the number of precipitations

increases over the years and their risk levels are low. For Latvia and Netherland in the second



cluster, the number of precipitations increases, and the risk level is low. The risk levels and
population of other countries in the cluster are low.

Turkey, France, Belgium, Albania, Malta, Cyprus, and Portugal, where precipitation is low
in recent years, level of water risk is high and the population of the country is also high,
must take urgent measures to climate change. They should pay particular attention to water,
which is a natural resource where negative effects are beginning to be seen since water is
important not only for the continuity of life but also for the economic development of
countries. In addition, ensuring food, energy, and ecosystem security depends on water.

In order to ensure water security throughout the world, policies that increase water supply
and reduce water demand should be emphasized up to a determined balance point.
Investments to increase the supply of water reserves depend on the development of credit
mechanisms, finding new resources, and utilizing technological opportunities. On the other
hand, a measure that will shorten the demand is raising the awareness of citizens in water
use in order to increase water conservation in the short term. The false belief that water
resources, which are seen as a free resource, are unlimited should be abandoned and the
reality of the scarcity of resources should be embraced by society. Scientific and
technological studies should be encouraged to increase water saving at home, school,
industry, and especially in agriculture. For this, many habits in daily life should be
abandoned. In the long-term studies, policies to prevent population growth should be

implemented. Otherwise, the measures taken are bound to become useless from the outset.

Funding
This work supported by Cukurova University Individual Research Project Unit [grant
number: FBA-2020-12725].

Conflict Of Interest-None.



References

Abadi ML, Samé A, Oukhellou L, Cheifetz N, Mandel P, Féliers C, Chesneau O (2017,
October) Predictive classification of water consumption time series using non-homogeneous
markov models. In 2017 IEEE International Conference on Data Science and Advanced
Analytics (DSAA) (pp. 323-331). IEEE.

Aghabozorgi S, Shirkhorshidi AS, Wah TY (2015) Time-series clustering—a decade
review. Information Systems 53: 16-38.

Akkaya C, Efeoglu A, Yesil N (2006) Avrupa Birligi Su Cerceve Direktifi ve Tiirkiye'de
Uygulanabilirligi. TMMOB Su Politikalar1 Kongresi, (topraksuenerji.org).

Aksay CS, Ketenoglu O, Kurt L (2005) Global Warming and Climatic Change, Selguk
Universitesi Fen Fakiiltesi Fen Dergisi 25:29-41,

Albayrak AG (2017) The Effect of Climate Change on Water Resources Management,
Example of Ankara (ILBANK Expertise Thesis), ILBANK A.S. April 2017.

Alonso AM., Berrendero JR., Herndndez A, Justel A (2006) Time series clustering based on
forecast densities. Computational Statistics & Data Analysis 51: 762-776.

Bahadir M (2011). A Statistical Analysis of The Flow Changes of Kizilirmak River.
Electronic Turkish Studies, 6.

Bangladesh.Siraj-Ud-Doulah M, Islam MN (2019) Defining homogenous climate zones of
Bangladesh using cluster analysis. International Journal 6: 119-129.

Brock G, Pihur V, Datta S, Datta S (2011) clValid, an R package for cluster
validation. Journal of Statistical Software (Brock et al., March 2008).

Casado de Lucas D (2010) Classification Techniques for Time Series and Functional Data.
Ph.D. thesis, Universidad Carlos III de Madrid.

Capar G (2019) Water Resources Management and Climate Change, Iklim Degisikligi Egitim
Modiilleri Serisi 8, Ankara.

Cigek I, Ataol M, (2009) A New Approach for Determining the Water Potential of
Turkey. Turkish Journal of Geographical Sciences, 7: 51-64.

Ferreira LN, Zhao L (2016) Time series clustering via community detection in
networks. Information Sciences 326: 227-242.



Faures JM, Svendsen M, Turral D (2007) Reinventing Irrigation In Molden D (ed) Water for
Food, Water for Life: A Comprehensive Assessment of Water Management in Agriculture.
Earthscan, London; International Water Institute, Colombo.

Fukushima A, Kanamori H, Matsumoto J (2019) Regionality of long-term trends and
interannual variation of seasonal precipitation over India. Progress in Earth and Planetary
Science, 6:1-20.

Godfray HCJ, Beddington JR, Crute IR, Haddad L, Lawrence D, Muir JF, Pretty J, Robinson
S, Thomas SM, Toumlin C (2010) Food Security: The Challenge of Feeding 9 Billion People.
Science 327:5967-812-818.

Kaufman L, Rousseeuw P (1987) Statistical Data Analysis Based on the LI1-Norm and
Related Methods. Clustering by means of medoids. North-Holland 405-416.

Kanber R, Bastug R, Biiyiiktas D, Unlii M, Kapur B (2010) Kiiresel Iklim Degisikliginin Su
Kaynaklar1 ve Tarimsal Sulamaya Etkileri," Ziraat Miihendisligi VII. Teknik Kongresi,
Ankara, Turkey, pp.83.

Kaufman L, Rousseeuw PJ (1990) Partitioning around medoids (program pam). Finding
groups in data: an introduction to cluster analysis 344: 68-125.

Kilig S (2008) Managing Water in the Processes of Global Climate Change. Istanbul
Universitesi Siyasal Bilgiler Fakiiltesi Dergisi 39:161-186.

Li L, Prakash BA (2011) Time series clustering: Complex is simpler!.
Maharaj EA (2000) Clusters of Time Series. Journal of Classification 17:297-314.

Mutti PR, de Abreu LP, de MB Andrade L, Spyrides MHC, Lima KC, de Oliveira CP,
Bezerra BG (2020) A detailed framework for the characterization of rainfall climatology in
semiarid watersheds. Theoretical and Applied Climatology 139:109-125.

Montero P, Vilar JA (2014) TSclust: An R package for time series clustering. Journal of
Statistical Software 62: 1-43.

Napoli A, Crespi A, Ragone F, Maugeri M, Pasquero C (2019) Variability of orographic
enhancement of precipitation in the Alpine region. Scientific reports 9:1-8.

Pathak AA, Dodamani BM (2019) Trend analysis of groundwater levels and assessment of
regional groundwater drought: Ghataprabha River Basin, India. Natural Resources Research
28:631-643.



Rinderer M, van Meerveld HJ, McGlynn BL (2019) From points to patterns: using
groundwater time series clustering to investigate subsurface hydrological connectivity and
runoff source area dynamics. Water Resources Research 55: 5784-5806.

Santos CAG, Brasil Neto RM., da Silva RM, Costa SGF (2019) Cluster analysis applied to
spatiotemporal variability of monthly precipitation over paraiba state using tropical rainfall
measuring mission (TRMM) data. Remote Sensing 11: 637.

Sohoulande CD, Stone K, Szogi A, Bauer P (2019) An investigation of seasonal precipitation
patterns for rainfed agriculture in the Southeastern region of the United States. Agricultural
Water Management 223:105728.

Sen Z (2005) Iklim Degisikligi ve Su kaynaklarina Etkisi. 22 Mart Diinya Su Giinii,"Iklim
Degisikliginin Su Ve Enerji Kaynaklarimiza Etkisi"Paneli.

Tiirkes M (2008) What is Climate Change? Basic Definition, Causes, Observed and Predicted
Results of Climate Change. Iklim Degisikligi ve Cevre 1: 26-37.

Ullah H, Akbar M, Khan F (2020) Construction of homogeneous climatic regions by
combining cluster analysis and L-moment approach on the basis of Reconnaissance Drought

Index for Pakistan. International Journal of Climatology 40: 324-341.

Xiong Y, Yeung DY (2004) Time series clustering with ARMA mixtures. Pattern
Recognition 37: 1675-1689.

Zhang H, Ho TB, Zhang Y, Lin MS (2006) Unsupervised feature extraction for time series
clustering using orthogonal wavelet transform. Informatica 30.

https://www.worldometers.info/water/ Accessed 26 February 2020.

https://www.bloomberg.com/graphics/2019-countries-facing-water-crisis/ Accessed 18 March
2020.
https://climate.nasa.gov/vital-signs/global-temperature/ Accessed 18 March 2020.



https://www.worldometers.info/water/
https://www.bloomberg.com/graphics/2019-countries-facing-water-crisis/
https://climate.nasa.gov/vital-signs/global-temperature/

Figures

Temperature Anomaly (C)

Figure 1

Annual mean
Bl owess smoothing

1920

1940

1860

YEAR

1880

2000

2020

Global Land-Ocean temperature index (Source:https://climate.nasa.gov/vital-signs/global-temperature/)

precipitation

- Belgium Czechia Ireland France Cyprus
g | T N
g_ —
S
;g Latvia Lithuania Hungary Malta Metherlands
8 | = s s
&
E Poland Portugal Romania Slovenia Slovakia
a
13 - e

3 ————— i ——— — — —
ol
% Finland Sweden Albania Serbia Turkey
ﬁ A ""-\.__"‘-—W

—T
___M—

ul
= SR _
g i T T T T T T T T
- 2009 2017 2009 2017 2009 2017 2009 2017
E Bosnia and Herzegovina
@l o
o
Q T T
T 2009 2017

Time



Figure 2

CIIIETS
EIUBAO|S
EMEAQ|S

Aebun4

EIY2EZD
eulnoBeziaHpueeiusog
EILUELLOY

|leBnuod
puE|al|
Uapamsg

_’ snudAo
EJEWN

elueqy

_|_H_H wniBjag
spUB|IaLiaN

L eimen

pUE|Od

aouel
Aayan |

B BIUENLIT
pUEUI

_ _ _ _
gL 0L 50 00

The amount of precipitation of countries by years

The dendrogram obtained with the hierarchical clustering method

Figure 3



