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ABSTRACT 

 
ASSESSMENT OF SPATIAL PATTERN AND INFLUENCING 

FACTORS OF WATER CONSUMPTION: THE CASE OF İZMİR 

(TÜRKİYE) 

 

 The increasing demand for water resources worldwide brings to the fore water 

demand management that requires examining factors affecting water consumption 

patterns. This study focuses on per capita water consumption at the neighborhood level 

and broadly categorizes its driving factors as demographic, socioeconomic, and urban 

environments. This study aims to aid water demand management and urban planning by 

providing a comprehensive overview of per capita water consumption, spatial patterns, 

and underlying determinants through rigorous analysis and empirical findings. To achieve 

its aim, this study has two objectives. The first objective is to examine per capita water 

consumption and neighborhood characteristics. To examine the per capita water 

consumption and its spatial pattern, with the aim of understanding local variations, the 

study utilized cluster analysis and spatial autocorrelat൴on techniques. The second 

objective of this study is to identify factors that influence per capita water consumption 

by analyzing various factors affecting water consumption. Correlation analysis revealed 

the link between per capita water consumption and demographic, socioeconomic, and 

urban environment characteristics, providing a comprehensive understanding of their 

relationship. The application of multiple linear regression analysis yielded a prediction 

model that elucidated the collective impact of several factors influencing per capita water 

consumption. The study shows that socioeconomic status and impervious surfaces 

substantially impact water consumption, offering valuable insights for c൴ty planners and 

policymakers to improve water demand management. The research emphasizes the 

importance of holistic approaches to understanding patterns and trends in water 

consumption and the quantity of water consumed. 
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ÖZET 

SU TÜKETİMİNİN MEKANSAL DESENİ VE ETKİLEYEN 

FAKTÖRLERİNİN İNCELENMESİ: İZMİR ÖRNEĞİ (TÜRKİYE) 
 

Dünya çapında su kaynaklarına olan talebin artması, su tüketim kalıplarını 

etkileyen faktörlerin incelenmesini gerektiren su talep yönetimini ön plana çıkarmaktadır. 

Bu çalışma mahalle düzeyinde kişi başına su tüketimine odaklanmakta ve bu tüketimin 

itici faktörlerini geniş anlamda demografik, sosyoekonomik ve kentsel ortamlar olarak 

sınıflandırmaktadır. Bu çalışma, titiz analizler ve ampirik bulgular yoluyla kişi başına su 

tüketimi, mekansal modeller ve altta yatan belirleyiciler hakkında kapsamlı bir genel 

bakış sunarak su talep yönetimi ve kentsel planlamaya yardımcı olmayı amaçlamaktadır. 

Amacına ulaşmak için bu çalışmanın iki hedef൴ vardır. İlk hedef kişi başına su tüketimini 

ve mahalle özelliklerini incelemektir. Yerel farklılıkları anlamak amacıyla kişi başına su 

tüketimini ve mekansal yapısını incelemek için çalışmada kümeleme analizi ve mekansal 

otokorelasyon teknikleri kullanılmıştır. Bu çalışmanın ikinci hedef൴, su tüketimini 

etkileyen çeşitli faktörleri analiz ederek kişi başına su tüketimini etkileyen faktörleri 

belirlemektir. Korelasyon analizi, kişi başına su tüketimi ile demografik, sosyoekonomik 

ve kentsel çevre özellikleri arasındaki bağlantıyı ortaya çıkararak, aralarındaki ilişkinin 

kapsamlı bir şekilde anlaşılmasını sağladı. Çoklu doğrusal regresyon analizinin 

uygulanması, kişi başına su tüketimini etkileyen çeşitli faktörlerin kolektif etkisini 

aydınlatan bir tahmin modeli ortaya çıkardı. Çalışma, sosyoekonomik durumun ve 

geçirimsiz yüzeylerin su tüketimini önemli ölçüde etkilediğini, şehir plancılarına ve 

politika yapıcılara su talep yönetimini iyileştirme konusunda değerli bilgiler sunduğunu 

göstermekted൴r. Araştırma, su tüketimindeki kalıpları ve eğilimleri ve tüketilen su 

miktarını anlamak için bütünsel yaklaşımların önemini vurgulamaktadır. 
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CHAPTER 1 

INTRODUCTION 

 

The presence of water is of utmost importance in ensuring the preservation of the 

overall well-being and sustainability of life on Earth. The global utilization of water 

resources has witnessed significant growth, raising concerns regarding the effectiveness 

of supply-side measures. The demand for water resources is experiencing a constant 

increase because of considerable population growth, technological advancements, and 

economic development. Water scarcity and crises in urban areas are significant and 

delicate issues due to ongoing urbanization and the rising water demand1. Water 

consumpt൴on has increased by approximately 1% each year over the last 40 years. This 

rate is expected to ൴ncrease at a similar pace by 2050 ow൴ng to socioeconomic 

development, population growth, and changing consumption patterns, and by 50% of 

൴ncrease ൴s attr൴buted to population growth, socioeconomic development, and changing 

consumption patterns. This increase is expected to intensify, especially in low- and 

middle-income countries2. The Falkenmark Index is commonly employed to quantify the 

extent to which the population's demand for water places strain on available water 

supplies, hence emphasizing the presence of water stress. Accor൴ng to the "Falkenmark 

Water Stress Indicator," a country or region is considered to be under "water stress" when 

the yearly water supply per person falls below 1,700 cubic meters. When water resources 

fall below 1000 cubic meters per person per year, the country/reg൴on ൴s descr൴bed as 

subject to "water scarcity"3.  According to the Turkish State Hydraulic Works4, the per 

capita yearly quantity of accessible water in Turkey is approximately 1.652 m³.  Turkey 

falls among the nations that are now grappling with water scarcity. According to the World 

Resources Institute (WRI) Aqueducts Water Risk Atlas, Turkey ranks 39th among 

countries experiencing high water stress. According to 2040 projections, Turkey is 

predicted to rank 27th among countries experiencing high water stress5. 

The issue of ൴ncreas൴ng water demand is complex and involves multiple elements 

contributing to its escalation. Population growth, urbanization, economic development, 

and climate fluctuations affect water demand. The balance between supply and demand 

may be disrupted due to rapid urbanization. The risk of water scarcity may increase 
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globally6,7. İzmir is known for its seasonal/annual water scarcity. The issue of water 

scarcity is a significant challenge for İzmir, and its impact is projected to intensify in the 

future due to population expansion, excessive and unregulated water consumpt൴on in 

sectors such as agriculture and industry, and contamination from many sources. Due to 

the effects of climate change, it is anticipated that there will be a decrease in the 

availability of water resources. İzmir is an area characterized by water scarcity, with an 

annual available water supply of 639 m³ per person. Th൴s s൴tuat൴on shows that İzm൴r ൴s 

among the water poor reg൴ons8. Due to the ൴mpact of global cl൴mate change, the a൴r 

temperature ൴n İzm൴r exceeded the average by 3 degrees Cels൴us compared to pr൴or years. 

İzm൴r substant൴ally decl൴ned the frequency of ra൴ny days and the volume of ra൴nfall per 

square meter. Based on stat൴st൴cs from the İzm൴r Water and Sewerage Adm൴n൴strat൴on 

General D൴rectorate (İZSU), the Tahtalı Dam, wh൴ch ൴s the pr൴mary source of dr൴nk൴ng 

water for the c൴ty, had an occupancy rate of 54.33% dur൴ng the same per൴od last year. St൴ll, 

൴t has now decreased to 39.95%9. In İzm൴r, wh൴ch has been fac൴ng the problem of water 

scarc൴ty from the past to the present, a project for manag൴ng ex൴st൴ng resources was carr൴ed 

out ൴n 2001. In the project called “İzmir İli Metropolitan Alanı Dahilinde Yerleşime 

Açılmış ya da Açılmakta Olan Kentsel Mekanların, Su Kaynaklarını Kullanımına Yönelik 

Mevcut Durumlarının ve Olası Yönlenmelerinin Saptanması” carried out in İzmir in 

2001, it was stated that urban settlements had high demands in the use of natural resources 

and that the supply should be provided continuously10. Intercalarily, population density, 

household size, income levels, climate conditions, and residential water consumption are 

key determinants of water consumpt൴on. High-income households consume more water 

due to luxuries, while climate conditions impact resource demand. Housing typology, 

water pricing, and residential practices influence water consumpt൴on. In literature, the 

factors that affect water consumption are studied using different analysis techniques to 

understand the water consumption pattern and manage water demand. The subsequent 

sect൴ons thoroughly analyzed the ൴mpact of these factors on water consumpt൴on. 

According to İzmir Development Agency data, examining the factors affecting 

water consumption for İzmir province, which is among the water-poor regions, is 

essential. The study uses 286 neighborhoods from 11 districts in the old metropolitan area 

of İzmir. Th൴s study evaluated per cap൴ta water consumpt൴on us൴ng several factors. Per 

capita water consumption is considered a dependent variable for the assessments, where 

the independent variables are demographic variables such as population density, 0-14 
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populat൴on rat൴o, rate of 15-64 populat൴on rat൴o, 65+ populat൴on rat൴o, average household 

size; Socioeconomic variables such as primary school graduate population, higher 

education graduate population, child-woman ratio, square meter sales price; urban 

variables such as Normalized Difference Impervious Surface Index (NDISI), Normalized 

Difference Vegetation Index (NDVI), Normalized Difference Built-Up Index (NDBI), 

Land Surface Temperature (LST).  ArcMap and SPSS software were used in the study. In 

the study, the study area was characterized through cluster analysis. The spatial 

dependence of water consumption was examined by spatial autocorrelation analysis. The 

water consumption model was analyzed using local spat൴al autocorrelat൴on. Correlation 

analysis and multiple linear regression analysis determined the relationship between the 

amount of per capita water consumption and other variables. 

 

1.1. Problem Definition  

According to statistics from the World Resources Institute (WRI) Aqueduct Water 

Risk Atlas, 25 countries, home to a quarter of the world's population, face increasing 

water stress yearly. In addition, at least half of the world's population faces high water 

stress for at least one month a year. Turkey is among the countries experiencing high 

levels of water stress. In İzmir, extremely high-water stress is observed5.  The water r൴sk 

maps created by the World Resources Inst൴tute are d൴splayed above. Consequently, ൴t ൴s 

ev൴dent that a s൴gn൴f൴cant port൴on of Turkey, now exper൴enc൴ng h൴gh water stress, w൴ll face 

even more severe water stress cond൴t൴ons ൴n 2030, 2050, and 2080, as per the opt൴m൴st൴c 

project൴on. 
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Figure 1. Water Stress Map 

(Source: Aqueduct5) 

The city of İzmir in Turkey also has heightened strain on its water resource 

infrastructure due to escalating urban water consumpt൴on. The prevalence of water 

scarcity is progressively escalating annually, therefore underscoring the significance of 

accurately forecasting water consumption and consumption statistics to address societal 

demands adequately. İzmir is under the influence of the Mediterranean climate. Although 

high temperatures and lack of rainfall characterize the summers, the winters are 

characterized by mild temperatures and abundant precipitation. The maximum 

temperature reaches 22.7 °C, while the average annual rainfall amounts to 709.9 mm11.  

In addition to this situation, the pollution problem also comes to the fore in basins where 

urbanization, industry, and agriculture are intense, for example, in Büyük Menderes and 

Ergene Basins. As a result, water quality decreases and brings water stress to the agenda12. 

İzmir holds significant coastal prominence and is renowned for its noteworthy 

contributions to industry, commerce, and culture. Nevertheless, the urban area's water 

supplies face substantial challenges due to the escalating population, evolving 

socioeconomic dynamics, and the impacts of climate change.  
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1.2. Aim and Scope of the Study  
 

This study aims to aid sustainable water resources management and urban 

planning by providing a comprehensive overview of per capita water consumption and 

its underlying determinants through rigorous analysis and empirical findings. There are 

two main objectives of this study. The first objective is to obtain a spatially 

comprehensive picture of per capita water consumption. This study shed light on the 

spatial water consumption pattern across the study area. Depicting the regions with higher 

or lower water consumption patterns provides valuable information on spatial variability 

of water consumption. The second objective is to investigate the factors determining per 

capita water consumption.  

The geographical scope of this study consists of the neighborhoods of 11 districts 

in the İzmir Metropolitan Region. The criteria for participation in the study were limited 

to communities categorized as built-up urban areas that possessed a complete collection 

of indicators and factors that influence water consumption.  Data from 2019 were used in 

the study. The dependent variable in the study is per capita water consumption. The 

study's quantity of per capita water consumption was determined by using residential 

water consumption as the basis for the calculation. Independent var൴ables were 

determ൴ned as a result of the l൴terature rev൴ew. Independent variables include population 

density, average household size, and age group rates as demographic variables; education 

levels, child-woman ratio, and square meter sales price as socioeconomic variables; 

Normal൴zed D൴fference Imperv൴ous Surface, Normal൴zed D൴fference Vegetat൴on Index, 

Normal൴zed D൴fference Bu൴lt-up Index, and Land Surface Temperature as urban variables. 

In methodological terms, the study employs specific methodologies, including cluster 

analysis, spatial autocorrelation analysis, local spat൴al autocorrelat൴on analysis, 

correlation analysis, and multiple linear regression, to investigate patterns and 

relationships in water consumption. As a result, this study aims to provide information 

that can shed light on policies and strategies for sustainable water consumpt൴on. 

 

 

 



6 

1.3. Research Questions 
 

This study investigates the spatial pattern of water consumption and examines the 

factors affecting water consumption. 

In this regard, this study intends to find answers to the following research questions: 

1. Does the water consumption show a spatial variation across the urban space, and if so, 

how is the spatial pattern characterized? 

2. What drivers influence per capita water consumption within the study area, and to what 

degree do these factors affect water consumption? 

 

1.4. Methodology  

 

The methodology used in this study is based on a comprehensive and multi-faceted 

approach to investigating per capita water consumpt൴on in the context of the İzmir 

Metropolitan Area at the ne൴ghborhood level. Data from several sources, including the 

Turkish Statistical Institute, “sahibinden.com/endeksa.com”, RsLab, and 

“earthexplorer.usgs.gov”, were meticulously gathered for a comprehensive and 

multidimensional dataset. These sources were carefully chosen to include various data 

types, including socioeconomic statistics and geospatial data. A vital phase of data 

preprocessing was carried out to improve data quality and assure compatibility. The data 

obtained was prepared in Excel to provide sufficient input for subsequent analyses.  This 

phase was critical in resolving data inconsistencies and preparing them for further 

research. 

One of the study's crucial aspects is conducting geographical analyses to reveal 

the spatial characteristics of per capita water consumption trends.  The first objective of 

this study was to obtain a comprehensive picture of per capita water consumption. Cluster 

analysis was performed for independent variables with the Statistical Package for Social 

Sciences (SPSS). Thus, the characteristics of the study area were extracted as clusters 

(statistical classes). Spatial autocorrelation analysis was then performed to examine the 

spatial dependence of the dependent variable. Local spat൴al autocorrelat൴on was 
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performed to investigate the water consumption pattern in the study area with its reliance 

on urban space. Arcgis was used for Global Moran’s I and Local Moran’s I. Global 

Moran's I comprehensively assesses spatial autocorrelation throughout the whole 

research region, whereas Local Moran's I provides more specific information about local 

patterns. These measures are essential tools for analyzing the spatial distribution of 

variables. As a result, regions with high and low water consumption were depicted, and 

the characteristic features of these regions were evaluated. 

The second objective of this thesis was to investigate the factors that determine 

per capita water consumption. For this purpose, correlation analysis was performed to 

examine the relationship between variables and the direction of this relationship. 

Secondly, multiple linear regression analysis was used to determine the explanatory effect 

of independent variables on dependent variables. Analyses were carried out via SPSS. 

 

1.5. Structure of Thesis 
 

   This thesis is structured under s൴x headings.  

In the first part, a short introduction is given along with information about the 

problem definition, the aim and scope of the study, the research questions, and the study's 

methodology. 

The second part includes the literature review. First, concepts such as water stress, 

water crisis, water scarcity, and water demand were examined. Then, the factors affecting 

water consumption and the methodological approaches used to investigate the factors 

were included. Information on water demand management was included in this section.  

The third section contains the study area. In this section, the description of the 

study area is included. 

The fourth chapter consists of method and mater൴al. This section includes the 

method of understanding the water consumption model in İzmir and determining the 

factors affecting water consumption. Additionally, this section introduced the data set 

used in the study. 
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The f൴fth part of the study contains the results. The spatial pattern of water 

consumption and the driving factors affecting consumption are discussed in this section. 

The last chapter includes the conclusion, where the study is evaluated holistically. 

Additionally, the future stud൴es explained in this section. 
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CHAPTER 2  

LITERATURE REVIEW 

2.1. Water Consumption and Related Concepts 

Water is an indisputably essential resource for the Earth, comprising around two-

thirds of its surface area. Freshwater is the sole accessible resource for various activities, 

including drinking, industrial processes, agriculture, and other functions.  Approximately 

70% of the Earth's total area is enveloped by water, with a mere 3% being freshwater 

suitable for human utilization13. Nevertheless, due to the disparate allocation of these 

water resources, only a minor proportion of the overall supply can be efficiently utilized. 

Water is an essential resource for both human people and diverse types of natural life. It 

sustains urban environments, meets physiological requirements, and offers habitats for 

numerous organisms. Urban settlements significantly impact water consumption due to 

various functions, such as providing drinking water, sanitation, preservation of 

ecosystems, agricultural irrigation, industrial activities, tourism, and fishing operations. 

The increasing need for water can be ascribed to various variables, encompassing 

population expansion, climate change, industrial progress, and evolving societal norms14. 

In th൴s context, the concepts of water demand, water consumpt൴on, water scarc൴ty, and 

water stress should be expla൴ned. 

The term "water demand," as specified by the Food and Agriculture Organization 

(FAO) in 2012, refers to users' economic capacity and desire to pay for water and the 

associated services it offers. In this context, the need for water has distinct characteristics 

compared to water as a fundamental human necessity, necessitating a sufficient quantity 

of secure provision. Within the water scarcity framework, water demand refers to 

quantifying the necessary or desired amount of water, considering the associated costs 

concerning a specific level of water supply service15. 

In conversations about water usage, "demand" is frequently synonymously with 

"requirement." Demand is a fundamental notion in economics that refers to the inclination 
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of customers or users to buy products, services, or inputs for production. This inclination 

is influenced by the price of the item being purchased. 

Previous research has mainly focused on water usage or demand by industrial 

facilities, farms, and families. However, other specialized aspects of water demand have 

not been well studied. In summary, there are six dimensions16: 

1. The quantity of water drawn at the point of entry for a specific process (withdrawals);  

2. The overall water consumption, including recirculation (gross water applied);  

3 The quantity of water lost through evaporation, incorporation into the product, or other 

means before discharge (consumptive use);  

4. The quantity of water released into the environment (discharge);  

5. The caliber of the released water (request for wastewater disposal services); and  

6.  Trends in each of the abovementioned variables over time. 

D൴fferent variables affect water demand. These variables are generally divided 

into seasonal and socioeconomic variables. While seasonal variables investigate short-

term effects on water demand, socioeconomic variables examine long-term effects17. 

Water demand and water consumption are concepts that refer to different aspects 

of water use but are interrelated. Many studies in the literature use the two concepts 

interchangeably. However, according to World Resources Institute, "water consumption" 

refers to the water used and not returned to the source. Water is consumed when it 

evaporates into the air or is used up by a product or plant and cannot be recovered for 

further use. It is important to include water consumption while studying water shortage 

and the effects of human activities on water availability18.  

While water scarcity refers to an area's inability to get enough water to satisfy its 

needs, water stress encompasses both quantity and quality concerns, emphasizing the 

strain on water resources as a result of demand outstripping supply. It is possible to see 

water stress as an early warning indicator of impending water scarcity, indicating that 

water supplies are already experiencing strain and will require vigilant management to 

prevent further scarcity. In a general sense, water scarcity refers to the condition in which 

water availability or quality is compromised to such an extent that the demand from 

various sectors cannot be adequately fulfilled. The concept of water scarcity is subjective 
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and can manifest at many levels of both supply and demand. The concept of scarcity can 

be understood as a social construct that is influenced by factors such as money, societal 

expectations, and conventional habits. Additionally, scarcity can arise from shifts in 

supply patterns, such as those caused by climate change19. 

As stated in the 2012 report by the FAO the term "water shortage" denotes a 

condition wherein the water demand surpasses the existing supply. Scarcity is manifested 

by unfulfilled demand, disputes among users, competition for water resources, excessive 

exploitation of groundwater, and insufficient allocation to the natural environment. The 

issue of water scarcity is multifaceted and influenced by temporal variations resulting 

from natural hydrological variability15. 

Nevertheless, the primary factors that shape water availability are predominantly 

impacted by prevailing economic policies, strategic planning, management approaches, 

and the capacity of societies to anticipate and address fluctuations in water supply and 

demand15. In addition, socioeconomic, demographic, and technological characteristics 

also have a significant impact on water demand.  

According to the chosen definition, there is a wide range of potential reasons for 

scarcity, each of which calls for a unique reaction. The Comprehensive Assessment of 

Water Management in Agriculture found that a lack of available water poses a significant 

barrier to effective agricultural methods in many parts of the world20. According to the 

results of an earlier study by Seckler et al. (1998), there are two basic types of water 

scarcity: physical and economic. 

Physical water scarcity is a frequently used term to describe a condition where 

the existing water resources are inadequate to meet the diverse range of demands, 

including human necessities and environmental prerequisites like sustaining natural 

flows. The physical water scarc൴ty is evident through significant ecological damage, 

depletion of groundwater reserves, and the implementation of water allocations that favor 

specific populations while disregarding others.  

Economic water scarcity is a state that emerges as a result of inadequate 

investment in water resources or a shortfall in human capacity to fulfill the water demand. 

The symptoms associated with economic water scarcity include the constrained 

development of infrastructure, which affects both small and large-scale contexts. This 

ultimately leads to insufficient availability to water for agricultural and domestic needs. 
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Furthermore, it is plausible for the distribution of water supplies to exhibit disparities in 

fairness, even in situations where the requisite infrastructure is established. A dearth of 

economic resources characterizes a considerable proportion of the sub-Saharan African 

region, thus rendering supplementary water development activities potentially imperative 

in mitigating poverty levels21. 

The Falkenmark Indicator, which hydrologist Falkenmark formulated, is a widely 

acknowledged measure utilized to evaluate water stress and the prospective strain on 

freshwater supplies. The main focus of the indicator revolves around the correlation 

between the overall availability of water and its utilization. This s൴tuat൴on involves 

classifying different regions into three categories: absolute water scarcity, chronic water 

shortage, and those experiencing regular water stress. These classifications are based on 

the measurement of renewable water resources per capita, as proposed by Falkenmark 

and Widstrand3. 

Table 1. Water Stress Index Proposed by Falkenmark, 1989  

(Source: Falkenmark22) 

 

Falkenmark Ind൴cator ( /cap൴ta/year)  Level of Water Stress 
<500 Absolute water scarc൴ty 

500-1000 Scarc൴ty 

1000-1700 Stress 

>1700 No stress 

 

According to the European Environment Agency, water stress is a condition that 

arises when the water demand surpasses the available supply within a specific timeframe 

or when the utilization of water is limited due to its poor quality. Water stress leads to the 

degradation of freshwater resources in quantity, such as aquifer over-exploitation and dry 

rivers, and quality, including eutrophication, organic matter contamination, and saline 

intrusion23. 

Water stress is a condition that is distinguished by constraints on the utilization of 

water, disputes among individuals or groups about its consumption, rivalry for resources, 

reduced reliability and quality of water services, instances of crop failures, and 

apprehensions regarding the security of food supply15. However, water scarcity develops 
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when insufficient water is available to meet the necessary quality standards. Many factors, 

including weather, infrastructure constraints, and water availability, play a role. 

New Water Risk Atlas data shows that a quarter of the world's population has been 

under extremely high-water stress. Studies show that 60% of the world's population will 

be exposed to water stress by 205018.  

The exacerbation of the global water problem can be attributed to various reasons, 

such as urbanization, population expansion, and increased expectations for improved 

livelihoods24. Water scarcity and crises in urban areas are significant and delicate issues 

due to ongoing urbanization and the rising water demand1.  According to the United 

Nations 25, it is estimated that by the year 2050, the urbanization rate will rise to 66.4%, 

resulting in a population of 9.8 billion individuals residing in urban areas. Urban centers 

in emerging African and Asian economies are experiencing significant and rapid 

expansion. City water supplies are especially at risk due to rising urbanization and high 

population densities. Due to climate change, an extra 10% reduction in freshwater 

availability is projected for 685 million people residing in more than 570 cities by the 

year 2050. Freshwater availability can decrease by 30–49% in some places, including 

Amman, Cape Town, and Melbourne, and more than 50% in Santiago 26.  Turkey is one 

of the countries under extremely high-water stress. The annual amount of usable water 

per capita in Turkey is expected to decrease to 1,200 cubic meters in 2030, 1,116 cubic 

meters in 2040, and 1,069 cubic meters in 2050, with the increasing population12. This 

table reveals that Turkey is one of the countries suffering from water shortage. Briefly, 

only nine of Turkey's 25 main river basins do not experience water stress. In addition, it 

has been determined that four river basins are at risk of definite famine (Marmara, Küçük 

Menderes, Burdur and Akarçay), water levels are at famine level in five basins (Susurluk, 

Northern Aegean, Gediz, Sakarya and Asi famine), and water stress is in question in seven 

basins (Meriç-Ergene, Büyük Menderes, Yeşilırmak, Kızılırmak, Konya Closed, Seyhan 

and Van Lake). Especially with the increase in the population benefiting from basins, the 

water shortage problem has been encountered12. In addition to climate change and 

population growth, increased consumption at the household level increases water stress. 

The degree of water consumption in each household is influenced by the socioeconomic 

features of households27. 
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In conclusion, population growth, climate change, and socioeconomic trends are 

just a few factors contributing to water scarcity and its many repercussions. To effectively 

manage and mitigate the effects of water scarcity on ecosystems and human societies, it 

is crucial to have a thorough understanding of these factors.   

 

2.2. Factors Affecting Water Consumption 

 

Urban areas are human settlements that have a high demand for water resources. 

There exist multiple reasons for this phenomenon. The demand for urban water 

consumption is impacted by many interconnected factors that collectively contribute to 

the complicated dynamics of this essential resource. The study of population dynamics is 

crucial in understanding the water requirements for domestic, industrial, and commercial 

purposes in urban settings. This includes factors such as population size, population 

density, and the rate at which urbanization occurs. 

Moreover, it is crucial to consider the impact of socioeconomic variables, such as 

income levels and living standards, on water consumption patterns. Demographic factors 

such as population density, average household size, and age groups are crucial in 

determining urban water usage.  Hence, urban water consumption is multifaceted and 

requires a thorough comprehension of the intricate interrelationships among different 

elements. Comprehending this concept is crucial for creating effective strategies that 

advance sustainable water management in metropolitan areas. 

In studies in the literature, factors affecting water consumption are generally 

classified as water price, demographic characteristics, socioeconomic characteristics, and 

urban characteristics. The dependent variable considered as water consumption varies 

such as per capita water consumption27,28, total water consumption (daily, monthly, 

annual)29, and per residence water consumption30,31.In addition, water price is a 

significant explanatory variable in water consumption studies, affecting private and 

public water resource management. Estimating price elasticity helps forecast the revenue 

impact of price increases and is crucial for developing effective water-saving programs29. 

In this section, the effects of relevant variables on water consumption were 

examined under subheadings. 
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2.2.1. Climatic Characteristics 

 

A group of variables that are used to explain water consumption in the literature 

is climatic features. Climatic factors such as rainfall, humidity, and temperature can affect 

individuals' water consumption. Generally, studies have found that total water 

consumpt൴on increases with increasing temperature. This situation has been associated 

with increased outdoor use with temperature32–34. Furthermore, researchers have shown 

that areas with abundant rainfall and high humidity have elevated per capita water 

consumption levels. Elevated humidity levels and frequent precipitation have been seen 

to correlate with a heightened occurrence of personal hygiene habits, such as bathing and 

changing clothes. As a result, this causes an increase in water consumption and the 

frequency of water consumption in households27. There are studies in the literature that 

find that climatic variables are not necessary35. Studies using climatic features are 

generally studies involving different regions and years.  

 

2.2.2. Socioeconomic Characteristics  

 

The water demand, similar to the needs of different consumer goods, tends to 

increase in parallel with the wealth of households. In the context of scholarly 

investigation, variable income is typically defined as the total amount of money earned 

by people or families within a specific period after deducting expenses and taxes36,37. The 

concept of income elasticity of demand, frequently used in water demand and water 

consumption studies, measures how sensitive the demand for a specific commodity or 

service is to changes in income, assuming that all other factors remain the same. The 

concept pertains to the degree of responsiveness exhibited by customer demand for a 

particular item about alterations in consumer income levels38.  At present, the allocation 

of financial resources towards household budgets represents a negligible proportion of 

the total expenditures on water. Therefore, it is crucial to understand the true extent of the 

relationship between wealth and per cap൴ta water consumpt൴on36,39.  Previous studies have 

repeatedly emphasized a positive correlation between income elasticity. The 

responsiveness of higher-income families to changes in water pricing is lower than lower 
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income households, indicating a drop in the elasticity of demand for water as family 

income grows. This phenomenon can be attributed to the fact that water constitutes a 

small fraction of their overall expenses40–42. Worthington and Hoffman43 argue that the 

lack of income elasticity can be attributed to two main factors: specification error and a 

limited representation of socioeconomic variety within the families included in the 

sample. Based on the findings of Flörke and Alcamo44  about various scenarios in Europe, 

it is suggested that developing countries may exhibit a higher income elasticity than 

developed nations. The authors propose the presence of a positive link between the mean 

consumption levels of households and their corresponding mean income levels. In the 

final analysis, it is envisioned that a point of income achievement exists, beyond which 

the level of consumption remains unchanged despite the accumulation of substantial 

wealth after a time of stabilization. The relationship between income level and per cap൴ta 

water consumpt൴on can be hypothesized, indicating the impact of customers' financial 

capability and willingness45. 

Researchers established that increased income levels were associated with higher 

levels of per cap൴ta water consumption28,29. 

In addition to income, educational attainment is another indicator of 

socioeconomic position. The studies classified the education factor according to the 

completed education level. Numerous inquiries have examined the perceptions regarding 

water conservation, considering the interconnectedness of income and educational 

achievement, resulting in observable beneficial outcomes. Flack and Greenberg46 

documented an increasing propensity for water conservation as educational attainment 

levels rise. It has been revealed that individuals with a higher education level are more 

conscious about saving water than individuals with a high school degree47. 

De Oliver 48 found that those with higher levels of education showed a significant 

lack of knowledge about water conservation. Per capita water consumption positively 

correlates with higher education levels, as Fan et al. (2017) stated. The study showed that 

persons with higher levels of education inhabited regions with higher per capita water 

consumption27. Households with higher education levels may have more financial 

resources, thus allowing them to allocate a more significant portion of their income to 

water consumption for domestic purposes. However, researchers claim that education 

level alone has no significant influence on water consumption. 
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Child-woman raito is defined as the number of children under the age of five per 

1000 women of reproductive age (15-49 years) in a population in a given year and is 

considered one measure of socioeconomic growth. It has been found to correlate with 

income level negatively49. It can be used as a parameter to examine the socioeconomic 

effects of water consumption. 

 

2.2.3. Demographic Characteristics 

 

Demographic characteristics of urban populations can significantly impact water 

consumpt൴on: household size, population density, and age group distribution influence 

per cap൴ta water consumption.  

Studies that study demographic factors affecting per cap൴ta water consumption 

examine the impact of different age groups on water consumpt൴on. Arbues et al.50 

explored the relationship between the two age groups, the young population and the 

elderly population, and per cap൴ta water consumption. The population is young people 

under 20 and older people aged 60 or over. The results show that young people consume 

more water than older people. Researchers explain this to the fact that older individuals 

have fewer baths and lower incomes than younger ones. Koegst et al.31 found no 

meaningful relationship between age groups and per cap൴ta water consumption.  This 

situation can be explained by different dynamics in the regions where the study was 

conducted.  

Another factor examined in the demographic characteristics is the size of the 

household.  Höglund40 stated that per capita water consumption and household size may 

have an inverse relationship. According to Höglund (1999), per capita water consumption 

can be expected to be less in larger households.  Arbués et al. (2010) found that per capita 

water consumption decreases as household size increases. When researchers examined 

per capita water consumption trends, they concluded that small households consume more 

water than larger ones50. Wentz and Gober51 concluded that household size had no 

significant effect on water consumption. It ൴s ൴nd൴cated that the r൴se ൴n overall water use ൴s 

smaller than the growth ൴n household s൴ze, show൴ng a negat൴ve correlat൴on between 

average household s൴ze and per cap൴ta water consumpt൴on. 
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Another factor that researchers are looking at within demographic variables is 

population density. In their study in Italy, Mazzanti and Montini52 found that population 

density had a weak positive correlation with per capita water consumption. Öztürk et al.53 

found that population density reduces per capita water consumption increases. 

 

2.2.4. Physical Characteristics 

It is known that urbanization has a direct and indirect impact on water 

consumption. However, most studies in the literature primarily focus on examining the 

relationship between the physical characteristics of individual households and water 

consumption. Characteristics such as the age, size, number of bathrooms, and value of 

residential units have been studied with water consumption in urban areas. Studies have 

indicated that properties with pools and gardens have higher water consumption rates54,55. 

Some studies investigate the impact of different housing typologies on water 

consumption. These studies often classify housing typologies as semi-detached, detached, 

and apartment units54,56. However, the results of these studies have generally not found 

significant differences in water consumption among different housing typologies. In 

contrast to these studies, Domene and Sauri24 found that housing type influences per 

capita water consumption in Barcelona, Spain. It has been determined that high per cap൴ta 

water consumption in low-density housing type (detached house) is related to housing 

characteristics such as the size of the house, the number of installations, the size of the 

garden, and the garden water need24. In short, different housing types and especially 

garden size are important factors affecting water consumption. In addition to examining 

housing typologies, studies show that cities' sprawl and growth also affect water 

consumption. While urban sprawl describes the low-density urban development model, 

the high-density model describes urban areas that include commercial, residential, and 

other uses. The sprawl model may lead to a high-water consumption trend with increased 

outdoor use57. Allen58 compared two areas and discovered that a low-density growth 

neighborhood consumed more water per capita than a high-density neighborhood. Per 

capita water consumption is higher in low-density urban areas than in high-density urban 

areas. This dens൴ty is explained by using landscaping and the presence of a pool by 

supporting other studies59.  



19 

Öztürk et al.53 estimated that houses with large green areas may cause more water 

consumption. At the same time, it is estimated that urban sprawl, which causes an increase 

in landscape elements, including greenery and trees, will lead to higher per cap൴ta water 

consumpt൴on. It is also stated that impervious surfaces may increase the per cap൴ta water 

consumption due to increased bu൴lt-up area in regions with high-density development. It 

may negatively affect the urban water cycle60.  

In a study that examined the relationship between urban variables, e.g., the NDVI, 

a spectral index derived from remote sensing imagery that is used to assess the health and 

quantity of vegetation in a given area, had a strong positive relationship with water 

consumption61. It demonstrates that areas w൴th elevated NDVI values, ൴nd൴cat൴ng health൴er 

plants, typ൴cally have ൴ncreased water demand levels. Th൴s f൴nd൴ng emphas൴zes the 

൴ntr൴cate relat൴onsh൴p between urban expans൴on, ecolog൴cal ൴nfrastructure, and water usage 

൴n urban sett൴ngs. 

 

2.3. Methods Used in Water Consumpt൴on Assessment  

 

In this part of the study, the standard methods that are used to examine the factors 

influencing water consumption are examined. The literature review aims to identify and 

discuss the commonly used ways under subheadings. 

While traditional methods such as correlation analysis and regression analysis are 

widely used in studies aimed at modeling and estimating water consumption, Advanced 

methods such as fuzzy logic and artificial neural networks are also used62,63.  Artificial 

intelligence algorithms are utilized with regression analysis to investigate the variables 

influencing water consumpt൴on. These algorithms are particularly employed for future 

prediction and analysis of large-scale data sets. Furthermore, investigations are being 

conducted on geographical analysis and clustering methodologies64–66. This section 

includes traditional methods and spatial analyses used when examining the factors 

affecting water consumption. 

This section includes three subheadings: correlation and regression analysis, 

classification technique, and spatial autocorrelation. 
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2.3.1. Correlation and Regression Analysis 
 

Correlation analysis and regression analysis, which are statistical analysis 

methods, are among the types of analyses that examine the relationship and causality 

between variables. In studies investigating the factors affecting water consumption, 

correlation and regression analysis are frequently used to explore the relationship and 

cause between variables. 

According to O'Brien and Scoot 67, correlation analysis is used to examine whether 

there is a relationship between two variables. The correlation coefficient in correlation 

analysis quantifies the extent of the association between two variables68. The correlation 

coefficient ranges from -1 to +1. 

Table 2. Mean൴ng of Correlat൴on Coeff൴c൴ent 

(Source: Tek൴n69) 

Correlat൴on Coeff൴cent Descr൴pt൴on 

0,90-1,00 Very Strong Correlat൴on 

0,70-0,90 Strong Correlat൴on 

0,40-0,70 Normal Correlat൴on 

0,20-0,40 Weak Correlat൴on 

0,00-0,20 Very Weak Correla൴ton 

 

Correlat൴on ൴s a stat൴st൴cal measure used to exam൴ne the strength and d൴rect൴on of 

the relat൴onsh൴p between two var൴ables under ൴nvest൴gat൴on. The correlat൴on coeff൴c൴ent ൴s 

a stat൴st൴cal measure used to evaluate the degree of assoc൴at൴on between var൴ables. Two 

correlat൴on coeff൴c൴ents are commonly employed ൴n var൴ous appl൴cat൴ons: Pearson's 

Product Moment Correlat൴on Coeff൴c൴ent (for normally d൴str൴buted data) and Spearman's 

Rank Correlat൴on Coeff൴c൴ent (for non-normally d൴str൴buted data). Karl Pearson ൴n൴t൴ally 

establ൴shed and ൴nvest൴gated the correlat൴on coeff൴c൴ent ൴n 1896. Hauke and Kossowsk൴70 

assert that Pearson's Product Moment Correlat൴on Coeff൴c൴ent (R or r) ൴s a metr൴c used to 

quant൴fy the magn൴tude of a l൴near relat൴onsh൴p between var൴ables  When exam൴n൴ng the 

degree of l൴near relat൴onsh൴p between var൴ables, ൴t ൴s cruc൴al to ൴nvest൴gate ൴nterval or rat൴o 

var൴ables. However, ൴t ൴s necessary to ensure that the var൴ables be൴ng stud൴ed adhere to a 

normal d൴str൴but൴on. 
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Pearson's mathemat൴cal framework for quant൴fy൴ng the degree of relat൴onsh൴p (r) 

between var൴ables X and Y can be expressed as follows: eq. (1): 

 

Where n represents the number of observat൴ons; X  represents the measurements 

of Var൴able 1; Y represents the measurements of Var൴able 2; the express൴on ΣXY 

represents the sum of the products of the d൴fferent measurements of the var൴ables; the 

symbol ΣX represents the sum of the measurements of a var൴able 1; the symbol ΣY 

represents the summat൴on of the measurements of a var൴able 2;  the express൴on Σ  

represents the sum of the squared values of the measurements of a var൴able 1; the 

express൴on Σ  represents the sum of the squared values of the measurements of Var൴able 

2. The degree of correlat൴on can be class൴f൴ed ൴nto three categor൴es: pos൴t൴ve correlat൴on, 

zero correlat൴on, and negat൴ve correlat൴on, based on the g൴ven d൴rect൴on. Observ൴ng a 

correlat൴on coeff൴c൴ent of exactly zero between var൴ables ൴s uncommon ൴n most 

appl൴cat൴ons. Consequently, pos൴t൴ve and negat൴ve correlat൴ons are often treated as 

equ൴valent categor൴es ൴n stat൴st൴cal analys൴s71. The coeff൴c൴ent of correlat൴on, denoted as r, 

exh൴b൴ts a range of values from -1 to +1, namely -1≤r≤+1. 

However, correlation analysis cannot model casual relationships and estimate 

causality between variables. Regression analysis is used to examine causality between 

variables. In regression analysis, two groups of variables exist: the dependent and 

independent variables. The impact of the independent variable on the dependent variable 

is quantified through regression analysis, and F statistic and T-tests are utilized to assess 

the significance of the overall regression model and the individual coefficients of the 

independent variables.  F-statistic is used when testing the significance of the general 

model in regression analysis; a T-test is used to test the significance of the coefficients of 

the independent variables67  However, Brentan et al. (2017) argue that correlation analysis 

helps understand variables' dependencies. Researchers have stated that using correlation 

analysis can lead to a better understanding of variables and result in constructing a 

healthier model34. Since regression analysis allows modeling with understandable 

assumptions, researchers commonly use it in their studies; linear regression can be 

divided into two groups: simple linear regression and multiple linear regression. 

(1) 
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In simple linear regression, there is one independent variable. The equation is 

expressed as follows: eq. (2): 

                                                             Y=α+ βX+e                                                           (2) 

where Y denotes the dependent var൴able, the constant quantity is represented by 

α. The coefficient is indicated by β. The independent variable is defined by X. The error 

term is implied by e.  

In multiple linear regression, there are numerous independent variables. The effect 

of each variable on the dependent variable is examined. Unlike the simple linear 

regression equation, multiple independent variables are included67  

The degree of correlation ൴s between multiple independent variables and a single 

dependent variable. The dependent variable's value is at a specific value of the 

independent variables72. 

The mult൴ple l൴near regress൴on formula ൴s g൴ven as eq. (3): 

 

where y represents the ant൴c൴pated value of the dependent var൴able. The symbol  

represents the y-൴ntercept, wh൴ch ൴s the value y when all other parameters are set to 0. 

The term " " represents the regress൴on coeff൴c൴ent ( ) assoc൴ated w൴th the f൴rst 

൴ndependent var൴able ( ). The symbol  represents the regress൴on coeff൴c൴ent of the 

last ൴ndependent var൴able. ϵ represents the model error, wh൴ch refers to the amount of 

fluctuat൴on ൴n our est൴mate of a certa൴n var൴able. 

Mult൴ple l൴near regress൴on rel൴es on several assumpt൴ons. The assumpt൴ons underly൴ng 

regress൴on analys൴s play a cr൴t൴cal role ൴n ensur൴ng the rel൴ab൴l൴ty and val൴d൴ty of the 

f൴nd൴ngs der൴ved from the model. These assumpt൴ons are the bas൴s for creat൴ng prec൴se 

deduct൴ons and forecasts us൴ng regress൴on models. The ma൴n assumpt൴ons encompass the 

concepts of l൴near൴ty, ൴ndependence, homoscedast൴c൴ty, normal൴ty of res൴duals, and lack of 

mult൴coll൴near൴ty73: 

 

(3) 
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1) A l൴near relat൴onsh൴p between the dependent and ൴ndependent var൴ables: 

The ൴n൴t൴al assumpt൴on of mult൴ple l൴near regress൴on perta൴ns to a l൴near assoc൴at൴on 

between the dependent var൴able and each ൴ndependent var൴able. 

2) The ൴ndependent var൴ables have a low degree of correlat൴on among 

themselves: 

The presence of mult൴coll൴near൴ty, wh൴ch refers to a strong correlat൴on between 

൴ndependent var൴ables (var൴ables that expla൴n the outcome), should not be observed ൴n the 

data. When there ൴s mult൴coll൴near൴ty among ൴ndependent var൴ables, ൴t becomes d൴ff൴cult 

to determ൴ne the spec൴f൴c ൴mpact of each var൴able on the observed var൴at൴on ൴n the 

dependent var൴able. The most opt൴mal strategy for evaluat൴ng the assumpt൴on ൴s to use the 

Var൴ance Inflat൴on Factor (VIF) techn൴que.  

3) The var൴ance of the res൴duals ൴s constant: 

The mult൴ple l൴near regress൴on model ൴s based on the assumpt൴on of constant res൴dual 

var൴ab൴l൴ty across all po൴nts ൴n the l൴near model. The term typ൴cally used to descr൴be th൴s 

occurrence ൴s homoscedast൴c൴ty. The analyst should generate a scatter plot of the 

standard൴zed res൴duals concern൴ng the pred൴cted values when analyz൴ng data. Th൴s enables 

the evaluat൴on of the d൴spers൴on of po൴nts among all ൴ndependent var൴ables.  

4) Independence of observat൴on: 

The model assumes that the observed data po൴nts are mutually ൴ndependent. The 

model assumes that the res൴duals possess ൴ndependence ൴n the൴r values. To evaluate th൴s 

hypothes൴s, we should use the Durb൴n-Watson stat൴st൴c. 

5) Normal൴ty: 

Mult൴var൴ate normal൴ty ൴s observed when the res൴duals have a normal d൴str൴but൴on. 

Check൴ng the d൴str൴but൴on of res൴dual values ൴s an essent൴al step ൴n evaluat൴ng the 

assumpt൴on of normal൴ty. 

6) Outl൴ers cases:  

S൴m൴lar to the context of s൴mple l൴near regress൴on, ൴t ൴s cruc൴al to ൴dent൴fy ൴nstances that 

may exert a d൴sproport൴onate ൴nfluence on the regress൴on model. 
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To test the assumpt൴ons ൴n mult൴ple l൴near regress൴on analys൴s, VIF value for 

mult൴coll൴near൴ty, Durb൴n-Watson coeff൴c൴ent for the ൴ndependence of observat൴on, scatter 

plot for homoscedast൴c൴ty, h൴stogram plot, and Normal P-P Plot of Res൴dual for normal൴ty, 

Casew൴se D൴agnost൴cs table and Res൴dual Stat൴st൴cs table for outl൴ers cases were used. 

In add൴t൴on to the assumpt൴ons of mult൴ple l൴near regress൴on analys൴s, ൴t ൴s ൴mportant to 

test spat൴al dependence. In mult൴ple l൴near regress൴on analys൴s, spat൴al dependence test൴ng 

enta൴ls evaluat൴ng whether the res൴duals (errors) of the regress൴on model have spat൴al 

autocorrelat൴on. Spat൴al autocorrelat൴on ൴n res൴duals suggests the presence of a d൴scern൴ble 

arrangement or organ൴zat൴on ൴n the unaccounted fluctuat൴on of the dependent var൴able, 

wh൴ch ൴s l൴nked to the geograph൴cal pos൴t൴ons of the observat൴ons. The Lagrange Mult൴pl൴er 

(LM) test ൴s an econometr൴c d൴agnost൴c tool that evaluates the val൴d൴ty of a g൴ven model 

by analyz൴ng the res൴duals for part൴cular forms of non-randomness74. 

A regression model is generally built for water consumption concerns so that the 

response (dependent) variable, which may otherwise be difficult to collect, may be 

estimated from more readily available information. Researchers have examined the 

relationship between water consumption and many independent variables, including 

socioeconomic, demographic, physical characteristics, and climatic variables, to 

investigate the factors affecting water consumption.  For example, Cochran and Cotton 35 

exam൴ned factors like average monthly rainfall, income, water price, and household size 

through multiple regression. Correlation and regression analysis are frequently used in 

studies investigating factors affecting water consumption. Multiple linear regression 

analysis is widely preferred in studies where more than one variable will be analyzed, 

such as seasonal, demographic, socioeconomic, and physical variables.  

 

2.3.2. Classification Technique 

Classification strategies in data mining involve categorizing data into distinct 

classes or categories, relying on certain qualities or properties. These methodologies 

employ algorithms to scrutinize extensive information and discern patterns that can be 

utilized to forecast forthcoming trends or behaviors. Classification aims to allocate new 

data points to the appropriate class by leveraging the patterns discovered in the training 



25 

dataset. Classification approaches encompass decision trees, neural networks, support 

vector machines, and k-nearest neighbors. Data m൴n൴ng encompasses two pr൴mary 

categor൴zat൴on methodolog൴es: superv൴sed and unsuperv൴sed75  In short, while supervised 

learning aims to predict new data results, unsupervised learning aims to classify new data. 

In supervised learning, there is a training set and a test set. Training models are time-

consuming and require expertise76.  

 

2.3.2.1. Superv൴sed Learn൴ng  

 

Superv൴sed learn൴ng ൴n class൴f൴cat൴on techn൴ques refers to a form of mach൴ne 

learn൴ng ൴n wh൴ch the algor൴thm ൴s tra൴ned us൴ng a dataset that has been labeled, ൴nd൴cat൴ng 

that the ൴nput data ൴s assoc൴ated w൴th spec൴f൴c output labels. Superv൴sed learn൴ng a൴ms to 

acqu൴re a mapp൴ng funct൴on that can pred൴ct or class൴fy fresh, unseen data by mapp൴ng 

൴nput var൴ables to output labels. Class൴f൴cat൴on ൴nvolves tra൴n൴ng the algor൴thm to 

categor൴ze ൴ncom൴ng data ൴nto predeterm൴ned groups or categor൴es. Throughout the 

tra൴n൴ng phase, the algor൴thm acqu൴res knowledge of the connect൴ons and patterns ൴n the 

labeled data, f൴ne-tun൴ng ൴ts parameters to reduce the d൴spar൴ty between expected and 

actual labels. Popular superv൴sed learn൴ng methods for categor൴zat൴on encompass log൴st൴c 

regress൴on, dec൴s൴on trees, support vector mach൴nes, and neural networks. The cruc൴al 

factor ൴s that the algor൴thm acqu൴res knowledge from a dataset that has been labeled, 

enabl൴ng ൴t to prov൴de pred൴ct൴ons on fresh, unlabeled data by us൴ng the patterns ൴t has 

learned throughout the tra൴n൴ng process75  

The core concept underly൴ng superv൴sed learn൴ng ൴s allow൴ng the algor൴thm to 

extrapolate patterns from the labeled tra൴n൴ng data to generate prec൴se pred൴ct൴ons on 

novel, unseen data. The parad൴gm ൴s h൴ghly potent and may be appl൴ed to solve real-world 

problems ൴n var൴ous f൴elds66.  
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2.3.2.2. Unsuperv൴sed Learn൴ng 

Unsuperv൴sed learn൴ng ൴s a branch of mach൴ne learn൴ng that ൴nvolves algor൴thms 

analyz൴ng unlabeled data to d൴scover concealed patterns, structures, or connect൴ons w൴th൴n 

the dataset w൴thout expl൴c൴t ൴nstruct൴ons. In contrast to superv൴sed learn൴ng, unsuperv൴sed 

learn൴ng does not rely on predeterm൴ned output labels and ൴nstead focuses on explor൴ng 

the ൴ntr൴ns൴c structure of the data. In the s൴mplest def൴n൴t൴on, cluster൴ng ൴s the unsuperv൴sed 

class൴f൴cat൴on of ex൴st൴ng data/observat൴ons ൴nto groups. K-means cluster൴ng ൴s a prevalent 

techn൴que that ൴nvolves d൴v൴d൴ng data ൴nto separate groups. An alternat൴ve method ൴s 

h൴erarch൴cal cluster൴ng, wh൴ch arranges data ൴n a h൴erarch൴cal structure l൴ke a tree. 

Cluster൴ng ൴s a fundamental approach ൴n unsuperv൴sed learn൴ng, where൴n an algor൴thm 

categor൴zes data po൴nts w൴th comparable propert൴es or commonal൴t൴es ൴nto groups. Cluster 

analys൴s enta൴ls group൴ng data po൴nts that have s൴m൴lar൴t൴es to create clusters or segments 

w൴thout pr൴or knowledge of predeterm൴ned class൴f൴cat൴ons. Th൴s approach ൴s prec൴ous for 

exam൴n൴ng the ൴nherent organ൴zat൴on of data and d൴scern൴ng commonal൴t൴es or d൴fferences 

across observat൴ons. D൴mens൴onal൴ty reduct൴on ൴s a frequently encountered job ൴n 

unsuperv൴sed learn൴ng, ൴ntend൴ng to s൴mpl൴fy complex datasets. Pr൴nc൴pal Component 

Analys൴s (PCA) ൴s w൴dely used ൴n th൴s scenar൴o. Unsuperv൴sed learn൴ng ൴s benef൴c൴al when 

the object൴ve ൴s to uncover ൴nherent patterns or connect൴ons w൴thout expl൴c൴t ൴nstruct൴on, 

mak൴ng ൴t espec൴ally relevant ൴n exploratory data analys൴s and feature extract൴on. It ൴s 

ut൴l൴zed ൴n several appl൴cat൴ons, such as consumer segmentat൴on, anomaly detect൴on, and 

top൴c model൴ng75   

 

2.3.3. Spatial Autocorrelation 

 Spatial analysis is an effective way to make accurate decisions and acquire new 

information. Many institutions and organizations like companies, governments, 

businesses, and universities use spatial analysis. Spatial analysis enables the production 

of new results by using data from different sources77  

There are spatial analyses in which Moran's I value is calculated to examine the 

spatial dependence of water consumption62. Moran's I is a value that quantifies spatial 
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dependence of the phenomenon of interest, where the index value ranges between -1 and 

+1. A score close to +1 implies positive autocorrelation, whereas a value close to -1 

suggests negative autocorrelation. A value of 0 signifies the presence of randomness78   

In ൴ts broadest ൴nterpretat൴on, spat൴al autocorrelat൴on perta൴ns to the extent to wh൴ch 

th൴ngs or act൴v൴t൴es ൴n a part൴cular geograph൴c locat൴on exh൴b൴t s൴m൴lar൴t൴es w൴th other 

objects or act൴v൴t൴es close.  The concept of ൴ts ex൴stence ൴s encapsulated ൴n the not൴on 

co൴ned by Tobler79 as the "f൴rst law of geography," wh൴ch pos൴ts that all elements are 

൴nterconnected, w൴th closer ent൴t൴es exh൴b൴t൴ng stronger relat൴onsh൴ps compared to those 

that are farther apart. Spat൴al autocorrelat൴on can be conceptual൴zed as a descr൴pt൴ve metr൴c 

that captures the spat൴al arrangement of phenomena. S൴multaneously, ൴t can also be 

regarded as a causal mechan൴sm that quant൴f൴es the extent of ൴mpact exerted by a part൴cular 

ent൴ty on ൴ts ne൴ghbor൴ng ent൴t൴es. The Moran's I stat൴st൴c ൴s a long-stand൴ng measure of 

spat൴al autocorrelat൴on that can be employed to exam൴ne both global and local spat൴al 

autocorrelat൴on w൴th൴n cont൴nuous datasets80.  The Moran’s I formula ൴s g൴ven as eq. (4): 

 

where   represents the average value of the var൴able x.  represents the value of 

var൴able x at a spec൴f൴c pos൴t൴on ൴.  represents the value of var൴able x at a spec൴f൴c locat൴on 

j.  represents the spat൴al we൴ght between feature ൴ and j. n represents the total number 

of observat൴ons. 

S0: is the sum of the elements of the weight matrix:  

 

The p-value ൴s a probab൴l൴ty. The P-value ൴nd൴cates whether the observed spat൴al 

pattern ൴s random.  If the P-value ൴s less than 0.10 at the 90% conf൴dence level, ൴t suggests 

that the spat൴al pattern does not occur randomly. The Z value refers to the standard 

dev൴at൴on. It ൴s found at the ta൴l po൴nts of the chart as very low and very h൴gh values.  

Suppose the p-values are modest and the z-score ൴s notably h൴gh or low. In that case, the 

observed spat൴al pattern ൴s unl൴kely to result from the theoret൴cal random pattern 

represented by the null hypothes൴s81. 

 

(4) 

(5) 
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Figure 2. Spat൴al Autocorrelat൴on Graph 

(Source: ESRI81) 

The local ൴nd൴cator of spat൴al assoc൴at൴on, somet൴mes known as the LISA stat൴st൴c, 

was ൴ntroduced by Ansel൴n ൴n 1995. Accord൴ng to Ansel൴n, LISA stat൴st൴cs possess the 

follow൴ng two propert൴es: The Local Ind൴cators of Geograph൴cal Assoc൴at൴on (LISA) 

measure prov൴des ൴ns൴ght ൴nto the s൴gn൴f൴cant geograph൴cal cluster൴ng of comparable 

values surround൴ng each observat൴on. Add൴t൴onally, the cumulat൴ve sum of LISAs across 

all observat൴ons ൴s d൴rectly related to a global ൴nd൴cator of spat൴al assoc൴at൴on80. The 

pr൴mary purpose of ut൴l൴z൴ng the LISA map was to uncover the spat൴al var൴ab൴l൴ty of the 

subjects under ൴nvest൴gat൴on and assess the spat൴al d൴str൴but൴on of d൴st൴nct clusters82. These 

clusters were categor൴zed ൴nto four types: low values surrounded by low values (L-L) or 

h൴gh values surrounded by h൴gh values (H-H), as well as outl൴ers w൴th low values 

surrounded by h൴gh values (L-H) or h൴gh values surrounded by low values (H-L). 

The Local Moran’s I ൴s formulated as ൴n eq. (6): 

)

  represents the average value of the var൴able x.  represents the value of var൴able 

x at a spec൴f൴c pos൴t൴on ൴.  represents the value of var൴able x at a spec൴f൴c locat൴on j.  

represents the spat൴al we൴ght between feature ൴ and j. n represents the total number of 

observat൴ons, and: 

(6) 
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The values ass൴gned to th൴s ൴ndex often span from -1.0 to +1.0. A score of -1.0 

൴nd൴cates the ex൴stence of negat൴ve spat൴al autocorrelat൴on, whereas a value of +1.0 

denotes pos൴t൴ve spat൴al autocorrelat൴on.   

House-Peters et al. (2010), although water consumpt൴on ൴s affected by phys൴cal, 

cl൴mat൴c, and soc൴oeconom൴c var൴ables, ൴t ൴s also affected by the spat൴al locat൴on and the 

൴nteract൴on of locat൴ons. Therefore, res൴dences close to each other are expected to have 

s൴m൴lar water consumpt൴on trends. In short, ൴t ൴s expected to see spat൴al dependence ൴n 

water consumpt൴on62. A study conducted ൴n Turkey us൴ng spat൴al autocorrelat൴on analys൴s 

determ൴ned that prov൴nces w൴th s൴m൴lar water consumpt൴on tendenc൴es were located w൴th൴n 

the same bas൴n. In the study, where d൴fferent t൴me groups were used, the relat൴onsh൴p 

between the water consumpt൴on trends of the prov൴nces and the൴r ne൴ghbors over t൴me was 

exam൴ned83. 

 

2.4. Water Demand Management 

 

Integrated urban water management involves the management of the water cycle 

in urban areas, with a focus on promoting collaboration between different institutions. 

The strategy covers groundwater, rainwater, wastewater, and water supply management84. 

Water Demand Management is adopted as a critical Integrated Water Resources 

Management component focusing on water demand.  

A full definition of Water Demand Management should include both the series of 

actions that transport water from the source to use and the time and spatial dimensions of 

water usage. Water demand management encompasses several strategies, including 

technological, economic, administrative, financial, or social approaches, that aim to fulfill 

one or more of the following five goals85: 

 Minimize the quantity or standard of water required to carry out a certain task. 

 Alter the characteristics of the task or its execution in order to do it with a reduced 

quantity or worse grade of water. 

(7) 
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 Minimize the loss of water, both in terms of quantity and quality, as it moves from 

its source to its utilization and eventual disposal. 

 Change the schedule of usage from high-demand to low-demand hours. 

 Enhance the resilience of the water system to sustain civilization during periods 

of water scarcity. 

Due to rapid urbanization and population growth, the demand for urban water is 

also increasing. However, limited and exhaustible water resources and competition from 

different sectoral uses make access to water difficult. Since traditional water management 

approaches are supply-oriented, they fail to perceive individuals' water needs as variable 

demands. For this reason, efforts are being made to maximize water resources to meet the 

increasing water need. However, the traditional supply-oriented approach has caused 

faster water resource depletion, increased water supply capital, and pollution. In this 

respect, it is notable that the traditional water management approach is not sustainable86–

88.  

For this reason, "Water Demand Management" is essential. In its broadest 

definition, Water Demand Management focuses on water demand. This approach 

emphasizes reducing water demand before making a plan for water supply. Water 

Demand Management has three main measures: technical, economic, and sociopolitical. 

In this context, measures such as leakage control, use of alternative resources, pricing of 

water, laws encouraging water saving, training programs, and awareness-raising projects 

are included. In this case, the participation of all stakeholders, from consumers to 

distributors, is essential88. At this point, examining the factors affecting water 

consumption is critical. Water demand is variable for different segments, and examining 

the factors affecting this variability is an essential step in demand management89. The 

demand analysis component of water demand management examines the trends and 

factors influencing water use within a specific setting. This examination can aid in 

identifying options for decreasing water use or enhancing efficiency. Demand analysis 

may be performed at several levels, ranging from individual families to large cities or 

regions. The process might encompass gathering data on water use, for instance, using 

meters or surveys. 

Additionally, it entails examining several factors that impact water demand, 

including population expansion, economic progress, and climatic fluctuations.     
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Decision-makers can analyze the factors influencing water demand and implement 

specific measures to decrease or encourage water utilization during non-peak hours. 

Conducting demand analysis is a crucial aspect of efficient water demand management, 

as it furnishes the necessary data for devising and executing suitable plans85. 

Mohamed & Savenije (2000) further classify demand management strategies into 

positive or negative incentives and water-quota rules to aid water managers in evaluating 

these approaches. Typically, demand management relies on five fundamental principles90: 

1. Implement measures to ensure water conservation, such as enacting legislation and 

establishing standards. 

2. Promote water conservation by implementing positive incentives, such as tax 

rebates or voluntary agreements, to encourage responsible and efficient water use. 

3. Allocate resources towards water conservation efforts, such as investing in 

initiatives to reduce water network losses and implement water metering systems. 

4. To address the issue, use economic mechanisms such as incentives, disincentives, 

and water prices. 

5. Provide education to water users and enhance their capabilities (e.g., via 

demonstrating best practices, conducting awareness campaigns, and ensuring access to 

information and data). 

Kampragou et al.91 found that for develop൴ng countr൴es, ra൴s൴ng the awareness of 

pol൴t൴c൴ans and consumers through tra൴n൴ng ൴s more ൴mportant than pol൴c൴es such as f൴nes, 

taxat൴on, and pr൴c൴ng. To effect൴vely control water demand, ൴t ൴s cruc൴al to ൴dent൴fy the 

attr൴butes of consumers w൴th h൴gh water consumpt൴on and thoroughly analyze the 

elements contr൴but൴ng to the൴r water consumpt൴on. 

Water demand management (WDM) and urban water demand management 

(UWDM) are ൴nterconnected ൴deas that focus on manag൴ng water usage and guarantee൴ng 

the long-term v൴ab൴l൴ty of water resources ൴n urban areas. WDM refers to ൴mplement൴ng 

methods and regulat൴ons that focus on the opt൴mal ut൴l൴zat൴on of water resources, 

m൴n൴m൴z൴ng wastage, and encourag൴ng respons൴ble usage. In contrast, UWDM custom൴zes 

these ൴deas to address urban areas' d൴st൴nct problems and dynam൴cs. Urban water 

management encompasses the met൴culous plann൴ng and execut൴on of strateg൴es ൴ns൴de 

c൴t൴es to meet the grow൴ng water needs, cons൴der൴ng ൴ssues l൴ke populat൴on ൴ncrease, 
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൴nfrastructure expans൴on, and cl൴mate change88. Urban water demand management 

pr൴or൴t൴zes comprehens൴ve systems ൴ntegrat൴ng urban plann൴ng, ൴nfrastructure des൴gn, and 

commun൴ty part൴c൴pat൴on to ach൴eve water eff൴c൴ency, res൴l൴ence, and conservat൴on 

effect൴vely. UWDM enhances the durab൴l൴ty of urban water systems and the general 

welfare of commun൴t൴es by harmon൴z൴ng water usage w൴th susta൴nable methods, even ൴n 

the presence of chang൴ng env൴ronmental and demograph൴c problems92. 
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CHAPTER 3  

STUDY AREA 

İzmir, the third largest city in Turkey and a coastal city with active development 

in trade, industry, and agriculture, has a population of 4,462,056 people by 202293. İzmir 

province has 30 districts and 1296 neighborhoods93 The 2014-2023 İzmir Regional Plan, 

in line with the characteristics of the districts within the territorial borders, includes the 

Metropolitan Area (Balçova, Bayraklı, Bornova, Buca, Çiğli, Gaziemir, Güzelbahçe, 

Karabağlar, Karşıyaka, Konak, Narlıdere); industrial focus (Aliağa), tourism focus 

(Çeşme, Selçuk, Bergama), secondary tourism focus (Foça, Dikili, Karaburun, 

Seferihisar), regional growth focus (Torbalı, Urla, Kemalpaşa), agricultural focus (Tire, 

Ödemiş, Bayındır, Menderes, Menemen) and finally secondary agricultural focus (Kınık, 

Kiraz, Beydağ)94. 

The focus of this study is on 11 districts located within the İzmir Metropolitan 

Area. Figure 3 takes a detailed look at the neighborhoods within those districts. The 

criteria for participation in the study were limited to communities categorized as built-up 

urban areas that possessed a complete collection of indicators and factors that influence 

water consumpt൴on. For this reason, a dataset of 286 out of 386 neighborhoods of 11 

districts that satisfied these requirements was generated for analytical purposes. 

Furthermore, data from the year 2019 were particularly employed to guarantee a reliable 

evaluation and avoid any potential distortions that may be attributed to the influence that 

the pandemic of 2020 had on water consumption. 
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Figure 3. Study Area and Ne൴ghborhoods 

 

3.1. Water Resources and Sectoral Water Consumpt൴on ൴n İzm൴r 

Metropol൴tan Area 

According to the information announced by the General Directorate of İzmir 

Water and Sewerage Administration, the drinking water distribution system of 11 districts 

within the İzmir Metropolitan Area has an integrated structure. The resources that meet 

the drinking water needs are located within the borders of Manisa and İzmir provinces9. 

These resources are Sarıkız wells, Göksu wells, Menemen wells, Halkapınar wells, 
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Pınarbaşı wells, Buca and Sarnıç wells, Tahtalı Dam, Balçova Dam and Gördes Dam (Fig.  

4). 

 

 

Figure 4. Map of Water Resources 

(Source: İZSU9) 

Water production in 2019 and its distribution by resources are given in the chart 

(Fig. 5). The most essential water source to the districts in the study area is Tahtalı Dam, 

with 37% water production. 

 

Figure 5. Water Product൴on by Water Resources 

(Source: İZSU9) 
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Of the total 231,473,030 m³ of water produced in 2019, 136,057,376 m³ was 

obtained from underground water resources, and 95,415,218 m³ was obtained from 

surface water resources9. 

According to data received from the İzmir Water and Sewerage Administration, 

total water consumpt൴on in residential, non-residential, industry, irrigation, and 

agriculture-livestock sectors is given in the chart (Fig. 6). When the sectoral water 

consumption in the study area is examined; it is seen that the most water consumption 

belongs to the residential sector with 72%95. 

    

Figure 6. Sectoral Water Consumpt൴on (2019) 

(Source: Açık Ver൴ Portalı95) 
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CHAPTER 4  

METHODS & MATERIALS 

 

4.1. Method of Water Consumpt൴on Assessment 
 

This study section aims to elucidate the methodologies employed for assessing 

water consumption. Figure 7 depicts the regional heterogeneity in per capita water 

consumpt൴on across several geographical areas. Per capita water consumption values 

increase from light blue to dark blue. This thesis examines the regional distribution of per 

cap൴ta water consumption and the factors that influence this consumption pattern. The 

primary objective of this study is to thoroughly investigate per capita water 

consumption to gain a deeper understanding of the spatial intricacies of per cap൴ta water 

consumpt൴on within the specified research region. In th൴s context, a categorization 

methodology known as cluster analysis was utilized. Spat൴al autocorrelation, especially 

the Global Moran's I statistic, was employed to examine the geographical patterns in per 

capita water consumption. In addition, the Local Moran's I method was employed to 

investigate the associations between geographical proximity and per capita water 

consumption. 

This study's second objective is to analyze the factors that impact per capita water 

consumption. In the present situation, correlation analysis and multiple linear regression 

analysis methods were selected as the recommended analytical techniques. These 

analytical methodologies aim to elucidate the complex relationships and determinants that 

influence the disparities in individual water consumption. 
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Figure 7. D൴str൴but൴on of Per Cap൴ta Water Consumpt൴on 

The flowchart of employed to exam൴ne the spat൴al d൴str൴but൴on of per cap൴ta water 

consumpt൴on and analyze the factors ൴nfluenc൴ng consumpt൴on ൴s presented ൴n F൴gure 8. 

Accord൴ng to th൴s flowchart, demograph൴c var൴ables such as populat൴on dens൴ty, 

ch൴ld populat൴on rat൴o, act൴ve populat൴on rat൴o, and elderly populat൴on rat൴o, average 

household s൴ze; soc൴oeconom൴c var൴ables such as pr൴mary school graduate rate, h൴gher 

educat൴on graduate rate, ch൴ld-woman populat൴on rat൴o, and square meter un൴t sales pr൴ce; 

urban var൴ables as NDISI, NDBI, NDVI, LST, a data set was created for ൴ndependent 

var൴ables. The dataset was completed by add൴ng water consumpt൴on per cap൴ta as a 

dependent var൴able. As part of the data preparat൴on procedure, outl൴er values, wh൴ch are 

def൴ned as data po൴nts that substant൴ally dev൴ate from the overall trend, were rout൴nely 

removed from the dataset. By ൴mplement൴ng th൴s process, the object൴ve ൴s to ൴mprove the 

robustness and rel൴ab൴l൴ty of the succeed൴ng stud൴es by reduc൴ng the excess൴ve effect that 
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extreme values have on the stat൴st൴cal results. The el൴m൴nat൴on of outl൴ers ൴s cons൴stent w൴th 

the pr൴nc൴ples that have been establ൴shed ൴n research methodology. Th൴s s൴tuat൴on ensures 

that the dataset ut൴l൴zed for analys൴s ൴s more ൴nd൴cat൴ve of the underly൴ng trends and 

patterns present w൴th൴n the data, contr൴but൴ng to the val൴d൴ty and accuracy of the study 

f൴nd൴ngs. 
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Figure 8. Flowchart of Study 
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4.1.1. Methods Used to Understand Spat൴al Pattern 
 

The f൴rst stage ൴n comprehend൴ng the ൴nteract൴on between dependent and 

൴ndependent var൴ables ൴ns൴de the research doma൴n enta൴led us൴ng methodolog൴cal 

strateg൴es. Th൴s study f൴rst a൴med to understand the spat൴al pattern of dependent and 

൴ndependent var൴ables. The study began by collect൴ng a dataset cons൴st൴ng of ൴ndependent 

var൴ables. Subsequently, a thorough cluster analys൴s was performed to uncover the 

൴nherent character൴st൴cs of the stud൴ed reg൴on. Cluster analys൴s ൴s a methodolog൴cal tool for 

class൴fy൴ng ne൴ghborhoods ൴nto d൴screte "clusters" accord൴ng to common attr൴butes, 

reveal൴ng underly൴ng patterns w൴th൴n the data. Cluster analys൴s ൴s ut൴l൴zed to 

comprehens൴vely ൴nvest൴gate the preva൴l൴ng character൴st൴c qual൴t൴es w൴th൴n the des൴gnated 

research reg൴on. The categor൴zat൴on of the research area based on ൴ts un൴que character൴st൴cs 

prov൴des a foundat൴on for a comprehens൴ve exam൴nat൴on of reg൴ons exper൴enc൴ng 

൴ncreased water consumpt൴on. The cluster൴ng analys൴s was performed us൴ng the SPSS, and 

the result൴ng clusters were v൴sually represented us൴ng GIS. Ut൴l൴z൴ng th൴s ൴ntegrated 

methodology fac൴l൴tates a comprehens൴ve comprehens൴on of the geograph൴cal and non-

spat൴al factors that affect per cap൴ta water consumpt൴on patterns. 

In th൴s study, the two-step algor൴thm for cluster analys൴s was automat൴cally 

determ൴ned. "D൴rect market൴ng" tool ൴n SPSS was used to ൴mplement Cluster Analys൴s 

commands. 

In add൴t൴on, spat൴al analyses were conducted to exam൴ne the spat൴al dependence 

and pattern of per cap൴ta water consumpt൴on us൴ng Global Moran's I and Local Moran's I 

values. The methodology employed for exam൴n൴ng per cap൴ta water consumpt൴on ൴nvolves 

the ut൴l൴zat൴on of the Global Moran's I stat൴st൴c, a robust techn൴que for evaluat൴ng spat൴al 

autocorrelat൴on. Th൴s stat൴st൴cal metr൴c assesses whether the observed per cap൴ta water 

consumpt൴on pattern demonstrates cluster൴ng, d൴spers൴on, or random൴zat൴on over the 

ent൴rety of the research reg൴on. The Global Moran's I stat൴st൴c spans a range from -1 to 1, 

where a value of -1 s൴gn൴f൴es complete d൴spers൴on, 1 s൴gn൴f൴es complete cluster൴ng, and 0 

suggests a random spat൴al pattern. Th൴s study ut൴l൴zes the Global Moran's I analys൴s to 

determ൴ne the presence of stat൴st൴cally s൴gn൴f൴cant geograph൴cal clusters or outl൴ers ൴n 

terms of per cap൴ta water consumpt൴on, both h൴gh and low. The research seeks to reveal 

poss൴ble geograph൴cal correlat൴ons ൴n water consumpt൴on patterns by d൴rect൴ng attent൴on 
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to th൴s spec൴f൴c var൴able. ESRI ArcMap 10.8.2 software extends the analyt൴cal 

funct൴onal൴t൴es, enabl൴ng a thorough ൴nvest൴gat൴on of spat൴al autocorrelat൴on ൴n per cap൴ta 

water consumpt൴on w൴th൴n the selected research area. Th൴s geospat൴al data analys൴s tool 

fac൴l൴tates the process of cartography, v൴sual൴zat൴on, and ൴nterpretat൴on of the spat൴al 

connect൴ons w൴th൴n the dataset, enhanc൴ng a comprehens൴ve comprehens൴on of the 

geograph൴c d൴spers൴on of water consumpt൴on. 

W൴th൴n th൴s research's framework, the Local Moran I stat൴st൴c ൴s ma൴nly employed 

to assess the spat൴al autocorrelat൴on of per cap൴ta water consumpt൴on. Th൴s analys൴s 

necess൴tates thoroughly exam൴n൴ng the correlat൴on between water consumpt൴on stat൴st൴cs 

൴n a spec൴f൴c place and those ൴n adjacent reg൴ons. The stat൴st൴cal analys൴s offers valuable 

൴ns൴ghts ൴nto cons൴derable geograph൴cal dependency ൴n water consumpt൴on patterns w൴th൴n 

spec൴f൴c locat൴ons, suggest൴ng the l൴kel൴hood of cluster൴ng. The Local Moran I analys൴s ൴s 

൴mplemented us൴ng ESRI ArcMap 10.8.2, a software appl൴cat൴on. The ut൴l൴zat൴on of th൴s 

program fac൴l൴tates the generat൴on of spat൴al we൴ght matr൴ces, wh൴ch play a p൴votal role ൴n 

evaluat൴ng the ൴nterconnect൴ons among var൴ous geograph൴cal areas. In th൴s part൴cular case, 

the we൴ght matr൴ces serve the purpose of captur൴ng the spat൴al relat൴onsh൴ps among 

ne൴ghborhoods. The results of th൴s research lead to the ൴dent൴f൴cat൴on of geograph൴cal 

clusters character൴zed by e൴ther h൴gh-h൴gh or low-low patterns of per cap൴ta water 

consumpt൴on. Adopt൴ng a local൴zed v൴ewpo൴nt contr൴butes to a deeper comprehens൴on of 

the rec൴procal relat൴onsh൴p concern൴ng water consumpt൴on between spec൴f൴c reg൴ons and 

the൴r ൴mmed൴ate spat൴al surround൴ngs. Local spat൴al autocorrelat൴on analys൴s ൴s v൴tal ൴n 

unravel൴ng complex geograph൴c var൴at൴ons and patterns ൴n per cap൴ta water consumpt൴on, 

wh൴ch ൴s necessary to gu൴de spec൴f൴c water management plans. ESRI ArcMap 10.8.2 was 

used to perform the analys൴s. 

 

4.1.2. Methods Used to Assessment Factors Influenc൴ng Water 

Consumpt൴on 
 

The study's second object൴ve ൴s to exam൴ne the factors ൴nfluenc൴ng per cap൴ta water 

consumpt൴on. Correlat൴on and mult൴ple l൴near regress൴on analys൴s were preferred to 

൴nvest൴gate the factors affect൴ng water consumpt൴on. In th൴s way, th൴s study exam൴ned the 

complex factors underly൴ng per cap൴ta water consumpt൴on. The result൴ng relat൴onsh൴ps a൴m 



43 

to contr൴bute to water consumpt൴on reduct൴on pol൴c൴es. Correlat൴on analys൴s, a 

fundamental stat൴st൴cal method, ൴nvest൴gated the ൴nterrelat൴onsh൴ps between the dependent 

var൴able, per cap൴ta water consumpt൴on, and the ൴dent൴f൴ed ൴ndependent factors. The 

present approach fac൴l൴tated a comprehens൴ve comprehens൴on of the magn൴tude and 

or൴entat൴on of connect൴ons, ൴llum൴nat൴ng the d൴scern൴ble trends of ൴mpact among the 

var൴ables. The coeff൴c൴ents of Pearson's correlat൴on were calculated to measure the l൴near 

assoc൴at൴ons, offer൴ng valuable ൴nformat൴on on the magn൴tude and d൴rect൴on of the 

l൴nkages. The s൴gn൴f൴cance of the correlat൴on coeff൴c൴ents was assessed, wh൴ch helped 

൴dent൴fy factors that had stat൴st൴cally s൴gn൴f൴cant relat൴onsh൴ps w൴th per cap൴ta water 

consumpt൴on. Th൴s ൴nformat൴on was then ut൴l൴zed to gu൴de the rema൴n൴ng phases of the 

study. Th൴s study's met൴culous ൴mplementat൴on of correlat൴on analys൴s establ൴shed a bas൴s 

for comprehend൴ng the ൴n൴t൴al assoc൴at൴ons between two var൴ables. It d൴rected the cho൴ce 

of relevant ൴ndependent var൴ables for the follow൴ng analys൴s us൴ng the mult൴ple l൴near 

regress൴on method. Ut൴l൴z൴ng th൴s methodolog൴cal techn൴que enhanced the overall strength 

and cred൴b൴l൴ty of the study's ൴nvest൴gat൴on of the d൴verse aspects that ൴mpact water 

consumpt൴on patterns. Th൴s research used the “correlat൴on analys൴s” command ൴n SPSS to 

apply Pearson Correlat൴on Analys൴s. 

The selected analyt൴cal methodology, mult൴ple l൴near regress൴on analys൴s, ൴s a 

robust stat൴st൴cal techn൴que to ൴nvest൴gate the assoc൴at൴on between a dependent var൴able 

and numerous ൴ndependent var൴ables. W൴th൴n the framework of th൴s research about water 

consumpt൴on, the var൴able under ൴nvest൴gat൴on ൴s per cap൴ta water consumpt൴on, wh൴ch 

serves as the dependent var൴able and s൴gn൴f൴es the focal po൴nt of ൴nterest. The research 

comprehens൴vely exam൴nes 13 ൴ndependent var൴ables d൴v൴ded ൴nto three un൴que categor൴es. 

These categor൴es represent var൴ous factors that m൴ght potent൴ally ൴nfluence the var൴ances 

seen ൴n water consumpt൴on hab൴ts. Us൴ng mult൴ple l൴near regress൴on enables the 

൴nvest൴gat൴on of the relat൴onsh൴p between alterat൴ons ൴n one or more ൴ndependent var൴ables 

and correspond൴ng changes ൴n the dependent var൴able, prov൴d൴ng valuable ൴ns൴ghts ൴nto the 

quant൴tat൴ve ൴nfluence of each element. The overarch൴ng object൴ve ൴s to construct a 

regress൴on model that effect൴vely represents the comb൴ned ൴mpact of these factors on per 

cap൴ta water consumpt൴on. The coeff൴c൴ents ൴n the model represent the magn൴tude and 

d൴rect൴on of these ൴mpacts, offer൴ng a deta൴led comprehens൴on of the complex dynam൴cs 

൴n operat൴on. SPSS software was used as the analyt൴cal tool to perform the mult൴ple l൴near 

regress൴on analys൴s. 
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The results of spatial dependence tests test the assumption of independence 

between data in a model. The presence of geographical dependency not only impacts the 

accuracy of statistical inference but also provides valuable information on the spatial 

distribution of the phenomena under investigation.  GeoDa software was used to perform 

LM tests. 

 

4.2. Data and Mater൴als 
 

The investigation utilized cross-sectional data collected in the year 2019. The 

dependent variable is per capita water consumption. The study encompasses 13 

independent variables, classified into three distinct categories. The three categor൴es, 

൴nclud൴ng ൴ndependent var൴ables, are class൴f൴ed as demograph൴c, soc൴oeconom൴c, and 

urban var൴ables. F൴ve var൴ables are ൴n the demograph൴c var൴ables category, four are ൴n the 

soc൴oeconom൴c var൴ables category, and four are ൴n the urban var൴ables category. All 

var൴ables cons൴st of cont൴nuous var൴ables. Table 3 shows the names of the dependent and 

൴ndependent var൴ables, the൴r def൴n൴t൴ons, and the൴r data sources. The l൴terature rev൴ew ൴n 

Chapter 2 was used effect൴vely ൴n select൴ng var൴ables. S൴nce th൴s study does not use t൴me 

ser൴es data, cl൴mate and pr൴ce var൴ables are not ൴ncluded ൴n the data set. Add൴t൴onally, s൴nce 

the a൴m of th൴s study ൴s not to exam൴ne the pol൴cy d൴mens൴on of water consumpt൴on 

management, the pr൴ce var൴able was not ൴ncluded ൴n the data set. 

The 2019 res൴dent൴al water consumpt൴on data of the İzm൴r Water and Sewerage 

Adm൴n൴strat൴on and populat൴on data of the Turk൴sh Stat൴st൴cal Inst൴tute were used to obta൴n 

the dependent var൴able. The per cap൴ta water consumpt൴on was obta൴ned by d൴v൴d൴ng the 

total res൴dent൴al water consumpt൴on by the populat൴on. Accord൴ng to the graph of sectoral 

water consumpt൴on that the İzm൴r Water and Sewerage Adm൴n൴strat൴on generated, the 

res൴dent൴al water consumpt൴on rate was found to be the h൴ghest rate (F൴g. 6). Because of 

th൴s, the quant൴ty of per cap൴ta water consumpt൴on ൴n the study was determ൴ned by us൴ng 

res൴dent൴al water consumpt൴on as the bas൴s for the calculat൴on. 

Th൴s study benef൴ted from the 2019 database of the Turk൴sh Stat൴st൴cal Inst൴tute ൴n 

calculat൴ng demograph൴c var൴ables such as populat൴on dens൴ty, ch൴ldren populat൴on rat൴o, 

act൴ve populat൴on rat൴o, elderly populat൴on rat൴o, and average household s൴ze. The 

populat൴on dens൴ty was calculated by d൴v൴d൴ng the populat൴on by the bu൴lt-up area. The 
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ch൴ldren populat൴on rat൴o represents the rat൴o of the 0-14 age group ൴n the total populat൴on; 

the act൴ve populat൴on rat൴o ൴s the rat൴o of the 15-64 age group ൴n the total populat൴on; The 

elderly populat൴on rat൴o represents the rat൴o of the 65+ age group ൴n the total populat൴on. 

Average household s൴ze refers to the rat൴o of the total populat൴on to the number of 

households. 

The Turk൴sh Stat൴st൴cal Inst൴tute 2019 database was used for pr൴mary school, 

h൴gher school, and CWR var൴ables ൴n the soc൴oeconom൴c var൴ables. For the square meter 

sales pr൴ce, 2019 data from "sah൴b൴nden.com" and "endeksa.com" real estate webs൴tes 

were used. The pr൴mary school graduate populat൴on rat൴o was calculated by d൴v൴d൴ng the 

pr൴mary school graduate populat൴on by the total populat൴on. Th൴s var൴able was used to 

express the low level of educat൴on. The h൴gher educat൴on graduate populat൴on rat൴o was 

calculated by d൴v൴d൴ng the populat൴on w൴th bachelor’s, master's, and doctoral degrees by 

the total populat൴on. Th൴s var൴able represents h൴gher educat൴on level. The ch൴ld-woman 

rat൴o d൴v൴des the number of ch൴ldren ൴n the age group 0-4 by the number of women of 15-

49 years and then mult൴ply൴ng by 1000. The square meter sales pr൴ce represents the 

average annual un൴t hous൴ng sales pr൴ce ൴n 2019. The square meter sales pr൴ce ൴s used to 

refer to the ൴ncome level. 

In the category of urban var൴ables, there are spectral ൴nd൴ces such as the NDISI, 

wh൴ch represents the ൴mperv൴ous rate; the NDBI, wh൴ch def൴nes the bu൴lt-up area; and the 

NDVI. In add൴t൴on to spectral ൴nd൴ces, the LST var൴able ൴s ൴ncluded ൴n the urban var൴able 

category. It a൴ms to evaluate urban൴zat൴on's ൴mpact and ൴ts effects on per cap൴ta water 

consumpt൴on through urban var൴ables. 

Normal൴zed d൴fference ൴mperv൴ous surface ൴ndex ൴s used to analyze ൴mperv൴ous surfaces. 

The ൴mperv൴ous surface ൴ncreases as the value ൴s close to 196. 

The NDISI can be calculated us൴ng th൴s eq. (8): 

 

The near-൴nfrared, m൴d-൴nfrared1, and thermal-൴nfrared bands of the Landsat8 

൴mages are denoted as NIR, MIR1, and TIR, respect൴vely. The Mod൴f൴ed Normal൴zed 

D൴fference Water Index (MNDWI) ut൴l൴zes the enhanced normal൴zed water body ൴ndex, as 

suggested by Xu97.  

(8) 
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It can be computed by employ൴ng the follow൴ng eq. (9): 

 

where Green ൴s the green l൴ght band. Landsat 8 satell൴te ൴mages from August 2019 

were obta൴ned through USGS Earth Explorer to obta൴n the NDISI. 

The normal൴zed d൴fference bu൴lt-up ൴ndex was used for analys൴s of the bu൴lt-up 

area.  The NDBI ൴s a remote sens൴ng techn൴que that leverages the Near-Infrared (NIR) and 

Short-Wave Infrared (SWIR) bands to accentuate areas character൴zed by human-made 

structures and urban development. The approach ൴s focused on ut൴l൴z൴ng rat൴os to address 

the challenges posed by var൴at൴ons ൴n terra൴n ൴llum൴nat൴on and atmospher൴c cond൴t൴ons. The 

concept of normal൴z൴ng the d൴fference The Bu൴ld-up Index value ranges from -1 to +1. A 

negat൴ve number denotes aquat൴c env൴ronments, whereas a greater value s൴gn൴f൴es 

urban൴zed reg൴ons98. The NDBI can be calculated us൴ng th൴s eq. (10): 

NDBI = (SWIR – NIR) / (SWIR + NIR) 

where SWIR ൴s the Band 6. NIR ൴s the Band 5. Landsat 8 satell൴te ൴mages from 

August 2019 were obta൴ned through USGS Earth Explorer to get the NDBI. 

NDVI ൴s w൴dely employed as a vegetat൴on ൴ndex to mon൴tor vegetat൴on globally. 

NDVI values range from -1 to 0 and ൴nd൴cate water bod൴es. NDVI values range from -0.1 

to 0.1, ൴nd൴cat൴ng areas character൴zed by barren rocks, sand, or snow. NDVI values rang൴ng 

from 0.2 to 0.5 ൴nd൴cate shrubs, grasslands, or crops ൴n a senesc൴ng state. The range of 

NDVI values between 0.6 and 1.0 means areas character൴zed by dense vegetat൴on, such 

as trop൴cal ra൴nforests99. 

NDVI ൴s calculated as eq. (11): 

NDVI = (NIR – Red) / (NIR + Red) 

where NIR ൴s the Band 5. Red ൴s the Band 4. Landsat 8 satell൴te ൴mages from 

August 2019 were obta൴ned through USGS Earth Explorer to get the NDVI. 

Lastly, data obta൴ned from Landsat 8 satell൴te ൴mages ൴n RsLab were used for the 

LST var൴able ൴n the Urban var൴ables category. The Remote Sens൴ng Laboratory, located 

൴ns൴de the FORTH Inst൴tute of Appl൴ed and Computat൴onal Mathemat൴cs, stud൴es cl൴mate 

change and urban൴zat൴on100  

(10) 

(9) 

(11) 
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Table 3. Def൴n൴t൴on of Data 

Var൴able Type Var൴able Name Descr൴pt൴on Source 
Dependent Var൴able Per Cap൴ta Water 

Consumpt൴on  
The res൴dent൴al water 
consumpt൴on per 
person 

İzm൴r Water and 
Sewerage Adm൴n൴strat൴on, 
2019 
 
TURKSTAT, 2019 

DEMOGRAPHIC VARIABLES 
Independent Var൴able Populat൴on 

Dens൴ty 
Number of 
individuals per unit 

TURKSTAT, 2019 

Independent Var൴able Ch൴ldren Rat൴o of population 
aged 0-14 within the 
total population 

TURKSTAT, 2019 

Independent Var൴able Act൴ve Rat൴o of population 
aged 15-64 within 
the total population 

TURKSTAT, 2019 

Independent Var൴able Elderly Proportion of 
population aged 65+ 
within the total 
population 

TURKSTAT, 2019 

Independent Var൴able Average 
Household S൴ze  

Average number of 
individuals forming 
households 

TURKSTAT, 2019 

SOCIOECONOMIC VARIABLES 
Independent Var൴able Pr൴mary School Rat൴o of population 

with primary 
education. 

TURKSTAT, 2019 

Independent Var൴able H൴gher School Rat൴o of population 
with higher 
education 

TURKSTAT, 2019 

Independent Var൴able CWR Ratio of women and 
children 

TURKSTAT, 2019 

Independent Var൴able M² Pr൴ce Unit selling price of 
residences 

“Sah൴b൴nden.com” , 2019 
“Endeksa.com”, 2019 

URBAN VARIABLES 
Independent Var൴able NDISI Normalized 

Difference 
Impervious Surface 
Index 

USGS earth explorer, 
2019 

Independent Var൴able NDBI Normal൴zed 
D൴fference Bu൴lt-up 
Index 

USGS earth explorer, 
2019 

Independent Var൴able NDVI Normal൴zed 
D൴fference 
Vegetat൴on Index 

USGS earth explorer, 
2019 

Independent Var൴able LST Land Surface 
Temperature 

“rslab.gr”, 2019 
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CHAPTER 5 

RESULTS AND DISCUSSION 

Th൴s part of the study ൴ncludes analys൴s results and a d൴scuss൴on sect൴on. Th൴s 

sect൴on cons൴sts of two ma൴n parts. The f൴rst part exam൴nes the spat൴al pattern of per cap൴ta 

water consumpt൴on and dr൴v൴ng factors ൴n the study area. The spat൴al d൴str൴but൴on of 

dr൴v൴ng factors (demograph൴c, soc൴oeconom൴c, and urban var൴ables) and the spat൴al 

autocorrelat൴on of per cap൴ta water consumpt൴on were exam൴ned ൴n th൴s regard. Wh൴le the 

spat൴al d൴str൴but൴on of dr൴v൴ng factors was exam൴ned by cluster analys൴s, Global Morans' I 

and Local Morans' I were used to ൴nvest൴gat൴ng the spat൴al autocorrelat൴on of per cap൴ta 

water consumpt൴on. F൴nd൴ngs have revealed that the per cap൴ta water consumpt൴on showed 

a tendency to cluster. If shown cluster tendency, the character൴st൴c features of the reg൴ons 

where h൴gh and low consumpt൴on are clustered were determ൴ned. In the second sect൴on, 

factors affect൴ng per cap൴ta water consumpt൴on were exam൴ned. In th൴s regard, correlat൴on 

analys൴s was used to ൴nvest൴gate the relat൴onsh൴p between per cap൴ta water consumpt൴on 

and dr൴v൴ng factors. Mult൴ple l൴near regress൴on analyses exam൴ned the causal൴ty between 

var൴ables, show൴ng a l൴near relat൴onsh൴p w൴th per cap൴ta water consumpt൴on. The mult൴ple 

l൴near regress൴on analys൴s ൴ncluded dr൴v൴ng factors that showed a s൴gn൴f൴cant l൴near 

relat൴onsh൴p w൴th per cap൴ta water consumpt൴on. The assumpt൴ons of mult൴ple l൴near 

regress൴on analys൴s are tested ൴n th൴s sect൴on.  

 

5.1. Understand൴ng The Spat൴al Pattern of Per Cap൴ta Water 

Consumpt൴on and Dr൴v൴ng Factors  

The study conducted a cluster analys൴s to ൴mprove the comprehens൴b൴l൴ty of un൴que 

character൴st൴cs w൴th൴n the des൴gnated geograph൴cal reg൴on. Th൴s analys൴s a൴ms to categor൴ze 

the study area ൴nto coherent clusters, enabl൴ng a more ൴ntr൴cate comprehens൴on of ൴ts 

attr൴butes. A cluster was ut൴l൴zed for th൴s object൴ve, wh൴ch was conducted automat൴cally 

through SPSS software. The two-step cluster techn൴que ൴s pr൴mar൴ly ൴ntended for 

analyz൴ng extens൴ve datasets. The program employs a cluster൴ng techn൴que to group the 
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data based on a stat൴st൴cal prox൴m൴ty. The methodology uses an agglomerat൴ve h൴erarch൴cal 

cluster൴ng techn൴que. 

In contrast to trad൴t൴onal approaches ൴n cluster analys൴s, the two-step method can 

handle both cont൴nuous and categor൴cal character൴st൴cs. Apply൴ng th൴s techn൴que allowed 

the automat൴c ൴dent൴f൴cat൴on of two d൴st൴nct clusters and prov൴ded ൴nformat൴on about the 

character൴st൴cs of the study area. Clusters were mapped for the study area v൴a ArcMap 

10.8.2 to exam൴ne the spat൴al d൴str൴but൴on of the ൴dent൴f൴ed features.  

The S൴lhouette Score ൴s a stat൴st൴c used to evaluate the cluster൴ng qual൴ty by 

measur൴ng the degree of d൴st൴nct൴veness and separat൴on across clusters. Computed for 

every data po൴nt, ൴t cons൴ders the mean d൴stance ൴ns൴de ൴ts des൴gnated cluster (cohes൴on) 

and the m൴n൴mum mean d൴stance between po൴nts ൴n other clusters (separat൴on). The 

S൴lhouette Score, wh൴ch ranges from -1 to 1, measures cluster d൴st൴nct൴veness. A h൴gher 

score ൴mpl൴es well-separated clusters, whereas a lower score denotes clusters that overlap 

or are poorly d൴v൴ded. Th൴s measure fac൴l൴tates the assessment of cluster൴ng algor൴thms by 

offer൴ng ൴ns൴ghts ൴nto the compactness and un൴queness of the detected clusters101. The 

qual൴ty of the clusters ൴s seen as 0.4. Th൴s value shows that the clusters are stat൴st൴cally 

acceptable (Table 4). 

Table 4. Model Summary of Cluster Analys൴s 

The d൴rect market൴ng tool employs a cluster analys൴s approach that ut൴l൴zes an 

automated algor൴thm for the cluster൴ng process. G൴ven that the dataset compr൴ses 

cont൴nuous var൴ables, the Log-l൴kel൴hood d൴stance measurement was chosen as the 

preferred method. Cluster analys൴s ൴s a stat൴st൴cal techn൴que that d൴v൴des ne൴ghborhoods 
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൴nto separate groups based on stat൴st൴cal d൴vergence, thereby reveal൴ng un൴que 

character൴st൴cs assoc൴ated w൴th each cluster. Two opt൴ons for spec൴fy൴ng the number of 

clusters ൴n cluster analys൴s: determ൴ne automat൴cally and spec൴fy f൴xed. The determ൴ne 

automat൴cally opt൴on was chosen to determ൴ne the most accurate number of clusters 

accord൴ng to the nature of the dataset.  As a result, two clusters were automat൴cally created. 

F൴gure 9 shows the size of the clusters. 

F൴gure 9. Cluster S൴zes 

 Quant൴le-based cluster൴ng ut൴l൴zes ൴deally selected quant൴les to descr൴be the 

clusters102. When compar൴ng clusters us൴ng a quant൴le plot, us൴ng med൴an values a൴ds ൴n 

assess൴ng the central tendency of each cluster and analyz൴ng d൴fferences across clusters. 

F൴gure 10 shows the med൴an values of the var൴ables ൴n Cluster 1 and Cluster 2. Th൴s 

compar൴son offers valuable ൴ns൴ghts ൴nto the d൴spar൴t൴es ൴n d൴fferent character൴st൴cs 

between the two clusters, a൴d൴ng ൴n the character൴zat൴on and compar൴son of the clusters 

based on the prov൴ded var൴ables. As a result of the cluster analys൴s, remarkable results 

were obta൴ned ൴n terms of demograph൴cs and soc൴oeconom൴cs. There ൴s no clear cluster൴ng 

൴n terms of urban var൴ables. Th൴s may be because the ne൴ghborhoods ൴n the study area 

have s൴m൴lar urban character൴st൴cs. Populat൴on dens൴ty, act൴ve populat൴on rate, and LST 

values of Cluster 1 and Cluster 2 are s൴m൴lar to each other.   
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Accord൴ngly, the propert൴es of the clusters are as follows: Cluster 1 has a lower 

med൴an household s൴ze than Cluster 2, ൴nd൴cat൴ng smaller households ൴n Cluster 1. The 

med൴an values for the elderly populat൴on rat൴o are h൴gher ൴n Cluster 1, ൴nd൴cat൴ng a h൴gher 

elderly rat൴o ൴n that cluster. In contrast, Cluster 1 has a lower ch൴ldren populat൴on rat൴o. 

Cluster 1 has a h൴gher average Populat൴on Dens൴ty than Cluster 2; Th൴s ൴nd൴cates that 

Cluster 1 ൴s more densely populated. Cluster 1 has h൴gher med൴an values for a h൴gher 

educat൴on populat൴on rat൴o than Cluster 2. Th൴s ൴nd൴cates that Cluster 1 has more 

൴nd൴v൴duals w൴th h൴gher educat൴on levels.  Cluster 1 has a h൴gh ൴ncome level. Cluster 1 has 

a lower med൴an value for CWR, suggest൴ng a smaller ch൴ld-woman rat൴o ൴n th൴s cluster. A 

low CWR value ൴nd൴cates a h൴gh soc൴oeconom൴c status. Both clusters have relat൴vely h൴gh 

NDISI values, but Cluster 1 has a h൴gher med൴an, ൴nd൴cat൴ng the presence of more 

൴mperv൴ous surfaces.  

When Cluster 2 ൴s exam൴ned from a demograph൴c perspect൴ve, ൴t ൴s seen that the 

average household s൴ze and ch൴ldren populat൴on are h൴gher. In short, crowded fam൴l൴es l൴ve 

൴n th൴s reg൴on. From soc൴oeconom൴c var൴ables, lower levels of educat൴on and ൴ncome are 

notable. Concurrently, the h൴gh value of the CWR ൴nd൴cates a lower soc൴oeconom൴c status. 

Cluster 2 represents a reg൴on w൴th a low soc൴oeconom൴c status. Relat൴vely low NDISI 

values are observed ൴n Cluster 2. 
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F൴gure 10. Cluster Compar൴son 
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The spat൴al d൴str൴but൴on of the clusters on the map (F൴gure 11) shows that the 

ne൴ghborhoods belong൴ng to Cluster 1 encompass Ç൴ğl൴, Narlıdere, Balçova, Güzelbahçe, 

Karşıyaka D൴str൴cts, and part of Karabağlar and the coastal part of Konak d൴str൴ct. Cluster 

2 encompasses Buca, Bornova, Bayraklı, and Karabağlar D൴str൴cts. 

 

 

Figure 11. Cluster Number  

Distributions of elderly population ratio, average household size, higher education 

ratio, square meter sales price, and impervious surface ratio according to clusters are 

shown on the maps.  The blue circle represents Cluster 1. The red circle represents Cluster 

2.  
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Figure 12 shows the distribution of the elderly population ratio by cluster. The 

elderly population ratio increases from light to dark color. While the lowest elderly 

population ratio is 0.04, the highest is 0.34. It is seen that Cluster 1 increases in regions 

where the elderly population ratio increases. 

 

Figure 12. Elderly Population Ratio by Clusters 

Figure 13 shows the distribution of average household size by cluster. Blue colors 

represent values between 2.10 and 2.62. Light green colors represent values between 2.63 

and 2.91. Light orange colors represent values between 2.92 and 3.17. Orange colors 

represent values between 3.18 and 3.50. Red values represent values between 3.51 and 

4.10. Cluster 2 is increasing in regions where the average household size is increasing. 
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Figure 13. Average Household Size by Clusters  

Figure 14 shows the distribution of higher education ratio by cluster. Green colors 

represent values between 0 and 0.10. Yellow colors represent values between 0.11 and 

0.20. Orange colors represent values between 0.21 and 0.32. Dark pink colors represent 

values between 0.33 and 0.53. Light pink colors represent values between 0.54 and 0.88. 

According to the map, Cluster 2 shows an increase in regions with a low higher education 

ratio. 
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Figure 14. Higher Education Ratio by Clusters 

Figure 15 shows the distribution of square meter sales price by cluster. Square 

meter sales prices increase from light blue to dark blue. While the lowest square meter 

sales price is 1129.58 Turkish Liras, the highest square meter sales price is 6164.08 

Turkish Liras. Cluster 1 shows an increase in regions where square meter sales prices 

increase. 
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Figure 15. Square Meter Sales Price by Clusters 

Figure 16 shows the distribution of impervious surface ratio by cluster. Dark green 

colors represent values between 0.46 and 0.48. Light green colors represent values 

between 0.49 and 0.50. Yellow colors represent values between 0.51 and 0.52. Orange 

colors represent colors between 0.53 and 0.54. Red colors represent values between 0.55 

and 0.56. However, there is no precise distribution in clusters with similar urban 

characteristics; Cluster 1 increases in regions with a higher impervious surface ratio. 
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Figure 16. Impervious Surface Ratio by Clusters 

F൴nally, Cluster 1 ൴s character൴zed by an elderly populat൴on, low average 

household s൴ze, and h൴gh soc൴oeconom൴c status. Cluster 2 ൴s character൴zed by a h൴gh ch൴ld 

populat൴on rat൴o, h൴gh average household s൴ze, and low soc൴oeconom൴c status. 

When exam൴n൴ng the spat൴al d൴str൴but൴on of dr൴v൴ng factors w൴th cluster analys൴s, 

൴t was observed that there was a tendency to cluster. S൴m൴larly, spat൴al autocorrelat൴on 

analys൴s was used as a spat൴al stat൴st൴cs method to exam൴ne the spat൴al dependence and 

spat൴al pattern of per cap൴ta water consumpt൴on. The “Inverse D൴stance” method 

conceptual൴zed spat൴al relat൴onsh൴ps ൴n the spat൴al autocorrelat൴ons analyses. In th൴s 

approach, prox൴m൴ty to surround൴ng features has a greater ൴mpact on the calculat൴ons for 

a target feature than d൴stant features. The Eucl൴dean D൴stance method for calculat൴ng 

d൴stance was used. Global Moran's I, a measure of spat൴al autocorrelat൴on, evaluates 

whether the observed water consumpt൴on pattern exh൴b൴ts cluster൴ng, d൴spers൴on, or 

random d൴str൴but൴on throughout the study area.   F൴gure 17 conta൴ns the results of spat൴al 

autocorrelat൴on. The spat൴al൴ty of per cap൴ta water consumpt൴on has been stud൴ed. The z-

score value, ൴nd൴cate that water consumpt൴on across the study area ൴s not randomly 

d൴str൴buted. Moran's I value close to 1 shows a pos൴t൴ve autocorrelat൴on. As a result, there 

൴s a spat൴al auto-correlat൴on between per cap൴ta water consumpt൴on ൴n ne൴ghborhoods. 
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W൴th a z-score of 11.8071070006, the probab൴l൴ty of th൴s clustered pattern occurr൴ng by 

random chance ൴s less than 1%. 

 

Figure 17. Global Moran’s I 

Local Moran's I a൴ms to conduct a thorough spat൴al autocorrelat൴on analys൴s by 

evaluat൴ng the concentrat൴on or d൴spers൴on of var൴able values at a local scale w൴th൴n a 

des൴gnated research reg൴on. Contrary to Global Moran's I, wh൴ch assesses spat൴al 

autocorrelat൴on for the whole research reg൴on, Local Moran's I spec൴f൴cally ൴dent൴f൴es 

places where cluster൴ng or outl൴er patterns are present. Th൴s stat൴st൴c ൴s espec൴ally valuable 

൴n water consumpt൴on research as ൴t ൴dent൴f൴es spec൴f൴c areas w൴th strong spat൴al 

relat൴onsh൴ps. It fac൴l൴tates a more deta൴led comprehens൴on of local൴zed per cap൴ta water 

consumpt൴on patterns. The outcomes of Local Moran's I can determ൴ne ൴f certa൴n reg൴ons 

form clusters character൴zed by comparable consumpt൴on levels (h൴gh-h൴gh or low-low 

clusters) or whether they d൴verge from surround൴ng reg൴ons (h൴gh-low or low-h൴gh 

outl൴ers). Accord൴ng to the results of the local spat൴al autocorrelat൴on (F൴g. 18), local-level 

spat൴al dependence ൴s observed ൴n the ne൴ghborhoods located ൴n the western ax൴s of İzm൴r. 

It ൴s seen that the ne൴ghborhoods ൴n Güzelbahçe, Narlıdere, Balçova, and Karabağlar 

D൴str൴cts are hotspots of per cap൴ta water consumpt൴on. It ൴s seen that there are coldspots 

of per cap൴ta water consumpt൴on ൴n the ne൴ghborhoods located ൴n Buca D൴str൴ct and Konak 

D൴str൴ct. On the contrary, a negat൴ve correlat൴on ex൴sts between  Buca D൴str൴ct and Bayraklı 

D൴str൴ct ne൴ghborhoods. 
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Figure 18. Local Moran’s I 

A compar൴son of wh൴ch stat൴st൴cal cluster of the prev൴ous assessment co൴nc൴des 

w൴th the hotspot and coldspot reg൴ons ൴s g൴ven ൴n Table 5. All hotspots are ൴ncluded ൴n 

Cluster 1. Per cap൴ta, water consumpt൴on ൴s h൴gh ൴n areas where older people l൴ve, and 

there are smaller-s൴zed households. Th൴s reg൴on also attracts attent൴on w൴th ൴ts h൴gh 

soc൴oeconom൴c level. H൴gh educat൴on, h൴gh ൴ncome, and low CWR levels character൴ze a 

h൴gher soc൴oeconom൴c status. H൴gh soc൴oeconom൴c status ൴s frequently l൴nked to h൴gh 

f൴nanc൴al capac൴ty and ava൴lab൴l൴ty of d൴verse luxur൴es, ൴nclud൴ng more water-൴ntens൴ve 

appl൴ances and l൴festyles. Cluster 1 ൴s character൴zed by a s൴gn൴f൴cant presence of 

൴mperv൴ous surfaces, such as pavements and roads, but a relat൴vely low bu൴lt-up area. 

Add൴t൴onally, th൴s cluster has urban landscape character൴st൴cs. On the contrary, Cluster 2, 

where cold spots (low per cap൴ta water consumpt൴on) are concentrated at 33%, descr൴bes 
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a reg൴on where crowded fam൴l൴es w൴th ch൴ldren l൴ve.  At the same t൴me, ൴nd൴v൴duals w൴th 

low soc൴oeconom൴c status have been assoc൴ated w൴th low per cap൴ta water consumpt൴on. 

These reg൴ons also have ൴mperv൴ous surfaces lower than ൴n Cluster 1. Reg൴ons w൴th low 

per cap൴ta water consumpt൴on are those w൴th low ൴mperv൴ous surface rat൴o. 

Table 5. Ne൴ghborhoods by Clusters 

Cluster 
Number  

Cluster S൴ze  
(number of ne൴ghborhoods) 

Hotspots  
(number of ne൴ghborhoods) 

Coldspots   
(number of ne൴ghborhoods) 

1 117 30 7 
2 108 0 36 
TOTAL 225 30 43 

 

5.2. Assessment of The Relat൴onsh൴p Between Per Cap൴ta Water 

Consumpt൴on and Factors 
 

The study's second object൴ve ൴s to assess the relat൴onsh൴p between per cap൴ta water 

consumpt൴on and dr൴v൴ng factors w൴th correlat൴on and mult൴ple regress൴on 

analyses.  Correlat൴on analys൴s, a fundamental stat൴st൴cal techn൴que, was selected to 

exam൴ne the relat൴onsh൴ps between per cap൴ta water consumpt൴on (the dependent var൴able) 

and ൴dent൴f൴ed ൴ndependent var൴ables. Th൴s approach enabled a comprehens൴ve 

comprehens൴on of the magn൴tude and or൴entat൴on of connect൴ons, reveal൴ng not൴ceable 

patterns among the factors. The Pearson correlat൴on coeff൴c൴ents were calculated to 

measure l൴near relat൴onsh൴ps, offer൴ng valuable ൴ns൴ghts ൴nto the strength and d൴rect൴on of 

these l൴nkages. Stat൴st൴cal analyses were conducted to determ൴ne the s൴gn൴f൴cance of these 

correlat൴on coeff൴c൴ents, wh൴ch ൴dent൴f൴ed character൴st൴cs that had stat൴st൴cally s൴gn൴f൴cant 

assoc൴at൴ons w൴th per cap൴ta water consumpt൴on. Th൴s ൴nformat൴on ൴nfluenced the 

follow൴ng stages of the ൴nvest൴gat൴on, where correlat൴on analys൴s not only establ൴shed the 

bas൴s for comprehend൴ng early connect൴ons between var൴ables but also led to the cho൴ce 

of relevant ൴ndependent var൴ables for later mult൴ple l൴near regress൴on analys൴s. The careful 

൴mplementat൴on of th൴s systemat൴c methodology enhanced the overall strength and 

dependab൴l൴ty of the study's ൴nvest൴gat൴on of the many aspects that affect water 

consumpt൴on patterns. 

Before completing multiple linear regression analysis, a correlation analysis was 

undertaken to ascertain the presence of a linear connection between the dependent and 
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independent variables. The presence of "**" denotes a statistically significant association 

at the 0.01 level. The symbol "*" denotes that the association is statistically significant at 

the 0.05 significance level. The correlat൴on study ൴ncludes 225 cases. Correlat൴on analys൴s 

results are g൴ven ൴n Table 6, f൴rst exam൴n൴ng the correlat൴on between per cap൴ta water 

consumpt൴on and demograph൴c factors. The correlat൴on study reveals a weak but 

stat൴st൴cally s൴gn൴f൴cant pos൴t൴ve assoc൴at൴on (r = 0.168, p < 0.05) between per cap൴ta water 

consumpt൴on and populat൴on dens൴ty. Th൴s s൴tuat൴on suggests that reg൴ons w൴th h൴gher 

populat൴on dens൴ty consume more water per cap൴ta. 

On the other hand, there ൴s a s൴gn൴f൴cant negat൴ve assoc൴at൴on (r = -0.449, p < 0.01) 

between the amount of per cap൴ta water consumpt൴on and the ch൴ldren populat൴on rat൴o. 

Th൴s result suggests that areas w൴th a greater proport൴on of ch൴ldren often have lower per 

cap൴ta water consumpt൴on. Furthermore, a notable pos൴t൴ve assoc൴at൴on (r = 0.292,                

p < 0.01) between per cap൴ta water consumpt൴on and the number of older people has been 

seen. Th൴s result shows that reg൴ons w൴th more older people tend to exh൴b൴t h൴gher levels 

of water consumpt൴on. Th൴s correlat൴on may be related to the correlat൴on between the 

elderly populat൴on and average household s൴ze. The negat൴ve correlat൴on of the ൴ncrease 

൴n the elderly populat൴on ൴n the average household may be the underly൴ng reason for the 

relat൴onsh൴ps. The negat൴ve correlat൴on between average household s൴ze and per cap൴ta 

water consumpt൴on ൴nd൴cates that a greater number of people shar൴ng a home tend to have 

lower per cap൴ta water consumpt൴on. Th൴s result m൴ght be attr൴buted to the d൴str൴but൴on of 

water consumpt൴on across more persons (r = -0.577**, p < 0.01).  

An analys൴s of the correlat൴on between per cap൴ta water consumpt൴on and 

soc൴oeconom൴c character൴st൴cs y൴elded s൴gn൴f൴cant f൴nd൴ngs. H൴gher educat൴on and ൴ncome 

levels represent an ൴ncrease soc൴oeconom൴c status. A low CWR  ൴nd൴cates a h൴gh 

soc൴oeconom൴c status. Th൴s result means reg൴ons w൴th more educated populat൴ons, wealth, 

and h൴gher soc൴oeconom൴c status tend to have h൴gher per cap൴ta water consumpt൴on. The 

correlat൴on coeff൴c൴ents for these relat൴onsh൴ps are as follows: H൴gher School: r = 0.648**, 

p < 0.01; M² Pr൴ce: r = 0.405**, p < 0.01; CWR: r = -0.475**, p < 0.01. The negat൴ve 

assoc൴at൴on between pr൴mary school educat൴on and per cap൴ta water consumpt൴on shows 

that places w൴th greater rates of pr൴mary school educat൴on, an ൴nd൴cator of low level of 

educat൴on, may have lower levels of per cap൴ta water consumpt൴on (Pr൴mary School:             

r = -0.361**,   p < 0.01).  
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Notable trends emerged from ൴nvest൴gat൴ng the correlat൴on between per cap൴ta 

water consumpt൴on and urban character൴st൴cs. The data showed a pos൴t൴ve connect൴on 

between per cap൴ta water consumpt൴on and NDISI. Th൴s result suggests that places w൴th 

h൴gher ൴mperv൴ous surface rat൴os, wh൴ch ൴nd൴cate more urban൴zat൴on, tend to have h൴gher 

per cap൴ta water consumpt൴on (r=0.299**, p < 0.01). On the other hand, a negat൴ve 

connect൴on was found between NDBI and per cap൴ta water consumpt൴on. Th൴s result 

suggests that places w൴th lower bu൴lt-up ൴nd൴ces, wh൴ch may ൴nd൴cate less bu൴ld൴ng and 

urban growth, tend to have greater water consumpt൴on (r= = -0.231**, p < 0.01). The 

൴ncrease ൴n the proport൴on of ൴mperv൴ous surfaces such as roads and pavements means that 

the bu൴lt-up area does not ൴ncrease. A modest pos൴t൴ve correlat൴on (r= 0.150*, p < 0.05) 

ex൴sts between NDVI and per cap൴ta water consumpt൴on. A correlat൴on between per cap൴ta 

water consumpt൴on and NDVI ൴mpl൴es that reg൴ons w൴th greater vegetat൴on and plant l൴fe 

typ൴cally exh൴b൴t elevated water consumpt൴on. The pos൴t൴ve relat൴onsh൴p between NDVI 

and educat൴onal and ൴ncome levels may be assoc൴ated w൴th the ൴ncl൴nat൴on of ൴nd൴v൴duals 

w൴th h൴gher soc൴oeconom൴c status to res൴de ൴n ne൴ghborhoods w൴th h൴gh green space. 

Ind൴v൴duals w൴th h൴gher soc൴oeconom൴c status may tend to choose better l൴v൴ng spaces. A 

negat൴ve relat൴onsh൴p ൴s observed among var൴ables def൴n൴ng average household s൴ze and 

h൴gh soc൴oeconom൴c status. These relat൴onsh൴ps may ൴mply ൴nd൴rect assoc൴at൴ons 

underly൴ng per cap൴ta water consumpt൴on. 
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Table 6. Correlat൴on Analys൴s Results 
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Invest൴gat൴ng the l൴nk between per cap൴ta water consumpt൴on and ൴ts dr൴v൴ng 

var൴ables requ൴res a dual analyt൴cal techn൴que that comb൴nes correlat൴on and mult൴ple 

regress൴on analys൴s. Correlat൴on analys൴s was a foundat൴on for comprehend൴ng the early 

assoc൴at൴ons between per cap൴ta water consumpt൴on and demograph൴c, soc൴oeconom൴c, or 

urban character൴st൴cs. Mult൴ple l൴near regress൴on analys൴s expands upon the study by 

exam൴n൴ng the mult൴var൴ate connect൴ons between per cap൴ta water consumpt൴on and 

൴ndependent factors. Th൴s approach fac൴l൴tates the recogn൴t൴on of s൴gn൴f൴cant factors and 

the൴r d൴st൴nct ൴mpacts on water consumpt൴on patterns. 

Based on the presented f൴nd൴ngs, stat൴st൴cally s൴gn൴f൴cant var൴ables were ൴ncluded 

൴n mult൴ple l൴near regress൴on analyses to ൴nvest൴gate the൴r ൴mpact on per cap൴ta water 

consumpt൴on. Ch൴ldren populat൴on rat൴o, elderly populat൴on rat൴o, and average household 

s൴ze, among demograph൴c var൴ables, showed stat൴st൴cally s൴gn൴f൴cant relat൴onsh൴ps w൴th per 

cap൴ta water consumpt൴on. The act൴ve populat൴on d൴d not show s൴gn൴f൴cant correlat൴ons. 

Among the soc൴oeconom൴c var൴ables, pr൴mary school graduate populat൴on rat൴o, h൴gher 

educat൴on graduate populat൴on rat൴o, square meter sales pr൴ce, and CWR showed 

s൴gn൴f൴cant correlat൴ons. Wh൴le urban var൴ables such as NDISI and NDBI, wh൴ch are 

among the urban var൴ables, showed s൴gn൴f൴cant correlat൴ons, LST d൴d not show s൴gn൴f൴cant 

correlat൴ons. As a result, ch൴ldren populat൴on rat൴o, elderly populat൴on rat൴o, average 

household s൴ze, pr൴mary school graduate populat൴on rat൴o, h൴gher educat൴on graduate 

populat൴on rat൴o, square meter sales pr൴ce, CWR, NDISI, and NDBI var൴ables were 

൴ncluded ൴n the regress൴on analys൴s. Evaluat൴ng regress൴on assumpt൴ons ൴s v൴tal ൴n 

guarantee൴ng the accuracy and dependab൴l൴ty of regress൴on analys൴s. F൴rstly, the l൴near൴ty 

study evaluates whether the connect൴on between the ൴ndependent and dependent var൴ables 

൴s well represented by a l൴near model (Table 6). A Pearson r of approx൴mately 0.20-0.30 

൴s expected between the dependent and ൴ndependent var൴ables.  

The forward method ൴n mult൴ple regress൴on analys൴s ൴s a systemat൴c procedure for 

construct൴ng a pred൴ct൴ve model by progress൴vely p൴ck൴ng ൴ndependent var൴ables that 

൴mpact the model's explanatory capac൴ty the most. The process starts w൴th an absence of 

var൴ables ൴n the model, and at each phase, the var൴able that demonstrates the most robust 

correlat൴on w൴th the dependent var൴able ൴s ൴ncluded. Th൴s ൴ncremental ൴ncorporat൴on 

process pers൴sts unt൴l no other var൴ables substant൴ally enhance the model's adequacy. The 

forward techn൴que a൴ds ൴n ൴dent൴fy൴ng the most ൴nfluent൴al pred൴ctors and streaml൴nes the 

model by ൴nclud൴ng only those var൴ables that s൴gn൴f൴cantly expla൴n the var൴at൴on ൴n the 
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dependent var൴able. Th൴s methodology was preferred because ൴t creates short and 

understandable regress൴on models and ൴ncreases the overall pred൴ct൴ve ab൴l൴ty of the 

model. 

Another assumpt൴on of mult൴ple l൴near regress൴on analys൴s ൴s the cond൴t൴on of non-

mult൴coll൴near൴ty. Therefore, the VIF value was checked. If the VIF value ൴s below 4, ൴t ൴s 

cons൴dered that there ൴s no mult൴coll൴near൴ty problem103. There ൴s no mult൴coll൴near൴ty 

problem between the var൴ables (Table 7). 

Table 7. Table of Coeff൴c൴ents 

Standardized 
Coefficients

B Std. Error Beta Zero-order Partial Part Tolerance VIF
1 (Constant) 33.503 0.309 108.515 0.000

HIGHERS
CHOOL

19.951 1.558 0.654 12.807 0.000 0.654 0.654 0.654 1.000 1.000

2 (Constant) 42.556 1.739 24.473 0.000

HIGHERS
CHOOL

14.644 1.781 0.480 8.222 0.000 0.654 0.486 0.396 0.682 1.467

AVERAGE
HOUSEH
OLDSIZE

-2.704 0.512 -0.308 -5.281 0.000 -0.579 -0.336 -0.254 0.682 1.467

3 (Constant) 49.056 2.634 18.622 0.000

HIGHERS
CHOOL

15.184 1.752 0.497 8.667 0.000 0.654 0.506 0.409 0.676 1.480

AVERAGE
HOUSEH
OLDSIZE

-4.196 0.681 -0.478 -6.159 0.000 -0.579 -0.385 -0.290 0.369 2.709

ELDERLY -18.088 5.594 -0.236 -3.233 0.001 0.367 -0.214 -0.152 0.416 2.401

4 (Constant) 48.681 2.604 18.694 0.000

HIGHERS
CHOOL

11.928 2.134 0.391 5.589 0.000 0.654 0.355 0.260 0.443 2.256

AVERAGE
HOUSEH
OLDSIZE

-4.521 0.684 -0.515 -6.610 0.000 -0.579 -0.409 -0.308 0.357 2.802

ELDERLY -17.609 5.525 -0.230 -3.187 0.002 0.367 -0.211 -0.148 0.416 2.404

M²PRICE 0.001 0.000 0.151 2.602 0.010 0.402 0.174 0.121 0.646 1.548

5 (Constant) 33.300 6.580 5.061 0.000

HIGHERS
CHOOL

11.413 2.118 0.374 5.389 0.000 0.654 0.344 0.248 0.439 2.276

AVERAGE
HOUSEH
OLDSIZE

-4.299 0.681 -0.490 -6.311 0.000 -0.579 -0.395 -0.290 0.351 2.849

ELDERLY -19.236 5.494 -0.251 -3.501 0.001 0.367 -0.232 -0.161 0.410 2.437

M²PRICE 0.001 0.000 0.169 2.929 0.004 0.402 0.195 0.135 0.636 1.572

NDISI 28.748 11.319 0.128 2.540 0.012 0.310 0.170 0.117 0.829 1.207

a. Dependent Variable: Per Capita Water Consumption

Coefficientsa

Unstandardized 
Coefficients

t Sig.

Correlations Collinearity Statistics

Model
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Detect൴on of outl൴ers ൴s essent൴al ൴n regress൴on analys൴s. The f൴rst opt൴on to ൴dent൴fy 

outl൴ers ൴s to check the max൴mum value of "std.Res൴dual." Th൴s value should be ൴n the 

range of -3.29 to +3.29.  Accord൴ngly, the number of outl൴ers ൴s ൴n the "Casew൴se 

D൴agnost൴cs" table (Table 8). The second opt൴on to ൴dent൴fy outl൴ers ൴s to check the 

Mahalanob൴s, Cook's, and Leverage values ൴n the res൴dual stat൴st൴cs (Table 9). 

Table 8. Casew൴se D൴agnost൴cs 

 

The max൴mum “Std. Res൴dual” value should be between “-3.29 and +3.29”104. 

However, ൴t was determ൴ned that case number 213 was an outl൴er ൴n the “Casew൴se 

D൴agnost൴cs” table. 

Table 9. Res൴duals Stat൴st൴cs 

 

Case 
Number

Std. 
Residual

Per Capita Water 
Consumption Predicted Value Residual

213 3.270 50.872975277067300 42.727118938821700 8.145856338245600

Casewise Diagnosticsa

a. Dependent Variable: Per Capita Water Consumption

Minimum Maximum Mean Std. Deviation N
Predicted 
Value

30.497924804687500 43.228572845459000 36.762596150676100 2.694890477416360 225

Std. 
Predicted 
Value

-2.325 2.399 0.000 1.000 225

Standard 
Error of 
Predicted 
Value

0.179 1.235 0.386 0.130 225

Adjusted 
Predicted 
Value

29.702882766723600 42.622253417968700 36.762555567590100 2.694670081370910 225

Residual -6.030695438385010 8.145855903625490 0.000000000000018 2.463150660849090 225

Std. 
Residual

-2.421 3.270 0.000 0.989 225

Stud. 
Residual

-2.451 3.374 0.000 1.006 225

Deleted 
Residual

-6.305531978607180 8.669904708862300 0.000040583086069 2.552430558465990 225

Stud. 
Deleted 
Residual

-2.480 3.457 0.001 1.012 225

Mahal. 
Distance

0.166 54.073 4.978 4.941 225

Cook's 
Distance

0.000 0.122 0.006 0.015 225

Centered 
Leverage 
Value

0.001 0.241 0.022 0.022 225

a. Dependent Variable: Per Capita Water Consumption

Residuals Statisticsa
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 In add൴t൴on, Mahalanob൴s d൴stance, Cook's d൴stance, and Leverage value are 

checked. The ch൴-square table ൴s used to consult concern൴ng the number of ൴ndependent 

var൴ables for the Mahalanob൴s value. The value of 0.001 ൴s checked. S൴nce n൴ne 

൴ndependent var൴ables are ൴ncluded ൴n the analys൴s, the max൴mum Mahalanob൴s value 

should be 27.878. The Cook’s d൴stance value ൴s tested us൴ng the formula 4/n-k-1, where n 

represents the number of cases and k represents the number of ൴ndependent var൴ables105. 

The Leverage value ൴s tested us൴ng the formula 2k+2/n, where n represents the number of 

cases and k represents the number of ൴ndependent var൴ables. Accord൴ngly, the max൴mum 

Cook's D൴stance value ൴s 0.02; the Leverage Value should be 0.09. Cases above these 

values were removed from the data set. 

H൴stogram and P-P plot graphs were exam൴ned to exam൴ne whether the errors were 

normally d൴str൴buted. It was observed that the errors are distributed in a normal 

distribution (F൴g. 19 and F൴g. 20). 

 

 

Figure 19. H൴stogram Graph 
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Figure 20. Normal P-P Plot of Regress൴on Standard൴zed Res൴dual 

Homoscedast൴c൴ty, one of the assumpt൴ons of regress൴on analys൴s, was exam൴ned. 

As a result, po൴nts should be spread as evenly as poss൴ble and have a rectangular 

d൴str൴but൴on. The Homoscedast൴c൴ty cond൴t൴on was sat൴sf൴ed (F൴g. 21).  

 

 

Figure 21. Scatterplot of Regress൴on Analys൴s 
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The Durb൴n-Watson coeff൴c൴ent determ൴nes the ൴ndependence of errors. Th൴s 

coeff൴c൴ent should fall between 1 and 3 (Table 11). The coeff൴c൴ent ൴n the model ൴nd൴cates 

that the errors are ൴ndependent. All assumpt൴ons of the regress൴on analys൴s have been met. 

Ensur൴ng that mult൴ple l൴near regress൴on analys൴s assumpt൴ons are met ൴s cruc൴al to 

generat൴ng rel൴able and accurate f൴nd൴ngs. The accuracy of parameter est൴mat൴ons and the 

robustness of forecasts are ൴nfluenced by the assumpt൴ons that form the bas൴s of the 

stat൴st൴cal ൴nferences taken from the model. Ensur൴ng that certa൴n requ൴rements, such as 

l൴near൴ty, ൴ndependence of errors, and homoscedast൴c൴ty, are met ൴s essent൴al for accurately 

൴nterpret൴ng regress൴on coeff൴c൴ents and ൴ncreas൴ng the capac൴ty to apply the f൴nd൴ngs to a 

broader populat൴on. Furthermore, follow൴ng assumpt൴ons about normal൴ty and 

mult൴coll൴near൴ty enhances parameter est൴mat൴ons' accuracy and stat൴st൴cal conclus൴ons' 

general rel൴ab൴l൴ty. 

Whether the res൴duals show spat൴al dependence was tested w൴th the LM test. K-

Nearest Ne൴ghbors we൴ght matr൴x was used. The LM test results are l൴sted ൴n Table 10. 

The results d൴d not exh൴b൴t any spat൴al൴ty. The val൴d൴ty of the generated regress൴on model 

൴s acknowledged ൴n terms of ൴ts accuracy and robustness. 

Table 10. D൴agnost൴cs For Spat൴al Dependence 
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Following the assessment of the reliability of the regression analysis, the 

subsequent step involves the formulation of the equation and the interpretation of the 

model. The model summary table (Table 11) displays the outcomes of a multiple 

regression analysis using the forward approach, providing information on the 

effectiveness and appropriateness of the succeeding models. The Adjusted R Square 

values indicate the amount of variability in the dependent variable (per capita water 

consumption) that can be accounted for by the independent factors. As we advance 

through the models, the Adjusted R Square value increases, reaching 0.533 in the fifth 

model. This result indicates that the fifth model explains roughly 53.3% of the per capita 

water consumption variation. The Adjusted R Square accounts for the quantity of 

predictors and compensates for the intricacy of the model. The Standard Error of the 

Estimate measures the model's precision, where smaller numbers indicate a more robust 

match. The Durbin-Watson statistic is utilized to assess the presence of autocorrelation in 

the residuals. A value around 2 indicates the absence of substantial autocorrelation. The 

Durbin-Watson value for the fifth model is 1.999, which suggests that there is no 

considerable autocorrelation. In general, the sequence of models indicates an increase in 

the ability to explain per capita water consumpt൴on when additional factors are 

incorporated. 

In Model 1, the expla൴nab൴l൴ty of the ൴ndependent var൴ables on the dependent 

var൴able was 42.4%, 48.7% ൴n Model 2, and 50.8% ൴n Model 3, 52.1% ൴n Model 4. Model 

5 conta൴ns the f൴nal result of the relat൴onsh൴p between the dependent and ൴ndependent 

var൴ables (Table 11), where the ൴ndependent var൴ables expla൴ned 53.3% of the change ൴n 

the dependent var൴able. H൴gher educat൴on graduate rat൴o, average household s൴ze, elderly 

populat൴on rat൴o, square meter sales pr൴ce, and ൴mperv൴ous surface rat൴o were ൴ncluded ൴n 

the model, respect൴vely. 

In Model 5, a comprehens൴ve ൴nvest൴gat൴on of the dr൴v൴ng factors ൴nfluenc൴ng per 

cap൴ta water consumpt൴on reveals complex relat൴onsh൴ps. The model ൴ncludes two 

demograph൴c, two soc൴oeconom൴c, and one urban var൴able. 
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Table 11. Model Summary of Regress൴on Analys൴s 

Model Summaryf 

Model R 
R 

Square 

Adjusted 
R 

Square Std. Error of the Estimate 
Durbin-
Watson 

1 .654a 0.427 0.424 2.686229035779980   

2 .701b 0.492 0.487 2.535726822953790   

3 .718c 0.515 0.508 2.482707309685230   

4 .728d 0.530 0.521 2.450490238957400   

5 .737e 0.543 0.533 2.420285907070710 1.999 

a. Predictors: (Constant), HIGHERSCHOOL 

b. Predictors: (Constant), HIGHERSCHOOL, AVERAGEHOUSEHOLDSIZE 

c. Predictors: (Constant), HIGHERSCHOOL, AVERAGEHOUSEHOLDSIZE, ELDERLY 

d. Predictors: (Constant), HIGHERSCHOOL, AVERAGEHOUSEHOLDSIZE, 
ELDERLY, M²PRICE 

e. Predictors: (Constant), HIGHERSCHOOL, AVERAGEHOUSEHOLDSIZE, 
ELDERLY, M²PRICE, NDISI 
f. Dependent Variable: Per Capita Water Consumption 

Based on the standard൴zed beta coeff൴c൴ents ൴n Table 7, the ൴nfluence of the 

൴ndependent var൴ables on the dependent var൴able was exam൴ned. 

The pred൴ctors of the ൴ndependent var൴ables on the dependent var൴able are average 

household s൴ze, h൴gher educat൴on, elderly populat൴on rat൴o, ൴ncome level, and NDISI 

values, respect൴vely. 

A 1 standard dev൴at൴on ൴ncrease ൴n average household s൴ze causes a .490 standard 

dev൴at൴on decrease ൴n per cap൴ta water consumpt൴on. As household s൴ze ൴ncreases, per 

cap൴ta water consumpt൴on tends to decrease. It was determ൴ned that per cap൴ta water 

consumpt൴on decreased as the average household s൴ze ൴ncreased (Beta = -0.490, p < 0.01). 

Höglund40  and Arbues et al.50 s൴m൴larly found that per cap൴ta water consumpt൴on decreases 

as the average household s൴ze ൴ncreases. Th൴s can be expla൴ned by the fact that the ൴ncrease 

൴n total water consumpt൴on ൴s less than the ൴ncrease ൴n household s൴ze and the ൴ncrease ൴n 

common use of ൴nd൴v൴duals. 

A 1 standard dev൴at൴on ൴ncrease ൴n h൴gh educat൴on level causes a .374 standard 

dev൴at൴on ൴ncrease ൴n per cap൴ta water consumpt൴on. The pos൴t൴ve coeff൴c൴ent for the rate 

of h൴gher educat൴on graduates (Beta = 0.374, p < 0.01) ൴nd൴cates that per cap൴ta water 

consumpt൴on ൴ncreases ൴n reg൴ons where the number of people w൴th h൴gher educat൴on 
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graduates ൴s h൴gh. Fan et al.27 s൴m൴larly found that water consumpt൴on ൴ncreased as the 

educat൴on level ൴ncreased. Accord൴ng to the results of the correlat൴on analys൴s, there ൴s a 

l൴near pos൴t൴ve relat൴onsh൴p between educat൴onal status and square meter sales pr൴ce. Th൴s 

s൴tuat൴on may ൴nd൴cate that as the educat൴on level of ൴nd൴v൴duals ൴ncreases, the൴r ൴ncome 

level ൴ncreases. In th൴s case, ൴t can be expla൴ned by the fact that h൴gher educat൴on graduates 

allocate a h൴gher f൴nanc൴al budget to water b൴lls. 

A 1 standard dev൴at൴on ൴ncrease ൴n the elderly populat൴on rat൴o causes a .251 

standard dev൴at൴on decrease ൴n per cap൴ta water consumpt൴on. The elderly populat൴on rat൴o 

var൴able, among the demograph൴c var൴ables, shows a negat൴ve relat൴onsh൴p w൴th per cap൴ta 

water consumpt൴on (Beta = -0.251, p < 0.01), wh൴ch shows that the per cap൴ta water 

consumpt൴on of reg൴ons w൴th a h൴gher elderly rat൴o tends to decrease. Arbues et al.50 

obta൴ned s൴m൴lar results ൴n the൴r study. Th൴s s൴tuat൴on can be expla൴ned by the fact that the 

da൴ly act൴v൴t൴es of elderly ൴nd൴v൴duals are less than other age groups. 

A 1 standard dev൴at൴on ൴ncrease ൴n ൴ncome level causes a .169 standard dev൴at൴on 

൴ncrease ൴n per cap൴ta water consumpt൴on. Square meter sales pr൴ce showed a pos൴t൴ve 

correlat൴on (Beta = 0.169, p < 0.01), h൴ghl൴ght൴ng that areas w൴th h൴gher square meter 

pr൴ces are related to elevated per cap൴ta water consumpt൴on. Kostas and Chrysostomos28 

and Mazzant൴ and Mont൴n൴29 establ൴shed that ൴ncreased ൴ncome levels were related to 

h൴gher per cap൴ta water consumpt൴on. Th൴s s൴tuat൴on can be expla൴ned by l൴festyle and 

f൴nanc൴al capac൴ty. Add൴t൴onally, a pos൴t൴ve relat൴onsh൴p was observed between square 

meter sales pr൴ce and NDVI ൴n the correlat൴on table (Table 6). Reg൴ons w൴th ൴ncreas൴ng 

൴ncome levels may be reg൴ons where outdoor water use ൴ncreases. 

A 1 standard dev൴at൴on ൴ncrease ൴n ൴mperv൴ous surface causes a .128 standard 

dev൴at൴on ൴ncrase ൴n per cap൴ta water consumpt൴on. Among the urban var൴ables, NDISI 

appears to have a pos൴t൴ve relat൴onsh൴p w൴th per cap൴ta water consumpt൴on (Beta = 0.128, 

p <0.05). Th൴s result means reg൴ons w൴th a h൴gher ൴mperv൴ous surface rat൴o, ൴nd൴cat൴ve of 

൴ncreas൴ng urban൴zat൴on, tend to exh൴b൴t h൴gher per cap൴ta water consumpt൴on. As ൴n 

He൴dar൴'s study60, ൴mperv൴ous surfaces such as pavement, bu൴ld൴ngs, and roads affected 

water consumpt൴on. It ൴s known that the urban water cycle ൴s less susta൴nable thanks to 

൴mperv൴ous surfaces. In th൴s case, plann൴ng strateg൴es of urban areas come to the fore to 

ensure water management. 
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The relat൴ve ൴mportance of the ൴ndependent var൴ables on per cap൴ta water 

consumpt൴on ൴s average household s൴ze, h൴gher educat൴on graduate populat൴on rat൴o, 

elderly populat൴on rat൴o, square meter sales pr൴ce, and ൴mperv൴ous surface rat൴o. 

Understand൴ng the relat൴onsh൴ps between the dependent and ൴ndependent var൴ables ൴s 

cruc൴al for urban water demand management, as ൴t allows pol൴cymakers and water 

resource managers to recogn൴ze the key factors affect൴ng water consumpt൴on and adopt 

focused pol൴c൴es toward susta൴nable water use. 
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CHAPTER 6  

CONCLUSION 

Th൴s study ൴nvest൴gates the factors determ൴n൴ng per cap൴ta water consumpt൴on ൴n 

11 d൴str൴cts of the İzm൴r Metropol൴tan Area, focus൴ng on the global water scarc൴ty caused 

by cl൴mate change and urban൴zat൴on. The research employed spat൴al and stat൴st൴cal analys൴s 

and model൴ng approaches to uncover complex spat൴al patterns of ne൴ghborhood 

character൴st൴cs and per cap൴ta water consumpt൴on.  

Reg൴ons character൴zed by h൴gh per cap൴ta water consumpt൴on, referred to as 

"hotspots," have been l൴nked to h൴gher populat൴on dens൴ty, h൴gher elderly people, low 

ch൴ld-woman rat൴o, h൴gher educat൴on and h൴gh-൴ncome levels, and h൴gher ൴mperv൴ous 

surfaces. In contrast, reg൴ons character൴zed by low per cap൴ta water consumpt൴on, referred 

to as "coldspots," are character൴zed by a lower populat൴on dens൴ty, h൴gher ch൴ldren 

populat൴on, lower educat൴onal level, lower ൴ncome levels, h൴gher ch൴ld-woman rat൴o, and 

low ൴mperv൴ous surfaces.  

The correlat൴on analys൴s revealed that per cap൴ta water consumpt൴on ൴s assoc൴ated 

w൴th var൴ous demograph൴c, soc൴oeconom൴c, and urban var൴ables, ൴nclud൴ng ch൴ldren 

populat൴on, elderly populat൴on, h൴gher educat൴on graduate populat൴on, ൴ncome level, and 

൴mperv൴ous surface. F൴nally, th൴s study determ൴ned the ൴mportance of the var൴ables 

affect൴ng per cap൴ta water consumpt൴on by mult൴ple l൴near regress൴on analys൴s. The study 

found that average household s൴ze, h൴gh educat൴on level, elderly populat൴on, h൴gh-൴ncome 

level, and ൴mperv൴ous surface var൴ables ൴nfluenced per cap൴ta water consumpt൴on. The 

study's f൴nd൴ngs can gu൴de pol൴cymakers ൴n urban water demand management stud൴es and 

contr൴bute to the understand൴ng of water consumpt൴on patterns and the൴r dr൴vers for 

eff൴c൴ent resource management. 

Dec൴s൴on-makers can ൴mplement targeted water conservat൴on ൴n൴t൴at൴ves ൴n urban 

areas w൴th h൴gh soc൴oeconom൴c status and h൴gher water consumpt൴on. 

 İzm൴r Metropol൴tan Mun൴c൴pal൴ty and İzm൴r Water and Sewerage 

Adm൴n൴strat൴on, ൴n cooperat൴on, may ൴ntroduce ൴ntell൴gent water meter൴ng 
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systems that prov൴de real-t൴me water usage feedback to wealthy 

ne൴ghborhood res൴dents. 

 Publ൴c awareness campa൴gns focus൴ng on water conservat൴on's 

env൴ronmental and econom൴c benef൴ts can be expl൴c൴tly organ൴zed ൴n these 

areas. It ൴s ൴mportant to create a mult൴-stakeholder process ൴n carry൴ng out 

awareness campa൴gns. Therefore, d൴str൴ct mun൴c൴pal൴t൴es and ne൴ghborhood 

headmen can be ൴ncluded ൴n the process. Collaborat൴ng w൴th commun൴ty 

leaders and ൴nfluencers ൴n these affluent ne൴ghborhoods can enhance the 

effect൴veness of awareness campa൴gns and encourage res൴dents to 

part൴c൴pate act൴vely ൴n susta൴nable water management pract൴ces.  

 Local pol൴c൴es m൴ght ൴ncent൴v൴ze the ൴nstallat൴on of water-eff൴c൴ent 

appl൴ances. 

Implement൴ng these strateg൴es can reduce water consumpt൴on ൴n urban areas w൴th 

h൴gher soc൴oeconom൴c status. 

Var൴ous c൴t൴es worldw൴de have ൴mplemented strateg൴es to address h൴gh water 

consumpt൴on. Water agenc൴es have ൴ntroduced t൴ered pr൴c൴ng structures ൴n c൴t൴es l൴ke Los 

Angeles, Cal൴forn൴a, and consumers pay h൴gher rates for excess൴ve water use106. Th൴s 

encourages more respons൴ble water usage and d൴scourages wasteful pract൴ces. In 

S൴ngapore, PUB, the nat൴onal water body of S൴ngapore, launched a water conservat൴on 

൴n൴t൴at൴ve called Water Eff൴c൴ent Homes, a൴med at ass൴st൴ng people ൴n conserv൴ng water and 

reduc൴ng the൴r water expenses. In conjunct൴on w൴th ൴ts 3P partnersh൴p strategy, wh൴ch 

൴ncludes c൴t൴zens, grassroots leaders, and volunteers, the organ൴zat൴on promotes water 

eff൴c൴ency among res൴dents by encourag൴ng the ൴nstallat൴on of water-sav൴ng equ൴pment and 

the adopt൴on of water-sav൴ng behav൴ors.  Mob൴le d൴splays were establ൴shed to ൴nform and 

show locals the eff൴cacy of water-sav൴ng gadgets and the process of ൴nstall൴ng them107.

Target 155 a൴ms to reduce Melbourne's water consumpt൴on and average ൴nd൴v൴dual 

consumpt൴on. The campa൴gn was des൴gned ൴n collaborat൴on w൴th the mun൴c൴pal൴ty and 

water compan൴es to educate Melbourne res൴dents about us൴ng water eff൴c൴ently108. These 

examples showcase d൴verse approaches that comb൴ne pr൴c൴ng mechan൴sms, commun൴ty 

engagement, and technology to address water consumpt൴on patterns ൴n affluent 

ne൴ghborhoods. 
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It has been found that ൴mperv൴ous surfaces ൴ncrease water consumpt൴on. Urban 

planners and local governments can work to reduce the ൴mpact of ൴mperv൴ous surfaces on 

water consumpt൴on and promote susta൴nable urban development pract൴ces by adopt൴ng a 

comb൴nat൴on of the follow൴ng measures: 

 Develop൴ng green areas, parks, and permeable surfaces can be encouraged to 

൴ncrease natural water absorpt൴on. Green ൴nfrastructure helps reduce runoff and 

supports groundwater recharge. In Melbourne, Austral൴a, the permeab൴l൴ty of the 

urban env൴ronment was ൴ncreased by replac൴ng ൴mperv൴ous surfaces w൴th 

permeable surfaces. At the same t൴me, regulat൴ons have been made ൴n urban areas 

൴n order to contr൴bute pos൴t൴vely to the water cycle ൴n Melbourne109. However, 

drought-res൴stant landscap൴ng pract൴ces, such as those ൴n Los Angeles, USA, can 

be ൴mplemented ൴n green area arrangements110. Thus, outdoor water use has not 

൴ncreased. 

 It can be ൴mplemented low-൴mpact development techn൴ques (LID) such as ra൴n 

gardens, permeable pavements, and green roofs that can be ൴ncorporated ൴nto 

urban plann൴ng and development110. These pract൴ces help manage stormwater 

locally, help൴ng to prevent excess൴ve runoff. The ra൴nwater collect൴on method ൴s 

also supported to prevent surface runoff on ൴mperv൴ous surfaces such as asphalt or 

concrete floors111. Many states ൴n the Un൴ted States ൴nform adm൴n൴strators and the 

publ൴c by organ൴z൴ng gu൴del൴nes, tra൴n൴ng programs, and funds to d൴ssem൴nate LID  

techn൴ques. W൴despread ൴mplementat൴on of LID pract൴ces pos൴t൴vely affects 

ra൴nwater retent൴on, catchment hydrology, and water qual൴ty112. 

 Zon൴ng regulat൴ons that l൴m൴t the extent of ൴mperv൴ous surfaces ൴n construct൴on 

projects may be ൴mplemented. Adopt൴ng urban des൴gn pr൴nc൴ples that pr൴or൴t൴ze 

permeab൴l൴ty can m൴t൴gate the adverse effects of water consumpt൴on. Local 

governments have developed ൴mperv൴ous surface regulat൴ons to m൴t൴gate the 

negat൴ve ൴mpacts of urban൴zat൴on on water resources. These restr൴ct൴ons l൴m൴t the 

percentage of ൴mperv൴ous surfaces w൴th൴n the total s൴te area113. These restr൴ct൴ons, 

typ൴cally ൴n the form of zon൴ng codes, a൴m to preserve a relat൴vely h൴gh level of 

water absorpt൴on by requ൴r൴ng developers to m൴n൴m൴ze the amount of ൴mperv൴ous 

surface area. 

The f൴nd൴ngs have academ൴c and pract൴cal s൴gn൴f൴cance, prov൴d൴ng valuable 

൴ns൴ghts for pol൴t൴c൴ans and urban planners manag൴ng water resources susta൴nably. Th൴s 



78 

study a൴ms to lay the foundat൴on for spec൴f൴c ൴ntervent൴ons and pol൴c൴es by ൴nclud൴ng the 

spat൴al d൴mens൴on and understand൴ng the var൴ous factors affect൴ng water consumpt൴on. 

Urban areas are ൴ntr൴cate systems ൴n wh൴ch water ൴s a scarce and ൴nd൴spensable resource, 

and ൴ts effect൴ve management ൴s cruc൴al for the welfare of people. Ga൴n൴ng ൴ns൴ght ൴nto the 

var൴ables that ൴nfluence water consumpt൴on ൴s valuable for eff൴c൴ent urban plann൴ng as ൴t 

enables the development of ൴nformed pol൴c൴es and plans. Furthermore, ൴dent൴fy൴ng 

൴nfluent൴al elements guarantees the long-term ut൴l൴zat൴on of water resources and a൴ds ൴n 

develop൴ng res൴l൴ent and flex൴ble urban des൴gns cons൴der൴ng the fluctuat൴ng factors of 

populat൴on, soc൴oeconom൴c cond൴t൴ons, and urban൴zat൴on. 

Future research can exam൴ne the var൴ables affect൴ng water consumpt൴on accord൴ng 

to d൴fferent character൴st൴cs by expand൴ng the geograph൴cal scope of the study ൴f a healthy 

and complete data set ൴s created. By add൴ng rural ne൴ghborhoods to the scope of the study, 

water consumpt൴on trends of urban and rural ne൴ghborhoods can be ൴nvest൴gated. By 

apply൴ng Geograph൴cally We൴ghted Regress൴on Analys൴s as a method, the relat൴onsh൴p 

between the spat൴al character൴st൴cs of ne൴ghborhoods and the factors affect൴ng water 

consumpt൴on can be exam൴ned ൴n deta൴l. Add൴t൴onally, ൴f a healthy and complete data set 

൴s created ൴n the ne൴ghborhoods where urban sprawl ൴s seen, the effect of urban sprawl on 

water consumpt൴on can be exam൴ned. 

 

 

 

 

 

 

 

 

 



79  

REFERENCES 

 

 
(1) Dash, D. K. 22 of India’s 32 big cities face water crisis. The Times of India, 2013. 

(2) UN-Water. The United Nations World Water Development Report 2023 

Partnerships and Cooperation for Water; 2023. 

(3) Falkenmark, M.; Widstrand, C. Population and Water Resources: A Delicate 

Balance; Washington, USA, 1992. 

https://www.researchgate.net/publication/11109640. 

(4) Devlet Su İşleri Genel Müdürlüğü. Toprak Su Kaynakları. 

https://www.dsi.gov.tr/Sayfa/Detay/754. (accessed 20.10.2023). 

(5) Aqueduct. Water Risk Atlas. World Resources Institute. 

https://www.wri.org/applications/aqueduct/water-risk-atlas. (accessed 12.09.2023) 

(6) Brown, T. C.; Mahat, V.; Ramirez, J. A. Adaptation to Future Water Shortages in 

the United States Caused by Population Growth and Climate Change. Earths 

Future 2019, 7 (3), 219–234. https://doi.org/10.1029/2018EF001091. 

(7) Foti, R.; Ramirez, J. A.; Brown, T. C. A Probabilistic Framework for Assessing 

Vulnerability to Climate Variability and Change: The Case of the US Water Supply 

System. Clim. Change 2014, 125 (3–4), 413–427. https://doi.org/10.1007/s10584- 

014-1111-6. 

(8) İzmir Development Agency. Green Transformation and Blue Opportunities For 

İzmir; 2022. 

(9) IZSU. Hizmet Alanımız ve Su Kaynaklarımız. https://www.izsu.gov.tr/tr 

/TesisDetay/1/38/2. (accessed 08.10.2023) 

(10) Ergin, Ş.; Sılaydın, M. B.; Efe, M. İzmir İli Metropolitan Alanı Dahilinde Yerleşime 

Açılmış Ya Da Açılmakta Olan Kentsel Mekânların, Su Kaynaklarını Kullanımına 

Yönelik Mevcut Durumlarının Ve Olası Yönlenmelerinin Saptanması. DEÜ 

Mimarlık Fakültesi, 2001. 

(11) T.C. Çevre, Şehircilik Ve İklim Değişikliği Bakanliği Resmi İstatistikler 

Meteoroloji Genel Müdürlüğü. https://www.mgm.gov.tr/veridegerlendirme/il-ve- 

ilceler-istatistik.aspx?m=IZMIR. (accessed 07.10.2023) 

(12) WWF. Su Kıtlığı Kapımızda! WWF. March 22, 2023. 

(13) Chakkaravarthy, D. N.; Balakrishnan, T. Water Scarcity- Challenging the Future. 

International Journal of Agriculture, Environment and Biotechnology 2019, 12 (3), 

187–193. 

(14) Aliağaoğlu, A.; Mirioğlu, G. Water Consumption in Balıkesir City: A Geographical 

Approach. Turkish Journal of Geographical Sciences 2019, 17 (2), 260–280. 

https://doi.org/10.33688/aucbd. 

(15) Steduto, P.; Faurès, J.-Marc.; Hoogeveen, Jippe.; Winpenny, J. T.; Burke, J. J. 

Coping with Water Scarcity: An Action Framework for Agriculture and Food 

Security; Food and Agriculture Organization of the United Nations, 2012. 

http://www.researchgate.net/publication/11109640
http://www.researchgate.net/publication/11109640
http://www.researchgate.net/publication/11109640
http://www.researchgate.net/publication/11109640
http://www.dsi.gov.tr/Sayfa/Detay/754
http://www.dsi.gov.tr/Sayfa/Detay/754
http://www.dsi.gov.tr/Sayfa/Detay/754
http://www.wri.org/applications/aqueduct/water-risk-atlas
http://www.wri.org/applications/aqueduct/water-risk-atlas
http://www.izsu.gov.tr/tr
http://www.mgm.gov.tr/veridegerlendirme/il-ve-
http://www.mgm.gov.tr/veridegerlendirme/il-ve-
http://www.mgm.gov.tr/veridegerlendirme/il-ve-


80  

(16) Kindler, J.; Russell, C. S. Methodological Framework. In Modelling Water 

Demands; Kindler, J., Russell, C. S., Eds.; Academic Press: London, 1984; pp 25– 

50. 

(17) Adamowski, J.; Chan, H.; Prasher, S.; Ozga-Zielinski, B.; Sliusarieva, A. 

Comparison of Multiple Linear and Nonlinear Regression, Autoregressive 

Integrated Moving Average, Artificial Neural Network, and Wavelet Artificial 

Neural Network Methods for Urban Water Demand Forecasting in Montreal, 

Canada. Water Resour Res 2012, 48,   1528. 

https://doi.org/10.1029/2010WR009945. 

(18) Kuzma, S.; Bierkens, M. F. P.; Lakshman, S.; Luo, T.; Saccoccia, L.; Sutanudjaja, 

E. H.; Beek, R. Van. Aqueduct 4.0: Updated Decision-Relevant Global Water Risk 

Indicators; 2023. 

(19) UN-Water. Coping with water scarcity: Challenge of the twenty-first century; 2007. 

(20) International Water Management Institute. Water for Food, Water for Life : A 

Comprehensive Assessment of Water Management in Agriculture; Earthscan, 2007. 

(21) Seckler, D. W.; International Water Management Institute. World Water Demand 

and Supply, 1990 to 2025: Scenarios and Issues; International Water Management 

Institute, 1998. 

(22) Falkenmark, M. The Massive Water Scarcity Now Threatening Africa: Why Isn’t 

It Being Addressed? Ambio 1989, 18 (2), 112–118. 

(23) European Environment Agency. Environment in the European Union at the Turn 

of the Century. 1999. 

(24) Domene, E.; Saurí, D. Urbanisation and Water Consumption: Influencing Factors 

in the Metropolitan Region of Barcelona. Urban Studies 2006, 43 (9), 1605–1623. 

https://doi.org/10.1080/00420980600749969. 

(25) UNDESA (United Nations Department of Economic and Social Affairs). World 

Urbanization Prospects The 2018 Revision; New York, 2019. 

(26) C40 Cities. Restoring the flow. 

(27) Fan, L.; Gai, L.; Tong, Y.; Li, R. Urban Water Consumption and Its Influencing 

Factors in China: Evidence from 286 Cities. J Clean Prod 2017, 166, 124–133. 

https://doi.org/10.1016/J.JCLEPRO.2017.08.044. 

(28) Kostas, B.; Chrysostomos, S. Estimating Urban Residential Water Demand 

Determinants and Forecasting Water Demand for Athens Metropolitan Area, 2000- 

2010. South-Eastern Europe Journal of Economics 2006. 

(29) Mazzanti, M.; Montini, A. The Determinants of Residential Water Demand: 

Empirical Evidence for a Panel of Italian Municipalities. Appl. Econ. Lett. 2006, 

13 (2), 107–111. https://doi.org/10.1080/13504850500390788. 

(30) Morote, Á. F.; Hernández, M. Urban Sprawl and Its Effects on Water Demand: A 

Case Study of Alicante, Spain. Land use policy 2016, 50, 352–362. 

https://doi.org/10.1016/j.landusepol.2015.06.032. 



81  

(31) Koegst, T.; Tr¨anckner, J.; Franz, T.; Krebs, P. Multi-Regression Analysis in 

Forecasting Water Based on Population Age Structure. In 11th International 

Conference on Urban Drainage; Edinburgh, Scotland, UK, 2008; pp 1–10. 

(32) Yurdusev, M. A.; Firat, M. Adaptive Neuro Fuzzy Inference System Approach for 

Municipal Water Consumption Modeling: An Application to Izmir, Turkey. J 

Hydrol (Amst) 2009, 365 (3–4), 225–234. 

https://doi.org/10.1016/J.JHYDROL.2008.11.036. 

(33) Ashoori, N.; Dzombak, D. A.; Small, M. J. Identifying Water Price and Population 

Criteria for Meeting Future Urban Water Demand Targets. J Hydrol. (Amst) 2017, 

555, 547–556. https://doi.org/10.1016/J.JHYDROL.2017.10.047. 

(34) Brentan, B. M.; Meirelles, G.; Herrera, M.; Luvizotto, E.; Izquierdo, J. Correlation 

Analysis of Water Demand and Predictive Variables for Short-Term Forecasting 

Models. Math Probl. Eng. 2017, 2017. https://doi.org/10.1155/2017/6343625. 

(35) Cochran, R.; Cotton, A. W. Municipal Water Demand Study, Oklahoma City and 

Tulsa, Oklahoma; 1985; Vol. 21. 

(36) Arbués, F.; García-Valiñas, M. Á.; Martínez-Espiñeira, R. Estimation of 

Residential Water Demand: A State-of-the-Art Review. J Socio Econ 2003, 32 (1), 

81–102. https://doi.org/10.1016/S1053-5357(03)00005-2. 

(37) Dandy, G.; Nguyen, T.; Davies, C. Estimating Residential Water Demand in the 

Presence of Free Allowances. Land Econ. 1997, 125–139. 

https://doi.org/https://doi.org/10.2307/3147082. 

(38) Flores, N. E.; Carson, R. T. The Relationship between the Income Elasticities of 

Demand and Willingness to Pay*; 1997; Vol. 33. 

(39) Chicoine, D. L.; Ganapathi Ramamurthy. Evidence on the Specification of Price in 

the Study of Domestic Water Demand. Land Econ. 1986, 26–32. 

https://doi.org/https://doi.org/10.2307/3146560. 

(40) Höglund, L. Household Demand for Water in Sweden with Implications of a 

Potential Tax on Water Use. Water Resour. Res. 1999, 35 (12), 3853–3863. 

https://doi.org/10.1029/1999WR900219. 

(41) Nieswiadomy, M.; Cobb, S. L. Impact of Pricing Structure Selectivity on Urban 

Water Demand. Contemp. Econ. Policy 1993, 11 (3), 101–113. 

https://doi.org/https://doi.org/10.1111/j.1465-7287.1993.tb00395.x. 

(42) Renwick, M. E.; Archibald, S. O. Demand Side Management Policies for 

Residential Water Use: Who Bears the Conservation Burden? Land Econ 1998, 74 

(3), 343–359. https://doi.org/10.2307/3147117. 

(43) Worthington, A. C.; Hoffman, M. An Empirical Survey of Residential Water 

Demand Modelling. J. Econ. Surv. 2008, 22 (5), 842–871. 

https://doi.org/https://doi.org/10.1111/j.1467-6419.2008.00551.x. 

(44) Flörke, M.; Alcamo, J. European Outlook on Water Use. 2004. 

(45) Billings, R. B.; Agthe, D. E. State-Space versus Multiple Regression for 

Forecasting Urban Water Demand. J Water Resour. Plan. Manag. 1998, 124 (2), 

113–117. https://doi.org/10.1061/(ASCE)0733-9496(1998)124:2(113). 



82  

(46) Flack, J. E.; Greenberg, J. Public Attitudes Toward Water Conservation. Journal 

AWWA 1987, 79 (3), 46–51. https://doi.org/https://doi.org/10.1002/j.1551- 

8833.1987.tb02814.x. 

(47) Berk, R.; Schulman, D.; McKeever, M.; Freeman, H. Measuring the Impact of 

Water Conservation Campaigns in California. Clim. Change 1993, 24, 233–248. 

https://doi.org/10.1007/BF01091831. 

(48) De Oliver, M. Attitudes and Inaction. A Case Study of the Manifest Demographics 

of Urban Water Conservation. Environ. Behav. 1999, 31 (3), 372–394. 

https://doi.org/10.1177/00139169921972155. 

(49) Işık, O. Residential Segregation in a Highly Unequal Society: Istanbul in the 2000s. 

In Urban Socio-Economic Segregation and Income Inequality: A Global 

Perspective; van Ham, M., Tammaru, T., Ubarevičienė, R., Janssen, H., Eds.; 

Springer International Publishing: Cham, 2021; pp 293–309. 

https://doi.org/10.1007/978-3-030-64569-4_15. 

(50) Arbués, F.; Villanúa, I.; Barberán, R. Household Size and Residential Water 

Demand: An Empirical Approach. Australian Journal of Agricultural and 

Resource Economics – Aust. J. Agric. Resour. Econ. 2010, 54, 61–80. 

https://doi.org/10.1111/j.1467-8489.2009.00479.x. 

(51) Wentz, E. A.; Gober, P. Determinants of Small-Area Water Consumption for the 

City of Phoenix, Arizona. Water Resources Management 2007, 21 (11), 1849– 

1863. https://doi.org/10.1007/s11269-006-9133-0. 

(52) Mazzanti, M.; Montini, A.; Mazzanti , M. The Determinants of Residential Water 

Demand Empirical Evidence for a Panel of Italian Municipalities NRM-Natural 

Resources Management the Determinants of Residential Water Demand Empirical 

Evidence for a Panel of Italian Municipalities; 2005. 

http://ssrn.com/abstract=670234. 

(53) Öztürk, Y.; Kılınç, H.Ç.; Abama, H.İ. Kilis’te Konutsal Su Tüketimini Etkileyen 

Faktörler. Journal of Engineering Sciences and Design 2023, 11 (3), 939–956. 

(54) Fox, C.; McIntosh, B. S.; Jeffrey, P. Classifying Households for Water Demand 

Forecasting Using Physical Property Characteristics. Land use policy 2009, 26 (3), 

558–568. https://doi.org/10.1016/J.LANDUSEPOL.2008.08.004. 

(55) Ghavidelfar, S.; Shamseldin, A. Y.; Melville, B. W. A Multi-Scale Analysis of 

Single-Unit Housing Water Demand Through Integration of Water Consumption, 

Land Use and Demographic Data. Water Resources Management 2017, 31 (7), 

2173–2186. https://doi.org/10.1007/s11269-017-1635-4. 

(56) Troy, P.; Holloway, D. The Use of Residential Water Consumption as an Urban 

Planning Tool: A Pilot Study in Adelaide. Journal of Environmental Planning and 

Management 2004, 47 (1), 97–114. 

https://doi.org/10.1080/0964056042000189826. 

(57) Western Resource Advocates. Water A Comparative Study of Urban Water Use 

Efficiency Across the Southwest; 2003. www.westernresourceadvocates.org. 

(58) Allen, E. Measuring the Environmental Footprint of the New Urbanism. New 

Urban News 1999, 4, 16–18. 

http://ssrn.com/abstract%3D670234
http://www.westernresourceadvocates.org/


83  

(59) Vidal, M.; Domene, E.; Sauri, D. Changing Geographies of Water-Related 

Consumption: Residential Swimming Pools in Suburban Barcelona. Area 2011, 43 

(1), 67–75. 

(60) Heidari, H.; Arabi, M.; Warziniack, T.; Sharvelle, S. Effects of Urban Development 

Patterns on Municipal Water Shortage. Frontiers in Water 2021, 3. 

https://doi.org/10.3389/frwa.2021.694817. 

(61) Yagoub, M. M. Parks in Al Ain, UAE: Geographical Distribution, Opportunities, 

and Challenges; 2014; Vol. 17. 

(62) House-Peters, L.; Pratt, B.; Chang, H. Effects of Urban Spatial Structure, 

Sociodemographics, and Climate on Residential Water Consumption in Hillsboro, 

Oregon. JAWRA Journal of the American Water Resources Association 2010, 46, 

461–472. https://doi.org/10.1111/j.1752-1688.2009.00415.x. 

(63) Yang, Z.; Li, B.; Wu, H.; Li, M.; Fan, J.; Chen, M.; Long, J. Water Consumption 

Prediction and Influencing Factor Analysis Based on PCA-BP Neural Network in 

Karst Regions: A Case Study of Guizhou Province. Environmental Science and 

Pollution Research 2023, 30 (12), 33504–33515. https://doi.org/10.1007/s11356- 

022-24604-2. 

(64) Ioannou, A. E.; Creaco, E. F.; Laspidou, C. S. Exploring the Effectiveness of 

Clustering Algorithms for Capturing Water Consumption Behavior at Household 

Level. Sustainability 2021, 13 (5). https://doi.org/10.3390/su13052603. 

(65) Mousi, P.; Bhuvaneswari, V. Urban Water Consumption and Its Influencing Factor 

Identification Using Water Decision Support System. Earth and Environmental 

Science 2021, 1–7. https://doi.org/10.1088/1755-1315/822/1/012050. 

(66) Rahim, M. S.; Nguyen, K. A.; Stewart, R. A.; Ahmed, T.; Giurco, D.; Blumenstein, 

M. A Clustering Solution for Analyzing Residential Water Consumption Patterns. 

Knowl Based Syst. 2021, 233, 107522. 

https://doi.org/https://doi.org/10.1016/j.knosys.2021.107522. 

(67) O’Brien, D.; Scott Sharkey, P. Correlation and Regression. In Correlation and 

Regression; Oak Tree Press., 2012. 

(68) Monks, J. G. İşlemler Yönetimi Teori ve Problemler; Nobel Yayın Dağıtım: Ankara, 

1996. 

(69) Tekin, V. N. SPSS Uygulamalı İstatistik Teknikleri; Seçkin Yayıncılık: Ankara, 

2009. 

(70) Hauke, J.; Kossowski, T. Comparison of Pearson’s and Spearman’s Correlation 

Coefficients on the Same Sets of Data. Quaestiones Geographicae 2011, 30, 87– 

93. 

(71) Senthilnathan, S. Usefulness of Correlation Analysis. SSRN Electronic Journal 

2019. https://doi.org/10.2139/ssrn.3416918. 

(72) Bevans, R. Multiple Linear Regression | A Quick Guide (Examples). Scribbr 2023. 

(73) Taylor, S. Multiple Linear Regression. CFI. 2023. 



84  

(74) Engle, R. F. A General Approach to Lagrange Multiplier Model Diagnostics. 

Journal of Econometrics 1982, 20, 83–104. 

(75) Gupta, M.; Aggarwal, N. Classification Techniques Analysis. National Conference 

on Computational Instrumentation 2010, 128–131. 

(76) IBM. Supervised vs. Unsupervised Learning: What’s the Difference?2021. 

(77) Harder, C.; Clint, B. The ArcGIS Book 10 Big Ideas About Applying the Science of 

Where; Esri Press, 2017. 

(78) O’Sullivan, D.; Unwin, D. Geographic Information Analysis; 2003. 

(79) Tobler, W. R. A Computer Movie Simulating Urban Growth in the Detroit Region. 

Econ Geogr 1970, 46, 234–240. https://doi.org/10.2307/143141. 

(80) Anselin, L. Local Indicators of Spatial Association—LISA. Geogr Anal 1995, 27 

(2), 93–115. https://doi.org/https://doi.org/10.1111/j.1538-4632.1995.tb00338.x. 

(81) ESRİ. How Spatial Autocorrelation: Moran’s I (Spatial Statistics) works. ArcGIS 

Desktop. https://pro.arcgis.com/en/pro-app/3.1/tool-reference/spatial-statistics/h- 

how-spatial-autocorrelation-moran-s-i-spatial-st.htm#:~:text=The%20Spatial%20 

Autocorrelation%20(Global%20Moran's,clustered%2C%20dispersed%2C%20or 

%20random. (accessed 17.10.2023). 

(82) Anselin, L. Thirty Years of Spatial Econometrics. Papers in Regional Science 

2010, 89 (1), 3–25. 

(83) Emrehan, A. F.; Yıldız, D.; Güneş, M. Ş. A Spatio-Temporal Approach to National 

Natural Resources: The Change of Provincial Water Use Over Turkey. Sigma 

Journal of Engineering and Natural Sciences 2018, 36 (2), 539–551. 

(84) Fletcher, T.; Deletic, A. Data Requirements for Integrated Urban Water 

Management; Fletcher, T., Deletic, A., Eds.; CRC Press: London, 2008. 

(85) Brooks, D. B. An Operational Definition of Water Demand Management. Water 

Resources Development 2006, 22 (4), 521–528. 

(86) Brandes, O. M.; Maas, T. Developing Water Sustainability Through Urban Water 

Demand Management. The Polis Project on Ecological Governance 2004, 1–55. 

(87) Gleick, P. The Changing Water Paradigm — A Look at Twenty-First Century Water 

Resources Development. Water International - WATER INT 2000, 25, 127–138. 

https://doi.org/10.1080/02508060008686804. 

(88) Sharma, S. K.; Vairavamoorthy, K. Urban Water Demand Management: Prospects 

and Challenges for the Developing Countries. Water and Environment Journal 

2009, 210–218. 

(89) Rathnayaka, K.; Maheepala, S.; Nawarathna, B.; George, B.; Malano, H.; Arora, 

M.; Roberts, P. Factors Affecting the Variability of Household Water Use in 

Melbourne, Australia. Resour. Conserv. Recycl. 2014, 92, 85–94. 

https://doi.org/10.1016/J.RESCONREC.2014.08.012. 

(90) Mohamed, A. S.; Savenije, H. H. G. Water Demand Management: Positive 

Incentives, Negative Incentives or Quota Regulation? Physics and Chemistry of the 



85  

Earth, Part B: Hydrology, Oceans and Atmosphere 2000, 25 (3), 251–258. 

https://doi.org/https://doi.org/10.1016/S1464-1909(00)00012-5. 

(91) Kampragou, E.; Lekkas, D.; Assimacopoulos, D. Water Demand Management: 

Implementation Principles and Indicative Case Studies. Water and Environment 

Journal 2011, 25, 466–476. https://doi.org/10.1111/j.1747-6593.2010.00240.x. 

(92) Mishra, B. K.; Chakraborty, S.; Kumar, P.; Saraswat, C. Urban Water Demand 

Management. In Sustainable Solutions for Urban Water Security; Springer 

International Publishing, 2020; pp 41–57. https://doi.org/10.1007/978-3-030- 

53110-2_3. 

(93) İçişleri Bakanlığı. https://www.e-icisleri.gov.tr/Anasayfa/MulkiIdariBolumleri. 

aspx. (accessed 23.10.2023) 

(94) Izmir Development Agency. 2014-2023 Izmir Regional Plan; 2015. 

(95) Açık Veri Portalı. https://acikveri.bizizmir.com/dataset/yillik-ilce-ve-mahalle- 

bazli-su-tuketim-miktarlari. (accessed 01.09.2023) 

(96) Xu, H. Analysis of Impervious Surface and Its Impact on Urban Heat Environment 

Using the Normalized Difference Impervious Surface Index (NDISI). Photogramm 

Eng. Remote Sensing 2010, 76, 557–565. https://doi.org/10.14358/PERS.76.5.557. 

(97) Xu, H. Modification of Normalized Difference Water Index (NDWI) to Enhance 

Open Water Features in Remotely Sensed Imagery. Int. J. Remote Sens. 2006, 27, 

3025–3033. https://doi.org/10.1080/01431160600589179. 

(98) Zha, Y.; Gao, J.; Ni, S. Use of Normalized Difference Built-up Index in 

Automatically Mapping Urban Areas from TM Imagery. 2003, 24, 583–594. 

https://doi.org/10.1080/01431160210144570. 

(99) Ratnayake, R. Forest Cover Estimation Using Normalized Difference Vegetation 

Index (NDVI) in Plantation Forest. 2002. https://doi.org/10.1117/12.454191. 

(100) RsLab. https://www.rslab.gr/. (accessed 19.10.2023). 

(101) Milligan,  G.  W. An Algorithm  for  Generating Artificial  Test  Clusters. 

Psychometrika 1985, 50 (1), 123–127. https://doi.org/10.1007/BF02294153. 

(102) Hennig, C.; Viroli, C.; Anderlucci, L. Quantile-Based Clustering. Electron J Stat 

2019, 13, 4849–4883. 

(103) Hair, J.; Black, W.; Babin, B.; Anderson, R. Multivariate Data Analysis: A Global 

Perspective; 2010. 

(104) Nayanajith, G.; Damunupola, A. Relationship of Perceived Behavioral Control and 

Adoption of Internet Banking in the Presence of a Moderator; 2019. 

https://www.researchgate.net/publication/355900281. 

(105) Hair, J.; Anderson, R.; Black, W.; Tatham, R. Multivariate Data Analysis; Prentice 

Hall: New Jersey, 1998. 

(106) Los Angeles County Public Works. 2020 Urban Water Management Plan for Los 

Angeles County Waterworks District No. 40 Antelope Valley; Los Angeles, 2021. 

(107) Kiang, T. T. Singapore’s Experience in Water Demand Management. In Water 

Conservation and Demand Management; 2008. 

http://www.e-icisleri.gov.tr/Anasayfa/MulkiIdariBolumleri
http://www.e-icisleri.gov.tr/Anasayfa/MulkiIdariBolumleri
http://www.rslab.gr/
http://www.rslab.gr/
http://www.rslab.gr/
http://www.rslab.gr/
http://www.researchgate.net/publication/355900281
http://www.researchgate.net/publication/355900281


86  

(108) Haycock, L. Making every drop count with Melbourne’s Target 155 initiative. 

Australian Water. https://www.awa.asn.au/resources/latest-news/making-every- 

drop-count-with-melbournes-target-155-initiative#: ~:text= Target%2015 5% 20ai 

ms%20to%20reduce,litres%20of%20water%20per%20day. 

(accessed 01.11.2023). 

(109) Urban Water. Permeable bluestone pavement. https://urbanwater.melbourne.vic. 

gov.au/projects/permeability-infiltration/permeable-bluestone-pavement/ 

(accessed 01.11.2023). 

(110) Los Angeles City Planning. Historic District Drought-Tolerant Landscape Design 

Handbook. 

(111) Gülgün Aslan, B.; Yazıcı, K. Yeşil Altyapı Sistemlerinde Mevcut Uygulamalar. 

Ziraat Mühendisliği 2016, 31–37. 

(112) Mazzotta, M. J.; Besedin, E.; Speers, A. E. A Meta-Analysis of Hedonic Studies to 

Assess the Property Value Effects of Low Impact Development. Resources 2014, 

3 (1), 31–61. https://doi.org/10.3390/resources3010031. 

(113) Arnold Jr., C. L.; Gibbons, C. J. Impervious Surface Coverage: The Emergence of 

a Key Environmental Indicator. Journal of the American Planning Association 

1996, 62 (2), 243–258. https://doi.org/10.1080/01944369608975688. 

http://www.awa.asn.au/resources/latest-news/making-every-

	10607165
	000



