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Summary 

The availability of freshwater resources is critical to daily life. Although only 10% of freshwater 

resources are utilized globally, many regions are currently suffering from water scarcity. Climate change 

and socioeconomic developments are expected to increase the pressure on freshwater resources 

regionally and to further aggravate water scarcity globally. The effects of water scarcity are widespread: 

crop failures, food shortages, and famines; the economic losses that arise as a result of the disruption of 

business activities; and the degradation of terrestrial and aquatic ecosystems, among others. As a result, 

water scarcity is one of the three global risks that are of highest concern and water scarcity is expected 

to become one of the most significant environmental issues in the near future. Thus, an urgent need 

exists to develop effective adaptation strategies for coping with water scarcity. In order to make sound 

decisions, water managers need to have a well-rounded understanding of the factors that determine the 

occurrence and severity of water scarcity on both the global and regional scales and must comprehend 

the forces and mechanisms that drive water scarcity and its impacts. This requires accurate models and 

methods for assessing water scarcity and its drivers at the global and regional levels. Therefore, the main 

aim of this thesis is to improve the general understanding of water scarcity, its underlying mechanisms, 

and its impact, both historically and in the future. In doing so, this thesis has the objective to disentangle 

and determine the influence of different socioeconomic and hydro-climatic drivers on (changes in) water 

scarcity in both historical and future time periods. Moreover, this thesis aims to both evaluate the 

existing models, data-sets, and indicators and to develop new ones for identifying current and future 

water scarcity hotspots, assessing water scarcity risks, and detecting changes, and representing the 

impacts of socioeconomic and hydro-climatic influences on the hydrological cycle. In order to fulfill 

these objectives, the following five research questions are formulated:  

1) How well are global models able to reflect the variability of, and changes in, the availability 

of freshwater resources in both natural and managed regions? 

 

2) How sensitive are assessments of freshwater resources and water scarcity to the choice of 

global model, input data, and water scarcity indicator?  

 

3) What are the (relative) contributions of socioeconomic and hydro-climatic drivers to both 

historical and future changes in the availability of freshwater resources and water scarcity? 

 

4) What improvements can be made to global-scale assessments of water scarcity (risk) by 

means of the (further) development and application of new or existing water scarcity 

indicators? 

 

5) How can the knowledge obtained in this thesis contribute to the identification of effective 

adaptation strategies for coping with water scarcity in both the present and future time 

periods? 
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To facilitate the incorporation of global models and their results in the management of freshwater 

resources and adaptation to water scarcity, it is crucial to validate methods of assessing freshwater 

resources and water scarcity, and to determine their sensitivity to the choice of global model, input data, 

and water scarcity indicator. A systematic comparison of observed and modelled monthly discharges 

over the time period of 1971 to 2010, which is performed in Chapter 2, shows that the inclusion of 

human activities in a modelling scheme significantly improves the ability of global models to estimate 

monthly average discharges and both high- and low-flows correctly. However, the limited representation 

of long-term mean average discharge and hydrological variability in managed basins restricts the overall 

performance of global models, and further improvement of the manner in which human activities are 

included within the modelling framework is needed. Global models are, nevertheless, very applicable 

when representing global trends and patterns. The cross-model comparisons performed in Chapters 3-

6 indicate that the global hotspots of water scarcity, particularly those in Asia, Africa, and the Middle 

East, are generally identified well. Moreover, agreement between these models is found to be high when 

evaluating changes in water scarcity and the mechanisms that underlie these changes. However, regional 

estimates vary significantly between the different models, water scarcity indicators, and forcing data-

sets. Thus, when using global models to develop adaptation measures at the regional scale, a thorough 

calibration and validation procedure, using local observations, is crucial. 

 

Identifying the relative contribution of each driving force to historical and future changes in the 

availability of freshwater resources and water scarcity is key when conducting sound water scarcity 

assessments and in adapting to water scarcity. Chapter 3 shows that, whilst socioeconomic changes are 

generally recognized as the most important driving forces of changes in water scarcity, hydro-climatic 

variability can be held responsible for the largest share of the annual changes in water scarcity. The 

accumulated effects of socioeconomic developments begin to outweigh the effects of hydro-climatic 

variability on water scarcity only after a period of six to ten years under the current conditions. Moving 

from inter-annual to decadal time scales, Chapter 4 shows that both the availability of freshwater 

resources and water scarcity are significantly correlated with El Niño-Southern Oscillation (ENSO) for 

a significant portion of the global land area (>28.1%), with strong correlations in the Midwest and 

Northern America, the Caribbean, Latin America, Southern Africa, Southeast and Central Asia, and the 

Pacific. However, ENSO-driven climate variability alone is often insufficient to trigger the actual 

incidence of water scarcity events. The susceptibility of a region to water scarcity is determined by a 

number of multiple hydro-climatic factors, such as the mean freshwater availability and its variability 

around the mean, as well as the prevailing socioeconomic conditions. Considering future developments, 

Chapter 6 demonstrates that, globally, there will be an overall increase in water scarcity risk (i.e. the 

expected annual exposed population) from 38% under current conditions to 56.2-67.8% by 2080. Whilst 

the influence of population growth is greater than that of climate change on the global scale, there are 

significant variations at the local scale. While demand and population growth aggravate water scarcity, 

the effects of human interventions are not universal. Chapter 5 shows that almost half of the global 

population has experienced significant changes in its access to freshwater resources as a result of human 

interventions between 1971 and 2010. As a result of these interventions, human populations in many 

parts of the world face aggravated water scarcity, particularly in downstream areas. On the other hand, 
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people in other regions, mainly those located upstream, experience alleviated water scarcity. As a result, 

water scarcity tends to travel downstream, becoming more and more apparent in the downstream areas 

of river basins. 

 

This thesis contributes to improving the manner in which water scarcity is assessed by developing and 

applying both new and existing water scarcity indicators. The existing methods for assessing water 

scarcity are improved by including hydro-climatic variability, in concert with the incorporation of climate 

change and socioeconomic developments. This is discussed in Chapter 3, wherein the potential over- 

and underestimations in water scarcity exposure are evaluated; for example when using the long-term 

means instead of yearly estimates. In addition, including seasonality is vital to ensure the correct 

estimation of water scarcity. Chapter 5 shows that clear seasonality exists in several river basins, such as 

the Ganges-Brahmaputra, the Huang He, the Niger, and the Danube; this seasonality can significantly 

influence global estimates of exposure to water scarcity. Furthermore, Chapter 5 indicates that the 

combined implementation of seasonal and monthly variable environmental flow requirements results in 

water scarcity estimates that are more realistic, and significantly lower than the monthly results presented 

in previous studies. In Chapter 6, the first steps are made toward the development of a new framework 

for the assessment of water scarcity risks; this framework integrates the impacts of hydro-climatic 

variability, climate change, and socioeconomic developments on current and future water scarcity 

conditions. A comparison of this new approach to estimating water scarcity risk with assessments that 

follow the conventional method shows differences of up to 50% at the local scale. 

This thesis offers a number of insights that are specifically relevant to the development and 

implementation of water scarcity adaptation strategies. All chapters highlight the importance of a careful 

selection of models and metrics when evaluating the effectiveness of such strategies. Furthermore, by 

using both the Water Scarcity Index (WSI) and the Falkenmark Index (FI) to indicate the degree of 

water scarcity, Chapters 3 and 4 identify regions where either soft demand-side measures or hard supply-

side measures might prove more effective. The Middle East, Australia and the Pacific, and parts of 

western North America are, for example, mainly exposed to water stress, indicating that soft measures 

may be most beneficial in these locations. Hard adaptation strategies, on the other hand, may prove 

more effective in Western Europe and Africa. A specific example of soft adaptation is forecasting on 

seasonal or yearly scales and, based on these forecasts, taking the necessary preparatory risk reduction 

measures. Taking into account regional variation in sensitivity to ENSO-driven climate variability, as 

well as potential exposure to water scarcity (discussed in Chapter 4), may help in the prioritization of 

ex-ante disaster-risk reduction efforts, such as the pre-stocking of food and disaster relief goods or 

taking out insurance based on ENSO indices. Finally, Chapter 6 offers a promising approach to 

achieving greater water security under future conditions. Using the FI, regions that are expected to 

experience shortages of freshwater supplies under certain socioeconomic and hydro-climatic change 

scenarios are identified. With such knowledge, policy makers can decide whether adaptation activities 

will prove most effective in terms of alleviating water scarcity risks at the global, regional, and/or local 

scales. By focusing on risk, Chapter 6 enhances the decision-making process that determines what 

investments should be made in water scarcity adaptation, as risk-based methods are able to anticipate 
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the probability of occurrence, uncertainty, and inter-annual variability of water scarcity events, as well 

as the impact of water scarcity events in terms of exposure and vulnerability. None of these adaptation 

strategies should be implemented in isolation, however, as the consequences of upstream measures and 

activities can be far-reaching in downstream areas. Chapter 5 substantiates this notion and calls for an 

integrated approach that takes the basin-wide impact of adaptation strategies into account and strives 

for optimal allocation of the current and anticipated freshwater resources between all users within a 

catchment area. 

 

The results of this thesis identify various topics that are still underrepresented in global water scarcity 

studies, where significant improvements in the modelling and assessment of water scarcity could be 

made, and the areas that future research should focus on. Several developments will be required in order 

to improve the reliability and representativeness of models, data, and water scarcity indicators. The 

increasing level of detail used in the modelling and evaluation of freshwater resources and water scarcity 

conditions globally requires various improvements to the models and data used in water scarcity 

assessment, such as the inclusion of a comprehensive water demand modelling framework, the inclusion 

of physical and virtual water transfers, and the replacement of various hydrological sub-grid concepts 

by physical representations. Moreover, more research should be done on the representativeness and 

usefulness of global water scarcity indicators. Further inclusion of certain aspects of water quality and 

environmental water needs in water scarcity assessments is another avenue for future research. Being 

able to simulate the feedback linkages between meteorological, hydrological, and socioeconomic 

conditions will become increasingly important in evaluating water scarcity, both currently and in the 

future. More work is required in order to incorporate these feedback linkages into the modelling 

frameworks that are applied in global water scarcity assessments. To date, the (non-)monetary impacts 

of water scarcity have seldom been assessed, despite their importance in quantifying water scarcity risks, 

prioritizing adaptation and risk reduction efforts, and evaluating the efficiency of water scarcity 

adaptation measures. Focusing on the assessment of the (non-)monetary impacts of water scarcity 

should be the principal subject of future research. Although the first steps have been made toward 

representing agents’ bounded-rational behaviour in the modelling and management of freshwater 

resources, the studies performed so far have been fragmented, context-specific, and often focussed on 

a single water user. Future research should therefore attempt to systematically synthesize this scattered 

knowledge into a modelling framework that is capable of reflecting economy-wide behaviour and 

responses. The successful development and application of such a modelling framework, integrating the 

latest insights from the fields of (global) hydrology, risk assessment, and (behavioural) economics, would 

represent a major advancement in water scarcity research; moreover, it would create new avenues for 

further research into the assessment and evaluation of both present-day and future water scarcity, its 

impacts, risks, and potential adaptation strategies, as well as for practical applications at various spatial 

scales. 
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List of symbols and abbreviations 

Water availability and routing parameters 

Q1 High-flow indicator: monthly discharge that is exceeded 1 out of 100 months m3 s-1 

Q99 Low-flow indicator: monthly discharge that is exceeded 99 out of 100 months m3 s-1 

Q Monthly discharge m3 s-1 or m3 month-1 

𝜇 Mean monthly discharge m3 s-1 or m3 month-1 

WA Water availability m3 month-1 

R Redistributed monthly water availability within a large river basin m3 month-1 

EF Environmental flow requirements m3 s-1 or m3 month-1 

MMF Mean monthly water availability m3 s-1 or m3 month-1 

MAF Mean annual water availability m3 s-1 or m3 year-1 

 

 

Water resources indicators 

FI Falkenmark indicator m3 capita-1 year-1 

CWD Cumulative withdrawal to demand ratio dimensionless 

WSI Water scarcity index dimensionless 

WSI-EF Water scarcity index with incorporation of environmental flow requirements dimensionless 

WTA Withdrawal to availability ratio dimensionless 

 

 

Water use parameters 

WW Water withdrawal m3 month-1 

WC Water consumption m3 month-1 

 

 

Miscellaneous 

∆𝐼𝑠𝑜𝑐𝑖𝑜 
Change in water shortage or stress values due to socioeconomic 

developments 
dimensionless 

∆𝐼ℎ𝑐 Change in water shortage or stress values due to hydro-climatic variability dimensionless 

∆𝐼𝐶𝑠𝑜𝑐𝑖𝑜𝑠𝑒𝑐 Change in sectoral water consumption due to socioeconomic developments m3 month-1 

∆𝐼𝐶𝑠𝑜𝑐𝑖𝑜 Change in total water consumption due to socioeconomic developments m3 month-1 

𝑅𝐼𝑠𝑜𝑐𝑖𝑜 
Weighted relative impact of socioeconomic developments on the change in 

shortage and stress values 
% 

𝑅𝐼ℎ𝑐 
Weighted relative impact of hydro-climatic variability on the change in 

shortage and stress values 
% 

𝑅𝐼𝑠𝑜𝑐𝑖𝑜𝑠𝑒𝑐 
Relative change in sectoral water consumption due to socioeconomic 

developments 
% 

𝑅𝐼𝑠𝑠𝑒𝑐_𝑎𝑙𝑙 
Weighted relative impact  of the change in sectoral water consumption on 

changes in water shortage and stress values 
% 

𝑁𝑀𝑠𝑐𝑎𝑟 Number of months with WSI > 1 months 

NEscar Number of water scarcity events  

 

 

Statistical parameters 

KGE* Kling Gupta Efficiency  

rKGE* Kling Gupta Linear correlation coefficient  

βKGE* Kling Gupta Bias ratio  

γKGE* Kling Gupta Variability ratio  

NSE Nash-Sutcliffe coefficient  

p Probability  

𝜎 Standard deviation  
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Subscripts 

s Simulated  

o Observed  

i FPU/grid cell/water province  

j Upstream grid cell  

m Month  

yr Year  

b River basin  

tp Time-slice (period of 30 year)  

rp Return period  

rcp RCP climate change scenario  

ssp SSP socioeconomic development scenario  

r Water consuming sector  

bestoff Best-off estimate  

loc Local  

 

 

Abbreviations 

LSM Land Surface Model  

DVM Dynamic Vegetation Model  

GHM Global Hydrological Model  

GHWM Global Hydrological and Water resources Model  

MIP Model Intercomparison Project  

ENSO El Niño-Southern Oscillation  

EN El Niño  

LN La Niña  

JMA SST Japan Meteorological Agency’s Sea Surface Temperature anomaly index  

GDP Gross Domestic Product  

RCP Representative Concentration Pathway  

SSP Shared Socioeconomic Pathway  

GRDC Global Runoff Data Centre  

GRanD Global Reservoir and Dam database  

n Number  

varsoc Run with time-dependent human influence (also: transient or HI)  

nosoc Run without any human influence (also: naturalized run or NHI)  

NHI Run without any human influence (also: naturalized run or nosoc)  

HI Run with time-dependent human influence (also: transient or varsoc)  

FPU Food Producing Unit  

P Population  

LULCC Land Use and Land Cover Change  

GCM General Circulation Model  

EA-EP Expected Annual Exposed Population  

M-EP Mean Annual Exposed Population  

SL Storyline  
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1.1 Context 

The availability of freshwater resources is pivotal in daily life, as it is used to feed populations, to drive 

local and global economies, and to sustain terrestrial and aquatic habitats (Postel, 2000). Although water 

is abundant globally, much of it is not directly available for human use nor environmental needs. 

Freshwater resources are not evenly distributed across the globe, and the supply of freshwater can vary 

highly over time. Often, those areas that have a large number of economic activities or dense 

populations do not coincide geographically with those that are rich in freshwater resources (Kummu et 

al., 2010). Despite the fact that only 10% of freshwater resources available globally are utilized (Oki & 

Kanae, 2006), many regions are currently experiencing water scarcity; these regions are home to more 

than one-third of the global population (Hanasaki et al., 2013; Kummu et al., 2010, 2016; Mekonnen & 

Hoekstra, 2016; Schewe et al., 2014; Vörösmarty et al., 2000b; Wada et al., 2011a). Climate change and 

socioeconomic developments are expected to increase the pressure on freshwater resources regionally 

and to aggravate and increase water scarcity globally (Alcamo et al., 2007; Arnell & Lloyd-Hughes, 2014; 

Arnell, 2004; Arnell et al., 2011; Fekete et al., 2000; Gosling & Arnell, 2016; Hanasaki et al., 2013; 

Hayashi et al., 2009; Oki & Kanae, 2006; Schewe et al., 2014; Shen et al., 2014; Wada et al., 2014b). The 

impacts of water scarcity are numerous and include crop failures, food shortages and famines, economic 

losses as a result of the disruption of business activities, and the degradation of terrestrial and aquatic 

ecosystems. This makes water scarcity one of the three global risks that are of the highest concern, and 

it is expected that water scarcity will be one of the most pressing global issues in the near future, both 

in terms of its likelihood of occurrence and impact (World Economic Forum, 2016). Therefore, in order 

to address water scarcity, there is an urgent need to develop effective adaptation strategies (Wada et al., 

2014b). To make sound decisions, however, water managers must have insight into the factors that 

determine the occurrence and severity of water scarcity at both the global and regional scales (Hallegatte, 

2009). They also need to comprehend the forces and mechanisms that drive water scarcity and its effects. 

In order to gain this insight, it is important to develop an understanding of the ability of global models 

to represent historical and future availability of freshwater resources and water scarcity, as well as how 

uncertain water scarcity estimates can be, given the broad range of possible future conditions (Bierkens, 

2015; Döll et al., 2015; Hall & Borgomeo, 2013). 

 

This thesis aims to provide insight into the dominant drivers of water scarcity in both historical and 

future time periods and attempts to promote a greater understanding of water scarcity by evaluating 

both the existing and emerging models and indicators used in the evaluation of exposure to, changes in, 

and the impacts of water scarcity. Building on previous modelling efforts, the following paragraphs 

present an overview of contemporary research on the modelling of freshwater resources and the 

assessment of water scarcity, accompanied with a discussion of their limitations and knowledge gaps. 

Five research questions are subsequently proposed, which represent the motivation for the research 

presented in this thesis. 
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1.2 Indicators for water scarcity 

Water scarcity is usually referred to as the mismatch between the demand for and supply of freshwater 

resources, given a predetermined time horizon and spatial scale (Rijsberman, 2006; Savenije, 2000). 

Although the terms water scarcity and drought are often used interchangeably, they refer to quite 

different phenomena (Pereira et al., 2009; van Loon & van Lanen, 2013). Whereas drought is a natural 

phenomenon that indicates a temporary negative deviation from average hydrological values 

(precipitation, soil moisture, runoff) in space and time, water scarcity is often seen as a human-made 

construct, referring to a recurrent imbalance in freshwater resources that arises from an overuse of water 

relative to the amount of water available (Pereira et al., 2009; van Loon & van Lanen, 2013). Although 

(hydrological) droughts can act as water scarcity trigger, they are not per se a prerequisite. Systematic 

overuse of available freshwater resources can result in water scarcity, even without the occurrence of a 

drought. The opposite is also true, as the occurrence of a drought might not per se result in water 

scarcity; for example, this might be the case in areas where there is no or limited water demand (Pereira 

et al., 2009).  

 

Consequently, both physical and social conditions determine whether an area qualifies as water scarce. 

If a region faces water scarcity due to mismanagement, political powers, and/or societal inequality, social 

water scarcity is said to exist (Ohlsson, 2000; Ohlsson & Turton, 1999; Sullivan, 2002; Sullivan et al., 

2003). Physical water scarcity occurs if there are insufficient freshwater resources available to meet a 

region’s demand for water. Physical water scarcity can further be divided into population-driven water 

scarcity (water shortage), when a large population depends on limited resources (low m3 cap-1 yr-1), or 

demand-driven water scarcity (water stress), when the level of (economic) exploitation of the available 

water resources is high (Falkenmark et al., 2007). The freshwater resources referred to in assessments 

of physical water scarcity usually incorporate only blue water, i.e. the section of the hydrological cycle 

that represents the running water found in rivers, lakes, and aquifers (Savenije, 2000). Using this 

approach, green water, i.e. the water stored in unsaturated soil as soil moisture, is omitted, despite its 

importance for food and biomass production. Although various indicators of green water availability 

and scarcity exist (Schyns et al., 2015), only a handful of studies have proposed methods of assessing 

water scarcity that take into account both blue and green water resources (Gerten et al., 2011; Kummu 

et al., 2014; Rockström et al., 2009), and blue and green water scarcity are often studied in isolation. 

This thesis focuses on blue water scarcity (hereafter referred to simply as water scarcity) only, without 

intending to diminish the relevance and role of scarcity related to green water resources. Therefore, 

unless otherwise specified, references to water scarcity or freshwater resources in this thesis relate to 

blue water scarcity or blue water resources. 

 

Over the past decades, various metrics have been developed for measuring the capacity of freshwater 

resources to meet water demands, to characterize and map water scarcity, and to track developments in 

water scarcity and exposure to it over time. In the 1980s, Falkenmark (1989) developed the Falkenmark 

Indicator (FI), in which water scarcity is represented as the annual renewable freshwater availability in 

m3 capita-1 year-1, usually expressed on a regional or national scale. A threshold level of 1,700 m3 was 

proposed by Falkenmark (1989), below which water scarcity occurs. Falkenmark (1989) identifies 
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different levels of severity: stress refers to between 1,700-1,000 m3 capita-1 year-1, scarcity refers to 

between 1,000-500 m3 capita-1 year-1, and absolute scarcity refers to below 500 m3 capita-1 year-1. Due to 

its simplicity of use and intuitive gradings, the FI has become one of the most commonly used indicators 

in water scarcity studies (Rijsberman, 2006). However, the FI does have several drawbacks; for example, 

annual country-wide averages conceal water scarcity at smaller spatial and temporal scales, and fixed 

thresholds of 1,700 m3 capita-1 year-1 are unable to reflect variations across countries in their ability to 

adapt to water scarcity (Rijsberman, 2006). Therefore, subsequent research has attempted to develop 

more comprehensive water scarcity indicators. Replacing demand per capita as a proxy for water needs 

by the (actual) water demand per sector, Shiklomanov (1991) was one of the first to compare national 

annual water availability with national annual industrial, domestic, and agricultural demands. Raskin et 

al. (1997) followed this approach but replaced the term demands with withdrawals, which functions as 

a more objective indicator of the water being used to satisfy human needs. When performing an analysis 

at the country scale, Raskin et al. (1997) suggested that a country experiences water scarcity if its annual 

withdrawals exceed 20% of the annually available freshwater, with countries that exceed the 40% 

threshold being perceived as experiencing severe scarcity. Several major water scarcity indicators were 

also developed in the 2000s. Alcamo et al. (1997) used the critical ratio, comparing annual withdrawals 

to total water availability, whilst Arnell (1999) used a water use-to-resources ratio. Moving toward the 

grid-scale (0.5° x 0.5°), Vörösmarty et al. (2000), Oki et al. (2001), and Alcamo et al. (2003, 2007) applied 

a withdrawal-to-availability ratio or consumption-to-availability ratio in order to compare agricultural, 

industrial, and domestic water demands with the availability of freshwater resources (in the form of 

discharges), using thresholds of 0.2 (20%) and 0.4 (40%) to indicate moderate or severe water scarcity. 

Incorporating the effects of trade into the assessment of water scarcity, Islam et al. (2007) added to the 

literature concerning the evaluation of water scarcity by taking into account the exchange of virtual 

water between different parts of the world. Hoekstra et al. (2012) further developed the concept of 

virtual water by introducing water footprints, which represent the actual water consumption of the 

industrial, municipal, and agricultural sectors. Addressing the need to account for inter- and intra-annual 

variability in water scarcity assessments, Hanasaki et al. (2008b) and Wada et al. (2011a) introduced the 

practice of estimating water scarcity on a monthly basis, as opposed to annual, using the Cumulative 

Withdrawal to Demand (CWD) ratio and the Water Scarcity Index (WSI), respectively. They showed 

that the seasonal mismatch between demand and supply significantly increases estimates of those 

exposed to water scarcity. Finally, building on the initial work of Smakhtin et al. (2004) and Smakhtin 

(2008), Hanasaki et al. (2008b) and Hoekstra et al. (2012) expanded on the CWD and WSI by 

introducing the practice of reserving a portion of the estimate to account for environmental flows, i.e. 

determining the minimum amount of water required for ecosystems to sustain healthy conditions 

(Smakhtin et al., 2004; Smakhtin, 2008). The above-mentioned advances in modelling and the 

application of the WSI in its original form solved most of the limitations that were originally identified 

(Rijsberman, 2006), and the WSI, in either original or adapted form, enjoys widespread use in water 

scarcity assessments on both the global and regional scales (Wada et al., 2011a).  

 

Table 1.1 summarizes the outcomes of a selection of global historical water scarcity assessments, all of 

which use the FI and/or the WSI. All studies show a significant increase in global exposure to water 
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scarcity over the past decades, with at least 28% of the global population having experienced water 

scarcity in the 2000s. The results of these assessments vary significantly, however, due to the indicator 

selected, the model and input data used, the temporal and spatial scale applied, and whether or not 

environmental flow requirements are taken into account by the indicator. Whilst Mekonnen and 

Hoekstra (2016) found that a total of 71% of the global population experienced water scarcity in 2000, 

estimates by Arnell et al. (2004) and Wada et al. (2011a) were more moderate. Most water scarcity 

assessments performed to date have used long-term mean (10 or 30 years) annual or monthly data when 

evaluating water scarcity. Inter-annual variability has been neglected by most of these studies, which 

may significantly bias water scarcity exposure estimates. Beyond this, those studies that relied on sub-

annual scales used either the month with the highest water scarcity conditions as reference (Wada et al., 

2011a) or evaluated how many people were exposed to water scarcity globally for a minimum number 

of days or months (Hanasaki et al., 2008b; Mekonnen & Hoekstra, 2016). These studies, however, have 

omitted the seasonal variation across regions, which may have led to an overestimation of the global 

exposure to water scarcity.  

 

Table 1.1. Percentage of the global population exposed to water scarcity under historical conditions. 

 

Moderate 
water scarcity 
WSI ≥ 0.2 (a) 
FI ≤ 1,700 (b) 
CWD < 0.8(c) 

WSI-EF ≥ 1 (d) 

Severe water 
scarcity 

WSI ≥ 0.4 (a) 
FI ≤ 1,000 (b) 
CWD < 0.5 (c) 
WSI-EF ≥ 2 (d) 

Year 
Temporal  
resolution 

Spatial 
resolution 

(Arnell, 1999)a 35% 8% 1990 Ann/30-year Country 

(Vörösmarty et al., 2000b)a  35% 8% 1995 Ann/30-year 0.5° 

(Oki et al., 2001)a  
63% 
45% 

14% 
33% 

1995 Ann/2-year 
Country 

Grid 

(Arnell, 2004)b  
7% 
39% 

2% 
24% 

1995 Ann/30-year 
Country 

Watershed 

(Alcamo et al., 2007)a  - 40% 1995 Ann/30-year 0.5° 

(Alcamo et al., 2007)b - 28.1% 1995 Ann/30-year 0.5° 

(Islam et al., 2007)b  41% 32% 2000 Ann/10-year 0.5° 

(Islam et al., 2007)b * 38% 28% 2000 Ann/10-year 0.5° 

(Hanasaki et al., 2008b)a  - 24% 1995 Ann/30-year 1° 

(Hanasaki et al., 2008b)c  57% 42% 1995 Ann/30-year 1° 

(Hanasaki et al., 2008b)d 64% 46% 1995 Ann/30-year 1° 

(Kummu et al., 2010)b 
19% 
50% 

9% 
35% 

1960 
2005 

Ann/10-year FPU 

(Wada et al., 2011a)a 
10% 
28% 

7% 
20% 

1960 
2000 

Ann/Year 0.5° 

(Wada et al., 2011a)a 
27% 
43% 

17% 
30% 

1960 
2000 

Mon/Year 0.5° 

(Mekonnen & Hoekstra, 2016)d 71% 66% 2000 Mon/10-year 0.5° 

(Kummu et al., 2016)a, b 
24.4% 
58.2% 

- 
- 

1960 
2000 

Ann/10-year FPU 

 

Despite the increasing attention paid to environmental flows and the correct calculation of 

environmental flow requirements (Pastor et al., 2014), only a few studies have included them and 

incorporated the latest insights into the assessment of global freshwater resources or water scarcity 

(Bonsch et al., 2015; Pastor et al., 2014). While recent research suggests that variable monthly 
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environmental flow requirements better reflect ecological water needs (Pastor et al., 2014), thus far, 

most global water scarcity assessments used fixed water environmental flow requirements using the WSI 

or FI, if they were included at all (Hoekstra et al., 2012). 

1.3 Modelling freshwater resources and water scarcity 

Over the past few decades, increases in computational power have made it possible to develop high-

resolution global models for simulating the availability of freshwater resources and hydrological 

extremes, such as drought and water scarcity events, even for regions in which few observations have 

been made (Bierkens, 2015). These global models can generally be divided into three categories, based 

on their original scientific discipline: land surface models (LSMs), dynamic vegetation models  (DVMs), 

and global hydrological models (GHMs) or global hydrological and water resources models (GHWMs) 

(Bierkens, 2015). Land surface models originate in the atmospheric sciences and were developed to 

model the soil-vegetation-atmosphere exchange of energy, moisture, and momentum, using an (initially) 

rather simplistic modelling of soil moisture hydrology (Bierkens, 2015). Examples of LSMs currently in 

use are VIC (Liang et al., 1994), NoAH (Niu et al., 2011), ORCHIDEE (Guimberteau et al., 2012), 

JULES (Best et al., 2011; Clark et al., 2011), CLM (Lawrence et al., 2011), and LM3 (Milly et al., 2014). 

Dynamic vegetation models stem from the ecological research field and were initially developed to 

investigate the impacts of climate change on terrestrial vegetation (Bierkens, 2015), with BIOME 

(Prentice et al., 1992) being one of the earliest models and LPJ (LPJmL/LPJ-Guess) a more recent 

example (Bondeau et al., 2007; Sitch et al., 2003). Global hydrological models and GHWMs have their 

origins in the discipline of hydrology (Bierkens, 2015). Global hydrological models typically simulate 

soil moisture dynamics and runoff generation on a cell-by-cell basis using climatic (temperature and 

precipitation) and physiographic (land cover, soil texture, slope, and elevation) data. Most GHMs are 

“leaky bucket” models in which the soil is represented by a number of vertically stacked soil layers and 

an underlying groundwater reservoir. Using the concept of water balance, direct runoff, interflow, and 

baseflow volumes are calculated, which together form the total volume of runoff in a cell (i.e. local 

runoff). Drainage or river networks (e.g. DDM30, Döll & Lehner, 2002) are subsequently used to 

accumulate or route the local runoff into river discharge at a daily or monthly time step, using kinematic 

wave routing, basin aggregation methods, linear reservoir routing, or unit hydrographs (Bierkens, 2015). 

The first GHMs were used to calculate runoff and discharge at the catchment to continental scales, 

using a rather coarse resolution (typically around 1-2˚) (Aerts et al., 1999; Nijssen et al., 2001a, 2001b; 

Yates, 1997). Global hydrological models that operated at a finer resolution (specifically, 0.5˚) were later 

developed by Arnell (1999, 2004) and Vörösmarty et al. (2000), who respectively developed Macro-

PDM and WBM. The global water crises in the late 1980s and 1990s accelerated the development of 

GHMs and led to GHWMs taking into account both freshwater resources (expressed via runoff and 

discharge) and water demands (Bierkens, 2015). Using long-term mean values or snapshots from 

databases that provide statistics regarding water use (e.g. AQUASTAT or the WWDR-II database 

compiled by Shiklomanov, 1997), water demands were fed into GHWMs in a parameterized format that 

was able to represent historical and sub-country variability (Bierkens, 2015). Most GHWMs distinguish 

between the water demands of the industrial (energy and manufacturing), agricultural (livestock and 

irrigation), and domestic sectors (Alcamo et al., 2003a, 2003c; Flörke et al., 2013; Hanasaki et al., 2008a; 
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Nazemi & Wheater, 2015a; Wada et al., 2014c, 2016). While the modelling of industrial, livestock, and 

domestic water demands is mainly based on socioeconomic indicators (e.g. Gross Domestic Product 

(GDP), number of cattle, and population density), the modelling of irrigation water demand is 

determined to a large extent by the cropping calendar and hydro-climatic conditions such as 

precipitation and temperature (Flörke et al., 2013; Hanasaki et al., 2008a; Nazemi & Wheater, 2015a; 

Wada et al., 2013b, 2014c, 2016). Most GHWMs distinguish between water withdrawals (i.e. the gross 

amount of water initially withdrawn from a river system) and water consumption (i.e. the amount of 

water actually used). The difference between water withdrawals and water consumption, i.e. the return 

flow, depends on the recycling ratio of water in the household and industry sectors or the water 

efficiency ratio of the irrigation sector (Flörke et al., 2013; Hanasaki et al., 2008a; Nazemi & Wheater, 

2015a; Wada et al., 2014c, 2016). In GHWMs, these return flows are usually fed back into the river 

system within the same time step (Flörke et al., 2013; Hanasaki et al., 2008a; Nazemi & Wheater, 2015a; 

Wada et al., 2014c, 2016). Among the first GHWMs to include water demands were WaterGAP (Alcamo 

et al., 2003a, 2003c; Döll et al., 2003; Flörke et al., 2013; Müller Schmied et al., 2016) and WBM 

(Vörösmarty et al., 2000a; Wisser et al., 2010), which were later followed by H08 (Hanasaki et al., 2008a, 

2008b), PCR-GLOBWB (van Beek et al., 2011; Wada et al., 2011b, 2014c), and MATSIRO (Pokhrel et 

al., 2012, 2016). Over time, the functionality and representativeness of these GHWMs increased; these 

improvements included the implementation of reservoirs and reservoir operations rules (Haddeland et 

al., 2006; Hanasaki et al., 2006), advanced hydrodynamic routing processes (van Beek et al., 2011), 

improved (dynamic) water demand modelling at the monthly scale (Wada et al., 2014c), and improved 

representation of surface-groundwater interactions (de Graaf et al., 2014; Döll et al., 2012; Wada et al., 

2014c). Furthermore, the first attempts at running these GHWMs at higher spatial resolutions have 

been made (Verzano et al., 2012; Wada et al., 2014a), and their range of applications has expanded, 

encompassing now domains such as food security, economics, energy, and biodiversity (Bierkens, 2015). 

 

Different model intercomparison projects (MIPs) have been undertaken in order to compare the 

performance of global models, to test their ability to represent sections of the hydrological cycle, or to 

evaluate the robustness of climate change signals. Examples of such MIPs include WATCH (Harding 

et al., 2011), ISIMIP1 (Schellnhuber et al., 2013; Warszawski et al., 2014), E2O (Schellekens et al., 2017), 

and the recently established ISIMIP2. These MIPs have increased the transparency of modelling 

activities, successfully highlighted the shortcomings of current modelling routines, and improved 

general modelling performance through the exchange of knowledge (Bierkens, 2015). However, among 

these MIPs, only a few multi-model studies intended to actually validate the hydrological performance 

of global models have been conducted (e.g. Beck et al., 2016; Gudmundsson et al., 2012; van 

Huijgevoort et al., 2013), and these studies did not focus on the ability of such global models to simulate 

anthropogenic impacts and their interactions with hydrology or water scarcity. Moreover, the majority 

of previous intercomparison studies performed as part of these MIPs have focused on comparisons of 

runoff or discharge (e.g. Haddeland et al., 2011, 2014; Hagemann et al., 2013; Prudhomme et al., 2011). 

Comparisons of global modelling estimates of water scarcity or exposure to water scarcity events are 

scarce (e.g. Schewe et al., 2014).  
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1.4 Drivers of water scarcity 

Water scarcity is determined by the availability of freshwater resources and the level of water demands. 

Both the occurrence and level of water scarcity, as well as any changes in water scarcity, are driven by 

the hydro-climatic system and socioeconomic processes, and changes therein (Döll et al., 2015). Within 

the hydro-climatic system, two major drivers can be identified: hydro-climatic variability and 

(anthropogenic) climate change (Döll et al., 2015). Hydro-climatic variability refers to natural 

fluctuations (temperature, precipitation, and frequency of events) around the mean on all temporal and 

spatial scales, beyond those of individual weather events (Parker et al., 2007; Wallace & Hobbs, 2006). 

Hydro-climatic variability results from the interactions between the atmosphere and components of the 

Earth’s system that vary on a slower scale (oceans, the terrestrial biosphere, the cryosphere, and the 

Earth’s crust), of which ocean-atmosphere feedback mechanisms are the most prominent (Parker et al., 

2007; Wallace & Hobbs, 2006; Wang et al., 2004). El Niño-Southern Oscillation (ENSO) is one of the 

most well known examples of these ocean-atmosphere feedback mechanisms (Rosenzweig & Hillel, 

2008); it is characterised by periods of prolonged drought and water and food shortages in several parts 

of the world. For example, El Niño or La Niña have been linked to the 1988 and 2002 droughts in the 

United States, the 2001 drought in Asia, and the droughts that struck eastern Africa in 2009, 2010, and 

early 2016 (Seager, 2007; Trenberth et al., 1988; Wilhite, 1992, 2016). Recent research shows that hydro-

climatic variability may be increasing in various parts of the globe due to climate change (Coumou & 

Rahmstorf, 2012; IPCC, 2012), which will likely lead to a higher frequency of extreme ENSO events in 

the future (Cai et al., 2014; IPCC, 2012; Power et al., 2013), with potentially greater adverse impacts.  

 

Anthropogenic climate change refers to the significant change in climate conditions that can be 

attributed (in)directly to human activities that alter the composition of the global atmosphere and which 

are in addition to the natural climate variability that would occur over the same period of time (IPCC, 

2007). To distinguish between climate change and hydro-climatic variability, a period of 30 years is often 

used to express the mean climate conditions, while time-slices of 30-year time periods are examined in 

order to evaluate the impact of climate change (IPCC, 2007). Historical climate data-sets provide data 

regarding historical trends, patterns, and variations in meteorological conditions (precipitation and 

temperature) on the global scale and are used to force global models, such as WFD (Weedon et al., 

2011), WFD-EI (Weedon et al., 2014), PGMFD v.2 (Sheffield et al., 2006), and GSWP2 and 3 (Dirmeyer 

et al., 2006). For that purpose, reanalysis data-sets (e.g. NCEP/NCAR (Kalnay et al., 1996), ERA-40 

(Uppala et al., 2005), ERA-Interim (Dee et al., 2011)) are bias-corrected against historical observations 

(e.g. GPCC (Schneider et al., 2014), CRU (Harris et al., 2014), TRMM (Huffman et al., 2007), GPCP 

(Adler et al., 2003)) to account for systematic statistical deviations from the observations (Sheffield et 

al., 2006; Weedon et al., 2011, 2014). General Circulation Models (GCMs) simulate the impact of 

changes in greenhouse gas concentrations on the global climate system and are used to represent future 

meteorological conditions under anthropogenic climate change scenarios. Similarly to the historical 

climate observation data-sets, GCMs (e.g. GFDL-ESM2M (Dunne et al., 2012), HadGEM2-ES (Jones 

et al., 2011), IPSL-CM5A-LR (Dufresne et al., 2013), MIROC-ESM-CHEM (Watanabe et al., 2011), 

and NorESM1-M (Bentsen et al., 2012)) are bias-corrected in order to diminish the offset with historical 

observations (Hempel et al., 2013). Several sets of emission scenarios have been developed to force 
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these GCMs and to evaluate trends in climate conditions, with examples including the IS92 (Leggett 

et al., 1992) and the SRES (IPCC, 2000). These emission scenarios were recently updated as part of 

the CMIP5 project (Taylor et al., 2012; van Vuuren et al., 2011). Four Representative Concentration 

Pathways (RCPs) were defined here, referring to different levels of radiative forcing by 2100 and 

different routes toward 2100. RCP2.6, for example, refers to a peak in radiative forcing at ~3 W m-

2 before 2100 and then a decline toward ~2.6 W m-2, whilst RCP8.5 represents a rising radiative 

forcing pathway leading to 8.5 W m-2 by 2100 (van Vuuren et al., 2011). By 2100, these different 

RCPs are expected to result in increases in the global mean surface temperature of 1 to 4 ̊C compared 

to the 1986-2005 values, while large spatial variations exist in the changes expected in mean surface 

temperature and precipitation (Knutti & Sedláček, 2012). 

 

The socioeconomic processes that are decisive when it comes to (changes in) water scarcity are reflected 

by developments in both (per capita) water demands and changes in human control over freshwater 

resources. Changes in water demand are driven by factors such as GDP growth, changes in dietary 

requirements, population growth, and technological developments (Flörke et al., 2013; Wada et al., 

2016). Changes in human control over freshwater resources are driven by factors such as the 

development of dams and reservoirs and changes in land use and land cover (Pokhrel et al., 2016). Over 

the past century, the global population has almost quadrupled, and it currently exceeds 7 billion (Wada 

et al., 2016). Together with the expansion in global welfare, this has resulted in an increase in total annual 

water consumption from 358 km3 yr−1 in the 1900s to 1,500 km3 yr−1 in the 2000s (Kummu et al., 2016), 

whilst total water withdrawals increased from 500 to 4,000 km3 yr−1 over the same time period 

(Falkenmark, 1997; Shiklomanov, 2000a, 2000b; Vörösmarty et al., 2005; Wada et al., 2013a). The 

irrigation sector accounted for the largest increases in water demand globally, partly due to the expansion 

of irrigated areas (Bondeau et al., 2007; Döll & Siebert, 2002; Haddeland et al., 2006; Kummu et al., 

2016; Siebert et al., 2015; Wada et al., 2013b; Wisser et al., 2010). These historical water consumption 

trends are not consistent across the globe, however, and the relative importance of different water 

demand sectors also varies geographically. Whilst levels of water consumption increased rapidly in 

Southeast Asia, the Pacific, and Central America, lower growth rates were found in Europe and Central 

Asia (Kummu et al., 2016). Irrigation activities account for 96-98% of the water demand in South Asia 

and 97-99% in the Middle East. Irrigation water demand shares are lower in Western Europe, Northern 

America, and Central Asia, as these regions have more industrialised economies (Kummu et al., 2016). 

Globally, domestic and industrial water demands are the second- and third-largest water demand sectors, 

with global shares of 3.7-10.8% and 4.3-20.3% respectively in the 2000s (Kummu et al., 2016; Wada et 

al., 2011b). Dams and reservoirs play an important role in the provisioning of water for food production, 

domestic water supply, flood control, and hydropower production, and they are also used for 

recreational and navigational purposes (Pokhrel et al., 2016). Although dams and reservoirs have been 

used locally for centuries, the past 100 years in particular have been characterized by a rapid increase in 

both the number and total volume of large dams and reservoirs (Lehner et al., 2011). Since the 1990s, 

the rate at which the cumulative storage volume of dams and reservoirs has increased has been flattening 

off globally (Lehner et al., 2011). Currently, a total of 50,000 large dams (Berga et al., 2006) account for 
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a cumulative storage capacity of 7,000-8,300 km3 (Chao et al., 2008; Vörösmarty et al., 2003), which 

equals 10% of the water stored in all natural freshwater lakes (Gleick, 2000).  

 

Socioeconomic pathways describe a range of plausible alternative socioeconomic developments over 

the 21st century at the world region level; demographic, political, social, cultural, institutional, life-style, 

economic, and technological factors are considered key socioeconomic elements and drivers (Kriegler 

et al., 2012; O’Neill et al., 2014, 2017). As a successor to the SRES scenarios (IPCC, 2000), the Shared 

Socioeconomic Pathways (SSPs, Kriegler et al., 2012; O’Neill et al., 2014, 2015) span five domains that 

are used to characterize different combinations of socioeconomic challenges to mitigation and 

adaptation to climate change and to represent different possible futures. Using feasible combinat ions 

of SSPs and RCPs, a first effort was made by the Water Future and Solutions Initiative (WFaS) to 

develop global sectoral water use scenarios for the 21 st century (Wada et al., 2016). The SSPs were 

translated into relevant assumptions for the different water demand sectors used in GHWMs (Wada 

et al., 2016). To date, water use scenarios have been developed for the domestic and industrial sectors, 

whilst scenarios that describe future irrigation water demand are under development.  

 

Numerous studies have evaluated the impact of socioeconomic developments and/or changes in 

hydro-climatic conditions on freshwater resources and water scarcity, using different scenarios to 

describe plausible future hydro-climatic and socioeconomic conditions (Alcamo et al., 2007; Arnell 

& Lloyd-Hughes, 2014; Arnell, 2004; Arnell et al., 2011; Gosling & Arnell, 2016; Haddeland et al., 

2014; Hagemann et al., 2013; Hanasaki et al., 2013; Hayashi et al., 2009; Kiguchi et al., 2015; 

Kundzewicz et al., 2008; Oki & Kanae, 2006; Prudhomme et al., 2014; Schewe et al., 2014; Shen et 

al., 2014; Sperna Weiland et al., 2012; van Vliet et al., 2013; Vörösmarty et al., 2000b; Wada et al., 

2014b; Wanders & Wada, 2014). Table 1.2 summarizes the results of those studies, using a water 

scarcity threshold of 1,000 or 0.4 for the FI and WSI indicators, respectively. Estimates of the global 

share of population exposed to water scarcity vary across these studies by more than a factor 2, 

ranging from 21% (Schewe et al., 2014) to 57.2% (Alcamo et al., 2007). Most of these assessments 

focused, however, on the impacts of demand growth (water demand or population density) only, and, 

apart from Wada et al. (2014b), all studies used long-term mean values (10- or 30-year means) to 

express future water scarcity. To date, only a few studies have taken into account the contribution of 

human interventions to water scarcity (Munia et al., 2016; Wada et al., 2011a), and hydro-climatic 

variability has so far been largely neglected as a possible driver of change (Kummu et al., 2014), 

despite the fact that both of these drivers have well known impacts on the hydrological cycle (Biemans 

et al., 2011; Döll et al., 2009; Haddeland et al., 2006, 2007, 2014; Müller Schmied et al., 2016; Rost et 

al., 2008; Wada et al., 2013a; Wanders & Wada, 2014). Furthermore, relatively little research has been 

carried out that has expressed and evaluated the impacts of hydro-climatic variability, climate change, 

and socioeconomic developments on water scarcity in an integrated manner. 
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Table 1.2. Shares of the global population exposed to water scarcity under climate change and socioeconomic 
developments scenarios, using a threshold of 1,000 (FI) and 0.4 (WSI) to indicate water scarcity. 

Study  Year  

 Indicator ~2000 ~2050 

(Alcamo et al., 2007) 
FI < 1,000  
WSI > 0.4 

28.1 
40.0 

56.7 (A2); 52.8 (B2) 
57.2 (A2); 54.4 (B2) 

(Arnell, 2004) FI < 1,000 24 28.8 (A1); 44.9 (A2); 31.6 (B1); 34.5 (B2) 

(Arnell et al., 2011) 
FI < 1,000  
WSI > 0.4 

27 
40 

42 
47 

(Arnell & Lloyd-Hughes, 2014) FI < 1,000 25.6 39.1 (SSP1); 46.7 (SSP3); 39.4 (SSP5) 

(Gosling & Arnell, 2016) 
FI < 1,000  
WSI > 0.4 

25 
39 

37 (A1B/-) 
53 (A1B/-) 

(Hanasaki et al., 2013) WSI > 0.4 - 
25.3 (SSP1/RCP2.6); 37.3 (SSP3/RCP6); 31.7 
(SSP5/RCP8.5) 

(Hayashi et al., 2009) FI < 1,000  22 40 

(Schewe et al., 2014) FI < 1,000  3 21 (SSP2/RCP8.5/2°C) 

(Shen et al., 2014) 
FI < 1,000 
WSI > 0.4 

28.6 
41.3 

41.1 - 43.2 (A1b); 46.5 - 52.7 (A2); 42.2 - 44.1 (B1) 
52.4 (A1); 62.3 (A2); 50.7 (B1) 

(Wada et al., 2014b) WSI > 0.4  31.7 39.9 (SSP2/RCP6.0) 

1.5 Adapting to water scarcity 

Adaptation to water scarcity can come in many forms. Historically, water management focused on 

infrastructural or technical hard-path solutions to manage water supply, such as building reservoirs, 

water distribution systems, and irrigation systems or by making alternative sources of water, such as 

groundwater or water from the sea, available (Gleick, 2002, 2003; Wutich et al., 2014). The subsequent 

over-allocation of freshwater resources that occurred on the local scale as a result of these infrastructural 

measures forced water managers toward alternative approaches of coping with water scarcity, focusing 

on the demand side and more efficient use of scarce water resources. Such soft-path solutions emphasize 

the implementation of water-efficient technologies, more efficient management of residual water use 

and return flows to the different users, and the development of water policies and regulations intended 

to promote efficiency and sustainability (Brooks, 1994; Gleick, 2002, 2003). 

 

Since the choice of hard or soft adaptation strategies is highly determined by the unique water scarcity 

characteristics of a region, the Falkenmark matrix (Falkenmark, 1997, 2013a, 2013b; Falkenmark et al., 

2007) was proposed to determine the degree of water scarcity in an area. If a region is exposed to 

demand-driven water stress (WSI) only, it is said to be suffering apparent water stress. Soft measures 

intended to lower the demand for water are most effective in these situations. Real water shortage (FI), 

on the other hand, is said to occur if the critical thresholds for population-driven water shortage are 

exceeded. According to Falkenmark (1997, 2013a, 2013b), in these situations, water scarcity can only be 

addressed by increasing the volume of freshwater resources via hard measures or by decreasing the 

population-driven demand for water in this area. Recently, Kummu et al. (2016) applied the Falkenmark 

matrix to identify water scarcity trajectories in the 20th century and to introduce archetypes and shapes 

as concepts for evaluating developments in historical water scarcity conditions and assessing the 

effectiveness of potential adaptation strategies. Like Falkenmark (1997, 2013a, 2013b), Kummu et al. 

(2016) identified regions that face only water stress or water stress first as areas that benefit most from 

demand-side soft adaptation strategies. On the other hand, regions that are only experiencing water 
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shortage, or that encounter water shortage first, require supply-side hard adaptations to solve their water 

scarcity issues (Kummu et al., 2016). Using a numerical example, Wada et al. (2014b) showed that 

implementing a portfolio of six hard and soft adaptation measures together may lead to a reduction in 

the percentage of the global population exposed to water scarcity of 12%, thereby counteracting the 

increase in exposure to water scarcity that is expected to have developed by 2050 under a business-as-

usual scenario. 

 

Although the application of hard or soft adaptation strategies has been shown to be effective in reducing 

global exposure to water scarcity (Wada et al., 2014b), the actual implementation of such strategies often 

encounters difficulties. A range of factors, including: uncertainties with respect to the local effectiveness 

of such adaptation strategies; whether designs are robust enough to account for hydro-climatic 

variability, climate change, and socioeconomic developments; appropriate regional prioritization; the 

potential (socio-)economic or environmental impacts of water scarcity; and the unforeseen adverse side-

effects of adaptation strategies being implemented locally, all play a decisive role here (Döll et al., 2015; 

Hall & Borgomeo, 2013; Hallegatte, 2009; Kundzewicz et al., 2008). Integrating risk-based approaches 

into water management could partially account for such uncertainties (Döll et al., 2015; Hall & 

Borgomeo, 2013; Hallegatte, 2009; Kundzewicz et al., 2008). Apart from being able to cover a wide 

range of impacts via (weighted) ensemble-means, such risk-oriented approaches provide a mechanism 

by which hydro-climatic variability can be included within the decision-making process. Given the 

difficulties involved in quantifying the (socio-)economic impacts of water scarcity, the share of land area 

or population exposed to water scarcity at a specific time or over a long-term mean state is usually 

considered as a meaningful metric by which exposure can be expressed (Wada et al., 2014b). The use of 

probabilistic methods can provide insights into the severity, distribution, and impacts of water scarcity 

and can be of added value in shedding light on low-probability events, referring to those which cannot 

be easily studied using the conventional time-series analysis (Döll et al., 2015; Hall & Borgomeo, 2013; 

Paté-Cornell, 2012; Ward et al., 2014c). In addition, risk-based methods enable the integration of the 

interactions between the different driving forces on changing water scarcity conditions, the 

identification of their relative influences, and possible sources of uncertainty, leading to an increased 

understanding of the robustness of a design (Adger et al., 2005; Aerts et al., 2014; Hall & Borgomeo, 

2013; Hall & Solomatine, 2008; Hallegatte, 2009; Mason & Calow, 2012; Smit & Wandel, 2006). 

Although these risk-based principles are widely applied in operational reservoir management (Burn et 

al., 1991; Ko et al., 1992; Nardini et al., 1992) or to quantify the risk of flooding and drought (Carrão et 

al., 2016; Hisdal et al., 2001; Mckee et al., 1993; Shukla & Wood, 2008; Vicente-Serrano et al., 2010; 

Ward et al., 2013; Winsemius et al., 2013; Wong et al., 2013), only a handful of regional studies have 

actually used them when examining water scarcity (Borgomeo et al., 2014; Hall & Borgomeo, 2013; 

Manning et al., 2009; Rogers & Fiering, 1986; Turner et al., 2014; Walsh et al., 2016) and, to date, a 

global study incorporating water scarcity risks has not been conducted. 

1.6 Research objective and approach 

In response to the limitations and knowledge gaps identified above, this thesis aims to improve the 

general understanding of water scarcity at the global and regional scales, including its underlying drivers 
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and impacts. The first objective of this thesis is therefore to evaluate and individually identify the 

influences of various socioeconomic and hydro-climatic drivers on (changes in) water scarcity in both 

historical and future time periods, including climate change, hydro-climatic variability, demand growth, 

population growth, and human interventions. The second objective of this thesis is to evaluate and 

develop both existing and new global models, data-sets, and indicators for identifying current and future 

water scarcity hotspots, assessing water scarcity risks, detecting changes in water scarcity, and 

representing the impacts of socioeconomic and hydro-climatic influences on the hydrological cycle. To 

address these objectives, the following research questions are investigated: 

 

1) How well are global models able to reflect the variability of, and changes in, the availability of 

freshwater resources in both natural and managed regions? 

 

2) How sensitive are assessments of freshwater resources and water scarcity to the choice of global 

model, input data, and water scarcity indicator?  

 

3) What are the (relative) contributions of socioeconomic and hydro-climatic drivers to both 

historical and future changes in the availability of freshwater resources and water scarcity? 

 

4) What improvements can be made to global-scale assessments of water scarcity (risk) by means 

of the (further) development and application of new or existing water scarcity indicators? 

 

5) How can the knowledge obtained in this thesis contribute to the identification of effective 

adaptation strategies for coping with water scarcity in both the present and future time periods? 

 

1.7 Outline of this thesis 

This thesis consists of five main chapters, each of which addresses in part one or more of the research 

questions identified in paragraph 1.6. Chapter 2 discusses the ability of global models to simulate the 

availability of freshwater resources and water scarcity, to identify hotspots, and to detect regions of 

change. More specifically, Chapter 2 assesses whether and how the parameterization of human impacts 

in global models influences estimates of monthly discharges and hydrological extremes (Research 

question 1). Moreover, Chapter 2 evaluates how a selected number of model settings of each of the 

global models evaluated in this study influence the cross-model variation observed in estimates of 

monthly discharges and hydrological extremes (Research question 2). The cross-model performance 

with regard to the identification of water scarcity hotspots is further evaluated in Chapters 3-5. Chapters 

3-6 also discuss the (relative) contributions of socioeconomic and hydro-climatic drivers to historical 

changes in the availability of freshwater resources and water scarcity (Research question 3). Chapter 3 

evaluates how developments in water demands and population density relate to inter-annual hydro-

climatic variability as a driver of the changing availability of freshwater resources and water scarcity over 

the time period between 1961 and 2010 (Research question 3). This is done by means of a global-scale 
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water scarcity assessment that accounts for temporal changes in both socioeconomic conditions and 

inter-annual climate variability. Chapter 4 subsequently investigates the sensitivity of freshwater 

resources, water demands, and water scarcity to ENSO-driven climate variability over the time period 

between 1961 and 2010. Chapter 5 quantifies how human interventions have altered the critical 

dimensions of water scarcity and assesses whether, and to what extent, human interventions have led to 

a reshuffling of the global distribution of water scarcity hotspots. Furthermore, Chapter 5 evaluates how 

historical trends arising from the impacts of human interventions contribute to, or prove to be more 

significant than, the impacts of climate change trends. Chapter 6 proposes a framework for the 

evaluation of water scarcity risks that is able to incorporate the different drivers of change outlined 

above, namely hydro-climatic variability, climate change, and socioeconomic developments (Research 

question 4). Using this framework, Chapter 6 identifies potential hotspots that may experience water 

scarcity risks in 2030, 2050, and 2080, using a number of scenarios based on pathways of socioeconomic 

developments and hydro-climatic change. Moreover, Chapter 6 quantifies the relative contribution of 

these socioeconomic developments and changes in hydro-climatic conditions to the predicted changes 

in water scarcity risk in the scenarios explored. Chapter 7 summarizes the research questions and related 

findings, which is followed by a discussion of the scientific and societal relevance of the results. Chapter 

7 also discusses how the knowledge obtained regarding the historical and future developments in the 

availability of freshwater resources and water scarcity, together with insights into their underlying 

drivers, can contribute to effective and efficient adaptation to water scarcity and what additional steps 

should be taken (Research question 5). Chapter 7 concludes by exploring possible directions for future 

research. 
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Chapter 2. 

 

Human impact parameterization in global hydrological models 

improves estimates of monthly discharges and hydrological 

extremes: a multi-model validation study 
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Abstract 

Human impacts on the hydrological cycle play a pivotal role in present-day water related hazards. A fair 
amount of research has been carried out recently to correctly represent these interactions in global 
hydrological models (GHMs). Evaluation of such GHMs is however often limited to (near-)natural 
catchments. Such studies are not able to test the model representation of human activities and the 
associated impact on estimates of freshwater resources and hydrological extremes. A systematic analysis 
that evaluates whether incorporating human activities improves the performance of GHMs in 
simulating real-world hydrological conditions is missing. To address this issue, we evaluate in this study 
the changed performance of five GHMs given the inclusion of human activities. In doing so, we 
compared monthly discharges under a naturalized and a time-dependent human impact simulation, with 
monthly discharge observations of 473 stations over the period 1971-2010. Our results show that 
inclusion of human activities generally enhances the performance of GHMs, primarily due to a decrease 
in bias in the long-term mean monthly discharges and due to improvements in modelled hydrological 
variability. Although the inclusion of human activities has the largest effects in managed catchments, it 
also impacts a significant share of the (near-)natural catchments. To correctly simulate hydrological 
extremes the inclusion of human activities is paramount. Whilst the incorporation of human activities 
leads to decreases in modelled high-flows, the impact on low-flows is mixed. This is due to the relative 
importance of the timing of return flows and reservoir operations and their associated uncertainties. 
Even with the inclusion of human activities, we find that model performance is not yet optimal, 
especially in terms of biases in long-term mean monthly discharges, the representation of variability, and 
the representation of low-flows. This highlights the need for further research linking the human and 
hydrological domains. 
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2.1 Introduction 

Human impacts on freshwater resources and hydrological features play a central role in present-day 

water related hazards, like flooding, droughts, water scarcity, and water quality issues (Padowski et al., 

2015; Van Loon et al., 2016; Wada et al., 2014b; Winsemius et al., 2016). Driven by the societal and 

scientific needs to correctly model such hazards, as well as their associated impacts, a fair amount of 

research has been carried out over the past decades to represent human activities and their interactions 

with the hydrological cycle in global hydrological models (GHMs) (Bierkens, 2015; Pokhrel et al., 2016). 

These model developments include the incorporation of dam and reservoir operations; the 

representation of human water use, and return flows; and representations of land use, land management, 

and land cover change (Bierkens, 2015; Pokhrel et al., 2016; Wada et al., 2016). The use of these GHMs 

-including the human dimension- is widespread, especially in water resources research. For example, 

they have been applied in (multi-model) assessments evaluating the impacts of socioeconomic 

developments and/or hydro-climatic variability and change on freshwater resources, droughts, and 

water scarcity under historical conditions (Biemans et al., 2011; Döll et al., 2009; Haddeland et al., 2006, 

2007; Müller Schmied et al., 2016; Munia et al., 2016; Rost et al., 2008; Veldkamp et al., 2015b; Wada et 

al., 2011a, 2013a) or under future climatic and socioeconomic scenarios (Döll & Müller Schmied, 2012; 

Gosling et al., 2017; Haddeland et al., 2014; Hanasaki et al., 2013; Veldkamp et al., 2016; Wada et al., 

2014b; Wanders & Wada, 2014). 

 

Evaluations of the ability of such GHMs to represent real-world hydrological conditions are, 

unfortunately, often limited to (near-)natural river basins, whilst using predominantly naturalized 

discharge estimates (Beck et al., 2016b; Gudmundsson et al., 2012a, 2012b). Therefore, such studies are 

not able to test the model representation of human activities and its associated impact on estimates of 

freshwater resources or assessments of hydrological extremes. Studies that did perform a validation 

exercise, whilst including the human dimension and looking into managed catchments (Biemans et al., 

2011; de Graaf et al., 2014; Döll et al., 2009; Haddeland et al., 2006; Masaki et al., 2017; Müller Schmied 

et al., 2014; Pokhrel et al., 2012; Wada et al., 2011a, 2013a) either focused only on one GHM, and/or 

considered only selected river basins for validation. To date, a comprehensive analysis that evaluates 

whether, and where, incorporating human activities actually improves the performance of different 

GHMs with respect to their representation of real-world hydrological conditions and extremes is 

missing. The absence of such studies limits the potential benchmarking or validation of GHMs and their 

outcomes in hydrological hazard and risk assessments. This can potentially hamper the incorporation 

of GHMs and their modelling results in actual policy making and decision support with respect to water 

resources management. 

 

To address this issue, we evaluate in this study the performance of five state-of-the-art GHMs that can 

include human activities in their modelling scheme. We evaluated these models with respect to their 

representation of monthly discharges as well as their hydrological extremes (i.e. Q1 high-flow and Q99 

low-flow). For this purpose, we compared their monthly discharge simulations under a naturalized 

(NOSOC) and a time-dependent human impact (VARSOC) simulation, with monthly river discharge 

observations from the Global Runoff Data Centre (GRDC, 56068 Koblenz, Germany) at 473 gauging 
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stations over the period 1971-2010. These stations represent 19.9% of the global land area and include 

both managed and (near-)natural catchments. Evaluation metrics that were used to assess the 

performance of the GHMs, as well as the change in performance after incorporation of human activities, 

included the modified Kling-Gupta Efficiency index (KGE*) (Gupta et al., 2009; Kling et al., 2012) and 

its individual components, as well as indicators for low-flow (Q99) and high-flow (Q1). In doing so, this 

study assesses the robustness of simulations across GHMs in managed and (near-)natural catchments, 

and evaluates the change in model performance after incorporation of various aspects of human 

interference with water resources for the given parameterization of individual GHMs. Using our results, 

we finally discuss the challenges with respect to further refinement or improvement of the incorporation 

of the human dimension in GHMs. 

2.2 Methods 

 

2.2.1 Modelled discharges from global hydrological models 

In this study we used modelled monthly discharge estimates (0.5° x 0.5°) over the period 1971-2010 

from five GHMs: H08 (Hanasaki et al., 2008a, 2008b), LPJmL (Rost et al., 2008; Schaphoff et al., 2013), 

MATSIRO (Pokhrel et al., 2015; Takata et al., 2003), PCR-GLOBWB (van Beek et al., 2011; Wada et 

al., 2014c), and WaterGAP (Müller Schmied et al., 2016). All GHMs were set up under the modelling 

framework of phase 2 of the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP2a: 

www.isimip.org). Each GHM was forced with daily (MATSIRO: three-hourly) inputs from the GSWP3 

observation-based historical climate data-set (http://hydro.iis.u-tokyo.ac.jp/GSWP3). For a detailed 

overview of the modelling characteristics of each of the GHMs we refer to Table A.1 (Appendix A) and 

the individual model references. Two runs performed by each of the GHMs as part of the ISIMIP2a 

simulation protocol have been used in this study: (1) NOSOC: a ‘naturalized’ model run without any 

human influence; and (2) VARSOC: a model run including time-varying land use and land cover change, 

historical dam construction and operation, irrigation, and upstream consumptive water abstractions. 

2.2.2 Selection of observation stations and associated catchments 

Observed monthly discharges from the GRDC were used as reference data-set, consisting of >9,000 

stations in 160 countries, with an average record length of 42 years. For our analysis, we only selected 

stations that met the following criteria: 

1) A minimum of 5-year coverage (not necessarily consecutive) during the period 1971-2010 with 

a completeness rate of ≥95%. To ensure a consistent comparison of modelled and observed 

data, we sampled the modelled discharges accordingly; 

2) A minimum upstream catchment area of 9,000 km2 to omit catchments whose hydrological 

processes are not correctly represented by GHMs operating at 0.5° (Hunger & Döll, 2008). 

 

In line with earlier studies (Döll & Lehner, 2002; Döll et al., 2003; Kauffeldt et al., 2013), we assumed 

that the stations are located in the grid cell that corresponds with each of the station’s coordinates. Then 

we estimated for each station the upstream area along the DDM30 network (Döll & Lehner, 2002). 
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Subsequently, we compared this estimated upstream area with the area reported by the GRDC. Stations 

with a deviation in upstream area of >25% were discarded from the analysis. Finally, we corrected the 

modelled discharges for potential over-/underestimations caused by the difference in catchment size. 

To this end, we used a multiplier that represents the difference in upstream area as reported by the 

GRDC and as estimated from the DDM30 network. It should be acknowledged that the relation 

between discharge and catchment area may not always be linear in reality, as is assumed by using the 

multiplier. PCR-GLOBWB used a slightly different routing network (as well based on DDM30) than 

the provided DDM30 data-set. For this GHM we followed a similar procedure as for the GHMs who 

used the DDM30 network, only selecting stations with ≤25% deviation in upstream area and correcting 

for the difference in catchment size by using a multiplier. Only those stations that met the catchment 

size criteria (≤25% deviation) both for PCR-GLOBWB and for the other GHMs were eventually 

included in this study. Using the HYDE 3/MIRCA land cover data-set (Klein Goldewijk & van Drecht, 

2006; Portmann et al., 2010; Ramankutty et al., 2008), assembled following the approach of Fader et al. 

(2010) and provided by the ISIMIP2a project, together with the Global Reservoir and Dam database 

(Lehner et al., 2011), we distinguished, subsequently, between (near-)natural and managed catchments. 

Here, a catchment is classified as (near-)natural if the percentage of land area subject to irrigation is 

<2%, and/or if the total reservoir capacity in the catchment is <10% of its long-term mean annual 

discharge. Any catchment with ≥2% land area subject to irrigation and/or a total reservoir capacity 

≥10% is considered managed. In a few cases, the GRDC catchment delineation was not provided and 

no distinction could be made between (near-)natural or managed; these catchments were discarded from 

further analysis. 

 

Applying these criteria resulted in 473 stations eligible for use, of which 93 are outlet stations which 

cover in total 19.9% of the global land area (Figure 2.1). The number of observations differs spatially 

but is on average 32.8 years (all stations) and 32.4 years (outlet stations). Of all stations selected, 227 

were identified as managed (i.e. having a managed upstream area), and 246 as (near-)natural (Appendix 

A, Figure A.1). Of the stations located at the outlet of a catchment, 46 were identified to have a managed 

catchment (4.8% of the global land area), and 47 to have a (near-)natural catchment (15.1% of the global 

land area). Figure 2.1 shows that a large number of stations that meet all criteria is located in Northern 

and Latin-America, Europe, Southern Africa, and Australia, whereas the availability of stations is limited 

in Northern and Central Africa and Asia. It should be noted therefore, that the results presented 

throughout this study cannot be interpreted as globally representative. 

2.2.3 Performance metrics 

To assess the ability of the GHMs to estimate monthly river discharges and hydrological extremes 

correctly, and to evaluate the change in performance after incorporation of human activities in the 

modelling framework, we used six evaluation metrics. These are the modified Kling-Gupta Efficiency 

index (KGE*) and its individual components describing: (1) the linear correlation coefficient (rKGE*), 

(2) the bias ratio (βKGE*) and, (3) the variability ratio (γKGE*) (Gupta et al., 2009; Kling et al., 2012). 

To represent the hydrological extremes we used the Q1 (high-flow), and Q99 (low-flow) indicators, see 

Table 2.1. Statistical significance of the change (+/-) in KGE* outcomes after inclusion of human 
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activities was tested by means of regular bootstrapping (n = 1,000, p ≤ 0.05 (two-tailed)), following the 

method of Livezey and Chen (1982) and Wilks (2006). 

 

 
Figure 2.1. Spatial distribution of GRDC stations used for analysis. Each dot shows a GRDC station (n = 9,051) from 
the station catalogue. Blue and red colours indicate stations (n = 473) that meet all selection criteria, whereas red colour 
indicate the stations (n = 93) that are located at the outlet of a catchment. 
 

Table 2.1. The different performance metrics used in this study and their calculation procedure. Here, Qsi  and Qoi are 

simulated and observed monthly discharge; 𝝁𝒔 and 𝝁𝒐 are simulated and observed mean monthly discharge; and 𝝈𝒔 

and 𝝈𝒐 are the standard deviation of the simulated and observed discharge, respectively. 

Abbreviation Name Calculation procedure 

𝐾𝐺𝐸∗ 
Modified Kling-Gupta 

Efficiency Index 𝐾𝐺𝐸∗ = 1 −  √(r𝐾𝐺𝐸∗ − 1)2 + (𝛽𝐾𝐺𝐸∗ − 1)2 +  (𝛾𝐾𝐺𝐸∗ − 1)2  

r𝐾𝐺𝐸∗ 
KGE* correlation 

coefficient (Pearson) 
r𝐾𝐺𝐸∗ =  

∑ (𝑠𝑖−𝜇𝑠)(𝑜𝑖−𝜇𝑜)𝑛
𝑖=1

√∑ (𝑠𝑖−𝜇𝑠)2𝑛
𝑖=1 √∑ (𝑜𝑖− 𝜇𝑜)2𝑛

𝑖=1

  

𝛽𝐾𝐺𝐸∗ KGE* bias ratio 𝛽𝐾𝐺𝐸∗ =  𝜇𝑠/ 𝜇𝑜  

𝛾𝐾𝐺𝐸∗ KGE* variability ratio 𝛾𝐾𝐺𝐸∗ =  
𝜎𝑠

𝜇𝑠
⁄

𝜎𝑜
𝜇𝑜

⁄
  

Q1 High-flow indicator 
Monthly discharge (m3 s-1) that is exceeded on average in 1 out of 100 
months 

Q99 Low-flow indicator 
Monthly discharge (m3 s-1) that is exceeded on average in 99 out of 100 
months 

2.2.4 Aggregation and presentation of results 

Summarizing the main findings of a global study encompassing five GHMs and 473 stations requires 

proper spatial aggregation. Therefore, we present part of our results via global totals and means using 

all stations, and via area-weighted means using the stations at outlets of catchments only. In maps, we 

visualize the geographical distribution of the hydrological performance (KGE*) of individual GHMs, 

and indicate where -and how many- GHMs improved or decreased in performance after inclusion of 

human activities. Scatterplots show for each of the GHMs the representation of hydrological extremes 

and the change of these extremes after incorporation of human activities. 
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2.3 Results 

 

2.3.1 General hydrological performance with simulation of human activities 

All GHMs show an increase in average global performance (KGE*) due to inclusion of human activities, 

when comparing the area-weighted mean global values for the different performance indicators (using 

the outlet stations only) of the VARSOC simulation with the NOSOC simulation (Tables 2.2 and 2.3).  

 
Table 2.2. Area-weighted mean performance of the GHMs under the VARSOC simulation using the outlet stations 
only. Values in brackets represent the performance as assessed solely for the managed/(near-)natural catchments. 
Maps visualizing the spatial distribution of the performance of the individual GHMs for each KGE* component under 
the VARSOC simulation are shown in Figures A.2-A.5 (Appendix A). 

 KGE* βKGE* γKGE* rKGE* 

H08 -0.26 (-1.39/0.09) 1.71 (2.98/1.31) 1.37 (1.37/1.36) 0.62 (0.50/0.66) 

LPJmL -0.90 (-3.44/-0.08) 2.26 (4.97/1.40) 1.51 (1.40/1.55) 0.50 (0.50/0.50) 

MATSIRO 0.26 (-0.31/0.44) 1.00 (1.22/0.93) 1.19 (1.32/1.15) 0.62 (0.51/0.65) 

PCR-GLOBWB -0.24 (-1.80/0.26) 1.76 (3.51/1.20) 1.06 (0.99/1.09) 0.61 (0.61/0.61) 

WaterGAP 0.42 (-0.19/0.61) 1.20 (1.76/1.02) 0.87 (0.84/0.88) 0.76 (0.69/0.78) 

 

Table 2.3. Area-weighted mean performance of the GHMs under the NOSOC simulation using the outlet stations only. 
Values in brackets represent the performance as assessed solely for the managed/(near-)natural catchments. 

 KGE* βKGE* γKGE* rKGE* 

H08 -0.40 (-1.58/-0.02) 1.73 (3.05/1.31) 1.58 (1.83/1.49) 0.64 (0.58/0.66) 

LPJmL -1.08 (-3.94/-0.16) 2.32 (5.15/1.41) 1.72 (1.91/1.66) 0.47 (0.36/0.50) 

MATSIRO 0.24 (-0.32/0.43) 1.11 (1.51/0.99) 1.22 (1.39/1.16) 0.63 (0.56/0.66) 

PCR-GLOBWB -0.26 (-1.85/0.26) 1.78 (3.56/1.21) 1.07 (0.99/1.09) 0.61 (0.60/0.61) 

WaterGAP 0.38 (-0.20/0.57) 1.22 (1.81/1.03) 0.92 (0.90/0.92) 0.75 (0.68/0.77) 

 

For most GHMs this increase in performance is more pronounced in the managed catchments than in 

the (near-)natural catchments. Despite the inclusion of human activities, the area-weighted mean global 

performance (KGE*) of each GHM remains significantly lower in the managed catchments compared 

to the (near-)natural catchments. Larger changes due to inclusion of human activities were found for 

the weighted-mean global values of βKGE* and γKGE*. The weighted-mean global average bias 

(βKGE*) in long-term mean monthly discharge decreases towards unity, and thus improves, for all 

GHMs when taking into account all catchments or the managed catchments only. Looking at the (near-

)natural catchments, we find for MATSIRO that the deviation of βKGE* from 1 increases. 

Incorporation of human activities has led here globally to a further underestimation of the long-term 

mean monthly discharges. The global representation of variability increases for H08, LPJmL, 

MATSIRO, and PCR-GLOBWB after the incorporation of human activities, in both managed and 

(near-)natural catchments. Taking into account human activities has led for these GHMs, globally, to a 

decreased overestimation of the hydrological variability (γKGE* moving towards unity). For WaterGAP 

we find, however, a decrease in the global representation of variability. Here, the hydrological variability 

compared to the observations is further underestimated due to incorporation of human activities. 

Overall, the GHMs perform relatively well in terms of their correlation coefficient (rKGE*), with global 

mean values ranging from 0.50 to 0.76 under the VARSOC simulation and 0.47 to 0.75 under the 

NOSOC simulation. Changes in the area-weighted mean global rKGE* due to inclusion of human 
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activities in the modelling scheme were furthermore mostly only minor (≤0.01). Only for LPJmL we 

find a substantial increase in the global mean rKGE* for the managed catchments. Subsequently, we 

tested per station how many GHMs showed a statistically significant change in performance due to 

incorporation of human activities. Looking at the spatial distribution of these results (Figure 2.3), we 

find that there are only few locations globally where the inclusion of human activities led to significant 

decreases in KGE* for a majority of GHMs. Significant improvements for a majority of GHMs were 

found in Latin America, Southern Africa, and Northwest United States. Insignificant changes or 

decreases in performance for a majority of GHMs were found predominantly in (near-)natural areas 

(e.g. Amazon). KGE* significantly increases due to inclusion of human activities for all GHMs for 

>40% of the studied catchment area (using the outlet stations only), whilst decreases in KGE* where 

found generally in lower shares of the catchment area (Table 2.4).  

 
Table 2.4. Percentage catchment area (%) with a significant change in KGE* after inclusion of human activities, for all 
studied catchments and for the managed and (near-)natural catchment specifically. Percentage catchment area with 
improved KGE* is shown first, percentage catchment area with decreased KGE* is shown between brackets. The 
results for the individual KGE* components (βKGE*, γKGE*, rKGE*) are presented in Tables A.2-A.4 (Appendix A). 

 All catchments Managed catchments 
(Near-)natural 

catchments 

H08 61.3 (30.7) 89.1 (6.9) 52.3 (38.4) 

LPJmL 72.4 (8.1) 94.4 (3.9) 65.4 (9.4) 

MATSIRO 48.0 (32.7) 52.3 (45.8) 43.7 (28.4) 

PCR-GLOBWB 57.1 (2.4) 71.2 (4.0) 52.6 (1.8) 

WaterGAP 41.0 (20.2) 34.0 (49.8) 43.2 (10.8) 

 

Moreover, this tendency towards more pronounced positive impacts is stronger in the managed 

catchments compared to the (near-)natural catchments, for all GHMs apart from WaterGAP. Only for 

WaterGAP we find in the managed catchments for a relatively larger share of the total catchment area 

significantly decreasing KGE* values as a result of human activities. Although not dominant, the share 

of catchment area negatively impacted by human activities is relatively high for MATSIRO as well. This 

result could be explained by the fact that both MATSIRO and WaterGAP have relatively high KGE* 

values under the NOSOC simulation, compared to the other GHMs (Table 2.3). Moreover, the 

discharge estimates of WaterGAP are calibrated towards long-term mean monthly observed discharges 

under both the VARSOC and NOSOC simulation (Appendix A, Table A.1h), comparable to βKGE*, 

one of the decisive components of KGE*. This may explain the relative low level of improvements 

found for WaterGAP, compared to the other GHMs, due to the inclusion of human activities. When 

comparing the change in KGE* with the changes in the individual KGE* components we find that the 

incorporation of human activities and subsequently improvements of KGE*, mainly takes place via 

changes in the βKGE* and γKGE* (Figure 2.2 and Tables A.2-A.4 (Appendix A)). The overall bias in 

long-term mean monthly discharge (βKGE*) is significantly reduced in most regions for a majority of 

the GHMs, whilst the representation of variability (γKGE*) significantly improved for a majority of 

GHMs mainly in Southern Africa, Eastern Australia, Western Europe, and selected regions in Northern 

America. The large (near-)natural catchments, located at higher latitudes, in north-west Australia, and 

in Southern America, show predominantly insignificant changes in both βKGE*and γKGE* for a 

majority of GHMs. Comparing the change in βKGE* and γKGE* we find distinctively opposite signals 
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in Western Europe and the United States, with a majority of GHMs showing an improved βKGE* in 

Western Europe, and inland United States, but a decrease in βKGE* in Scandinavia and North-west 

and East-coast United States. 

 

 

Figure 2.2. Number of GHMs that show a statistically significant (p ≤ 0.05) improvement or decrease in modelling 
performance after the incorporation of human activities in the modelling framework. The different panels in Figure 2.2 
represent: (a) the overall KGE* value (KGE*); (b) the KGE* bias ratio (βKGE*); (c) the KGE* variability ratio (γKGE*); 
and (d) the KGE* correlation coefficient (rKGE*). 
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Linking the spatial distribution of changes in βKGE*, γKGE*, and rKGE* with the pattern of change 

in KGE*, we see that βKGE* shows the most overlap and can be considered as the major determinant 

of change, followed by γKGE*. Changes in the correlation coefficient (rKGE*) show to impact the 

change in overall KGE* value to a lesser extent as there is only limited overlap with the spatial pattern 

in KGE*. rKGE* values were already quite high under the NOSOC simulation (Table 2.3) and human 

activities do not show to exert a large influence on these values. As a result, the signal of change is less 

pronounced for rKGE* and no clear spatial distribution can be identified that can be linked to the 

changes in KGE*. 

2.3.2 Representation of hydrological extremes with simulation of human 

activities 

The (absolute) change in Q1 high-flow and Q99 low-flow estimates between the NOSOC and the 

VARSOC simulation shows that the impact of human activities is generally larger on the low-flow 

estimates (Q99) than on the high-flow estimates (Q1), both in managed and (near-)natural catchments 

(Figure 2.3). Moreover, impacts of human activities on both high- and low-flows are generally smaller 

in (near-)natural catchments compared to the managed catchments, with an average absolute deviation 

from Qvarsoc/Qnosoc = 1 over the GHMs of 0.04 ((near-)natural) and 0.15 (managed) for the Q1 high-

flow, and of 0.18 ((near-natural) and 0.59 (managed) for the Q99 low-flow. Whilst the high-flow 

estimates mostly decrease after the incorporation of human activities, effects on low-flow estimates are  

 

 

Figure 2.3. Scatterplot showing for the individual GHMs the difference in hydrological extremes between the NOSOC 
and VARSOC simulation. The two sets of panels show the difference (factor) in modelled (a) Q1 high-flow and (b) Q99 
low-flow discharges under the VARSOC and NOSOC simulation for the managed (blue) and (near-)natural catchments 
(orange). Values >1 imply that discharges are larger under the VARSOC simulation compared to the NOSOC 
simulation, and vice versa. To improve visibility, results are capped at a value of 2. The absolute differences given in 
each of the plots represent the average absolute deviation from unity for the managed and (near-)natural catchments. 
The larger the average absolute deviation, the larger the difference in modelled Q1 high-flow and Q99 low-flow 
discharges between the VARSOC and NOSOC simulation. 
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mixed. Only for WaterGAP we find for a substantial number of GRDC stations increases in high-flow 

estimates due to the incorporation of human activities. Compared to the other GHMs, PCR-GLOBWB 

shows the smallest impacts of human activities on high- and low-flows in both managed and (near-

)natural catchments, with mean absolute deviations ranging from 0 to 0.12. In contrast, MATSIRO (0.10 

to 0.32) and LPJmL (0.30 to 1.02) show the largest impacts of human activities on high-flows and low-

flows, respectively. In all plots we identify a convergence towards the higher observed discharges, 

indicating that the incorporation of human activities in the modelling scheme becomes less important 

for the correct representation of hydrological extremes with increasing observed discharges. 

 
Also when looking at the representation of high- and low-flows under the VARSOC simulation (Figure 

2.4), i.e. with inclusion of human activities, we find that the relative bias (both positive and negative) 

between modelled and observed discharges decreases with increasing observed discharge (see also 

Figure A.6 (Appendix A) for normalised bias values).  

 

 

Figure 2.4. Scatterplot showing the deviation between modelled and observed discharges for managed (blue) and (near-
)natural (orange) catchments. The individual sets of panels show the modelled and observed (a) Q1 high-flow and (b) 
Q99 low-flow discharges. Values above the 1:1 line indicate an overestimation of the modelled discharge volumes 
compared to the observed discharges, and vice versa. The NSE shown in each plot is the Nash-Sutcliffe Efficiency (or 
model efficiency) which characterizes the ability to predict the 1:1 line. 
 

The Nash-Sutcliffe Efficiency values for the high-flow (Q1) and low-flow (Q99) estimates show, 

moreover, that the dispersion between the modelled estimates and the observed values is higher for the 

low-flows compared to the high-flows for all GHMs when looking at the (near-)natural catchments, and 

for H08, LPJmL, and WaterGAP when looking at the managed catchments as well. Hydrological 

extremes, both low-flows and high-flows, are in general relatively better represented in (near-)natural 

catchments than in the managed ones. Whilst the model efficiency is ≥0.85 in the (near-)natural 

catchments for all GHMs, the ability of GHMs in estimating high- and low-flows correctly in managed 

catchments is more varied, with model efficiency values ranging from 0 (LPJmL, Q99 low-flow) up to 

0.87 (WaterGAP, Q1 high-flow). Despite the incorporation of human influences under the VARSOC 
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simulation, PCR-GLOBWB still tends to overestimate both high- and low-flows in both managed and 

(near-)natural catchments (Appendix A, Table A.5). Whilst WaterGAP tends to overestimate the low-

flows and underestimates the high-flows in both managed and (near-)natural catchments after 

incorporation of human activities, the opposite holds for H08 and LPJmL. MATSIRO, finally, tends to 

underestimate both high- and low-flows in (near-)natural catchments under a simulation including 

human activities, but only the low-flows in managed catchments. 

2.4 Discussion  

Our results show that the inclusion of human activities in the modelling framework generally enhances 

the overall performance (KGE*) of GHMs, mainly driven by improvements in the bias ratio (βKGE*) 

and variability ratio (γKGE*). Whilst the inclusion of human activities predominantly leads to changes 

in simulated discharge in the managed catchments, a significant share of the (near-)natural catchments 

studied are also influenced. Although all GHMs include the human dimension differently in their 

modelling scheme and the complexity and dependency structures of GHMs prevent us to identify 

specific causal-effect relations between human parameterization and the observed changes in 

performance (Beck et al., 2016a, 2016b; Döll et al., 2016; Haddeland et al., 2014; Hagemann et al., 2013; 

Schewe et al., 2014), a number of overall conclusions can be drawn, linking the performance and change 

in performance of the GHMs to their model structure and parameterization. 

 

The observed improvements in the representation of long-term mean monthly discharges (βKGE*) 

after inclusion of human activities can, for example, be linked to the inclusion of water abstractions and 

return flows and the source of these abstractions (groundwater and/or surface water) which generally 

leads to a decrease in discharge; and to a lesser extent to the integration of irrigated areas and irrigation 

rules, which influence evapotranspiration rates, and subsequently runoff. Changes in variability 

(γKGE*) are driven by the timing of these water abstractions and return flows, as well as by reservoir 

operation rules, both of which influence the relative size of high- and low-flows compared to their long-

term mean discharge values. The correlation coefficient (rKGE*) represents, finally, the correlation 

between the observed and modelled discharges and is for a substantial share driven by the temporal 

variability in the hydro-meteorological forcing data that feed the GHMs. This explains the relatively 

high performance values found already under the NOSOC simulation. The perturbation of the 

hydrological cycle due to human activities, which leads to changes in the timing of discharges and in the 

shape of the hydrograph, may be an explanation for the observed decrease in rKGE* in a substantial 

share of stations and models globally, even in managed catchments. The relative low changes in KGE*, 

and especially βKGE* values for WaterGAP, compared to the other GHMs, can be explained by the 

fact that discharges in WaterGAP are calibrated under VARSOC conditions towards long-term mean 

average observations, whilst the resulting calibration parameters are being used under the NOSOC 

simulation. 

 

Also the estimates of hydrological extremes (both high- and low-flows) were significantly altered by the 

inclusion of human activities in a majority of stations and for most of the GHMs, although the strength 

of this alteration differed per GHM. Whilst high-flows estimates mainly decreased, low-flow estimates 
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showed mixed results, which can be clarified by the relative importance of (the timing of) water use, 

return flows, and reservoir operations during periods of low-flow, compared to their impact during 

periods of high-flow. In general, the impact of human activities tends to decrease with increasing 

discharges. This can be clarified by the fact that with increasing discharges, the relative ‘size’ of human 

perturbations such as water abstractions, return flows, or delayed releases of water via reservoir 

operations, decreases. 

 

Despite the observed improvements in performance and representation of hydrological extremes after 

incorporation of human activities, both the KGE* values and the hydrological extremes of the different 

GHMs under the VARSOC simulation highlight the need for further improvement of the modelled 

discharges under human conditions. Whilst biases in the long-term mean monthly discharge estimates 

(βKGE*) bound the global performance (KGE*) of H08, LPJmL, PCR-GLOBWB, and WaterGAP, 

the global performance of MATSIRO is limited by the correct representation of the variability (γKGE*). 

These limiting factors per GHM differ significantly at the local scale, however, as shown by the spatial 

variation in results for the individual stations. The incorporation of human activities decreased the high-

flow estimates and altered the low-flows estimates significantly in most GHMs. Nevertheless, still a 

substantial bias exist between the modelled and observed high- and low-flows, whereby deviations from 

the observed extremes increase significantly when moving towards lower discharges, and vice versa. 

Targeting these deficiencies in future model-development, a number of aspects must be dealt with. 

According to Sood and Smakthin (2015), four types of uncertainty are key in the (in-)ability of GHMs 

to represent reality: model input (forcing data, soil properties, etc.); parameter values and model 

structure; and (observation data used for) calibration and validation. Although the GHMs evaluated 

here all used the same forcing data (GSWP3), mutual differences in soil properties (e.g. porosity, 

potential of soil moisture storage) and the way they are incorporated in the modelling structure may 

have led to differences in the generation and timing of runoff, whilst the overall quality of such input 

data-sets can significantly limit general model performance (Döll et al., 2016). According to Beck et al. 

(2016b) uncertainties associated with the forcing data used may play a significant role in the 

overestimation of runoff in arid regions and the too early generation of runoff in snow dominated 

regions. This might explain the relative low KGE* values in the higher-latitude and arid regions found 

across all GHMs under the VARSOC simulation, as well as the relative large deviation from optimal 

found for the hydrological extremes in catchments with low discharges. Differences in model algorithms 

and parameterization used can clarify the relatively large model-deviations across GHMs (Döll et al., 

2016). Among these, differences in the computation of potential and actual evapotranspiration 

(accounting for temperature only, or also including radiation, humidity, wind-speed), as well as 

differences in the snow-algorithm (degree-day versus energy-balance), and the runoff routing, are 

perceived to be of most importance and affect not only the generation of runoff but also partly the 

simulation of human water use (Beck et al., 2016b; Döll et al., 2016; Hagemann et al., 2013). 

Improvements in these modules would, therefore, most probably affect all KGE* performance 

indicators evaluated, as well as the size of the hydrological extremes. On the human interventions side, 

Liu et al. (2017) identified three large sources of uncertainty that significantly influence discharge 

estimates. The estimated irrigation water use -and thus the discharges after abstraction of irrigation water 
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demands- in the different GHMs varies due to variations in the irrigation efficiency, the methods for 

the calculation of (potential) evapotranspiration, and the method to estimate irrigation water 

requirements (soil water deficit versus difference between optimal evapotranspiration and available 

water) (Döll et al., 2014a, 2014b; Liu et al., 2017; Wada et al., 2013b). How reservoirs are incorporated 

in the modelling scheme particularly influences the volume and timing of discharge. Not all models 

account for evaporation over reservoirs (in a similar manner) and although most regulation schemes are 

based on Haddeland et al. (2006) or Hanasaki et al. (2006), they are adopted differently in each of the 

GHMs (Masaki et al., 2017). Finally, varying estimates of groundwater withdrawals, mainly driven by 

variations in the simulation of the groundwater-surface water interactions (Döll et al., 2016) and the 

proportion of groundwater withdrawal for human water uses across the GHMs, influence the need for 

surface water abstractions and -subsequently- stream flow estimates (de Graaf et al., 2014; Döll et al., 

2014b; Liu et al., 2017; Wada et al., 2014c). 

 

Regional parameterization and calibration/validation by means of observational data, of both the crucial 

components of the hydrological cycle as well as the human water uses, are, finally, key for realistic model 

performance (Beck et al., 2016b; Bierkens, 2015; Döll et al., 2016; Liu et al., 2017). Calibration is essential 

to compensate for factors such as the impossibility to measure all required model parameters at the 

applied scale, the lack of process understanding, the simplistic process representation in GHMs, and 

errors in forcing data. Despite its perceived effect, and the availability of various calibration techniques 

and observational data (like the GRDC measurement data and remotely sensed data), calibration is not 

widespread across the GHMs (Beck et al., 2016b; Bierkens, 2015). Of the GHMs studied, only 

WaterGAP and H08 were calibrated to some extent. Whilst H08 corrects the bias in runoff with 

modification of two parameters of subsurface flow for four climatic groups, it does not calibrate river 

discharge (Hanasaki et al., 2008a, 2008b). WaterGAP corrects the biases in long-term mean annual 

discharge by adjusting the parameter that determines the portion of effective precipitation that becomes 

surface runoff plus up to two additional correction factors (Müller Schmied et al., 2014). Especially the 

latter GHM is successful in this bias correction given its relatively low bias ratio (βKGE*) and high 

KGE* values under the NOSOC and VARSOC simulation, both globally and from station to station. 

2.5 Conclusions 

A systematic comparison of modelled monthly discharges under a naturalized and a time-dependent 

human impact simulation revealed that the inclusion of human activities generally improves the ability 

of GHMs to estimate monthly discharges correctly, both when looking at its overall hydrological 

performance and its ability to capture high- and low-flows. Nevertheless, also after incorporation of 

human activities we find that the performance of GHMs is limited, mainly bounded by the relatively 

weak representation of long-term mean average discharge and hydrological variability across the GHMs. 

Moreover, especially in the managed catchments hydrological extremes are biased, also under the 

VARSOC simulation, with greatest deviations for the low-flow estimates. Further improvement of the 

inclusion of human activities within the modelling framework is essential to get these numbers right, 

whereby future research should not only focus on the advances regarding the assessment of the 

volumetric impacts of such human activities (i.e. size of abstractions and return flows) but also on their 
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timing and feedback linkages with the hydrological system. Differences in the performance across 

GHMs highlight the added value and need for structural calibration/validation, not limited to the 

hydrological output (here: discharge), but preferably taking into account all hydrological and 

anthropogenic components and feedback linkages of interest, as well as possible data sources (in-situ, 

remote sensing). 

 

The large variation in performance between GHMs, regions, and performance indicators, highlights, 

moreover, the importance of a careful selection of models, model components, and evaluation metrics, 

given varying research interests. For example, a study of droughts requires different model specifications 

than a study that deals with water scarcity. Whereas it is essential to correctly represent variability when 

studying droughts, to correctly estimate water scarcity the volumetric totals are crucial. The systematic 

misrepresentation of hydrological extremes across all GHMs, especially in managed catchments, calls 

for a careful interpretation of risk assessments dealing with these numbers, and calls for further study 

into the overarching research theme of water resources, hydrological extremes, human interventions, 

and feedback linkages, and for an exploration of their consequences in hazard and risk assessments. 
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Chapter 3. 

 

Changing mechanism of global water scarcity events: impacts of 

socioeconomic changes and inter-annual hydro-climatic variability 
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Abstract 

Changes in available freshwater resources, together with changes in water use, force our society to adapt 
continuously to water scarcity conditions. Although several studies assess the role of long-term climate 
change and socioeconomic developments on global water scarcity, the impact of inter-annual climate 
variability is less understood and often neglected. This study presents a global-scale water scarcity 
assessment that accounts for both temporal changes in socioeconomic conditions and hydro-climatic 
variability over the period 1960-2000. We thereby visualized for the first time possible over- and 
underestimations that may have been made in previous water scarcity assessments due to the use long-
term means in their analyses. Subsequently, we quantified the relative contribution of hydro-climatic 
variability and socioeconomic developments on changing water scarcity conditions. We found that 
hydro-climatic variability and socioeconomic changes interact and that they can strengthen or attenuate 
each other, both regionally and at the global scale. In general, hydro-climatic variability can be held 
responsible for the largest share (>79%) of the yearly changes in global water scarcity, whilst only after 
six to ten years, socioeconomic developments become the largest driver of change. Moreover, our 
results showed that the growth in the relative contribution of socioeconomic developments to changing 
water scarcity conditions stabilizes towards 2000 and that the impacts of hydro-climatic variability 
remain significantly important. The findings presented in this study could be of use for water managers 
and policy makers coping with water scarcity issues since correct information both on the current 
situation and regarding the relative contribution of different mechanisms shaping future conditions is 
key to successful adaptation and risk reduction. 
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3.1 Introduction 

Globally, water scarcity and its societal consequences is recognized as one of the most important global 

risks, both in terms of likelihood and impact (World Economic Forum, 2013). Governments and 

institutions managing water resources have to adapt constantly to regional water scarcity conditions, 

which are driven by climate change, hydro-climatic variability, and changing socioeconomic conditions. 

Over the past decades, changing hydro-climatic and socioeconomic conditions increased regional and 

global water scarcity problems (Kummu et al., 2010; Vörösmarty et al., 2000a; Wada et al., 2011a). Future 

climate change, projected population growth, and the continuing increase in water demand, are expected 

to aggravate these water scarcity conditions world-wide (Alcamo et al., 2007; Haddeland et al., 2014; 

Kiguchi et al., 2015; Lehner et al., 2006; Prudhomme et al., 2014; Schewe et al., 2014; Sperna Weiland 

et al., 2012; van Vliet et al., 2013). Whilst most research on water scarcity has focused on the role of 

long term changes in hydro-climatic and socioeconomic conditions, the role of inter-annual hydro-

climatic variability has received less attention. This is problematic, since variability has been identified 

as a key theme for water scarcity assessments (e.g. Mason & Kalow, 2012), and changes in variability 

may be more important than changes in average conditions when examining extreme events, such as 

flood and droughts, in a changing climate (Adger et al., 2005; Hall & Borgomeo, 2013; IPCC, 2012; 

Katz & Brown, 1992; Mason & Calow, 2012; Smit & Pilifosova, 2003). Omitting the climate-driven 

inter-annual variability in water resources availability (i.e. hydro-climatic variability) can mean that areas 

that only sporadically experience water scarcity are overlooked. On the other hand, those areas that are 

identified as ‘water scarce’ based on hydro-climatic mean conditions, in reality do not experience water 

scarcity every year (Kummu et al., 2014; Mason & Calow, 2012). Likewise, studies using such multi-year 

averages, either with respect to hydro-climatic or socioeconomic conditions, might misinterpret the 

relative contribution of these driving forces on changing water scarcity conditions towards the future 

(Hulme et al., 1999; IPCC, 2012; Kummu et al., 2014; McPhaden et al., 2006; Murphy et al., 2010; Vera 

et al., 2010). Moreover, earlier research showed that the adaptive capacity of people to gradually 

changing means is relatively high, whereas adapting to yearly variations and extremes poses more 

difficulties (Smit & Pilifosova, 2003). This holds especially for those regions that lack a minimum level 

of hydraulic infrastructure for water storage and redistribution (Grey & Sadoff, 2007; Hall & Borgomeo, 

2013). A thorough understanding of the present-day contribution of inter-annual variability is essential 

to model future interactions between different driving forces and their impacts on future water scarcity 

conditions, and is therefore a prerequisite for successful adaptation (Adger et al., 2005; Hall & 

Borgomeo, 2013; Mason & Calow, 2012; Smit & Pilifosova, 2003). 

 

To address the considerations discussed above, we present in this contribution a global-scale water 

scarcity assessment that accounts for both temporal changes in socioeconomic conditions and hydro-

climatic variability. A first effort to estimate the effects of hydro-climatic variability on water scarcity 

conditions at the global scale was made by Kummu et al. (Kummu et al., 2014). In this study, however, 

an assumption of fixed socioeconomic conditions was used, which may have led to an over- or 

underestimations of water scarcity conditions at the global and regional scales. Using a scenario analysis, 

we visualize here the size of these potential over- and underestimations. In addition, we quantify the 

relative impacts of these driving forces on changes in water scarcity, using a calculation method that 
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takes into account their inter-action effects and thereby avoids the risk of over- or underestimations as 

specified above. We conclude with a discussion on the implications of our results for water management 

and policy, for example in designing adaptation strategies. 

3.2 Methods 

In brief, we constructed time-series of yearly water availability, using the multi-model ensemble-mean 

of water availability derived from three global hydrological models (GHMs). We then combined these 

water availability time-series with data on population and water consumption to calculate water scarcity 

conditions over the period 1960-2000 under four scenarios, representing fixed or transient 

socioeconomic and hydro-climatic conditions. Finally, we evaluated the differences in estimated water 

scarcity conditions, the severity of water scarcity events, and the (relative) contribution of different 

driving factors to changing water scarcity conditions. A cross-model validation was carried out to test 

the sensitivity of our results to the use of different GHMs. All analyses were carried out globally at the 

scale of Food Producing Units (FPU), which represent a hybrid between river basins and economic 

regions (Appendix B, Figure B.7) (Cai & Rosegrant, 2002; de Fraiture, 2007; Rosegrant et al., 2002). 

Data and methods are described in detail in the following subsections. An overview of the steps taken 

in the methodology is given in Figure 3.1. 

 

 

Figure 3.1. Overview of the steps taken in the methodology. Squared boxes are input data; rounded boxes represent the 
global hydrological models used and the multi-model ensemble-mean time-series constructed; diamonds show 
(intermediate) results. In general, the methodology can be split into: (1) Calculating water availability; (2) Calculating 
water scarcity conditions by means of the Falkenmark Index (FI) and the Water Scarcity Index (WSI); (3) Executing 
the scenario analysis; and (4) Executing the cross-model validation. Fixed, fixed hydro-climatic, fixed socioeconomic, 
and transient conditions refer to the different conditions used in the scenario analysis and are elaborated further in 
3.2.3 (Table 3.1). 
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3.2.1 Input data  

 

3.2.1.1 Water availability scenarios 

Monthly water availability was estimated over the period 1960-2000 using time-series of gridded (0.5° x 

0.5°) daily runoff and discharge from three GHMs: PCR-GLOBWB (van Beek et al., 2011; Wada et al., 

2014c), STREAM (Aerts et al., 1999; Ward et al., 2007), and WaterGAP (Müller Schmied et al., 2014). 

The three models were forced with daily precipitation and temperature data (0.5° x 0.5°) from the EU-

WATCH project (Weedon et al., 2011). For each of the models, we aggregated daily runoff values per 

grid-cell into time-series of monthly runoff per FPU: thereby calculating its monthly water availability. 

In large river basins, using total monthly runoff as a measure for water availability may lead to 

overestimations of the water actually available upstream, while it may lead to underestimations in the 

case of downstream areas (Appendix B, Figure B.8). To account for this issue, we redistributed water 

availability across those FPUs located within a large river basin, proportionally to the basin’s long-term 

average discharge distribution (Equation 3.1) (Gerten et al., 2011; Schewe et al., 2014) WAi is here the 

redistributed monthly water availability within FPU i, Rb is the total monthly water availability within 

large river basin b, Qi is the monthly discharge in FPU i, and ∑ 𝑄𝑖 is the sum of the monthly discharge 

over all FPUs within large river basin b.  

 

𝑊𝐴𝑖 =
𝑅𝑏∗ 𝑄𝑖

∑ 𝑄𝑖
,  Equation 3.1 

 

 

Using the aggregated yearly water availability estimates per FPU from each of the three GHMs, we 

constructed a multi-model ensemble-mean time-series of water availability per FPU over the period 

1960-2000, the time period used in our analyses. To calculate water availability under fixed and fixed 

hydro-climatic conditions we used a long-term average climatology over the period 1960-2000, a period 

long enough to calculate average values which are not subjective to inter-annual variability (Döll et al., 

2003).  

 

3.2.1.2 Consumptive water use scenarios 

We used time-series of monthly consumptive water use (hereafter: water consumption) produced by 

Wada et al. (2011b) in our calculations of global water scarcity conditions using the Water Scarcity Index 

(WSI). Monthly gridded water consumption (0.5° x 0.5°) was estimated per sector (livestock, irrigation, 

industry and domestic) over the period 1960-2000 using CRU TS 2.1 temperature time-series combined 

with yearly information on: livestock densities; the extent of irrigated areas; desalinated water use; non-

renewable groundwater abstractions; and past socioeconomic developments, namely GDP, energy and 

electricity production, household consumption, and population growth (Wada et al., 2011b). For a 

complete description and discussion of the water consumption calculation framework, we refer the 

reader to Wada et al. (2011a,b). In order to reflect the fixed socioeconomic conditions, 1960 was used 

as a benchmark year for the different water consuming sectors. Since the amount of water used for 

irrigation is, however, not only driven by socioeconomic developments but also by changing hydro-
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climatic conditions, we computed four time-series of irrigation water consumption (see also Table 3.1): 

irrigation under fixed conditions; irrigation under transient conditions; irrigation under fixed 

socioeconomic conditions; and irrigation under fixed hydro-climatic conditions. Under fixed 

socioeconomic conditions only the socioeconomic conditions are fixed calculating the irrigation water 

consumption, hydro-climatic conditions were kept transient. Under fixed hydro-climatic conditions, we 

excluded hydro-climatic variability in water availability in combination with transient socioeconomic 

conditions to estimate irrigation water consumption. The gridded total monthly water consumption 

scenarios were aggregated into scenarios of yearly water consumption per FPU covering the period 

1960-2000. 

 

3.2.1.3 Population scenarios 

The population data used for the calculation of global water scarcity using the Falkenmark Indicator 

(FI) are equal to the population time-series used within the calculation of monthly water consumption 

by Wada et al. (2011b). Wada et al. (2011b) combined yearly country-scale population data from 

FAOSTAT with decadal global population maps (Klein Goldewijk & van Drecht, 2006) to derive yearly 

gridded population maps (0.5° x 0.5°). We aggregated these population maps into time-series of yearly 

population per FPU, with the year 1960 as benchmark year representing the fixed socioeconomic 

conditions. 

3.2.2 Water scarcity indicators 

Blue water scarcity (hereafter: water scarcity) refers to the imbalance between water availability (natural 

runoff) and the needs for water over a specific time period and for a certain region. Water scarcity can 

be population-driven, expressed as water available per person per year; or demand-driven, expressed as 

the actual consumed water by all sectors and people relative to the water available (Falkenmark, 2013b). 

Two complementary indicators often used to quantify these water scarcity conditions are the Water 

Crowding Index or Falkenmark Index (FI) and the Water Scarcity Index (WSI), respectively (Brown & 

Matlock, 2011; Falkenmark, 2013b; Rijsberman, 2006). The FI quantifies the yearly water availability per 

capita at the country or basin-scale (Falkenmark, 1986, 2013b), also referred to as water shortage. In line 

with previous studies (e.g. Arnell, 2004; Kummu et al., 2010), we use the thresholds as defined by 

Falkenmark (1986) and Falkenmark et al. (1989), and updated in Falkenmark (2013b): 1700 m3 capita-1 

year-1 as the threshold level below which water shortage events occur. The WSI examines how much 

water is consumed relative to the amount of water available in a specific region and has been applied in 

a wide range of studies to calculate water stress (Falkenmark, 2013a, 2013b; Hoekstra et al., 2012; 

Kiguchi et al., 2015; Kummu et al., 2014; Oki & Kanae, 2006; Vörösmarty et al., 2000b; Wada et al., 

2011a). Following these studies we applied a threshold level of 0.2 to indicate water stress events. While 

most of these studies tend to focus on only one of these water scarcity indicators, we studied both and 

in a consistent way, which limits us to a maximum resolution in space (FPU) and time (year). Equations 

3.2 and 3.3 show the use of the FI and the WSI, respectively. WAi,yr is here the water available per FPU 

i and year yr, Pi,yr is the population per FPU i and year yr, and WCi,yr is the water consumption per FPU i 

and year yr. 
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𝐹𝐼𝑖,𝑦𝑟 =
𝑊𝐴𝑖,𝑦𝑟

𝑃𝑖,𝑦𝑟
                      (𝑤𝑎𝑡𝑒𝑟 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒 𝑖𝑓 𝐹𝐼𝑖,𝑦𝑟  ≤ 1,700), Equation 3.2 

𝑊𝑆𝐼𝑖,𝑦𝑟 =
𝑊𝐶𝑖,𝑦𝑟

𝑊𝐴𝑖,𝑦𝑟
                       (𝑤𝑎𝑡𝑒𝑟 𝑠𝑡𝑟𝑒𝑠𝑠 𝑖𝑓 𝑊𝑆𝐼𝐹𝑃𝑈,𝑦𝑟  ≥  0.2), Equation 3.3 

3.2.3 Scenario analysis: Anomalies in water scarcity assessments 

Excluding socioeconomic developments or hydro-climatic variability in water scarcity assessments can 

lead to over- and underestimations of the water scarcity conditions, the perceived severity of water 

scarcity events, and to a misinterpretation of the impact of their underlying driving forces. Four 

scenarios were used to quantify the size of these potential over- and underestimations, each of them 

built from a combination of fixed or transient socioeconomic and fixed or transient hydro-climatic 

conditions (Table 3.1).  

 

Table 3.1. Four scenarios are used to quantify possible anomalies in water scarcity estimates. 

Scenario Water availability Water consumption Population  

(1) Fixed 
Fixed (long-term average 
climatology)a 

Fixedb Fixedb 

(2) Fixed hydro-climatic 
Fixed (long-term average 
climatology)a 

Transient, except for irrigationc Transient 

(3) Fixed socioeconomic Transient Fixed, except for irrigationb,c Fixedb 

(4) Transient Transient Transient Transient 
a The long-term average climatology over the period 1960-2000 was used to calculate water availability under fixed and fixed 
hydro-climatic conditions; b 1960 was used as a benchmark year for the calculation of yearly water consumption and population 
under fixed socioeconomic conditions; c Irrigation water demand is driven by both socioeconomic and hydro-climatic conditions. 
Under fixed socioeconomic conditions only the socioeconomic conditions are fixed calculating the irrigation water demand, 
hydro-climatic conditions were kept transient. Under fixed hydro-climatic conditions, we excluded hydro-climatic variability (by 
using long-term average climatology in water availability calculations) in water availability in combination with transient 
socioeconomic conditions to estimate irrigation water demand. 

 

3.2.3.1 Anomalies in water scarcity assessments 

Global and regional annual anomalies in water scarcity and the severity of water scarcity events were 

quantified by comparing our water scarcity estimates, as found under the fixed hydro-climatic and fixed 

socioeconomic conditions, with the estimates derived under the transient conditions. The severity of 

water scarcity events was expressed here by means of percentages of the total population exposed per 

region and anomalies were given in percentage-points (pp), see also Appendix B1 for a calculation 

example (Appendix B1, Example 1).  

 

Subsequently, we quantified the size of possible over- and underestimations in the assessed contribution 

of driving forces on water scarcity estimates when being studied in an isolated manner. For that purpose, 

we estimated: 
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1) The total impact of these driving forces on changing water scarcity conditions and changes in 

the population exposed to water scarcity events under the transient conditions, and relative to 

the fixed conditions (transient conditions); 

2) The summed impact of these driving forces studied in an isolated manner: summing the changes 

in water scarcity conditions and the population exposed as calculated under both the fixed hydro-

climatic and the fixed socioeconomic conditions, and relative to the fixed conditions (summed 

conditions). 

A comparison of the results for these summed and transient conditions resulted in estimates of the size 

of potential anomalies regarding the impact of underlying driving forces of changing water scarcity 

conditions and its perceived severity. A calculation example is given in the Appendix B1 (Example 2). 

 

3.2.3.2 Relative contribution of driving forces on changing water scarcity conditions 

Additionally, we assessed the relative contribution of the driving forces ‘socioeconomic development’ 

and ‘hydro-climatic variability’, expressed as percentages of the total actual change in water scarcity 

conditions. In doing so, accounted for the interaction effects of these individual driving forces and 

thereby overcome the risk of over- or underestimations. We first calculated per FPU and per year the 

isolated impacts of changes in socioeconomic conditions and hydro-climatic variability on changing 

water scarcity conditions. Subsequently, we expressed the impacts of each of these driving forces as a 

percentage of the actual total cumulative and yearly change in water scarcity conditions over time. 

Results per FPU were aggregated to the scale of regions using a weighted summation based on 

population densities (see Appendix B1 for a calculation example, Example 3). For water stress, we also 

assessed the relative contribution of the different water consuming sectors to the overall change in water 

scarcity conditions, a detailed description on these calculations can be found within Appendix B1. 

3.2.4 Cross-model validation 

A cross-model validation was carried out to evaluate the sensitivity of our results to the choice of GHM. 

For that purpose, we compared the multi-model ensemble-mean water availability time-series with the 

time-series of the three GHMs (PCR-GLOBWB, STREAM, and WaterGAP) individually. The main 

findings of this cross-model validation are discussed in the results and discussion section, while the 

individual results are presented more extensively in Appendix B2. 

3.3 Results 

 

3.3.1 Water scarcity assessments under transient conditions 

Globally, the population living in FPUs exposed to water scarcity events increased over the period 1960-

2000, both in absolute terms as well as relative to the total population (Figure 3.2a). Between 1960 and 

2000, the population exposed to water shortage rose from 473 million to 2.55 billion, whilst the 

population exposed to water stress increased from 326 million to 1.9 billion. Relative to the total 

population, this represents an increase from 17% to 45% for water shortage, and from 11.7% to 33.6% 

for water stress. Over this period (1960-2000), 8.9-28.6% of the global population lived under both 
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water shortage and stress conditions. Correcting for this observation, we found that the share of the 

global population living under some sort of water scarcity increased from 19.8% in 1960 up to 49.9% 

in 2000 under transient conditions. Figure 3.2b distinguishes these three groups of water scarcity, and 

also shows the spatial differentiation in population exposed (%) between different regions. As a result 

of the fact that some regions encounter both water shortage and stress, it is difficult to examine the 

relative contributions of climate variability and socioeconomic developments to the overall changes. 

For that reason, we continued our analysis distinguishing only between water shortage and stress, 

thereby acknowledging the fact that we cannot sum the two numbers of the individual scarcity events 

to derive the total amount of people exposed to water scarcity events. 

 

 

Figure 3.2. Population exposed to water scarcity under fixed and transient conditions. Figure 3.2a shows the percentage 
of the global population exposed to water shortage and stress under fixed or transient conditions. Figure 3.2b makes a 
distinction between percentages of the population exposed to: I. Water shortage only; II. Water stress only; and III. 
Both water shortage and stress at the same time. Moreover, Figure 3.2b shows the spatial differentiation in population 
exposed between the different regions. 
 

The global results, and the regional distribution of water scarcity events under transient conditions, are 

similar to those found in previous studies (Kummu et al., 2010; Wada et al., 2011a). Kummu et al. (2010) 

calculated an increase in the population dealing with water shortage (FI <1,700 m3 cap-1 yr-1) from 19% 

in 1960, to 50% in 2005. Wada et al. (2011a) estimated an increase in the population exposed to water 

stress (WSI ≥ 0.2) from 10% in 1960 to 28% in 2000. Whilst the population living in the Middle East, 

Australia and the Pacific, and parts of western North America are mainly exposed to water stress, water 

shortage occurs predominantly in Western Europe and Africa. Asia, some African regions, and a few 

areas within Northern America, are exposed to both water shortage and stress throughout the period 

1960-2000. Figure B.9 (Appendix B) shows the spatial distribution of the frequency of water scarcity 
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events per FPU. The differences in the spatial distribution of the two water scarcity indices can be 

explained by regional differences in economic water demands and population density compared to the 

availability of water. 

3.3.2 Anomalies in water scarcity assessments 

Analyses carried out using either fixed socioeconomic conditions or excluding hydro-climatic variability 

omit possible inter-actions that can enhance or attenuate changes in water scarcity conditions. Figure 

3.3 shows the population exposed at the global scale as calculated under fixed, transient, fixed 

socioeconomic, and fixed hydro-climatic conditions. Globally, the use of fixed socioeconomic 

conditions leads to an underestimation of the estimated population exposed to water shortage by 29.5 

percentage-points (pp) (Figure 3.3b); for water stress the underestimation is by 19.4 pp (Figure 3.3e). 

Even larger underestimations can be found regionally (Appendix B, Figure B.10): up to 70.1 pp for 

water shortage (India) and 64.1 pp for water stress (Middle East). Compared to water scarcity 

assessments that include hydro-climatic variability, those using long-term average climatology lead to 

both over- and underestimations of the population exposed, (Figures 3.3c and 3.3f). Globally, these 

anomalies vary from underestimations of 7.2 and 5 pp for water shortage and stress respectively, up to 

overestimations of 8.5 (shortage) and 6.7 (stress) pp. Again, larger anomalies are found at the regional 

scale (Appendix B, Figure B.10): for water shortage we found overestimations in the estimated 

population exposed of 32.8 pp (Western Europe) and underestimations up to 42.6 pp (India). For water 

stress we found overestimations of the population exposed by up to 46.4 pp (Caribbean) and 

underestimations by up to 36.7 pp (India). Spatial and temporal differences in water consumption and 

population growth patterns cause spatial differences in water scarcity values and therefore form the 

basis of the differences in anomalies between regions and between the water scarcity indicators. A 

second explanation for the variations in the anomalies found, both spatially and between the two water 

scarcity indicators, is the use of threshold values in water scarcity assessments. By using these thresholds, 

small changes in water scarcity could result in relatively large changes in terms of the population 

exposed, and vice versa. Applying continuous water scarcity conditions, rather than using scarcity 

thresholds could help to resolve this issue. When repeating our analysis with continuous water scarcity 

conditions, we observe that the magnitude of the anomalies increases, both at the global and regional 

scales (Appendix B, Figures B.11-B.13).  

 

Figure 3.4 shows that if we simply sum the isolated impacts of changing socioeconomic conditions and 

hydro-climatic variability per year on water scarcity (water shortage or stress conditions), this leads to 

over- or underestimations of the total change in water scarcity.  
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Figure 3.3. Global scale over- and underestimations in the population exposed to water shortage and stress events due 
to the use of fixed socioeconomic or hydro-climatic conditions in water scarcity assessments. Figures 3.3a and 3.3d 
show the population exposed to water shortage and stress events respectively at the global scale, under fixed, fixed 
hydro-climatic, fixed socioeconomic or transient conditions. Figures 3.3b and 3.3e show the anomaly in population 
exposed to water shortage and stress events respectively due to the use of fixed socioeconomic conditions in water 
scarcity assessment, expressed in percentage-points. Figures 3.3c and 3.3f show the anomaly in population exposed to 
water shortage and stress events respectively due to the use of fixed hydro-climatic conditions in water scarcity 
assessment, expressed in percentage-points. 
 
 

 

Figure 3.4. Global scale over- and underestimations in the estimated impact of the driving forces ‘changing 
socioeconomic conditions’ and ‘hydro-climatic variability’ on changes in population exposed to water scarcity due to 
the use of fixed socioeconomic or hydro-climatic conditions in water scarcity assessments. Figures 3.4a and 3.4c show 
the population exposed to the global scale by water shortage and stress respectively under fixed, summed, and transient 
conditions. Figures 3.4b and 3.4d show the anomaly in estimated impact of the two driving forces ‘changing 
socioeconomic conditions’ and ‘hydro-climatic variability’ on changes in the population exposed to water shortage and 
water stress respectively, expressed in percentage-points. 
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Globally, this yearly over- or underestimation ranges between -4.51 and +1.95 pp for water shortage, 

and between -0.75 and +2.01 pp for water stress. Regional over- and underestimations vary in size, 

frequency and sign (+/-) from the global aggregates (Appendix B, Figure B.14). When comparing the 

two water scarcity indicators used, we find differences in results not only regarding the magnitude, but 

also with respect to the frequency and sign of anomalies found. These differences are for a large part 

caused by the initial conditions in the population exposed, the water scarcity conditions under the 

different scenarios, and the threshold levels applied. Therefore, we repeated the analysis using 

continuous water scarcity conditions, which results in higher over- and underestimations at both the 

global and regional scales for water shortage, and for a selection of regions for water stress (Appendix 

B, Figures B.11-B.13). 

3.3.3 Relative contribution of driving forces on changing water scarcity 

levels 

Subsequently, we expressed the relative contribution of (sectoral) socioeconomic changes and hydro-

climatic variability on changes in water shortage and stress conditions. In doing so, we avoid the 

problems described in the previous section. We found that the relative contribution of socioeconomic 

change increases globally, from 0% (1960) up to 76.2% for water shortage, and 82.5% for water stress, 

which is the result of continuous population growth and accumulating consumptive water demands 

from 1960 onwards (Figure 3.5a). Despite the accumulation of socioeconomic developments over time, 

the growth in the relative contribution of socioeconomic developments to changing in water scarcity 

conditions stabilizes towards 2000. Decreasing returns to scale can explain this observation: output 

(here: water scarcity levels) changes by less than the proportional change in inputs (here: socioeconomic 

changes). This implies that even after 40 years of accumulating socioeconomic developments, the impact 

of hydro-climatic variability on water scarcity remains important. Moreover, we also found that, 

although socioeconomic changes are generally recognized as the most important driving forces of 

changes in water scarcity conditions, hydro-climatic variability can be held responsible for the largest 

share of the yearly change in water scarcity, with an average of 87.3% for shortage and 79.4% for stress 

at the global scale (Figure 3.5b). Only after a period of six (shortage) to ten (stress) years of accumulating 

socioeconomic developments, changing socioeconomic conditions outweigh the impact of hydro-

climatic variability (Figure 3.5). 

 

Figure 3.6 shows the relative contributions of hydro-climatic variability and socioeconomic 

developments on the cumulative changes in water scarcity conditions at the regional scale. By 2000, the 

largest differences between these two driving forces can be found in the Caribbean (shortage) and Latin 

America (stress), with the smallest differences in Western Europe (shortage) and Northern Africa 

(stress). Figure B.15 (Appendix B) shows the tipping-point years per FPU for both water shortage and 

stress. Regional values on the relative contributions of the different driving factors on a year-to-year 

basis (i.e. not cumulative values) can be found in Appendix B (Figure B.16) whilst the average relative 

contribution of hydro-climatic variability to the year-to-year changing in water scarcity conditions is 

summarized per FPU in Figure B.17 (Appendix B). 
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Figure 3.5. Relative global scale contributions (%) of hydro-climatic variability and socioeconomic developments on 
overall cumulative (Figure 3.5a) and year-to-year (Figure 3.5b) changes in water shortage and water stress conditions 
over the period 1960-2000. 
 

 
Figure 3.6. Relative regional scale contributions (%) of hydro-climatic variability and socioeconomic developments to 
overall cumulative changes in water shortage and water stress over the period 1960-2000. The X and Y axis have the 
same scale as Figure 3.5. 
 

Figure 3.7 shows the relative contributions of the different water consuming sectors on cumulative and 

year-to-year changes in water stress at the global scale. Globally, irrigation water use, domestic water 

use, and industrial water use are the sectors with the highest influence, both for the cumulative and year-

to-year results. Considering the sectoral shares in water demand, we can make a clear distinction between 

regions within which changes in water stress values are mainly driven by industrial water demand, 

domestic water demand, or irrigation water demand, see Figures B.18 and B.19 (Appendix B) for the 

results at the regional scale. In Figure B.20 (Appendix B), we show the socioeconomic sector with the 

largest relative impact per FPU, both when considering cumulative and year-to-year changes in water 

stress. Industrial water use exhibits the largest relative impact on water stress conditions in Northern 

America and Western Europe, while domestic water use has the largest relative contribution in 
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Middle/South Africa, Australia/Pacific and China. In the other regions, irrigation water use is the largest 

driving socioeconomic driving force. Livestock water consumption only poses a relatively small impact 

on changes in water stress in Latin America, Australia/Pacific and China. The regional variation in our 

results could be related to the type of a region’s economy and its socioeconomic developments over 

time (Falkenmark et al., 2007; Flörke et al., 2013). 

 

Figure 3.7. Relative global scale contributions (%) of hydro-climatic variability and sectoral socioeconomic 
developments on overall cumulative (Figure 3.7a) and year-to-year (Figure 3.7b) changes in water stress over the period 
1960-2000. Sectors that contribute to changes in water stress values are: ground water use, desalinated water use, 
domestic water use, industrial water use, livestock water use, and irrigation water use. 

3.3.4 Cross-model validation 

To assess the sensitivity of our results to the use of different water availability simulations, we re-ran 

the analyses with the individual water availability time-series of PCR-GLOBWB, STREAM, and 

WaterGAP, and evaluated their water availability and water scarcity estimates as well as estimates of the 

relative contribution to changes in water scarcity conditions. The results of the cross-model validation 

are discussed in detail in Appendix B2. In short, the validation exercise shows that yearly water 

availability estimates deviate up to 35.7% when comparing the different GHMs with the multi-model 

mean. This variation between models means that the results are sensitive to the choice of GHM. 

However, whilst we found that the simulated water availability deviates up to 35.7%, the variation in 

the water scarcity assessments between models is much smaller, up to 26.3% and 16% for water shortage 

and stress respectively. This also holds for the relative contribution of hydro-climatic variability and 

socioeconomic trends to changes in water scarcity conditions. In general, we found that the agreement 

between the different models agreement is relatively high when analysing anomalies in water scarcity 

under partially fixed conditions, which supports the overall robustness of our findings. 

3.4 Discussion 

Within this study we executed a scenario analysis over the period 1960-2000 to assess the population 

exposed to water scarcity and to define the drivers of change and associated mechanisms, at the  global 

and regional scales. We visualized thereby for the first time the size of potential over- and 

underestimations in water scarcity assessments due to the use of long-term means instead of transient 

values. Moreover, we showed within this study that hydro-climatic variability accounts for more than 

79% of the yearly change in water scarcity conditions, that it is the largest driver of change within the 
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short-term (up to six-ten years), and that it remains to have a significance influence (>17.5%) on 

changing water scarcity conditions when considering longer time scales. 

3.4.1 Policy implications  

The findings presented in this study have key relevance for adaptation planning. It is known that 

adaptation is difficult and might be costly, ineffective and even wrong-targeted when implemented using 

incomplete information (Hallegatte, 2009). For that reason, several climate change and adaptation 

studies have already emphasized the need for increased attention for research on variability and 

extremes, next to the ongoing work dealing with means and longer-term trends (Adger et al., 2005; Hall 

& Borgomeo, 2013; IPCC, 2012; Mason & Calow, 2012; Smit & Pilifosova, 2003). Water scarcity is an 

important aspect in many high level policy targets, i.e. within the Sustainable Development Goals (UN, 

2014) and the Hyogo Framework for Action (UNISDR, 2005). In developing the new Sustainable 

Development Goals, for example, one of the draft targets is “by 2030, substantially increase water-use efficiency 

across all sectors and ensure sustainable withdrawals and supply of freshwater to address water scarcity, and substantially 

reduce the number of people suffering from water scarcity” (UN, 2014, SDG 6.4). In order to achieve such targets, 

concrete performance indicators have to be defined to be able to measure its success, while at the same 

time one needs to have a correct estimate of how many are currently exposed to water scarcity. Within 

this research we clearly show that in order to develop and correctly apply such water scarcity indicators, 

it is necessary to include hydro-climatic variability in water scarcity assessments. Hydro-climatic 

variability is an important driver of short to medium term changes in water scarcity conditions and 

omitting this variable can lead to unrealistic results, not only regarding the estimated water scarcity 

conditions and the population exposed to water scarcity events, but also with respect to the relative 

contribution of socioeconomic changes and hydro-climatic variability on changing water scarcity 

conditions. The results provided by this study demonstrate, moreover, that, even if adaptation strategies 

to cope with future water scarcity conditions are designed and evaluated predominantly for their effects 

on longer time-scales, hydro-climatic variability remains a significant factor to take into account and to 

deal with. Hydro-climatic variability, climate change and socioeconomic developments cannot 

exclusively be dealt with since it is the combination of all factors that shape future water scarcity 

conditions (IPCC, 2012; Klein, 2003). Thus, designing adaptation strategies solely based on changing 

means might not always be useful when dealing with the effects of current and future water scarcity 

conditions (Adger et al., 2005; Washington et al., 2006). 

 

Water managers must consider hydro-climatic variability as a key factor, both for designing strategies to 

cope with current water scarcity problems, as well as when selecting and designing robust adaptation 

strategies to cope with future conditions, ranging from hard technical adaptation strategies to softer 

management oriented adaptation options, such as risk transfer and financial compensation schemes 

(Aerts et al., 2014; Hall & Borgomeo, 2013; Kummu et al., 2014; Mason & Calow, 2012; Smit & 

Pilifosova, 2003). Conway (2005) and Dono et al. (2013) illustrate this need, and show the potential of 

different types of adaptation strategies to deal with both climate variability and change in case studies 

of the Nile basin and Sardinia (Italy) respectively. Dessai & Hulme (2007) incorporate natural climate 

variability in their framework to identify robust adaptation decisions under climate change uncertainty 
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in a case study in the East of England. On a global scale, Wada et al. (2014b) presents six strategies for 

counteracting the adverse impacts of socioeconomic developments, climate change and climate 

variability on water scarcity, evaluating both hard-path and soft-path measures, whilst Wilhite (2005) 

discusses the role of science and technology in drought and water management across multiple case 

studies (e.g. Australia, United States, and China) covering a wide range of adaptation strategies. In order 

to find a right balance between immediate short-term gains versus long-term investments, optimal 

adaptation to current and future water scarcity conditions often involves a portfolio of both hard and 

soft adaptation strategies (Adger et al., 2005; Aerts et al., 2014; Hallegatte, 2009; Klein, 2003). 

Engineering driven, hard path strategies, such as increased reservoir capacity or a higher volume of 

desalination of sea water, have the ability to buffer short-term variability and to deal with long-term 

changes in future water scarcity conditions. In order to optimize the adaptive capacity of such strategies, 

i.e. make their design robust to a wide array of future circumstances, water managers should base their 

estimates on a range of future scenarios thereby covering the future impacts of inter-annual variability 

and taking into account possible worst-case conditions (Hall & Borgomeo, 2013; Hallegatte, 2009; 

Klein, 2003; Wilby & Dessai, 2010). The impact of hydro-climatic variability on the operational forecast 

and management of reservoirs was discussed earlier by Georgakakos et al. (1998) for a case study in the 

Upper Des Moines River basin (United States). Georgakakos et al. (2012) showed for a case study in 

Northern California  that adaptive, risk based reservoir adaptation strategies, which have the ability to 

deal with increases in variability under climate change, perform more robustly under future conditions 

than the traditional rigid operation plans. 

 

Considering the shorter time-scales, management driven, soft path adaptation strategies might be 

preferred in the light of their flexible characteristics: such strategies are often reversible, no-regret, and 

therefore robust (Hallegatte, 2009; Hulme et al., 1999). Examples of soft adaptation strategies range 

from water transfers; adaptation of water demand; and supply management systems via economic policy 

instruments (e.g. pricing schemes, insurances, and water rights); the development of drought 

management plans and (participatory) institutional frameworks at the continental (e.g. the European 

Water Framework Directive (Heinz et al., 2007)) or country (e.g. the Spanish Permanent Drought 

Commission (Andreu et al., 2007)) scale. A wide range of case study examples discuss the potential of 

these types of adaptation strategies coping with variable water scarcity conditions, with applications at 

the global to local scales, see for example: Bozzola and Swanson (2016), Brandes and Kriwoken (2006), 

Erfani et al. (2015), Giansante et al. (2002), Iglesias et al. (2006), Kummu et al. (2014), Lundqvist and 

Falkenmark (2010), and Rosegrant and Gazmuri (1995). In the light of inter-annual variability, a specific 

type of soft adaptation is improved forecasting on seasonal or yearly scales and any related preparatory 

risk reduction actions, for example with the use of ENSO (El Niño Southern Oscillation) indices(Ward 

et al., 2014a). Ample case study results show the potential effectiveness of such forecasting systems 

when coping with water scarcity conditions and fast developments take place regarding the 

institutionalization of these practices in water resource management, with examples ranging from the 

pre-stocking of foods and disaster relief goods in Africa (Coughlan de Perez & Mason, 2014; Dilley, 

2000), ENSO-based crop insurances in Malawi (Suarez et al., 2008), to the optimization of existing 

reservoir facilities in Australia (Sharma, 2000).  
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3.4.2 Limitations and recommendations for future research 

This study provides a global-scale assessment of the relative contribution of hydro-climatic variability 

and socioeconomic developments on water scarcity. Of course, given the global scale there are several 

limitations. Firstly, whilst the assessment was carried out at the FPU-scale, the results are mainly 

presented at the regional scale. These spatial scales may be too coarse to detect local water scarcity 

issues. However, this study intends to provide an overview of those regions where water scarcity issues 

exist, and to assess the over- and underestimations caused by omitting hydro-climatic variability or 

holding the socioeconomic conditions constant. For the assessment of local scale problems, other 

methodologies are required, including not only finer models, but more importantly stakeholder analysis 

and the collection of local data and knowledge. Secondly, we estimated water scarcity using naturalized 

flows, whilst in reality human consumption impacts on discharge levels and intensifies hydrological 

drought at local scales (Wada et al., 2013a). Related to this point, we did not account for water imports 

and exports, which could illustrate the second order impacts of local water scarcity conditions towards 

other regions, e.g. due to increasing food prices (Dalin et al., 2012a, 2012b; Hoekstra et al., 2012; Islam 

et al., 2007). Thirdly, the use of thresholds to estimate water shortage and stress brings several 

constraints. Besides the fact that different studies apply different indicators and threshold values to 

define water shortage and stress, the use of thresholds can cause sudden increases and decreases in the 

population exposed to scarcity events, thereby disguising more nuanced changes in water scarcity over 

time. Applying continuous water scarcity conditions when studying anomalies in water scarcity 

assessments, rather than using thresholds, could help to address this issue. The downside of studying 

anomalies on continuous scales is that positive or negative anomalies with the same magnitude may not 

necessarily be equal in terms of their impacts on society. 

 

It is evident that the (relative) contributions of socioeconomic changes and hydro-climatic variability on 

water scarcity conditions are highly dependent on the choice of its reference scenario, both in 

socioeconomic as well as in climatological sense. The global and regional results presented here underpin 

the relative importance of socioeconomic developments on changing water scarcity levels over 1960-

2000, especially in fast developing regions, a notion supported by Wada et al. (2011a). Although these 

regions might not experience water scarcity yet, continuously changing socioeconomic conditions in the 

coming years could push them towards and over these water scarcity thresholds. Most developed 

regions experienced however a flattening in socioeconomic changes (growth in population, GDP, 

and/or irrigated areas) throughout 1960-2000. Lengthening the study period from 1960-2000 to e.g. 

1900-2010 or even longer time periods could strengthen the results presented in this study. Such a longer 

timer-series would also enable the analysis of climate trends and their relative contribution on changing 

scarcity conditions on top of the driving factors socioeconomic developments and hydro-climatic 

variability studied in this study. 

 

Finally, the actual impact of water scarcity events depends not only on the number of people exposed, 

but also on how sensitive this population is to water scarcity, how quickly and efficiently governments 

deal with the problems induced by water scarcity, and how many resources are available to cope with 

water scarcity (Arnell & Delaney, 2006; Falkenmark, 2013a; Gleick, 1998; Hoekstra et al., 2012; 
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Kundzewicz et al., 2008; Wutich et al., 2014). A comprehensive sensitivity analyses focusing on the 

limitations mentioned above could be an appropriate follow-up of this study to explore the sensitivity 

of the results presented. Future research should take into account a number of welfare indicators within 

the assessment of water scarcity conditions, thereby focusing on the ‘adaptive capacity’ of the exposed 

population and the regulations in place to deal with water scarcity, but also looking at antecedent 

conditions such as previous water shortages.  

3.5 Conclusions 

In this study we present a global-scale water scarcity assessment that accounts for temporal changes in 

both socioeconomic conditions and inter-annual hydro-climatic variability. Using a scenario analysis, we 

visualized for the first time the possible over- and underestimations that may have been made in 

previous water scarcity assessments due to the use of partially fixed conditions in their analyses. We 

found that hydro-climatic variability and socioeconomic changes interact and that they can strengthen 

or attenuate each other, both regionally and at the global scale. Moreover, we showed that carrying out 

a water scarcity assessment with either fixed socioeconomic or fixed hydro-climatic conditions leads to 

unrealistic results regarding the estimated water scarcity conditions, the population exposed to water 

scarcity events, and the contribution of socioeconomic changes and hydro-climatic variability on 

changing water scarcity conditions. Therefore, we devised a new way to analyse the relative 

contributions of these two driving mechanisms. In doing so, we found that hydro-climatic variability 

accounts for the largest share (>79%) of the yearly changes in global water scarcity conditions, whilst 

only after six (shortage) to ten years (stress), socioeconomic changes outweigh the impacts of hydro-

climatic variability on global changes in water scarcity. Despite the accumulation of socioeconomic 

developments over time, our results show that the growth in the relative contribution of socioeconomic 

developments to changes in water scarcity levels stabilizes towards 2000, globally at 76.2% (shortage) 

and 82.5% (stress), and that the impact of hydro-climatic inter-annual variability remains significantly 

important. 

 

This knowledge may be of importance for water managers optimizing the design of adaptation strategies 

coping with water scarcity as it is especially this time period of six to ten years that is often applied by 

decision-makers as their horizon for planning and design. Moreover, the results of this study could be 

of use for development agencies, financing institutes, and high-level policy makers as water scarcity is 

an important aspect on their agenda. Correct information on the current situation and on the relative 

contribution of driving forces shaping future conditions is essential for the prioritization and 

optimization of their adaptation, development and disaster risk reduction efforts. 
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Sensitivity of water scarcity events to ENSO driven climate variability 

at the global scale 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This chapter is based on:  
Veldkamp, T. I. E., Eisner, S., Wada, Y., Aerts, J. C. J. H., & Ward, P. J. (2015). Sensitivity of water 
scarcity events to ENSO-driven climate variability at the global scale. Hydrology and Earth System Sciences, 
19, 4081-4098.   
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Abstract 

Globally, freshwater shortage is one of the most important risks for society. Changing hydro-climatic 
and socioeconomic conditions have aggravated water scarcity over the past decades. A wide range of 
studies show that water scarcity will intensify in the future, as a result of both increased consumptive 
water use and, in some regions, climate change. Although it is well known that El Niño-Southern 
Oscillation (ENSO) affects patterns of precipitation and drought at global and regional scales, less 
attention has been paid yet to the impacts of climate variability on water scarcity conditions, despite its 
importance for adaptation planning. Therefore, we present the first global-scale sensitivity assessment 
of water scarcity to ENSO, the most dominant signal of climate variability. We show that over the time 
period 1961-2010, both water availability and water scarcity conditions are significantly correlated with 
ENSO driven climate variability over a large proportion of the global land area (>28.1%); an area 
inhabited by more than 31.4% of the global population. We also found, however, that climate variability 
alone is often not enough to trigger the actual incidence of water scarcity events. The sensitivity of a 
region to water scarcity events, expressed in terms of land area or population exposed, is determined by 
both hydro-climatic and socioeconomic conditions. Currently, the population actually impacted by 
water scarcity events consists of 39.6% (Water Scarcity Index, WSI) and 41.1% (Falkenmark Index, FI) 
of the global population whilst only 11.4% (WSI) and 15.9% (FI) of the global population is at the same 
time living in areas sensitive to ENSO driven climate variability. These results are contrasted however 
by differences in growth rates under changing socioeconomic conditions, which are relatively high in 
regions exposed to water scarcity events. Given the correlations found between ENSO and water 
availability and scarcity conditions, and the relative developments of water scarcity impacts under 
changing socioeconomic conditions, we suggest that there is potential for ENSO-based adaptation and 
risk reduction which could be facilitated by more research on this emerging topic. 
  



 

70 

 



Sensitivity of water scarcity events to ENSO driven climate variability at the global scale 

 

71 

4.1 Introduction 

Over the past decades, changing hydro-climatic and socioeconomic conditions have led to increased 

regional and global water scarcity problems (Alcamo et al., 1997; Kummu et al., 2010; Veldkamp et al., 

2015b; Vörösmarty et al., 2000b; Wada et al., 2011a). Freshwater shortage is recognized as one of the 

most important global risks, not only in terms of likelihood, but also with respect to its impacts, with 

societal and economic consequences that result from the inability to meet water demands (Hanemann, 

2006; Rijsberman, 2006; World Economic Forum, 2013; Young, 2005). In the near future, projected 

changes in human water use and population growth -in combination with climate change- are expected 

to aggravate water scarcity conditions and their associated impacts on society (Alcamo et al., 2007; 

Haddeland et al., 2014; Kiguchi et al., 2015; Lehner et al., 2006; Prudhomme et al., 2014; Schewe et al., 

2014; Sperna Weiland et al., 2012; van Vliet et al., 2013; Wada et al., 2014b). 

 

Whilst a wide range of studies have assessed the role of long-term changes in climate and socioeconomic 

conditions on past and future global blue water availability and water scarcity events, the impact of inter-

annual climate variability is less well understood (Kummu et al., 2014; Lundqvist & Falkenmark, 2010; 

Rijsberman, 2006; Veldkamp et al., 2015b). Taking into account the impact of climate variability relative 

to longer-term changes in either the socioeconomic or climatic conditions is, however, important as 

these factors of change may amplify or offset each other at the regional scale (Hulme et al., 1999; 

Kummu et al., 2014; McPhaden et al., 2006; Murphy et al., 2010; Veldkamp et al., 2015b). Correct 

information on current and future water scarcity conditions and thorough knowledge on the relative 

contribution of its driving forces, such as inter-annual variability, help water managers and decisions 

makers in the design and prioritization of adaptation strategies for coping with water scarcity. 

 

To address this issue, we assess in this study the sensitivity of blue water resources availability (i.e. the 

surface freshwater availability in rivers, lakes, wetlands, and reservoirs (Savenije, 2000; Wada et al., 

2011a)), consumptive water use, and blue water scarcity events to climate variability driven by El Niño-

Southern Oscillation (ENSO) at the global scale over the time period 1961-2010. Moreover, we 

evaluated whether those areas with a statistically significant correlations have been exposed to blue water 

scarcity events; if there is a spatial clustering in terms of population or land area exposed to blue water 

scarcity events and/or population living in areas sensitive to ENSO driven climate variability; and 

whether this spatial clustering has changed over time given the socioeconomic developments. Within 

this contribution we investigate the impact of ENSO as it is the most dominant signal of inter-annual 

climate variability (McPhaden et al., 2006). Also, since ENSO can be predictable with reasonable skill 

up to several seasons in advance (Cheng et al., 2011; Ludescher et al., 2014), this can provide useful 

information for adaptation management to account for inter-annual variability in blue water resources 

and blue water scarcity estimates, enabling the prioritization of adaptation efforts in the most affected 

regions ahead of those extreme events (Bouma et al., 1997; Cheng et al., 2011; Dilley & Heyman, 1995; 

Ludescher et al., 2013; Ward et al., 2014a, 2014b; Zebiak et al., 2015). 

 

ENSO is the result of a coupled climate variability system in which ocean dynamics and sea level 

pressure interact with atmospheric convection and winds (ocean-atmosphere feedback mechanisms). El 
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Niño is the oceanic component, whereby waters over the eastern equatorial Pacific Ocean reach 

anomalously high temperatures. This eastern Pacific Ocean surface is relatively cool under neutral 

conditions, while it reaches anomalously low temperatures during La Niña conditions. The Southern 

Oscillation is the atmospheric component, represented by the east-west shifts in the tropical 

atmospheric circulation between the Indian and West Pacific Oceans and the East Pacific Ocean 

(Kiladis & Diaz, 1989; Parker et al., 2007; Rosenzweig & Hillel, 2008; Wallace & Hobbs, 2006; Wang et 

al., 2004). ENSO is well known for its impacts on precipitation and hydrological extremes (such as 

drought and flooding) at local and regional scales (Chiew et al., 1998; Kiem & Franks, 2001; Lü et al., 

2011; Mosley, 2000; Moss et al., 1994; Piechota & Dracup, 1999; Räsänen & Kummu, 2013; Whetton 

et al., 1990; Zhang et al., 2015). Several studies have also examined ENSO’s impact at the global scale 

(Chiew & McMahon, 2002; Dai & Wigley, 2000; Dettinger & Diaz, 2000; Dettinger et al., 2000; Labat, 

2010; Ropelewski & Halpert, 1987; Sheffield & Wood, 2008; Vicente-Serrano et al., 2011; Ward et al., 

2010, 2014a). Though, only a limited number of studies assessed the societal impacts (e.g. in terms of 

population exposed, GDP loss, or with respect to human health) of hydrological extremes under the 

different ENSO stages at the global scale (Bouma et al., 1997; Dilley & Heyman, 1995; Kovats et al., 

2003; Rosenzweig & Hillel, 2008; Ward et al., 2014b). To the best of our knowledge, none of these 

studies have executed a global-scale assessment of the sensitivity of water resources availability, 

consumptive water use patterns, and water scarcity events to ENSO. 

4.2 Methods 

In short, we carried out this assessment through the following steps: (1) used daily discharge and runoff 

time-series (0.5° x 0.5°) from an ensemble of three global hydrological models (GHMs: WaterGAP, 

PCR-GLOBWB, and STREAM); (2) combined time-series of water availability, consumptive water use 

and population to calculate water scarcity conditions for the period 1961-2010; (3) identified statistical 

relationships between water availability, consumptive water use and water scarcity conditions, and 

indices of ENSO; and (4) evaluated whether the areas with significant correlations with ENSO are 

actually exposed to water scarcity events, how the impacts (population and land area exposed) are 

clustered, and how the impacts have changed through time. Modelling uncertainty was evaluated by 

comparing the results from the ensemble-mean time-series with the outcomes of the individual GHMs. 

The following paragraphs describe our methods in detail. 

4.2.1 Ensemble mean monthly runoff and discharge 

We simulated global gridded daily discharge and runoff over the period 1960-2010 at a resolution of 

0.5° x 0.5° using three GHMs: PCR-GLOBWB (van Beek et al., 2011; Wada et al., 2014c), STREAM 

(Aerts et al., 1999; Ward et al., 2007), and WaterGAP (Müller Schmied et al., 2014), forced with WATCH 

Forcing Data - ERA Interim (WFDEI) daily precipitation and temperature data (0.5° x 0.5°) (Weedon 

et al., 2014) for the period 1979-2010 and WATCH forcing data ERA40 (WFD) for the period 1960-

1978 (Weedon et al., 2011). In order to compensate for offsets in long-term radiation fluxes between 

the two data-sets, as found by Müller Schmied et al. (2014), WFD down-welling shortwave and longwave 

radiation were adjusted for use to WFDEI long-term means following the approach of Haddeland et al. 
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(2012). Daily values were aggregated to time-series of monthly discharge and runoff. Using GHMs gives 

us the advantage of a global coverage whereas the portfolio of observed data-sets (water availability and 

consumptive water use) is bounded by its biased regional distribution (Hannah et al., 2011; Ward et al., 

2010, 2014a). However, we are aware of the caveats using these types of models to estimate water 

availability as all large-scale hydrological models have their own strengths and shortcomings 

(Gudmundsson et al., 2012a; Nazemi & Wheater, 2015a, 2015b). Therefore, we constructed ensemble-

mean time-series of both monthly discharge and runoff capturing the three GHMs. The results of the 

individual modelling efforts were used to evaluate the modelling agreement. 

4.2.2 Calculating water availability  

Water availability is expressed in this study as the sum of monthly runoff per Food Producing Unit 

(FPU). FPUs represent a hybrid between river basins and economic regions for which it is generally 

assumed that water scarcity issues can be solved internally (Cai & Rosegrant, 2002; de Fraiture, 2007; 

Kummu et al., 2010; Rosegrant et al., 2002). We used here an updated version of the FPUs used by 

Kummu et al. (2010), which consists of 436 FPUs, excluding small island FPUs. For FPUs located 

within one of the world’s larger river basins, we redistributed runoff in order to avoid local over- or 

under-estimations in water availability. Runoff was redistributed across the FPUs within these larger 

river basins, proportionally to the discharge distribution of that large river basin (Gerten et al., 2011; 

Schewe et al., 2014): 

𝑊𝐴𝑖 =
𝑅𝑏∗ 𝑄𝑖

∑ 𝑄𝑖
,  

 
Equation 4.1 

 

whereby WAi is the monthly water availability within FPU i, Rb is the total monthly runoff within large 

river basin b, Qi is the monthly discharge in FPU i, and ∑ 𝑄𝑖 is the sum of the monthly discharge over 

all cells within large river basin b. 

 

Subsequently, we calculated the annual water availability by aggregating the simulated ensemble-mean 

monthly water availability time-series using hydrological years. The use of hydrological years is necessary 

in this assessment as ENSO tends to develop to its fullest strength during the period December - 

February, which intersects with the standard calendar year boundaries (Ward et al., 2014a, 2014b). 

Hydrological years are referred to by the year in which they end, e.g. hydrological year 1961 refers here 

to the period October 1960 - September 1961. Within this study we follow Ward et al. (2014a) and 

distinguish two hydrological years on the basis of long-term monthly maximum water availability per 

river basin: October - September (standard) and July - June (for river basins that have their long-term 

monthly maximum water availability in September, October or November). The river basin delineation 

used here was derived from the WATCH project (Döll & Lehner, 2002) and is equal to the river basin 

delineation that is used as the input for the FPU classification used within this study. We used the 

hydrological years setting determined at grid-level, using the WATCH river basins, as input for the 

distinction between hydrological years at FPU scale. If an FPU consisted of more than one river basin, 

we based the choice of hydrological year on the month (with long-term maximum water availability) 

with the highest prevalence within this FPU (Appendix C,  Figure C.1). 
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4.2.3 Calculating consumptive water use 

Monthly gridded water consumption (0.5° x 0.5°) was estimated for the sectors livestock, irrigation, 

industry and domestic within PCR-GLOBWB using daily WFDEI precipitation and temperature data 

in combination with yearly information on: livestock densities; the extent of irrigated areas; desalinated 

water use; non-renewable groundwater abstractions; and past socioeconomic developments, namely 

GDP, energy and electricity production, household consumption, and population growth (Wada et al., 

2011b, 2014c). For a complete description and extensive discussion of the methodological steps taken 

to compose these monthly consumptive water use time-series, we refer to Wada et al. (2011b, 2014c). 

Time-series of desalinated water use and non-renewable ground water abstractions were subtracted 

from the total consumptive water use estimates as they lower the need for blue water. Subsequently, we 

aggregated gridded monthly consumptive water use into yearly totals per FPU (WCi,yr), following the 

hydrological years. Since the resulting ‘transient’ consumptive water use estimates are partially driven by 

changing socioeconomic conditions (population, GDP, and growth in irrigated areas) and therefore 

disguise any possible correlations with ENSO driven climate variability, we repeated the steps above 

whilst we fixed the socioeconomic parameters at 1961 levels (following the hydrological year naming 

convention). These ‘fixed’ consumptive water use estimates were used to evaluate the sensitivity to 

ENSO driven climate variability whereas the ‘transient’ water consumption time-series were used to 

evaluate the development of water scarcity conditions under changing socioeconomic conditions. 

4.2.4 Calculating water scarcity conditions 

Blue water scarcity refers to the imbalance between blue water availability (i.e. water in rivers, lakes and 

aquifers) and the needs for water over a specific time period and for a certain region (Falkenmark, 

2013a). Although water scarcity could also relate to the green (water in the unsaturated soil), white (part 

of rainfall that feeds directly back into the atmosphere), and deep blue (fossil ground water) water 

sources (Savenije, 2000), we focus here on blue water scarcity (hereafter: water scarcity) only. Within 

this study we applied two complementary indicators to express water scarcity conditions per FPU: the 

Water Crowding Index or Falkenmark Index (FI) for population-driven water shortage and the Water 

Scarcity Index (WSI) for demand-driven water stress (Brown & Matlock, 2011; Rijsberman, 2006). The 

FI quantifies the yearly water availability per capita (Falkenmark, 1989, 2013a, 2013b; Falkenmark et al., 

2007), whereby water demands are based on household, agricultural, industrial, energy and 

environmental water consumption (Falkenmark, 1989, 2013a, 2013b; Falkenmark et al., 2007). Like 

previous studies (Alcamo et al., 2007; Arnell, 2004; Kummu et al., 2010), we used 1700 m3 capita-1 year-

1 as the threshold level to evaluate water shortage events. The WSI applied here evaluates the ratio 

between consumptive water used and water availability in a specific region and is a derivative from the 

Withdrawal-to-Availability (WTA: Raskin et al., 1997). Usually, a region is said to experience  water 

stress events when water withdrawals comprises ≥40% of the available water resources, whilst moderate 

water stress conditions occur if 20% ≥ WTA ≤ 40% (Raskin et al., 1997). The use of the WTA-ratio is 

widely quoted and applied in previous research contributions, e.g. by Alcamo et al. (2003b, 2007), Arnell 

et al. (1999), Cosgrove & Rijsberman (2000), Hanasaki et al. (2013), Kiguchi et al. (2015), Kundzewich 

et al. (2008), Oki et al. (2001, 2006), and Vörösmarty et al. (2000b). Hoekstra et al. (2012), and Wada et 
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al. (2011a) applied this WTA-ratio in an adapted form, using blue water footprints and potential 

consumptive water use estimates respectively to assess water stress conditions: the WSI. This approach 

accounts for the share of water that has been recycled (industry) or not used (irrigation) and which flows 

back into the natural system. The threshold level for water stress using these consumptive water 

demands is therefore conceived to be lower than the threshold level for water stress as estimated using 

withdrawals. Following Hoekstra (2012), Richter et al. (2012), and Wada et al. (2011a), we applied a 

threshold level of 0.2 to indicate water stress events. Equations 4.2 and 4.3 show the use of the FI (FIi,yr) 

and the WSI (WSIi,yr), respectively: 

𝐹𝐼𝑖,𝑦𝑟 =
𝑊𝐴𝑖,𝑦𝑟

𝑃𝑖,𝑦𝑟
                      (𝑤𝑎𝑡𝑒𝑟 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒 𝑒𝑣𝑒𝑛𝑡 𝑖𝑓 𝐹𝐼𝑖,𝑦𝑟  ≤ 1,700), 

Equation 4.2 

𝑊𝑆𝐼𝑖,𝑦𝑟 =
𝑊𝐶𝑖,𝑦𝑟

𝑊𝐴𝑖,𝑦𝑟
                       (𝑤𝑎𝑡𝑒𝑟 𝑠𝑡𝑟𝑒𝑠𝑠 𝑒𝑣𝑒𝑛𝑡 𝑖𝑓 𝑊𝑆𝐼𝑖,𝑦𝑟  ≥  0.2), Equation 4.3 

 

whereby WAi,yr is the water available per spatial unit i and hydrological year yr, Pi,yr is the population, and 

WCi,yr is consumptive water use. Water scarcity conditions were assessed here at the FPU-scale. The 

FPU scale is seen as an appropriate spatial scale to study water scarcity conditions as it is generally 

assumed that lower-scale water scarcity issues can be overcome by the reallocation of water demand 

and supply within this spatial unit (Kummu et al., 2010). However, one should keep in mind that, due 

to the assumption of full exchange possibilities -both from an infrastructural and water management 

perspective- and its relative large spatial scale, analysis executed at the FPU-scale may disguise lower-

scale water scarcity issues (Kummu et al., 2010; Salmivaara et al., 2015; Wada et al., 2011a). 

 

The population data used for the calculation of the FI (Equation 4.2) were adopted from Wada et al. ( 

2011a, 2011b), who derived yearly gridded population maps (0.5° x 0.5°) from yearly country-scale 

FAOSTAT data in combination with decadal gridded global population maps (Klein Goldewijk & van 

Drecht, 2006). We aggregated these gridded population maps to FPU-scale for use in this study. In line 

with the hydrological year naming convention, population estimates were used for the year in which the 

hydrological year ends, e.g. for hydrological year 1961 we used population estimates of 1961 as input 

for the FI and to calculate water scarcity impacts. 

4.2.5 Sensitivity of water availability, consumptive water use, and water 

scarcity conditions to ENSO 

We examined the relationship respectively between water availability, consumptive water use, and water 

scarcity conditions, and ENSO driven climate variability by means of their correlation with the Japan 

Meteorological Agency’s (JMA) Sea Surface Temperature (SST) anomaly index 

(http://coaps.fsu.edu/jma.html). We used here three-monthly mean values of the JMA SST over the 

periods October-December, November-January, December-February, and January-March, as El Niño 

and La Niña expressions are strongest in these months (Dettinger & Diaz, 2000). Following Ward et al. 

(2014b), we examined the correlation between WAann, WCann, WSIann, and FIann,  and the 3-monthly mean 

JMA SST values (OND, NDJ, DJF, JFM), using Spearman’s rank correlation coefficient. Statistical 

significance was assessed by means of regular bootstrapping (n = 1,000, p ≤ 0.05) while field 
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significance, i.e. the joint statistical significance of multiple individual significance tests (Livezey & Chen, 

1982; Wilks, 2006), for each of the 3-monthly JMA SST correlation values was tested using the binomial 

distribution (Livezey & Chen, 1982). With field significance testing we counted the number of individual 

tests with a significant result and assessed the probability of yielding this result by chance given its 

statistical distribution (Livezey & Chen, 1982; Wilks, 2006). Subsequently, we examined the percentage 

anomalies in the median values of water scarcity conditions between El Niño (EN) and La Niña (LN) 

years, compared to the median values under all years. To distinguish between El Niño, La Niña and 

neutral years we used the classification of ENSO years from the Center for Ocean-Atmospheric 

Prediction Studies based on the JMA SST values. Years are assigned as El Niño or La Niña years when 

their 5-month moving average JMA SST index values are (+/-)0.5 ⁰C or greater (El Niño)/smaller (La 

Niña) for at least six consecutive months (including October-December). Reference to the different 

ENSO years was adjusted to be consistent with the naming convention used for the hydrological years 

(Table 4.1). We used a bootstrapped version of the non-parametric Mann-Whitney U test (n = 1,000, p 

≤ 0.05) to test the statistical differences in median values. 

 
Table 4.1. Hydrological years that fall under the El Niño and La Niña phase. Other years are classified as ENSO 
neutral. 

ENSO phase Hydrological year 

El Niño 1964, 1966, 1970, 1973, 1977, 1983, 1987, 1988, 1992, 1998, 2003, 2007, 2010 

La Niña 1965, 1968, 1971, 1972, 1974, 1975, 1976, 1989, 1999, 2000, 2008 

 

The critical threshold-values put in place for the FI and the WSI (here: 1,700 and 0.2 respectively) 

determine whether water scarcity conditions adversely affect population or society. Per FPU we 

therefore evaluated which proportion of land area, for which we found a significant correlation between 

ENSO and water scarcity conditions, is also exposed to water scarcity events and how population is 

clustered in these areas compared to the general pattern of population density. Moreover we assessed 

how these numbers changed through time given the changing socioeconomic conditions, relative to 

developments in: (1) the population and land area sensitive to ENSO driven climate variability but not 

exposed to water scarcity events; (2) the population and land area exposed to water scarcity events, in 

areas that lack a significant correlation with ENSO driven climate variability; and to (3) the total 

population growth. 

4.2.6 Evaluating modelling uncertainty 

A cross-model validation was executed in order to evaluate the modelling uncertainty whereby we 

compared the results from the ensemble-mean with the outcomes of the individual GHMs. We 

examined the agreement among the different modelling results and the ensemble-mean when looking 

at: (1) the sensitivity of water availability and water scarcity conditions to ENSO driven climate 

variability; and (2) the impacts of water scarcity events and relation to ENSO driven climate variability 

under changing socioeconomic conditions. 

 

 



Sensitivity of water scarcity events to ENSO driven climate variability at the global scale 

 

77 

4.3 Results 

 

4.3.1 Sensitivity of water availability and consumptive water use to ENSO 

Significant correlations of water availability to variations in JMA SST were found across 37.1% of the 

global land surface (excluding Greenland and Antarctica) whilst for consumptive water use (simulated 

under fixed socioeconomic conditions at 1961 levels) we found significant correlations covering 8.3% 

of the total land area (Figure 4.1 and Table 4.2).  

 

 

Figure 4.1. Correlation (Spearman’s Rho) of yearly (a) water availability and (b) consumptive water use values, as 
assessed under fixed socioeconomic conditions, to variations in JMA SST using the 3-monthly period with the highest 
correlation (JMA SSTbestoff). Significance was tested by means of regular bootstrapping (n = 1,000, p ≤ 0.05) and the 
correlation is only shown for those areas which reach significance. Positive correlations indicate increases in annual 
water availability and consumption with the JMA SSTbestoff index moving towards El Niño values. Negative correlations 
indicate decreases in annual water availability with the JMA SSTbestoff index moving towards El Niño values. 
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Using the 3-monthly JMA SST period with the highest correlation, Figure 4.1 shows for both water 

availability and consumptive water use its correlation coefficient with the inter-annual variation in the 

3-monthly average JMA SST values. Only those correlations which reach statistical significance at a 95% 

confidence interval are shown here. Field significance, the collective ‘global’ significance of the total of 

individual ‘local’ hypothesis tests (Livezey & Chen, 1982; Wilks, 2006), was tested for the individual 3-

month correlation results and found to be highly significant when looking at water availability (p < 0.01) 

but insignificant when considering consumptive water use (p > 0.05). Positive correlations, i.e. more 

water available with the JMA SST index moving towards El Niño values, were found for 13.2% of the 

global land surface, while negative correlations were found in FPUs covering 23.9% of the global land 

surface. When looking at consumptive water use we found positive significant correlations for only 

1.0%, and negative correlations for 7.3% of the global land surface. 

 
Table 4.2. Percentage of the global land area for which (a) water availability and (b) consumptive water use show a 
significant (positive/negative) correlation with ENSO driven climate variability (as assessed with the JMA SST 
anomaly index). 

 Sign. correlation Sign. positive correlation Sign. negative correlation 

(a) Water availability 37.1% 13.2% 23.9% 

(b) Consumptive water use 8.3% 1.0% 7.3% 

 

Table 4.3. Percentage of the global land area for which water scarcity conditions show a significant (positive/negative) 
correlation with ENSO driven climate variability (as assessed with the JMA SST anomaly index). Water scarcity 
conditions were assessed by means of the WSI for water stress and the FI for water shortage. 

 Sign. correlation 
Sign. positive 
 correlation 

Sign. negative correlation 

Water stress (WSI) 28.1% 16.8% 11.3% 

Water shortage (FI) 37.9% 23.9% 14.0% 

 

4.3.2 Sensitivity of water scarcity conditions to ENSO 

Subsequently, we assessed how sensitive water scarcity conditions (simulated under fixed socioeconomic 

conditions at 1961 levels) are to ENSO driven climate variability. Significant correlations to variations 

in JMA SST were found for 28.1% and 37.9% of the global land surface when using the WSI (water 

stress) and FI (water shortage) respectively, while being tested under a 95% confidence interval (Table 

4.3). Due to the clustering of population and consumptive water use we found even higher percentages 

when looking at the population living in these areas, 31.4% and 38.7% of the global population in 2010 

for the WSI and FI respectively. 

 

Figure 4.2 shows the areas with a significant positive (red) or negative (blue) correlation of water stress 

conditions (WSI) with the variation in JMA SST values, using the 3-monthly JMA SST period with the 

highest correlation (JMA SSTbestoff). Correlation results found for water shortage conditions, as defined 

by the FI, show a similar pattern as for water stress and are given in Figure C.2 (Appendix C). For both 

metrics, we found that, for a majority of the land area with a significant correlation to ENSO driven 

climate variability, water scarcity conditions become more severe when the JMA SST index moves 

towards El Niño values (Table 4.3). 
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Figure 4.2. Correlation (Spearman’s Rho) of yearly water stress conditions (WSI), as assessed under fixed 
socioeconomic conditions, to variations in JMA SST using the 3-monthly period with the highest correlation (JMA 
SSTbestoff). Significance was tested by regular bootstrapping (n = 1,000, p ≤ 0.05) and the correlation is only shown for 
those areas with significant correlations. Positive correlations indicate increases in WSI values (more severe water stress 
conditions) with the JMA SSTbestoff index moving towards El Niño values. Negative correlations indicate decreases in 
WSI values (less severe water stress conditions) with the JMA SSTbestoff index moving towards El Niño values. Figure 
C.2 (Appendix C) shows the correlation results for the water shortage conditions (FI).  
 

The regional variation in sensitivity of water scarcity conditions to ENSO driven variability (Figures 4.2 

and C.2) is clearly driven by the spatial distribution of water availability correlations as the general 

patterns are similar to those found in Figure 4.1. The unequal clustering of water availability and 

consumptive water use leads, however, in some regions to a strengthening or weakening of the 

correlation signal, for example when comparing the regional variation in sensitivity results for water 

stress within the Amazon basin or in Southern Africa (Figure 4.2) with the regional variation in 

correlation results for water availability in those areas (Figure 4.1). For a selection of FPUs, we found 

significant correlations for both water availability and consumptive water use, while they lack significant 

correlations when considering water stress conditions, and vice versa. In Southeast Asia, for example, 

we observed significant correlations between ENSO and water availability and consumptive water use 

(Figure 4.1), but no significant correlations between ENSO and water stress (Figure 4.2). One 

explanation for this observation could be that if both water availability and consumptive water use 

increase or decrease with more or less the same strength under changing JMA SST values, the net effect 

on the WSI could be insignificant since the ratio between both variables remains equal. All FPUs that 

show a significant correlation between water resources availability and ENSO driven climate variability 

show as well a significant correlation with ENSO driven variability when looking at the water shortage 

conditions (Appendix C, Figure C.2). This can be explained by the fact that the FI is only driven by 

changes in water availability and population growth, of which the latter factor was fixed in this analysis.  
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Subsequently, we assessed the percentage anomalies in the median values of water scarcity conditions 

between El Niño (EN) and La Niña (LN) years, compared to the median values under all years. 

Significant anomalies (p ≤ 0.05, tested by regular bootstrapping n = 1,000) in water scarcity conditions 

under El Niño and La Niña years, compared to all years, were found for 12.8% and 14.8% of the global 

land area using the WSI and the FI respectively (Table 4.4). Strongest anomaly signals were found during 

the La Niña phase for both water stress and shortage conditions. 

 
Table 4.4. Percentage of the global land area for which FPUs show significant anomalies in the median values of water 
scarcity conditions between the El Niño (EN) and La Niña (LN) phase, compared to the median values under all 
years. Water scarcity conditions were assessed by means of the WSI for water stress and the FI for water shortage. 

 Sign. anomaly 
Sign. anomaly - El Niño 

phase 
Sign. anomaly - La Niña 

phase 

Water stress (WSI) 12.8% 3.4% 12.8% 

Water shortage (FI) 14.8% 6.9% 9.5% 

 

Not all regions with a significant anomaly under El Niño years show (significant) anomalies in the 

opposite direction during La Niña years. For example, Figure 4.3 visualizes the asymmetry in the 

anomalies found during the El Niño and La Niña phase for Latin America. Moreover, areas with 

significant correlations with the JMA SST index do not always show significant anomalies when looking 

at the different ENSO phases. This can be explained by the fact that only those years for which the 5-

month moving average JMA SST index values are (+/-)0.5 ⁰C or greater (El Niño)/ smaller (La Niña) 

for at least six consecutive months (including October-December) are assigned as El Niño or La Niña 

years. Using this ENSO year definition thus disguises all variability in JMA SST values that falls just 

below the threshold set, variation that can have a significant effect on water scarcity conditions however. 

 

 

Figure 4.3. Comparison of results found when studying the: (a) anomaly in water stress conditions (WSI) between El 
Niño and all years; (b) anomaly in water stress conditions (WSI) between La Niña and all years; and (c) the sensitivity 
of water stress conditions (WSI) to ENSO driven climate variability measured by means of the JMA SSTbestoff. Red 
colours indicate more severe scarcity conditions under El Niño phases (a,c) or La Niña phases (b). Blue colours 
indicate less severe scarcity conditions under El Niño phases (a,c) or La Niña phases (b). 



Sensitivity of water scarcity events to ENSO driven climate variability at the global scale 

 

81 

4.3.3 Sensitivity of water scarcity events to ENSO under changing 

socioeconomic conditions 

Due to the socioeconomic developments over the period 1961-2010 water scarcity conditions and their 

associated impacts intensified, both in absolute and relative senses (Figure 4.4 and Table 4.5). From 

1961 to 2010, using 5-year averaged values, the total global population increased from 2.97 to 6.25 

billion. At the same time, we found that the global population exposed to water scarcity events increased 

from 0.45 billion to 2.47 billion. The global population sensitive to ENSO driven climate variability 

increased with a factor of 2.4 over the same time period whilst its proportion to the global total 

population remained relatively unchanged (Table 4.5). The population sensitive to ENSO variability and 

living in areas exposed to water scarcity events currently represent only a minority of the global 

population (11.4%).  

 

 

Figure 4.4. Development of population and land area exposed to water stress events and/or sensitive to ENSO driven 
climate variability over the period 1961-2010, as estimated with the WSI. Figure 4.4a shows the growth in population 
living under water scarce conditions and/or living in areas sensitive to ENSO driven climate variability relative to the 
total growth in global population (set at 100 in 1961). Figure 4.4b shows the increase in land area exposed to either water 
scarcity events and/or ENSO driven climate variability relative to the total global land area (100). Figure C.3 (Appendix 
C) shows the results for the water shortage conditions (FI).  

 
Table 4.5. Development of (a) the global total population, (b) the global population exposed to water stress events 
(WSI), (c) the global population living in areas sensitive to ENSO driven climate variability, and (d) the global 
population being exposed to water stress events (WSI) & living in areas sensitive to ENSO driven climate variability, 
between 1961 and 2010 using 5-year averaged values. Numbers between brackets show the values expressed in 
percentage of the total population. Growth factors represent both the absolute increases as well as the relative increases 
over time. Table C.1 (Appendix C) shows the results for the water shortage conditions (FI).  

 (a) Total population 

(b) Population 
exposed to water 

stress events (WSI 
≥0.2) 

(c) Population 
sensitive to ENSO 

driven climate-
variability 

(d) Population sensitive to 
ENSO driven climate-
variability & exposed 

towater stress events (WSI 
≥0.2) 

1961-1965 2.97 billion 0.45 billion (15.3%) 0.85 billion (28.7%) 0.2 billion (6.8%) 

2006-2010 6.25 billion 2.48 billion (39.6%) 1.96 billion (31.3%) 0.71 billion (11.4%) 

Growth factor 2.1 5.5 (2.6) 2.3 (0.4) 3.5 (1.5) 
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These results are, however, contrasted with relative high growth factors (Table 4.5). The impact of the 

spatial clustering of population and consumptive water use, and their unequal growth rates, on water 

scarcity events is shown by the fact that the share of land area exposed to water scarcity events only 

doubled over this same period for the WSI (Figure 4.4), from 7.4% up to 16.5% of the global land 

surface . The results found for water shortage (FI ≤ 1,700) are roughly similar at the global scale 

(Appendix C, Figure C.3, Table C.1) and therefore not discussed individually in this section.  

 

Regional variations in the population exposed to water stress and/or sensitive to ENSO driven climate 

variability under changing socioeconomic conditions, are visualized in Figure 4.5. Although these 

regional figures do not lend themselves to a similar growth factor analysis such as executed on the global 

numbers in Figure 4.4, we can distinguish by means of visual inspection different characteristic region-

types. The first group of regions (Latin America, Australia and the Pacific, the Caribbean, and Middle 

& Southern Africa) experiences significant correlations with ENSO variability for a relative large share 

of its land area and population (≥ 25% of the total population in 2010) whilst exposure to water scarcity 

events is low (< 25% of the total population in 2010). The second group of regions shows both a 

relatively low sensitivity to ENSO driven climate variability (< 25% of the total population in 2010) and 

low exposure to water scarcity events (< 25% of the total population in 2010), e.g. Northern America 

and Western Europe. For the third group of regions (the Middle East, India, Southeast Asia, and West 

& Central Asia) we find significant water scarcity exposure (≥ 25% of the total population in 2010) but 

no or relative low sensitivity to ENSO variability (< 25% of the total population in 2010). Finally, the 

fourth group of regions shows relatively high exposure to water scarcity events (≥ 25% of the total 

population in 2010) and abundant sensitivity to ENSO driven climate variability (≥ 25% of the total 

population in 2010), e.g. China and Northern Africa. Comparing these observations with the regional 

figures found for water shortage events (Appendix C, Figure C.4), assessed by means of the FI, we 

found different results for the regions West & Central Asia (relative high sensitivity to ENSO variability 

& relative low water scarcity exposure), and Middle & Southern Africa, the Middle East, and Southeast 

Asia (both experiencing relative high sensitivity to ENSO variability & high exposure to water scarcity 

events). Using both water scarcity metrics (i.e. WSI and FI) in combination with the observed growth 

rates in population and population exposed to water scarcity events enables us to identify those regions 

where adaptation measures such as ENSO-based forecasting have the largest (future) potential in coping 

with and possibly reducing the adverse impacts of water scarcity events: the Caribbean, Latin America, 

Western & Central Asia, Middle & Southern Africa, Northern Africa, the Middle East, China, Southeast 

Asia, and Australia and the Pacific.  

4.3.4 Cross-model validation 

The cross-model validation exercise, in which we compared the outcomes of the individual GHMs with 

their ensemble mean results, reveals that our findings considering the sensitivity of water availability, 

consumptive water use, and water scarcity conditions to ENSO driven climate variability are robust to 

the use of different hydrological models. We found that for 22.8% of the global land area (61.4% of the 

total land area with a significant correlation under the ensemble-mean) all individual GHMs show a  
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Figure 4.5. Regional variation in developments of population (%) exposed to water stress events and/or sensitive to 
ENSO driven climate variability over the period 1961-2010, as estimated with the WSI. The figure shows per world 
region the growth in population living under water scarcity conditions and/or living in areas sensitive to ENSO driven 
climate variability, relative to the total growth in global population (set at 100 in 1961). Y-axis (% population) ranges 
from 0 up to 400. Figure C.4 (Appendix C) shows the results for the water shortage conditions (FI). 

 

Figure 4.6. Modelling agreement in observed significant sensitivity of water availability to variation in JMA SST. 
 

significant correlation to variations in JMA SST in the same direction as the correlation results found 

under the ensemble-means. Correlations found under the ensemble-mean are supported by at least one 

GHM for one-third (36.8%) of the global land surface (Figure 4.6), equal to 99.2% of the land area that 

shows a significant correlation to the ensemble-mean. 
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A comparison of the individual modelling results with the ensemble-mean in terms of the estimated 

population exposed to water scarcity events and/or living in areas sensitive to ENSO driven climate 

variability shows the modelling spread at the global scale with respect to estimated impacts and their 

developments over time (Figure 4.7). Looking at the 2010 values, we find the smallest percentage 

difference between models in the estimates of the population exposed to water scarcity events (+17.2% 

WSI, +21.8% FI), and the largest variations when looking at the population both being exposed to water 

scarcity events and living in areas sensitive to ENSO driven climate variability (+68.9% WSI, +54.2% 

FI). Percentage deviations were found to be smaller when looking at the land area exposed (Appendix 

C, Figure C.5). As shown in Figures 4.7 and C.5 (Appendix C), the inter-model comparison reveals that 

the impact estimates of the ensemble-mean are conservative when comparing them with the individual 

modelling results, especially when looking at the population or land area sensitive to ENSO variability 

and/or being exposed to water scarcity events.   

 

 

Figure 4.7. Development of the population exposed to water scarcity events and/or sensitive to ENSO driven climate 
variability over the period 1961-2010, as assessed by the individual GHMs (STREAM, PCR-GLOBWB, and WaterGAP) 
and the ensemble-mean. Figures 4.7a and 4.7d show the development in population sensitive to ENSO driven climate 
variability as estimated under the ensemble-mean (yellow) and individual GHMs (grey), using the WSI and FI 
respectively. Figures 4.7b and 4.7e present the increase in population exposed to water stress and shortage events 
respectively, for the ensemble-mean (orange) and individuals GHMs (grey). Figures 4.7c and 4.7f visualize the amount 
of people being exposed to water stress and shortage events respectively, while at the same time living in areas with a 
significant correlation to ENSO driven climate variability for the ensemble-mean (red) and individual GHMs (grey). 
Figure C.5 (Appendix C) shows the results for the land area exposed.  
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4.4 Discussion  

Within this study we found that both water resources availability and water scarcity conditions can be 

significantly correlated with ENSO driven climate variability as measured with the JMA SST index for 

a relative large share of the global land area. Due to clustering effects we found even larger proportions 

when looking at the population living in these areas. Regions well known for their correlation of 

precipitation and hydrological extremes with ENSO variability (Dai & Wigley, 2000; Dettinger & Diaz, 

2000; Ropelewski & Halpert, 1987; Vicente-Serrano et al., 2011; Ward et al., 2010, 2014a, 2014b) also 

showed a statistically significant correlation between ENSO and annual total water resources availability 

or water scarcity conditions. This makes sense as precipitation deficits feed droughts, which possibly 

results in water scarcity events if consumptive demands outweigh the available water resources. On the 

other hand precipitation surpluses might result in increased water levels, floods, and increased flood risk 

but at the same time decreased water scarcity conditions. When comparing our results on water 

resources availability to these previous studies, we find corresponding significant correlations in the 

regions mid-west North-America, the Caribbean, Latin America, Southern Africa, South-East and 

Central Asia, and the Pacific. Moreover, the sign of the correlations found within four large river basins 

in Latin America and Africa, (Amazon Congo, Paraná, and Nile) is supported by earlier estimates of 

Amarasekera et al. (1997) who assessed the correlation between ENSO and the natural variability in the 

flow of tropical rivers. Significant correlations as shown for other regions were also found in case studies 

focusing on Northern America (Clark II et al., 2014; Schmidt et al., 2001), South-east Asia (Lü et al., 

2011; Räsänen & Kummu, 2013), Southern Africa (Meque & Abiodun, 2015; Richard et al., 2001), and 

Australia (Chiew et al., 2011; Dutta et al., 2006). The spatial variation in sign of the found correlation is 

in line with the results of Ward et al. (2014a), who found that annual flood and mean discharge values 

intensify under La Niña and decline when moving towards El Niño phases globally in more areas than 

the other way around.  

 

In line with earlier research (Islam & Gan, 2015; Meza, 2005) we would have expected to find more 

areas with a significant correlation between consumptive water use and ENSO driven climate variability. 

A number of explanations could be given for the absence of significant correlations patterns in this 

study: (1) the consumptive water use estimates used in this study are calculated by means of multiple 

socioeconomic and hydro-climatic proxies and variables, such as extent of irrigated areas, number of 

livestock, GDP, (long-term mean) monthly temperatures, and precipitation estimates, and should be 

interpreted as potential consumptive water use; (2) of these variables only irrigation water use could be 

linked directly to ENSO driven climate variability by means of its temperature and precipitation input 

variables. ‘Fixed’ consumption numbers in other sectors might attenuate therefore the variability found 

within the irrigation sector; (3) yearly totals of consumptive water use were applied in this study to assess 

its sensitivity to ENSO driven climate variability whereas it might be more appropriate for consumptive 

water use to assess its correlation either using monthly time-scales or yearly maxima; and (4) climate-

driven variations in irrigation water demands are the result of changes in crop evapotranspiration and 

changes in green water availability, which do not have a unequivocal relation with ENSO driven climate 

variability at all times, but are partly determined by the month-specific cropping calendar and antecedent 

conditions, such as the memory of the soil. Soil memory is often referred to as the persistence of the 
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soil to anomalous wet or dry conditions long after these conditions occurred in the atmosphere or any 

other stage of the hydrological cycle which could lead to time lags and attenuation of the meteorological 

signal (Seneviratne et al., 2006). The  found variability in the irrigation water demand estimates might, 

therefore, be out of phase with the variability found in the atmospheric conditions (ENSO driven 

climate variability as assessed by the JMA SST anomaly index) which, in turn, explains the relative low 

significant correlation. Including, per region or soil characteristic area, the size of the soil memory as a 

time lag could potentially improve the correlation of consumptive (irrigation) water demand with ENSO 

driven climate variability. More research is, however, needed in order to be able to express this relation 

between the size of the soil memory and the time lag used within the ENSO correlation analysis. 

 

The analysis presented in this study revealed that inter-annual variability itself, such as the ENSO driven 

climate variability, is often not enough to cause water scarcity events to actually occur. We found that it 

is a combination of multiple hydro-climatic factors, such as the mean water resources availability and its 

inter-annual variability around the mean, together with the prevalent socioeconomic conditions, that 

determines the susceptibility of a region to water scarcity events, a finding earlier suggested by Veldkamp 

et al. (2015b) and Wada et al. (2011a), and its implications being discussed in Hall & Borgomeo (2013). 

The actual impact of water scarcity events depends, moreover, not only on the number of people 

exposed or the severity of a water scarcity event itself, but on how sensitive this population is to water 

scarcity conditions, whether and how efficiently governments can deal with water scarcity problems, 

and how many (financial and infrastructural) resources are available to cope with these water scarce 

conditions (Grey & Sadoff, 2007; Hall & Borgomeo, 2013).  

 

Given the substantial share of land area, and the even higher rates of population, for which water 

resources availability and water scarcity conditions show significant correlations with ENSO driven 

climate variability there is a large potential for ENSO based adaptation and risk reduction to cope with 

water scarcity events and their associated impacts. The relative importance of ENSO driven climate 

variability in the year-to-year-variability as found in this study could assist water managers and decisions 

makers in the design of adaptation strategies, such as in optimizing the use of existing reservoir facilities 

in Australia (Sharma, 2000). Moreover, the potential predictability of ENSO with lead times up to 

several months, may help in the prioritization of (ex-ante) efforts in disaster risk reduction, such as pre-

stocking foods and disaster relief goods or crop insurance systems based on ENSO indices (Coughlan 

de Perez & Mason, 2014; Coughlan de Perez et al., 2014; Coughlan De Perez et al., 2015; Dilley, 2000; 

Suarez et al., 2008). The potential added value of adaptation measures targeted towards mitigating the 

impacts of inter-annual variability is high, as it is especially this variability that people find difficult to 

cope with (Smit & Pilifosova, 2003). In this study we looked, however, at naturalized flows, so reservoirs 

or inter-basin transfers have not yet been taken into account. Future research should therefore, first 

evaluate whether (virtual) water trading and water storage mechanisms are effective in reducing water 

scarcity conditions and whether management could be optimized using ENSO-forecasting parameters 

and at what costs. 
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To get more insight in the expected correlation between ENSO, and water resources and scarcity 

conditions under longer-term climate change and socioeconomic developments, future research could 

use extreme JMA SST values as a test case in combination with the correlation values found to amplify 

the water resources and scarcity conditions under extreme events. Recent research showed that these 

extreme ENSO events may become more frequent in the future (Cai et al., 2014; IPCC, 2013; Power et 

al., 2013). The uncertainty among the different climate models is, however, large and at the same time 

there is no agreement yet on the attribution of long-term climate change to increases in the sensitivity 

and frequency of ENSO events (Paeth et al., 2008; van Oldenborgh et al., 2005). Considering a 

continuous increase in population growth and water scarcity impacts in the future, hotspots could be 

identified that have to deal with water scarcity events and that are sensitive to ENSO driven variability 

at the same time. One should take into account, however, that we assumed in this study that the 

correlations found between water availability, consumptive water use, and water scarcity conditions, and 

the JMA SST index value remain stationary over time. In reality, the strength of correlations between 

hydrological parameters and ENSO can change over time (Ward et al., 2014a). Further research is 

therefore needed to assess whether, how much, and in which direction these observed correlation values 

change under the combination of changing climatic conditions and historical and future socioeconomic 

developments. Moreover, ENSO is part of an ocean-atmospheric climate variability system that 

constitutes many more sub-regional systems and local circulation patterns (e.g. Indian Monsoon, 

Pacific/North America pattern, North Atlantic Oscillation, East Atlantic/West Russia pattern, 

Scandinavia pattern) which modulate the ENSO signal (Hannaford et al., 2011). Future research should 

look into the sensitivity of water resources availability and scarcity conditions to combinations of these 

systems.  

 

Global assessment studies, such as the one presented here, are well able to identify the impact of ENSO 

on global-scale patterns of water scarcity. These types of studies are therefore well-suited for a first-

order problem definition or for the large-scale prioritization of adaptation efforts. When interpreting 

these assessments one should keep in mind, however, that these studies should always be complemented 

with local or regional scale analyses to assess the actual level of water scarcity ‘on the ground’, their 

(economic) consequences, and regional or local scale potential for ENSO forecasting as adaptation 

strategy to cope with water scarcity events.  

4.5 Conclusions 

Within this study, we executed the first global-scale sensitivity assessment of blue water availability, 

consumptive water use, and water scarcity to ENSO driven climate variability. Throughout this study 

we have shown that regional water scarcity conditions become more extreme under El Niño and La 

Niña phases covering a relative large proportion (>28.1%) of the global land area. Due to the spatial 

clustering of population and consumptive water use we found even larger shares (>31.4% of the total 

population in 2010) when looking at the population living in these areas sensitive to ENSO driven 

climate variability. The exposure of a region to water scarcity events is determined by both hydro-

climatic and socioeconomic conditions. Results on exposure to water scarcity events, found in this study, 

provide mixed signals. We found that the population that is currently exposed to water scarcity events 
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consists of less than half of the global population (WSI: 39.6%, FI: 41.1%), whilst the population 

sensitive to ENSO variability and living in areas exposed to water scarcity events represent only a 

minority of the global population (WSI: 11.4%, FI: 15.9%). These results are, however, contrasted by 

relative differences in growth rates under changing socioeconomic conditions, which are higher in 

regions exposed to water scarcity events than in regions that do not experience any water scarcity.  

 

Given the correlations found in this study for water availability and water scarcity conditions with 

ENSO driven climate variability, and seen the developments in the population and land area exposed 

to water scarcity events and/or sensitive to ENSO driven variability under changing socioeconomic 

conditions, we found that there is large potential for ENSO based adaptation and risk reduction. The 

observed regional variations could thereby accommodate in a first-cut prioritization for such adaptation 

strategies. Moreover, the results presented in this study show that there is both potential and need for 

more research on the issue of ENSO and water scarcity with emerging topics related to the economic 

impacts of water scarcity; the assessment of consumptive water use and its temporal variability; the 

combined impact of large scale oscillation systems on water resources and water scarcity conditions; 

and the transferability of global-scale insights to local-scale implications and decisions.  
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Water scarcity hotspots travel downstream due to human 
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Abstract  

Water scarcity is rapidly increasing in many regions. In a novel, multi-model assessment, we examine 
how human interventions (HI: land use and land cover change, man-made reservoirs and human water 
use) affected monthly river water availability and water scarcity over the period 1971-2010. Here we 
show that HI drastically change the critical dimensions of water scarcity, aggravating water scarcity for 
8.8% (7.4-16.5%) of the global population but alleviating it for another 8.3% (6.4-15.8%). Positive 
impacts of HI mostly occur upstream, while HI aggravate water scarcity downstream; HI cause water 
scarcity to travel downstream. Attribution of water scarcity changes to HI components is complex and 
varies among the hydrological models. Seasonal variation in impacts and dominant HI components is 
also substantial. A thorough consideration of the spatially and temporally varying interactions among 
HI components and of uncertainties is therefore crucial for the success of water scarcity adaptation by 
HI.  
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5.1 Introduction 

Socioeconomic developments increasingly put pressure on our global freshwater resources, thereby 

increasing water scarcity, i.e. the temporal deficits in freshwater resources compared to anthropogenic 

and environmental demands (Raskin et al., 1997). Over the past hundred years, human water demand 

increased almost eight-fold (Wada et al., 2016), due to: the quadrupling of the global population; 

increases in per capita food demands; and rising standards of living (Falkenmark, 1997; Flörke et al., 

2013; Shiklomanov, 2000a; Vörösmarty et al., 2000b; Wada et al., 2013a). Increasing volumes of water 

are needed to feed the global population and to drive local and global economies (Falkenmark, 1997). 

To keep up with these growing demands, large scale human interventions (HI) have taken place: land 

use and land cover change (LULCC), including irrigation to increase food productivity; dams and 

reservoirs to control the timing of streamflow; and water withdrawals from surface water bodies and 

groundwater to fulfil water demands. Whilst these HI are targeted at local to regional scales, they are 

known to impact the hydrological cycle and can affect streamflow on larger scales, such as in 

downstream areas (Biemans et al., 2011; Döll et al., 2009; Haddeland et al., 2006, 2007, 2014; Müller 

Schmied et al., 2016; Munia et al., 2016; Rost et al., 2008; Vörösmarty et al., 2015; Wada et al., 2013a, 

2011a). For example, earlier work has shown that land use conversions from forest to cropland increased 

river discharge, whilst irrigation increases local runoff but decreases basin-wide runoff due to increased 

evapotranspiration rates (Döll et al., 2009; Rost et al., 2008). Moreover, upstream water withdrawals 

from the streamflow may decrease water availability for downstream use (Döll et al., 2009; Munia et al., 

2016; Wada et al., 2011a, 2013a), and dams and reservoirs can severely alter the timing of low- and high-

flows (Biemans et al., 2011; Döll et al., 2009; Haddeland et al., 2006, 2007; Hagemann et al., 2013). 

Having insight in the impacts of HI can help water managers to highlight locations where HI have been 

beneficial from a water resources perspective. Moreover, it can help to identify regions where there is 

still room for expansion and/or intensification of HI given the historical and future increases in water 

and food demand and the expected changes in climate conditions (Alcamo et al., 2007; Arnell, 1999; 

Gosling & Arnell, 2016; Gosling et al., 2011; Hagemann et al., 2013; Hanasaki et al., 2013; Kiguchi et 

al., 2015; Kundzewicz et al., 2008; Schewe et al., 2014; Veldkamp et al., 2016). Such insights also allow 

us to identify regions where a more optimal incorporation of HI is required in the socio-hydrological 

system. 

 

The allocation of shared water resources between upstream and downstream regions has a prominent 

place on the global science-policy agenda, given the fact that transboundary rivers and lakes cover almost 

half of the global land area and are home to ~40% of the global population (UN-Water, 2013). Sharing 

water resources creates interdependencies that may lead to cooperative or conflictive events, although 

evidence of causality is limited (Wolf et al., 2003). The development of event databases such as the 

Transboundary Fresh Water Dispute Database1, the Water Conflict Chronology2, and the ICOW River 

Claims Data Set3, enable a more systematic assessment of water conflict and resolution processes and 

                                                            
1 Oregon State University (http://transboundarywaters.orst.edu/) 
2 Pacific Institute  (http://worldwater.org/water-conflict/) 
3 The ICOW River Claims Data Set (http://paulhensel.org/icowriver.html) 

http://worldwater.org/water-conflict/
http://paulhensel.org/icowriver.html
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provide insights into the effectiveness of cooperative arrangements (Brochmann & Gleditsch, 2012; 

Giordano & Wolf, 2003; Gleick, 2014; Jägerskog et al., 2009; Wolf, 1998, 2007, 1999). Despite the 

widespread recognition of the importance of upstream-downstream interactions within river basins, 

only limited quantitative research has been performed to unravel and understand the dominant drivers 

of change, linking different types of HI with water scarcity and (increased) exposure to water scarcity 

(Munia et al., 2016). At the same time, unequal impacts of upstream-downstream interactions on water 

resources and water scarcity at a higher spatial resolution, for example within administrative regions or 

river basins, are often left unstudied, despite their potential impact on societies.  

 

Going beyond the first assessment (Munia et al., 2016) of the impact of upstream water use on 

downstream water scarcity at a yearly scale, this study incorporates different types of HI, namely: land 

use and land cover change (LULCC); dam and reservoir operations; and upstream water consumption, 

and compares their impacts on freshwater availability and water scarcity to the trends in climate change 

impacts. The central aims of this study are therefore to: quantify how HI have altered the critical 

dimensions of water scarcity, including the average duration, occurrence, and severity of water scarcity; 

to evaluate whether, and to what extent, HI have led to a reshuffling of water scarcity hotspots, leading 

to changes in the exposure to water scarcity events; and to assess how HI over time contribute to or 

dominate over the trend in climate change impacts. 

 

To do this, we performed a scenario analysis using monthly water resources simulations at a 0.5˚ x 0.5˚ 

(~50 x 50 km at the equator) spatial resolution for the period 1971-2010 reflecting conditions of no HI 

(NHI) and time-varying HI (HI). This study uses an ensemble of five state-of-the-art global hydrological 

models (GHMs) allowing for robust estimates: H08 (Hanasaki et al., 2008a, 2008b), LPJmL (Bondeau 

et al., 2007; Schaphoff et al., 2013), MATSIRO (Pokhrel et al., 2015; Takata et al., 2003), PCR-GLOBWB 

(van Beek et al., 2011; Wada et al., 2014c), and WaterGAP (Müller Schmied et al., 2016). Each of the 

GHMs was driven by three global state-of-the art observations‐based historical climate data-sets: 

PGMFD v.2 (Sheffield et al., 2006), GSWP3 (http://hydro.iis.u-tokyo.ac.jp/GSWP3), and 

WFD/WFDEI (Weedon et al., 2014). The GHMs were also forced by a set of socioeconomic 

parameters to model historical demands: GDP, population density, livestock density, land use and land 

cover. In this study, we used the HYDE 3 - MIRCA data-set (Klein Goldewijk & van Drecht, 2006; 

Portmann et al., 2010; Ramankutty et al., 2008), ensembled following Fader et al. (2010), for simulating 

the changes in irrigation and/or cropland patterns over time and their time-varying impacts on water 

availability and water scarcity. We introduced a spatially and temporally explicit measure of the minimum 

environmental flow requirement (Gerten et al., 2013; Pastor et al., 2014; Smakhtin, 2008; Smakhtin et 

al., 2004), i.e. a rough global estimate of water that ecosystems need to sustain healthy conditions. By 

combining this with our seasonal assessment of water availability and water scarcity, accounting for 

seasonal variability and regional variation at a high spatial-resolution, we were able to develop an updated 

Water Scarcity Index (WSI) (Raskin et al., 1997). This index provides a more meaningful indicator for 

water scarcity at the seasonal scale than those used in past studies, as it reflects both the human and 

environmental water needs (Döll et al., 2015; Mekonnen & Hoekstra, 2016). In doing so, we build upon 

the latest insights from previous hydrological research (Biemans et al., 2011; Döll et al., 2009; Haddeland 



Water scarcity hotspots travel downstream due to human interventions in the 20th and 21st century 

95 

et al., 2006, 2007, 2014; Müller Schmied et al., 2016; Rost et al., 2008) and translate its implications into 

the domain of water scarcity and exposure to water scarcity events.  

 

Our results show that HI substantially changed the critical dimensions of water scarcity between 1971-

2010, reshuffling hotspots of water scarcity and causing a distinct pattern of beneficiaries and losers, 

involving more than one-third of the global population. Large differences between upstream and 

downstream regions exist under the limited net global impact of HI, causing water scarcity to travel 

downstream. Attribution of water scarcity changes to HI components is complex and varies among the 

hydrological models. Seasonal variation in impacts and dominant HI components is also substantial. A 

systematic deliberation of the spatially and temporally varying interactions among HI components and 

of uncertainties is therefore needed when adapting to water scarcity by HI. 

5.2 Methods 

 

5.2.1 Testing the impact of human interventions on water scarcity 

In this study we evaluated how time-varying HI affected water availability and water scarcity conditions 

in the late 20th and early 21st century, how they influenced the critical dimensions of water scarcity, and 

how they reshuffled water scarcity hotspots. To this end, we performed a scenario analysis to compare 

gridded (0.5º x 0.5º) monthly estimates of water availability and water scarcity conditions from a no HI 

(NHI) run with those from a (time-varying) HI (HI) run, including the impacts of LULCC, reservoir 

operation, and upstream water consumption, altogether and separately. 

5.2.2 Hydrological data under the ISI-MIP Phase 2 framework 

An ensemble of 15 model-combinations (5 GHMs forced by 3 observations‐based historical climate 

data-sets, Appendix D, Table D.1), was used to evaluate for each ensemble-member individually the 

impact of HI on water availability and water scarcity. Subsequently, we calculated ensemble-median 

values and presented these results together with the modelling-spread. The GHMs used in this analysis 

are: H08 (Hanasaki et al., 2008a, 2008b), LPJmL (Bondeau et al., 2007; Schaphoff et al., 2013), 

MATSIRO (Pokhrel et al., 2015; Takata et al., 2003, PCR-GLOBWB (van Beek et al., 2011; Wada et al., 

2014c), and WaterGAP (Müller Schmied et al., 2016). Each of these GHMs was forced with daily/three-

hourly (MATSIRO) inputs from three observations‐based historical climate data-sets: PGMFD v.2 

(Sheffield et al., 2006), GSWP3 (http://hydro.iis.u-tokyo.ac.jp/GSWP3), and WFD/WFDEI (Weedon 

et al., 2014) under the framework of phase 2 of the Inter-Sectoral Impact Model Intercomparison 

Project (ISIMIP2a: www.isimip.org). For a comprehensive overview of the different historical climate 

data-sets we refer to the individual references and to Müller Schmied et al. (2016).  

 

Water availability refers here to the monthly availability of water in rivers, which consists of the locally 

generated runoff in each 0.5º x 0.5º grid-cell and the incoming discharge from upstream cells being 

diminished with the upstream water consumption (Wada et al., 2011a). In our analysis we only account 

for the water fluxes (streamflow, (sub-)surface runoff, base flow) and assume a long-term equilibrium 
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in the storages of the hydrological system (such as lakes, aquifers, sub-surface reservoirs), for which the 

absolute values are unknown. Using the total monthly water availability per cell under pristine 

conditions, we subsequently estimated the minimum environmental flow requirements (Gerten et al., 

2013; Pastor et al., 2014; Smakhtin, 2008; Smakhtin et al., 2004) based on the variable monthly flow 

methodology (Pastor et al., 2014), see Appendix D1. The consumptive water use that are used by the 

GHMs to adjust the streamflow under the HI run and the water withdrawals to assess water scarcity 

conditions under NHI and HI run encompass water demands of the agricultural sector (irrigation and 

livestock), the industry sector (thermal energy and manufacturing), and water demands for domestic 

use, and are modelled using various socioeconomic parameters (GDP, population density, livestock 

density, land use and land cover) (Wada et al., 2016). The net amount of incoming discharge (being 

accounted for the consumptive water needs) varies thereby across the GHMs, not only due to 

differences in generation of discharge or the height of the modelled water demands, but also due to 

variations in the allocation of the consumptive water needs over surface and/or groundwater. The 

combination of these aspects are ground for the observed variation in water availability across the 

GHMs, the differences in the exposure to water scarcity, and, subsequently, the impacts of HI on 

freshwater resources and the critical dimensions of water scarcity. The methods used to model water 

availability, to estimate water demands, and to allocate consumptive water demands over surface and 

groundwater resources are summarized in Appendix D1 and for a more extensive discussion we refer 

to Wada et al. (2016) or the individual model descriptions (Bondeau et al., 2007; Hanasaki et al., 2008a, 

2008b; Müller Schmied et al., 2016; Pokhrel et al., 2015; Schaphoff et al., 2013; Takata et al., 2003; van 

Beek et al., 2011; Wada et al., 2014c). 

5.2.3 Assessing water scarcity 

Water scarcity conditions were assessed in this study by means of the water scarcity index, the WSI 

(Raskin et al., 1997). The WSI estimates the ratio between water withdrawals and water availability for 

humans and is extensively used in water scarcity assessments at global and regional scales (Alcamo et 

al., 2003b, 2007; Arnell, 1999; Gosling & Arnell, 2016; Hanasaki et al., 2013; Hoekstra et al., 2012; 

Kiguchi et al., 2015; Mekonnen & Hoekstra, 2016; Oki & Kanae, 2006; Oki et al., 2001; Veldkamp et 

al., 2015a, 2015b; Wada et al., 2011a). In this study we follow Mekonnen and Hoekstra (2016) and 

explicitly incorporate minimum environmental flow requirements when estimating water scarcity 

conditions. Using the WSI, a region is considered to experience water scarcity if WSIi,m > 1, i.e. if more 

than 100% of the total available water resources is being allocated for environmental and anthropogenic 

needs (Mekonnen & Hoekstra, 2016):  

 

𝑊𝑆𝐼𝑖,𝑚 =  
𝑊𝑊𝑖,𝑚

𝑊𝐴𝑖,𝑚−𝐸𝐹𝑖,𝑚
,                                                                                                               Equation 5.1 

 

where WSIi,m is the water scarcity index for cell i and month m, WWi,m is the total water withdrawal in 

cell i and month m, WAi,m the total river water availability in cell i and month m, and EFi,m the 

environmental flow requirement in cell i and month m (Pastor et al., 2014). In our analysis we 

underestimate the actual amount of water that may be available from groundwater, reservoirs, and lakes 
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at the monthly scale and therefore we overestimate water scarcity where these water sources are used 

for water supply. 

5.2.4 Incorporating human interventions in the modelling framework 

Three types of HI were included in this study: LULCC; reservoir operations; and upstream water 

consumption. The HYDE 3 - MIRCA data-set (Klein Goldewijk & van Drecht, 2006; Portmann et al., 

2010; Ramankutty et al., 2008), assembled following Fader et al. (2010), was used by each of the GHMs, 

apart from WaterGAP, for simulating the effects of changes in irrigation and/or cropland patterns on 

the generation of local runoff. Whilst land use conversions to agricultural land use tend to increase the 

volume of water that runs off and increases the speed of runoff processes, irrigation water use generally 

decreases runoff due to increased evapotranspiration rates (Rost et al., 2008). The GranD database 

(Lehner et al., 2011) was included in all GHMs to represent the historical development in dams and 

reservoirs. Reservoir operations shift downstream streamflow patterns and decrease seasonal flow 

amplitudes, especially if built for energy generating purposes. Moreover, reservoirs affect the absolute 

volumes of water via enhanced evaporation losses and direct abstractions. Each of the GHMs 

distinguishes reservoirs built for irrigation and/or non-irrigation purposes whilst PCR-GLOBWB 

additionally identifies flood control and navigation purposes. The reservoir operation schemes that are 

applied in each of the GHMs are based on Hanasaki et al. (2006) (H08, MATSIRO, WaterGAP), 

Biemans et al. (2011) (LPJmL), and Haddeland et al. (2006) in combination with Adam et al. (2007) 

(PCR-GLOBWB). Whereas the operation schemes of Hanasaki et al. (2006), Biemans et al. (2011), and 

Haddeland et al. (2006) are retrospective, which ensures optimal performance given its purpose, inflow 

and demand, PCR-GLOBWB implemented a prospective scheme that has to deal with uncertain 

forecasts of supply and demand (Wada et al., 2011b). All models, apart from H08, accounted for 

increased evapotranspiration over reservoirs. For a more detailed discussion on the parameterization of 

the reservoirs within each of the GHMs, we refer to the specific model references (Bondeau et al., 2007; 

Hanasaki et al., 2008a, 2008b; Müller Schmied et al., 2016; Pokhrel et al., 2015; Schaphoff et al., 2013; 

Takata et al., 2003; van Beek et al., 2011; Wada et al., 2014c). Demand growth and its impact on water 

availability and water scarcity was covered by the inclusion of the net upstream water abstractions (i.e. 

withdrawal - return flow) from the streamflow, as calculated by each of the GHMs. Historical demand 

growth was also evaluated by inclusion of the historical trends in local water withdrawals, influencing 

the water scarcity conditions. For a detailed discussion on the inclusion of these HI in the modelling 

framework of each of the GHMs we refer to Appendix D1 and the individual model references 

(Bondeau et al., 2007; Hanasaki et al., 2008a, 2008b; Müller Schmied et al., 2016; Pokhrel et al., 2015; 

Schaphoff et al., 2013; Takata et al., 2003; van Beek et al., 2011; Wada et al., 2014c).  

5.2.5 Quantifying the impacts of human interventions 

To assess the impacts of HI on the monthly water availability and water scarcity conditions we 

performed a scenario analysis with two simulation runs. In the first run (NHI) we evaluated water 

availability, water scarcity conditions, and exposure to water scarcity events without HI on the 

streamflow. In the second run (HI) we evaluated water availability, water scarcity conditions, and 
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exposure to water scarcity events including the impact of HI. In an additional analysis, we separated the 

impacts of demand growth via upstream water consumption from the impacts of the other HI (reservoir 

operations and LULCC). 

 

Impacts of HI on the availability of water resources and the critical dimensions of water scarcity were 

evaluated for each ensemble member individually. Thereafter, ensemble-median values were calculated 

and presented together with the inter-quartile range. All model combinations are weighted equally: a 

weighting based on the performance of the individual forcing data-sets or GHMs was not executed. 

Impacts of HI are expressed by the share (%) of the population exposed (using 2010 values) at the 

global and regional scales looking at significant changes in the critical dimensions of water scarcity 

(average duration, occurrence, and severity of water scarcity), in the availability of water resources, and 

by showing who is moving in/out of water scarcity. The relative location of impacts in river basins was 

estimated by comparing the upstream area of a specific impact location (i.e. experiencing a significant 

increase or decrease in water availability due to HI) with the total river basin area. For example, a value 

of 0.5 refers here to a location for which the upstream area is half of the total river basin area, whilst a 

value of 1 refers to the outlet of a basin into the ocean (or an internal sink) (i.e. the size of the upstream 

area is equal to the size of the total river basin). To show the global- or basin-mean relative location of 

impacts we aggregated these location-values by using population-weighted means. In all analyses only 

changes >|5%| were considered to be significant and taken into account. Finally, we evaluated for each 

month the trend in HI-impact on water availability over the period 1971-2010 using linear regression 

analysis. We compared the trends in HI impacts with the trend in impacts of climate change on the 

availability of water resources. In doing so, we indicate where and when HI buffered, strengthened, or 

even dominated the hydro-climatic impacts. When interpreting the results of this analysis one should 

take into account, however, that the climate data used in this study, and particularly its length, is not 

fully suitable for trend analysis. 

5.2.6 Testing the sensitivity of results 

Using an ensemble of 15 model-combinations (5 GHMs and 3 forcing data-sets) to assess the impacts 

of HI on: water scarcity conditions, the exposure to and average duration of water scarcity events, and 

the underlying changes in water availability, allows not only to make more robust estimates compared 

to a single-model study, it also enables the evaluation of modelling uncertainties. The results presented 

here in graphs of the main body of text concern the ensemble-median (q50) values together with their 

inter-quartile ranges (q25 - q75). Gridded results were presented if the found signal was consistent and 

significant for a majority (>7) of the model-combinations, otherwise the number of model-

combinations with a significant signal was visualized. 
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5.3 Results 

 

5.3.1 Impacts of human interventions at the global scale 

HI employed to maximize the utilization of water resources have significantly changed the local water 

availability over the period 1971-2010 (Figure 5.1 and Table D.2 (Appendix D)). Whilst on average 

20.4% (16.6-29.1%) of the global population (2010 values) experienced a significant increase in water 

availability due to the implementation of HI, 23.7% (18.6-39.0%) experienced a significant decrease. 

Consequently, HI significantly altered the critical dimensions of water scarcity (average duration, 

occurrence, and severity) and caused a substantial reshuffling of those exposed to water scarcity, 

affecting a considerable share of the global population. One-third of the global population (2010) 

experienced a significant increase in the average duration (20.1-42.7% of the global population) and 

occurrence (14.4-50.4%) of water scarcity events, respectively; whilst significant decreases in average 

duration and occurrence due to HI were felt by 24.8% (19.0-26.4%) and 20.7% (19.4-26.8%). 

 

 

Figure 5.1. Impact of human interventions on water availability and water scarcity at the global scale. Figure 5.1a shows 
the percentage of the global population that experiences a significant increase or decrease (>5%) in average duration 
and occurrence (# of months) of water scarcity. Figure 5.1b shows the population exposed to water scarcity and the net 
change in exposure due to human interventions (HI) compared to a no human interventions run (NHI), whilst Figure 
5.1c gives the population moving into/out of water scarcity; and Figure 5.1d presents the population experiencing 
aggravated/alleviated water scarcity (WS) conditions. Figure 5.1e visualizes, finally, the percentage of population 
experiencing increases/decreases in water availability (WA). The boxes in Figure 5.1a, and the shaded areas in Figure 
5.1b-5.1e represent the interquartile ranges (q25-q75) and the lines the ensemble-median values. Regional values for a 
selection of river basins are shown in the supplementary material (Appendix D, Figures D.1-D.5). 
 

Whereas HI alleviated water scarcity conditions, on average, for 8.3% (6.4-15.8%) of the global 

population and caused 2.9% (2.2-4.5%) to move out of water scarcity; it resulted in aggravated water 

scarcity conditions for 8.8% (7.4-16.5%) and drove 3.0% (2.3-6.7%) of the population into water 

scarcity. As a net result, HI slightly increased (+1.2%) the global exposure of population to water 

scarcity. Using estimates of the relative location of impacted regions within the river basin, we find that 
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the positive impacts of HI mostly occur in upstream areas, whereas areas located further downstream 

are more often impacted negatively (Figure 5.2 and Table D.3 (Appendix D)). For example, those 

populations who moved out of water scarcity due to HI have on average a relatively lower fraction of 

upstream area (0.16-0.28) compared to those who moved into water scarcity (0.23-0.35). As a result, HI 

caused water scarcity globally to travel downward through river basins (Figure 5.2b).Using estimates of 

the relative location of impacted regions within the river basin, we find that the positive impacts of HI 

mostly occur in upstream areas, whereas areas located further downstream are more often impacted 

negatively (Figure 5.2 and Table D.3 (Appendix D)). For example, those populations who moved out 

of water scarcity due to HI have on average a relatively lower fraction of upstream area (0.16-0.28) 

compared to those who moved into water scarcity (0.23-0.35). As a result, HI caused water scarcity 

globally to travel downward through river basins (Figure 5.2b). 

 

 

Figure 5.2. Global population-weighted mean ratio between the upstream area and total catchment area of impacted 
regions. Figure 5.2a shows the difference in the global population-weighted mean location within the river basin 
between those areas exposed to a significant increase and decrease in average duration and total occurrence of water 
scarcity. Higher values indicate here areas being located more downstream. Figure 5.2b shows the difference in these 
ratios between those areas exposed to water scarcity under the no human interventions run (NHI) and the human 
interventions (HI) run. Figure 5.2c, 5.2d, and 5.2e show the difference in these ratios between those areas exposed to 
a movement in/out of water scarcity due to human interventions, a significant alleviation/aggravation of water scarcity 
(WS) conditions, and a significant increase/decrease in water availability (WA), respectively. The boxes in figure 5.2a, 
and the shaded areas in figure 5.2b-5.2e represent the interquartile ranges (q25-q75) and the lines the ensemble-median 
values.  

5.3.2 Impacts of human interventions at the regional scale 

Although the absolute numbers vary, we find the same overall patterns for most of the river basins 

studied in detail. Whilst the net impact of HI on the critical dimensions of water scarcity is often close 

to zero (Appendix D, Figure D.1), populations of most basins either experienced increasing or 

decreasing water availability due to implementation of HI (Appendix D, Figure D.2), and a substantial 

share of the population moved in or out of water scarcity (Appendix D, Figure D.3). Moreover, a 
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significant share of the population experienced a change in the average duration, occurrence, and 

severity of water scarcity due to HI (Appendix D, Figures D.4 and D.5). The mutual differences across 

the different basins with respect to the share of population being exposed to: (a) an 

alleviation/aggravation of water scarcity conditions; (b) movement in/out of water scarcity; or (c) 

significant increases/decreases in water availability, can partly be clarified by the initial pressure on the 

available water resources under the NHI conditions. For example, a relative high share of the population 

in the Ganges-Brahmaputra and the Indus basin lived already in (deep) water scarce conditions and 

implementation of HI led predominantly to an aggravation/alleviation of these conditions. In contrast, 

we find that a relatively large share of the population living in the Huang He basin moved into water 

scarcity due to HI, whilst significant aggravations of water scarcity conditions of those living already in 

water scarcity conditions were experienced to a lesser extent. For the Amazonas and Congo basin we 

find only limited impacts of HI on the availability of water resources, with even lower effects on the 

critical dimensions of water scarcity. This can be explained by the relatively low rate of HI in these 

basins, combined with a relatively low pressure on the available water resources in major parts of these 

basins. Similar to the global results, movements into water scarcity due to HI are predominantly found 

in more downstream regions, whilst people moving out tend to live in relatively upstream areas 

(Appendix D, Figure D.6). This regional divide can be seen in most river basins, apart from the Paraná 

and the Volga, where those moving into water scarcity live relatively more upstream. An interesting 

pattern that is hidden in the globally aggregated numbers is that exposure to water scarcity in the majority 

of the river basins studied shows a distinct seasonal pattern. For example, our results show a clear 

seasonal pattern with relatively high exposure to water scarcity in Asia (e.g. Ganges-Brahmaputra, Huang 

He) during the northern Hemisphere spring, before the onset of the rainy season, and high exposure to 

water scarcity in European and American basins (e.g. Mississippi, Rhine, Paraná) during the northern 

Hemisphere summer and autumn (Appendix D, Figure D.2). The impacts of HI follow this seasonal 

pattern in most river basins, with highest impacts in those months with the highest pressure on the 

available water resources. 

5.3.3 Dominant drivers of change at the global and regional scale 

Changes in the availability of water resources are driven by multiple mechanisms, of which its 

dominance varies across basins and seasons. Identifying the main driver (LULCC including the increase 

of local runoff due to irrigation and reservoirs versus upstream water consumption) of HI impacts as 

well as its origin (being triggered locally or in upstream areas) reveals that incoming discharge is the 

dominant origin of HI impacts for 61.8% (46.1-72.0%) of the global population (Figure 5.3, Table D.4 

(Appendix D)). In regions being impacted negatively by HI the dominance of incoming discharge is 

even higher (on average 87.2% of the population), which highlights the dependency of these areas on 

human actions and decisions being taken upstream. In contrast, in regions being positively affected by 

the implementation of HI (increasing water availability), local runoff acts as the dominant trigger of 

change (50.6% of the population), highlighting the relative self-sufficiency -and its positive 

consequences- of these regions in managing their water resources. Reservoir operations and LULCC 

are the dominant drivers of all HI-driven changes in water availability in regions inhabited by 78.1% 
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(77.6-82.6%) of the global population. At the same time, we find that upstream water consumption is a 

dominant driver of change in regions inhabited by 21.9% of the global population only. Focusing on 

the negative impacts of HI only, we find, nevertheless, that upstream water consumption becomes 

significantly more important as a driver of change, being dominant in regions inhabited by almost half 

of the global population exposed (42.0%).  

 

 

Figure 5.3. Dominant driver of change in water resources due to human interventions. Figure 5.3 visualizes the share 
of the global population (2010 values) with as dominant driver and origin of change: Local runoff: Land use and Land 
Cover Change (LULCC) & Reservoirs; Incoming discharge: LULCC & Reservoirs; and Incoming discharge: Upstream 
water consumption. Figure 5.3 shows the dominant drivers of change when taking into account all significant changes 
in water availability due to human interventions (HI) (Figure 5.3a); significant decreases in water availability due to 
HI (Figure 5.3b); and significant increases in water availability due to HI (Figure 5.3c).  
 

The earlier observed global dominance in drivers of change is, however, not spatially uniform (Figure 

5.4, Figures D.7-D.9 (Appendix D)). Whereas upstream water consumption is the dominant driver of 

changes in water availability in May and December for the Huang He and Ganges-Brahmaputra basin, 

respectively, LULCC and reservoir operations dominate the change in water availability in the Paraná 

basin year-round (Appendix D, Figure D.7). Incoming discharge is relatively more often the dominant 

origin of change in regions that experience decreases in water availability due to HI (Appendix D, Figure 

D.8), especially when compared to those areas where HI impacts water availability positively (Appendix 

D, Figure D.9). Increases in water availability are controlled by reservoir operations and LULCC in all 

river basins, although its dominant origin differs from region to region (Appendix D, Figure D.9). If we 

only examine the influence of reservoir operations and LULCC on the critical dimensions of water 

scarcity, we find a net decrease in the global population exposed to water scarcity and decreases in the 

average duration and occurrence of water scarcity for a relatively higher share of the global population, 

compared to the impacts of all HI together (Appendix D, Figures D.10 and D.11). Nevertheless, still a 

substantial portion of the population experienced a significant aggravation of its water scarcity 

conditions, or a movement into water scarcity (Appendix D, Figures D.12-D.14), also when we only 

examine the impact of these two forms of HI. 
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Figure 5.4. Regional and seasonal variation in the dominant driver of change in water resources. Figure 5.4 shows for 
the months August (Figures 5.4a, 5.4c) and December (Figures 5.4b, 5.4d) the dominant driver of change due to human 
interventions, together with its origin: Local runoff: Land use and Land Cover Change (LULCC) & Reservoirs; 
Incoming discharge: LULCC & Reservoirs; and Incoming discharge. Whilst figures 5.4a and 5.4b account only for the 
significant decreases in water availability (WA), Figures 5.4b and 5.4d include only the significant increases. The 
dominant driver of change and its origin are shown only if found to be consistent across a majority of model-
combinations (>7).  
 

Compared to those regions with a significant trend in climate change impacts on water resources over 

1971-2010, affecting on average 12.1% of the global population, we find, finally, that HI impacts 

contributed or dominated the change in water resources over time in a significant part of the globe, 

inhabited by 8.2% and 1.5% of the global population respectively (Appendix D, Table D.5). 

Additionally, HI impacts significantly changed the availability of water resources over time in regions 

not exposed to a significant trend in climate change impacts, affecting an extra 6.3% of the global 

population. Also here, significant differences exist in the global distribution of dominant trends and 

impacts between August and December (Figure 5.5). For example, when looking at the relative influence 

of HI impacts on the availability of freshwater resources in India, the Middle East region, Australia, or 

Latin America between August and December. 

5.3.4 Sensitivity to the choice of model and forcing data 

The GHMs used in this study show a relative constant modelling spread in outcomes for each of the 

analysis performed (Appendix D, Tables D.2-D.5). Whereas MATSIRO presents the high-end 

outcomes in all cases, the result of the other GHMs are more closely related, for example with respect 

to the long-term mean exposure to water scarcity events or the increase in average duration and 

occurrence of water scarcity due to HI. Compared to the other models, MATSIRO also shows to have 

the highest sensitivity to the use of different forcing data-sets, as shown by the relatively large 

interquartile ranges presented for each of its outcomes. 
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Figure 5.5. Relative influence of human interventions compared to the trend in climate change impacts. Figure 5.5 
shows the spatial and seasonal variation in the relative influence of human interventions (HI) as driver of changes in 
water resources over the period 1971-2010, compared to the climate change impact trend. Here, we show per area the 
number of model-combinations with: a significant climate change impact trend on water availability only (Figure 5.5a-
5.5b); HI contributing to the climate change impact trend on water availability (Figure 5.5c-5.5d); HI dominating over 
the climate change impact trend on water availability (Figure 5.5e-5.5f); and a significant HI trend only (Figure 5.5g-
5.5h). Results are shown separately for the months August (Figure 5.5a, 5.5c, 5.5e, and 5.5g) and December (Figure 
5.5b, 5.5d, 5.5f, 5.5h). 

 

When looking at the impact of HI we find that almost all results per GHM show to be significantly 

different from zero, irrespective of the GHM used (Appendix D, Tables D.2). The impacts of HI are 

globally significant, both with respect to the changes in water availability, as well as regarding the changes 

in exposure to water scarcity (movement in/out, aggravation/alleviation), and the changes in average 

duration and occurrence of water scarcity events. Only the estimated net changes in exposure to water 
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scarcity as a result of HI show ambiguous outcomes, with the interquartile ranges varying from negative 

to positive values. This can be explained by the variation in estimated net effects between the different 

GHMs studied and forcing data-sets used. For a majority of GHMs (PCR-GLOBWB, WaterGAP, and 

MATSIRO) we find, on average, a relative higher share of the global population that experienced 

significant decreases in water availability, an alleviation of water scarcity conditions, a movement into 

water scarcity, or an increase in the persistence of water scarcity events due to HI. H08 and LPJmL, on 

the other hand, show a relative higher share of the global population for which HI caused an increase 

in water availability, an alleviation of water scarcity conditions, a movement out of water scarcity, or a 

decrease in the persistence of water scarcity events.  

 

All GHMs depict changes in incoming discharges to be the largest source of decreases in water 

availability due to human interventions (Appendix D, Tables D.4), thereby providing robustness to the 

ensemble-median result. Local runoff as the source of change becomes significantly more dominant in 

all GHMs when looking at the increases in water availability due to HI only, with PCR-GLOBWB and 

WaterGAP indicating here the changes in local runoff to be dominant in a slight majority of the globe. 

Reservoir operations and LULCC were perceived by all GHMs to be the dominant driver of changes in 

water availability due to human interventions. While reservoir operations and LULCC drive the 

increases in water availability due to HI in all models, they dominate the decreases in water availability 

for a majority of the globe in LPJmL, MATSIRO, PCR-GLOBWB, and WaterGAP. Only in H08, 

upstream water consumption becomes a dominant influence in a majority of the globe when looking at 

the decreases in water availability due to HI. As reflected by the ensemble-median results, upstream 

water consumption becomes, nevertheless, in each of the GHMs a significantly more important driver 

of change when looking at the decreases in water availability only compared to all changes in water 

availability. 

 

Each of the GHMs indicate, finally, that HI contribute significantly to the trend in climate change 

impacts over the past 40 years, affecting 5.7% (LPJmL) to 12.3% (PCR-GLOBWB) of the global 

population (Appendix D, Tables D.5). At the same time, we find that HI dominate over the climate 

change impacts trend in regions, inhabiting 0.9% (LPJmL) to 5.4% (MATSIRO) of the global 

population. These cross-model variations can be explained partly by the differences in areas with a 

significant climate change impact trend. Whereas only 7.0-7.5% of the global population experienced a 

significant change in climate change impacts over time according to H08 and LPJmL, results are 

substantially higher for PCR-GLOBWB (15.0%) and MATSIRO (16.1%).  

5.4 Discussion and conclusions 

This research is the first to provide insights on the impacts of HI (individually and altogether) on water 

scarcity over time, by evaluating how HI have influenced the critical dimensions of water scarcity, 

whether and to what extent they have led to a reshuffling of water scarcity hotspots, and who are winners 

or losers. Using time-varying information on dam and reservoir operations, LULCC, and water 

demands, our study identified for the first time the dominance of different drivers and sources of 

change, and compared them with the trend in climate change impacts. By introducing a spatially and 
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temporally explicit measure of minimum environmental flows, combined with the inclusion of 

seasonality, our water scarcity estimates are more realistic, and significantly lower than the monthly 

results presented in previous studies (Mekonnen & Hoekstra, 2016; Wada et al., 2011a). Whilst Wada et 

al. (2011a) and Mekonnen and Hoekstra (2016) applied spatially and temporally uniform environmental 

flow requirements and assumed that all people who experience water scarcity experience it at the same 

point in time, our results show a clear seasonal pattern for the majority of the river basins studied. It 

must be acknowledged, however, that this seasonal approach limits our analysis to the fluxes (runoff 

and discharge) of the hydrological cycle, while a long-term equilibrium was assumed for the storage 

components (lakes, aquifers, sub-surface reservoirs). In this study, we assume that all water is taken out 

from the river and that water users do not have the opportunity to take water from the lakes and 

groundwater. As a result we underestimate water availability in those regions that heavily rely on these 

storage components and we therefore expect the water scarcity numbers to be lower in reality. The 

multi-model framework of this study allowed for more robust estimates compared to previous studies 

executed in a single-model setting (Biemans et al., 2011; Döll et al., 2009; Haddeland et al., 2006, 2007; 

Müller Schmied et al., 2016; Munia et al., 2016; Rost et al., 2008; Wada et al., 2011a, 2013a).  

 

Our results demonstrate that HI implemented throughout the period 1971-2010 have led to substantial 

changes in the critical dimensions of water scarcity and significantly reshuffled global water scarcity 

hotspots. Although the net impact of HI on the human exposure to water scarcity appears limited at 

the global scale, we show that large spatial differences underlie this result. In most regions, substantial 

parts of the population face aggravated water scarcity conditions due to HI or move into water scarcity, 

although others encounter alleviations or move out of water scarcity. We also find that HI increase the 

average duration of water scarcity events affecting a significant share of the global population.  

 

Analysis of the dominant sources and drivers of changes in the availability of water resources highlights 

that those regions negatively affected by HI are located on average further downstream in river basins 

that areas being impacted positively, whilst they rely predominantly on actions taken upstream. This 

leads globally to water scarcity travelling downstream due to HI. The found spatial and seasonal 

variation in the dominant driver and sign (positive/negative) of HI impacts illustrate, however, that HI 

attribution to changes in water availability and water scarcity is complex and that the found relations 

should not be considered to be homogeneous through time. This emphasizes a thorough consideration 

of such interactions throughout the process of design and implementation of water scarcity adaptation. 

The modelling-spread that underlie our results is, moreover, a call for the different global models to 

further investigate the incorporation of HI in their modelling framework, thereby accounting for 

possible interaction effects and feedback linkages.  

 

Foreseen changes in climate change and socioeconomic developments (Alcamo et al., 2007; Arnell, 

1999; Gosling et al., 2011; Hagemann et al., 2013; Hanasaki et al., 2013; Kiguchi et al., 2015; Kundzewicz 

et al., 2008; Schewe et al., 2014; Veldkamp et al., 2016) are expected to amplify the observed trends and 

to reinforce the observed pattern of winners and losers. HI may alleviate/aggravate, on the one hand, 

the vulnerability to climate change and climate variability, especially in those regions that experience 
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significant increases/decreases in water availability due to HI. Climate change, climate variability, and 

changes in local water demands, on the other hand, may significantly strengthen/weaken the HI impacts 

in future time periods by putting more/less pressure on the water resources. Our results show a 

significant trend in hydro-climatic impacts on water availability over the period 1971-2010 for a 

substantial part of the globe, with on average 12.1% of the global population being exposed. HI impacts 

significantly contributed to or even dominated these historical trends in regions inhabiting 9.7% of the 

global population. Additionally, 6.3% of the global population experienced significant changes in water 

resources over time due to HI only. Being sensitive to changes in either climate change, HI, and/or 

local water demands, can have substantial implications for the choices being made in the design of 

adaptation strategies to cope with current and future water scarcity (Alcamo et al., 2007; Arnell, 1999; 

Gosling et al., 2011; Hagemann et al., 2013; Hanasaki et al., 2013; Kiguchi et al., 2015; Kundzewicz et 

al., 2008; Schewe et al., 2014; Veldkamp et al., 2016). For example, by focusing on decreasing water 

demands via technical (e.g. increasing efficiency), regulatory (e.g. quota), or market-based measures (e.g. 

water pricing); by targeting the increase of water supply (e.g. desalination, reservoirs, water transfers, 

renewable groundwater); or by making sure water resources are being allocated in an equitable, 

sustainable way (treaties). Such water management decisions should not be taken in isolation, as our 

study shows that the consequences of upstream measures and activities can be far-reaching in 

downstream areas. Coping with local problems related to the ongoing increases of human pressures on 

water resources therefore requires a higher-level -regional or global- understanding of both the 

underlying mechanisms and drivers, their origin, and their potential effects (Vörösmarty et al., 2015). 

 

Apart from that, economic impacts, costs, but also societal perception and political willingness in 

decision making processes determine greatly the local adaptation space to cope with water scarcity and 

often prioritize focus areas and actions being undertaken. Its complexity (incorporation of feedback 

loops between nature and society, and vice versa), its specific model-requirements (coupling GHMs 

with economic welfare models, partial-equilibrium models, or agent-based models), and its specific 

information needs (behavioural economics) require a thorough development of our global modelling 

principles and involve extensive research. This prohibits -at this moment- such a study at the global 

scale. Given its importance and necessity, we do encourage research to take this direction to facilitate 

studies to any of these human-nature interactions as well as its societal impacts in a fully integrated 

manner. 
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Chapter 6.  
 
Towards a global water scarcity risk assessment framework: 

incorporation of probability distributions and hydro-climatic 

variability 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
This chapter is based on: 
Veldkamp, T. I. E., Wada, Y., Aerts, J. C. J. H.,  & Ward, P. J. (2016) Towards a global water scarcity 
risk assessment framework: incorporation of probability distributions and hydro-climatic variability. 
Environmental Research Letters, 11, 024006.   
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Abstract 

Changing hydro-climatic and socioeconomic conditions increasingly put pressure on freshwater 
resources and are expected to aggravate water scarcity conditions towards the future. Despite numerous 
calls for risk-based water scarcity assessments, a global-scale framework that includes UNISDR’s 
definition of risk does not yet exist. This study provides a first step towards such a risk-based assessment, 
applying a Gamma distribution to estimate water scarcity conditions at the global scale under historical 
and future conditions, using multiple climate change and population growth scenarios. Our study 
highlights that water scarcity risk, expressed in terms of Expected Annual Exposed Population, increases 
given all future scenarios, up to >56.2% of the global population in 2080. Looking at the drivers of risk, 
we find that population growth outweigh the impacts of climate change at global and regional scales. 
Using a risk-based method to assess water scarcity, we show the results to be less sensitive than 
traditional water scarcity assessments to the use of fixed threshold to represent different levels of water 
scarcity. This becomes especially important when moving from global to local scales, whereby deviations 
increase up to 50% of the estimated risk levels. 
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6.1 Introduction 

Water scarcity, the inability of water resources to meet water demands (Hanemann, 2006; Rijsberman, 

2006; Young, 2005), is considered to be one of the most important global risks for society (World 

Economic Forum, 2013). Changes in hydro-climatic conditions and socioeconomic developments have 

led in recent decades to an aggravation of water scarcity conditions at global and regional scales (Alcamo 

et al., 1997; Kummu et al., 2010; Veldkamp et al., 2015b; Vörösmarty et al., 2000b; Wada et al., 2011a). 

Projected increases in human water demands due to changing lifestyles and a growing population, and 

projected changes in hydro-climatic conditions, are expected to increase both the probability of water 

scarcity events, as well as their societal impacts(Alcamo et al., 2007; Arnell & Lloyd-Hughes, 2014; Arnell 

et al., 2011, 2013; Gosling & Arnell, 2016; Haddeland et al., 2014; Hanasaki et al., 2013; Kiguchi et al., 

2015; Lehner et al., 2006; Prudhomme et al., 2014; Schellekens et al., 2017; Schewe et al., 2014; Schlosser 

et al., 2014; van Vliet et al., 2013; Vörösmarty et al., 2000b; Wada et al., 2014b). 

 

To deal with the uncertainty of climate change and future socioeconomic conditions, and to express 

their impacts on society, risk-based approached need to be integrated in water management (Döll et al., 

2015; Kundzewicz et al., 2008; UNISDR, 2015). An important first step therein that is already covered 

by many studies is the use of multiple General Circulation Models (GCMs) or Global Hydrological 

models (GHMs) in the assessment of water resources availability, water scarcity, or hydrological 

extremes, not seldom in combination with multiple scenarios or pathways covering a wide range of 

potential future climatic and socioeconomic conditions (Alcamo et al., 2007; Arnell, 2004; Arnell et al., 

2011, 2013; Crosbie et al., 2013; Dankers et al., 2014; Davie et al., 2013; Döll & Müller Schmied, 2012; 

Gosling & Arnell, 2016; Hanasaki et al., 2013; Kiguchi et al., 2015; Schewe et al., 2014; Schlosser et al., 

2014; Shen et al., 2014; Vörösmarty et al., 2000b; Wada et al., 2014b; Ward et al., 2014c). Presenting the 

full range of impacts in combination with a (weighted) ensemble-mean is a good way to deal with the 

probability of occurrence of a future state and its impacts (Döll et al., 2015). However, it does not yet 

cover completely the ‘hazard’ in the UNISDR (2009) definition of risk  in which the ‘hazard’ should be 

described quantitatively by “the likely frequency of occurrence of different intensities” (UNISDR, 2009), 

covering not only long-term mean states but also variability and extremes (IPCC, 2012). 

 

Risk assessment methods facilitate the inclusion of variability and provide insights in the severity, 

distribution, and impacts of both high and low probability events via the use of probabilities (Hall & 

Borgomeo, 2013; Paté-Cornell, 2012; Ward et al., 2014c) and may help improve the design and correct 

targeting of adaptation strategies (Adger et al., 2005; Aerts et al., 2014; Döll et al., 2015; Hall & 

Borgomeo, 2013; Hallegatte, 2009; IPCC, 2012; Mason & Calow, 2012; Smit & Pilifosova, 2003). The 

probabilistic treatment of variability and extremes is well known for its use in the evaluation of 

hydrological states (Döll et al., 2003; Hisdal & Tallaksen, 2000; Mckee et al., 1993; Shukla & Wood, 

2008; Stedinger et al., 1993; Tallaksen & van Lanen, 2004; Vicente-Serrano et al., 2010) and risk 

assessment methods -covering hazard, exposure, and vulnerability (IPCC, 2012; UNISDR, 2009)- have 

been adopted previously to express risk in other hydro-meteorological perils or in operational reservoir 

management (Burn et al., 1991; Ko et al., 1992; Nardini et al., 1992; Ward et al., 2013). So far, only few 

studies have, however, actually applied risk-based principles in the assessment and evaluation of water 
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scarcity at a regional scale (Borgomeo et al., 2014; Hall & Borgomeo, 2013; Rogers & Fiering, 1986; 

Turner et al., 2014) and, to the best of our knowledge, a global scale water scarcity risk assessment is 

missing yet. 

 

To address this issue, we establish a first step towards a framework for global water scarcity risk 

assessments that covers the first two perils of the UNISDR (2009) risk definition (hazard and exposure) 

and that uses probabilistic methods to deal with variability and extremes. In this contribution we present 

the first insights of our study and discuss the steps that need to be taken to complete the proposed 

framework for the assessment of water scarcity risks. 

6.2 Methods 

In short, we carried out this assessment through the following steps (Figure 6.1): (1) Calculated yearly 

water availability (0.5° x 0.5°) over the period 1971-2099 using daily runoff from the GHM PCR-

GLOBWB, forced with different climate change projections (Representative Concentration Pathways 

or RCPs) from the ISI-MIP project (www.isi-mip.org (Warszawski et al., 2014)); (2) Fitted a Gamma 

distribution through the time-series of yearly water availability covering historical, 2030, 2050, and 2080 

conditions and estimated water availability for 999 return periods, varying from 1 up to 1000 years; (3) 

Calculated water scarcity conditions by assembling the water availability results with scenario estimates 

of population density (Shared Socioeconomic Pathways or SSPs); (4) Assessed risk (covering hazard 

and exposure) in terms of the Expected Annual Exposed Population and estimated the fraction of risk 

being attributable to the driving forces climate change, socioeconomic developments, or a combination 

of both; and (5) Compared the use of such a risk-based method in water scarcity assessments to the use 

of long-term mean values to assess water scarcity. The following paragraphs describe our methods in 

detail. 

 

 

 

Figure 6.1. Methodological framework for the assessment of water scarcity risks (Expected Annual Exposed 
Population), covering four steps: (1) Calculate yearly water availability over the period 1971-2099 using PCR-GLOBWB 
being forced with the output of 5 general circulation models and 3 representative concentration pathways (RCPs: 
RCP2.6, RCP6.0, RCP8.5); (2) Fit a Gamma distribution to the yearly water availability data for the different time-slices 
and climate change (RCP) projections; (3) Combine the probability density functions of yearly water availability with 
estimates of population density (SSPs: SSP1, SSP3, SSP5) to calculate water scarcity and draw exceedance impact curves 
for the storylines: Sustainability (RCP2.6 - SSP1), Fragmented World (RCP6.0 - SSP3), and Fossil-Fuel Based 
Development (RCP8.5 - SSP5); (4) Estimate water scarcity risk for the different time-slices and storylines. 
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6.2.1 Calculating water availability 

In this study we used daily runoff (0.5° x 0.5°) from PCR-GLOBWB to calculate yearly water availability 

(van Beek et al., 2011; Wada et al., 2014c). PCR-GLOBWB was forced using meteorological data (0.5° 

x 0.5°), from five General Circulation Models (GCMs: GFDL-ESM2M (Dunne et al., 2012), 

HadGEM2-ES (Jones et al., 2011), IPSL-CM5A-LR (Dufresne et al., 2013), MIROC-ESM-CHEM 

(Watanabe et al., 2011), NorESM1-M (Bentsen et al., 2012)), each of them representing three 

representative concentration pathways (RCPs: (Taylor et al., 2012; van Vuuren et al., 2011): RCP2.6, 

RCP6.0, and RCP8.5. The meteorological data was bias-corrected towards the WATCH observation 

based data-set (Weedon et al., 2011) using an established method of Hempel et al. (2013). The resulting 

daily runoff values per RCP were aggregated into yearly totals per water province. Water provinces are 

a composite of river basins and administrative regions (Straatsma et al., 2014). Within this study, we 

distinguished 1,514 water provinces with a mean and median size of 83,663 km2 and 48,663 km2 

respectively (Appendix E, Figure E.1). The use of hydrological years instead of calendar years is needed 

since the statistical analysis requires the time-series to be independent (Katz & Brown, 1992; Leadbetter 

& Lindren Grand Rootzen, 1983). We used long-term mean maximum water availability as a proxy for 

the distinction between two types of hydrological years: October - September; July - June (Veldkamp et 

al., 2015a; Ward et al., 2014a). 

6.2.2 Probabilistic water availability and water scarcity assessments 

Subsequently, we fitted per water province and for each GCM-RCP combination a Gamma distribution 

through four 30-year time-slices of annual water availability: historical (1975-2004); 2030 (2015-2044); 

2050 (2035-2064); and 2080 (2065-2094). A Gamma distribution was used because its distribution is 

zero-bounded and therefore well able to reflect water availability. Moreover its scale and shape 

parameters enable the representation of a wide variety of distribution shapes (Husak et al., 2007; Thom, 

1958; Wilks, 1990, 1995). We tested the accuracy of the estimated Gamma parameters in approximating 

its original distribution with the Kolmogorov-Smirnov or Lilliefors test (Crutcher, 1975; Husak et al., 

2007; Wilks, 1995) using P-values of ≥0.001 (Appendix E, Figure E.2). The ‘accurate’ Gamma 

parameters were used to estimate the annual water availability per water province for 999 return periods, 

from 1 up to 1000 years, thereby continuously accounting for the probability of zero water availability 

(Stedinger et al., 1993; Wilks, 1990). 

 

Water scarcity conditions were expressed with the Water Crowding Index or Falkenmark Indicator (FI), 

a simple but often used indicator that estimates the annual water availability per capita (Falkenmark, 

1986, 2013b; Falkenmark et al., 1989; Rijsberman, 2006), see Equation 6.1: 

𝐹𝐼𝑖,𝑡𝑝,𝑟𝑝,𝑟𝑐𝑝,𝑠𝑠𝑝 =
𝑊𝐴𝑖,𝑡𝑝,𝑟𝑝,𝑟𝑐𝑝

𝑃𝑖,𝑡𝑝,𝑠𝑠𝑝
      (𝑤𝑎𝑡𝑒𝑟 𝑠𝑐𝑎𝑟𝑐𝑖𝑡𝑦 𝑖𝑓 𝐹𝐼𝑖,𝑦𝑟  ≤ 1,700),  Equation 6.1 

 

where FIi, tp, rp, rcp, ssp,  is the water availability per capita in water province i, time-slice tp, return period rp, 

climate change projection rcp, and socioeconomic scenario ssp; WAi, tp, rp, rcp, is the total water availability 

in water province i, time-slice tp, return period rp, and climate change projection rcp; and Pi, tp, ssp, is the 
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total population in water province i, time-slice tp, and population growth scenarios ssp. We used ≤1,700 

m3 capita-1 year-1 as the threshold for water scarcity (Kummu et al., 2010). Moreover, we distinguished 

between moderate (FI ≤1,700 m3 capita-1 year-1), severe (FI ≤1,000 m3 capita-1 year-1), and absolute (FI 

≤500 m3 capita-1 year-1) water scarcity conditions (Falkenmark, 1989; Kummu et al., 2010).  

 

The population estimates used in this study to calculate the FI were derived from the shared 

socioeconomic pathways (SSPs: O’Neill et al., 2014, 2015; van Vuuren et al., 2011). Although 

theoretically each SSP could be combined with each RCP, some combinations of SSP and RCP are not 

expected to develop in the real world (Arnell & Lloyd-Hughes, 2014). Therefore, we followed 

Winsemius et al. (2016) who set-up three combinations of RCPs and SSPs (Table 6.1): Sustainability 

(RCP2.6-SSP1), Fragmented World (RCP6.0-SSP3), and Fossil-Fuel Based (FFB) Development 

(RCP8.5-SSP5). We refer to Winsemius et al. (2016) for a detailed explanation on the development of 

these storylines. 

 
Table 6.1. Storylines with their associated narratives for the Representative Concentration Pathways (RCPs) and the 
Shared Socioeconomic Pathways (SSPs), taken from: O’Neill et al. (2015), Van Vuuren et al. (2011), Winsemius et al. 
(2016). 

Storyline RCPs SSPs 

Sustainability 

RCP2.6 
Peak in radiative forcing at ~3 W m-

2 (~490 ppm CO2 eq) before 2100 and 
then decline (the selected pathway 
declines to 2.6 W m-2 by 2100). 

SSP1 
Rapid technology 
High environmental awareness 
Low energy demand 
Medium-high economic growth 
Low population 

Fragmented World 

RCP6.0 
Stabilization without overshoot pathway 
to 6 W m-2 (~850 ppm CO2 eq) at 
stabilization after 2100. 

SSP3 
Slow technology 
Development  
Reduced trade 
Very slow economic growth 
Very high population 

Fossil-Fuel Based 
Development 

RCP8.5 
Rising radiative forcing pathway leading 
to 8.5 W m-2 (~1,370 ppm CO2 eq) by 
2100. 

SSP5 
Rapid technology for fossil fuels 
High energy demand 
High economic growth 
Low population 

6.2.3 Estimating and evaluating risk 

The resulting FI values were plotted on exceedance probability curves. Implementing the thresholds of 

500, 1,000, and 1,700 m3 capita-1 year-1 resulted for each GCM-storyline combination and for each time-

slice in an exceedance-probability impact curve per water province. In this study, we expressed impact 

as the population exposed to water scarcity events. One should keep in mind, however, that the actual 

impact of water scarcity is not only influenced by exposure, but also by the vulnerability to water scarcity 

(Arnell & Delaney, 2006; Falkenmark, 2013a; Gleick, 1998; Hoekstra et al., 2012; Kundzewicz et al., 

2008; Wutich et al., 2014). Finally, risk was estimated as the area under the exceedance-probability 

impact curve (Meyer et al., 2009) and is expressed here as the expected annual exposed population (EA-

EP). To evaluate the contribution of the driving forces climate change and population growth to the 

changes in risk levels towards 2080 separately, we repeated the complete risk analysis with two more 
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runs: (1) a run with transient climatic conditions & fixed (historic) population density conditions; and 

(2) a run with fixed (historic) climatic conditions & transient population growth conditions. 

6.3 Results 

Global scale water scarcity risk (EA-EP) increases towards 2080 under all storylines (Figure 6.2). While 

risk more than doubles under the storylines Sustainability and FFB Development, it increases with more 

than three-fold under the storyline Fragmented World. Also when risk is expressed in relative terms 

(EA-EP as percentage of the total population), global risk levels increase towards 2080, from 38.0% 

under historical conditions, up to 67.8% (Fragmented World), 56.2% (Sustainability), and 59.1% (FFB 

Development). GCM uncertainty is relatively small at the globally aggregated scale, with deviations from 

the ensemble-mean up to 3.2% in 2080. Uncertainty is larger under severe (≤1,000 m3 capita-1 year-1) 

and absolute (≤500 m3 capita-1 year-1) water scarcity, with deviations in 2080 up to 5.8% and 16.1% 

respectively (Appendix E, Table E.1). Making a distinction between moderate, severe, and absolute 

water scarcity, we find that the increases in global risk are dominated by increases in absolute water 

scarcity risk, and least driven by changes in moderate water scarcity risk (Appendix E, Figure E.3 and 

Table E.2). When comparing the global scale risk estimates using risk-based methods (EA-EP) with the 

results of conventional water scarcity methods using long-term means (M-EP), we find only minor 

deviations that fall within the GCM modelling uncertainty for the storylines Sustainability and 

Fragmented World. Whilst risk estimates using the M-EP approach are lower than those using the EA-

EP approach for moderate water scarcity events, we find an opposite signal when looking at absolute 

scarcity events. For severe scarcity events we did not find a uniform signal across the different storylines 

(Appendix E, Table E.3). 
 

 

Figure 6.2. Development of the absolute (a) and relative (b) water scarcity risk levels. The coloured squares show the 
global risk levels (EA-EP) under the different storylines for the time-slices: historical, 2030, 2050, and 2080. GCM 
uncertainty is visualized as the coloured shaded areas around the scatters. The coloured asterisks show the global mean 
exposed population (M-EP) under the different storylines, using a 30-year mean water availability estimate as input for 
each time-slice for the risk assessment. 
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Large geographical differences in risk exist across the different world regions (Figure 6.3) and water 

provinces (Appendix E, Figure E.4). Using the ≤ 1,700 m3 capita-1 year-1 as indicator for water scarcity, 

the highest relative risk estimates in 2080 were found in Northern Africa (85.2% - Fragmented World), 

whilst the lowest values were found in the Middle East (18.8% - Sustainability). By 2080, the highest 

increases in relative risk levels were found in the Caribbean (up to 50 percentage-points increase - FFB 

Development), compared to stable relative risk levels in the Middle-East (up to 9.3 percentage-points 

increase - Fragmented World), see also Figure E.5 (Appendix E). for the results per water province. 

Regionally, all GCMs support the found GCM ensemble-mean increase/decrease in risk levels per 

storyline. Whilst modelling spread is relatively high in Australia and the Pacific, the Caribbean, Northern 

Africa, and Northern America (Figure 6.3), high modelling agreement (increase/decrease) was found at 

the level of water provinces (Appendix E, Figure E.5). Comparison of the M-EP with the EA-EP 

outcomes at global, regional and local scales, shows that deviations between M-EP and EA-EP increase 

up to 50% of EA-EP at local scales (Figures 6.2, 6.3, and E.6 (Appendix E)). 

 

 

Figure 6.3. Regional variation in the development of the relative exposure to water scarcity events over time, expressed 
in terms of percentage of the total population. The coloured lines show the development in regional exposed population 
(Expected Annual Exposed Population (EA-EP)) under the different storylines using probabilistic methods (Gamma 
distribution) to assess water scarcity risk. GCM uncertainty is expressed here by means of the shaded areas around 
these lines. The dashed lines show the development in regional exposed population (Mean Exposed Population (M-
EP)) under the different storylines using a 30-year average ensemble-mean water availability estimate as input in the 
water scarcity assessment. 
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Looking at moderate, severe, and absolute water scarcity conditions and their associated risk levels 

separately (Figure 6.4), shows that large regional differences exist under historical and future conditions. 

Moderate and severe water scarcity risk levels dominate in Australia and Pacific, Northern America, 

West & Central Asia, Western Europe, and India (>50% of the found total EA-EP levels). At the same 

time, Northern Africa experiences the highest relative risk levels in 2080 under storyline Fragmented 

World, not only when looking at the composite of all water scarcity severity classes, but also when taking 

into account only the absolute water scarcity. Increases in risk under the storyline Fragmented World 

are dominated by increases in absolute and severe water scarcity risk in almost all world regions, whilst 

the levels of EA-EP to moderate water scarcity remain relatively stable or decrease over time (Figures 

6.4 and E.7 (Appendix E)). 

 

 

Figure 6.4. Global and regional scale EA-EP levels in 2080 under storyline Fragmented World whilst using the GCM 
ensemble mean. EA-EP levels are expressed as % of the total population and shares of the different water scarcity 
severity classes (moderate, severe, absolute) in total EA-EP are visualized by means of the different colours applied. 
 

Population growth is the largest contributor to increases in water scarcity risk at the global and regional 

scales, irrespective of the storyline and time-slice studied (Figure 6.5). The foreseen increases in 

population density increase risk in all world regions and under all storylines, whilst the climate change 

attribution to changing risk levels is more diverse (Appendix E, Figures E.8-E.10). Negative 

contributions of projected climate change (Appendix E, Figure E.11, presented by means of changes in 

mean yearly water availability and its inter-annual variability) to the change in water scarcity risk (i.e. 
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resulting in lower risk) are, for example, found for the Middle East, Northern Africa, West & Central 

Asia, and the Caribbean. The combined factor ‘Climate change + population growth’ is a factor that 

accounts for the differences in risk estimates when looking at projected climate change or population 

growth individually, compared to the estimated actual change (full change) in EA-EP (Figures 6.5 and 

E.8-E.10 (Appendix E)). It should be interpreted as a factor that characterizes the interaction between 

the two individual driving forces. 

 

 

Figure 6.5. Global scale attribution of risk, expressed in terms of percentage-point change in Expected Annual Exposed 
Population (EA-EP, relative to the global population). Grey bars show risk under historical conditions whereas the 
coloured bars show the attribution of the estimated changes in risk to climate change (green), population growth (red), 
and a combination of factors (purple) for 2030, 2050 and 2080. Sub-figures (II) show the absolute attribution to change, 
whereas sub-figures (III) present the attribution in relative terms as a share of the total change in EA-EP.  
 

The spatial visualization of the largest drivers of risk towards 2080 (Figure 6.6) shows once more that 

water scarcity is not solely a climate change problem, but an issue that constitutes from the 

developments in both the supply of and demand for freshwater resources. When looking at water 

provinces in Europe, Northern Africa, Northern America, Latin America, the Middle East, and India 

we find clear differences between the three storylines both with respect the actual changes in risk and 

regarding the largest contributor of changing risk levels. Due to the relative low population growth and 

climate change projections under storyline Sustainability, water scarcity risk levels do not change in a 

significant amount of regions in Europe, West & Central Asia, and China. Remarkable is the relatively 

large share of water provinces for which the change in risk is dominated by population growth as well 

as its distinct spatial distribution, covering 21.6% of the total land area, and 30.7% of the population 

(historical values) under the Fragmented World storyline. Under the FFB Development storyline, 

population growth is the largest driver of changing risk levels in water provinces covering 13.1% of the 

total land area and 27.3% of the population, whilst climate change induces changes in risk mostly in 

6.3% and 14.6% of the total land area, and 14.4% and 21.0% of the population under the storylines 

Fragmented World and FFB Development respectively. The combined factor climate change and 

population growth is a significant factor of influence in the FFB Development storyline, covering 12.9% 

of the total global land area. 
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Figure 6.6. Regional scale variation in the attribution to changes in risk (EA-EP) in 2080 compared to the historical 
conditions under the storylines: (a) Sustainability, (b) Fragmented World, and (c) FFB Development. Figures 6.6a, 
6.6b, and 6.6c show per water province the largest contributor to the expected change in risk: climate change (green), 
population growth (red), or a combination of both (purple). 

6.4 Discussion and conclusions 

In this study we presented a global-scale water scarcity assessment based on the principles of a risk 

analysis. Given the wide variety of GHMs used, the different climate change projections and 

socioeconomic scenarios applied, and the use of different metrics to assess water scarcity, we found that 

our global water scarcity (risk) estimates are consistent with global results presented in earlier studies 

(Alcamo et al., 2007; Arnell & Lloyd-Hughes, 2014; Arnell, 2004; Arnell et al., 2011; Gosling & Arnell, 

2016; Hanasaki et al., 2013; Kiguchi et al., 2015; Revenga et al., 2000; Schewe et al., 2014; Schlosser et 

al., 2014; Shen et al., 2014; Wada et al., 2014b), see Table E.4 (Appendix E). The use of a Gamma 

distribution to represent the yearly water availability enabled us to cover with numerous return periods 

the inter-annual variability in water availability as well as the low-probability events that are normally 

not included (Hall & Borgomeo, 2013; Paté-Cornell, 2012). Compared to the conventional water scarcity 

assessments, the estimates presented in this study are therefore less sensitive to the use of strict water 

scarcity thresholds, which can cause jumps in the estimated water stressed population or regions 

(Gosling & Arnell, 2016; Veldkamp et al., 2015b). This becomes especially important when moving 

from global, to regional, to local water scarcity risk estimates, whereby deviations between M-EP and 

EA-EP may increase up to 50%. 

 

In line with earlier studies (Appendix E, Table E.4), we found that global and regional water scarcity 

risk increases towards 2080. Moreover, the results show that population growth outweigh the impacts 

of climate change at the global and regional scales, under all storylines. Also at local scales, we found 

population growth to be the largest driver of change in a majority of water provinces, for example under 

storyline Fragmented world. For the FFB Development storyline, however, we found that the changes 

in risk levels are predominantly driven by climate change in a majority of water provinces. The results 
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show that disaggregation to different spatial scales is important: the use of a single scale might obscure 

water scarcity problems at other scales and may hamper the evaluation of potential underlying causes 

(Hering et al., 2015; Vörösmarty et al., 2015). 

 

By using local runoff as a parameter to estimate water availability, it is important to note that this study 

does not account for upstream-downstream relations. The inclusion of these relations across water 

provinces would require a separate study modelling multivariate extreme values using copulas or other 

statistical techniques (Chung & Salas, 2000; Favre, 2004; Hochrainer-Stigler & Pflug, 2012; Timonina et 

al., 2015). Such a study should also take into account the impacts of upstream water withdrawals of all 

sectors under the different socioeconomic and climate change projections applied (Wada et al., 2016), 

data that was not available yet when performing our analysis. By using naturalized flows, we have not 

taken into account the water resources available in man-made managed reservoirs, in ground water 

storages, or from desalination plants, nor did we include any infrastructure for the transfer of water. 

Water availability values presented within this study should be therefore interpreted as conservative (i.e. 

lower-end estimates), leading to higher-end risk estimates. Despite the fact that water quality and water 

quantity conditions are highly interdependent, we did not account for water quality conditions in this 

study. Insufficient water quality conditions are expected to become more important towards the future 

(Jiang et al., 2014) and could severely limit the availability of freshwater resources for use. Extending 

the water scarcity risk assessment framework with a water quality module could therefore enhance the 

water scarcity risk estimates as presented in this study. 

 

This study used only one GHM to estimate water scarcity risk. Although previous research has shown 

that the PCR-GLOBWB model estimates fit well within the ensemble of frequently used GHMs 

(Schewe et al., 2014; Wada et al., 2016) it is recommended to use an ensemble of models as the GHM 

spread exerts a significant influence on the range of outcomes (Döll et al., 2015; Schewe et al., 2014). 

The difficulty of GHMs to model water availability in desert areas (Van Huijgevoort et al., 2012; van 

Huijgevoort et al., 2013; Wada et al., 2013a) is reflected in this study by the absence of good Gamma-

fit estimates and the inability to draw probability-density curves for these water provinces. Although 

these areas exhibit only a minor share of the global total population (Appendix E, Figure E.2), one 

should take into account that the inability to model these regions in an appropriate manner leads to 

underestimations in risk levels, especially in Northern Africa. 

 

PCR-GLOBWB was forced in this study with meteorological forcing data from five General Circulation 

Models (GCMs), being bias-corrected following Hempel et al. (2013). Hempel et al. (2013) showed that 

the bias-correction method applied is able to improve the matching of both the variability within, as 

well as the long-term means of, different simulated meteorological values with observations (WATCH 

Forcing Data (Weedon et al., 2011)). Even in the tails of the distribution, Hempel et al. (2013) found a 

relatively good agreement with the observation data-set. Hempel et al. (2013) did not bias-correct, 

however, the representation of persistence, which might influence possibly the representation of inter-

annual variability (Rocheta et al., 2014). To account for this, a new nested-bias-correction method could 

be adopted in future studies (Mehrotra & Sharma, 2015; Rocheta et al., 2014). To evaluate the potential 
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bias between the GCM derived simulations used in this study and observational data, we compared the 

water scarcity risk estimates using the GCM data with risk estimates using the WATCH Forcing Data 

Era Interim (WFDEI (Weedon et al., 2014)), see Figure E.12 (Appendix E). We found that the GCM 

derived simulations overestimate risk slightly at the global scale (3.2 percentage-point) and in nine world 

regions (from 0.4 up to 6.6 percentage-point). For the Middle East (-0.7 percentage-point), Southeast 

Asia (-0.1 percentage-point), and Australia and the Pacific (-0.1 percentage-point), we found a small 

underestimation in risk levels using the GCM derived simulations compared to the WFDEI.  

 

Risk is expressed in this study by means of the expected annual exposed population to water scarcity. A 

potentially exposed population, however, does not per se imply (economic) impact. To come to a full 

risk assessment framework more work needs to be done to make the transfer from risk estimates in 

terms of exposed population towards estimates covering ‘economic’ impacts. A first step therein should 

be to include vulnerability, including: the sensitivity of a population to water scarcity, the available 

infrastructure and (financial) resources to cope with water scarcity, the portfolio of economic activities 

dependent on the available water resources, the dependency of an economy on local or external water 

resources, and the capability of the responsible government to deal with water scarcity in an quick and 

efficient manner (Arnell & Delaney, 2006; Falkenmark, 2013a; Gleick, 1998; Hoekstra et al., 2012; 

Kundzewicz et al., 2008; Lasage et al., 2015a, 2015b; Wutich et al., 2014). Making the translation from 

exposure to economic impacts is an emerging research field using, among others, hydro-economic 

models and econometric optimisation routines(Brouwer & Hofkes, 2008; Harou et al., 2009). So far, 

their application in risk-based assessments with a global reach has been, however, limited. 

 

Improving the presented water scarcity risk assessment framework with the above mentioned 

considerations will offer water managers a promising perspective to achieve higher water security under 

current and future circumstances in a well-informed and adaptive manner. Risk-based methods are able 

to cover multiple aspects: the hazard size - reflecting the likelihood, uncertainty, and inter-annual 

variability of water scarcity events; as well as the impact of water scarcity events, covering exposure and 

vulnerability. Adopting a scenario-based approach within the assessment of water scarcity risks provides, 

moreover, insights in the impacts of inter-action among the different drivers of risk. A better 

understanding of the underlying driving forces of water scarcity risks can help decision makers to assign 

focus areas for different types of adaptation strategies (e.g. soft versus hard) and to develop portfolios 

of (cost-) efficient but low- to no-regret solutions to stabilize or reduce water scarcity risk at different 

spatial scales. 
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7.1 Introduction 

To effectively deal with the increasing pressure on global freshwater resources, more knowledge 

regarding water scarcity is required on both the global and regional scales. In this thesis, water scarcity 

is referred to as the mismatch between the demand for and the supply of freshwater resources 

(Rijsberman, 2006; Savenije, 2000), which is expressed by means of the Falkenmark Indicator (FI) 

(Falkenmark et al., 1989) and the Water Scarcity Index (WSI) (Raskin et al., 1997; Wada et al., 2011a). 

Building upon previous work, this thesis aimed to improve the general understanding of water scarcity, 

its underlying mechanisms, and its impacts in both historical and future time periods. The first objective 

of this thesis was therefore to evaluate and individually identify the influences of various socioeconomic 

and hydro-climatic drivers on (changes in) water scarcity in both historical and future time periods, 

including climate change, hydro-climatic variability, demand growth, population growth, and human 

interventions. As a second objective, this thesis evaluated and developed both existing and new global 

models, data-sets, and indicators for identifying current and future water scarcity hotspots, assessing 

water scarcity risks, detecting changes in water scarcity, and representing the impacts of socioeconomic 

and hydro-climatic influences on the hydrological cycle. 

 

To address these objectives, five research questions were formulated in Chapter 1 and addressed in 

Chapters 2 to 6: 

1) How well are global models able to reflect the variability of, and changes in, the availability of 

freshwater resources in both natural and managed regions? 

 

2) How sensitive are assessments of freshwater resources and water scarcity to the choice of global 

model, input data, and water scarcity indicator?  

 

3) What are the (relative) contributions of socioeconomic and hydro-climatic drivers to both 

historical and future changes in the availability of freshwater resources and water scarcity? 

 

4) What improvements can be made to global-scale assessments of water scarcity (risk) by means 

of the (further) development and application of new or existing water scarcity indicators? 

 

5) How can the knowledge obtained in this thesis contribute to the identification of effective 

adaptation strategies for coping with water scarcity in both the present and future time periods? 

 

This chapter summarizes the main findings with respect to these research questions and discusses them 

in a wider scientific and societal context. Furthermore, the final section of this chapter presents an 

outlook on future research directions which identifies a number of emerging topics that future studies 

may address. 
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7.2 Overview of findings 

 

7.2.1 The ability of global models to reflect the variability of and changes in 

the availability of freshwater resources in both natural and managed regions 

In order to use global models for improving the management of freshwater resources and adaptation 

to water scarcity, benchmarking or validation of their performance is required. A systematic comparison 

of observed and modelled monthly discharges over the time period between 1971 and 2010, performed 

in Chapter 2, reveals that the inclusion of human activities in the modelling scheme significantly 

improves the ability of global models to correctly estimate monthly average discharges and both high- 

and low-flows in 41.0-72.4% of the studied catchment area at the global scale. This improvement is 

mainly due to a decrease in bias in the long-term mean monthly discharges and improved modelling of 

hydrological variability. While these biases can be reduced, they still limit the performance of global 

models, even after the incorporation of human activities. Moreover, a substantial bias still exists between 

the modelled and observed hydrological extremes, with larger deviations for lower discharges. 

7.2.2 Sensitivity of assessments of freshwater resources and water 

scarcity to the choice of global model, input data, and water scarcity 

indicator 

A cross-model comparison, using ensemble means and medians, together with their standard deviations 

or inter-quartile ranges, has been performed in order to evaluate the sensitivity of assessments of 

freshwater resources and water scarcity to the choice of global hydrological model (GHM). Although 

the global hotspots of water scarcity are generally identified well, particularly in Asia, Africa, and the 

Middle East, regional estimates of freshwater availability, water scarcity, and/or exposure to water 

scarcity vary significantly between the different models, and when different water scarcity indicators 

(the FI and WSI) are used, results vary by up to 26.3%. Agreement between the models is high, however, 

when evaluating changes in water scarcity conditions and their underlying mechanisms. For example, 

an initial dominance of hydro-climatic variability as a driver of changing water scarcity conditions is 

found in all of the models discussed in Chapter 3, but the time taken for socioeconomic developments 

to become the dominant driver of change depends on the model used. Furthermore, the cross-model 

validation exercise performed in Chapter 4 indicates that the modelled sensitivity of water availability, 

consumptive water use, and water scarcity conditions to ENSO-driven climate variability are robust to 

the use of different models. Chapter 5 shows that human interventions have a significant impact on 

water availability, exposure to water scarcity, and changes in average duration and occurrence of water 

scarcity events; this is the case in all models. 

 

The use of thresholds in water scarcity indicators explains the discrepancy between the cross-model 

variations found in the estimates of water availability when compared to the variations found in water 

scarcity assessments. The use of thresholds can cause abrupt increases and decreases in the population 

exposed to water scarcity, thereby masking more subtle variations. For example, using the FI, a 

population is said to experience water shortage when the amount of water available per capita per year 
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is less than 1,700 m3. By using such a threshold, a small change in water availability could either result 

in a relatively large change in terms of population exposed to water scarcity or remain invisible until the 

threshold is crossed. Furthermore, the majority of water scarcity assessments use the WSI or the FI 

interchangeably to indicate water scarcity, although their interpretations are quite different. Despite 

recent calls to integrate the use of both indicators in water scarcity assessments in order to obtain better 

insight in the actual level of water scarcity in a region, only a limited number of studies have actually 

done so. In Chapters 3 and 4, comparative assessments of exposure to water scarcity using both the FI 

and the WSI were performed. The results indicated that almost half of the global population (49.9%) 

lived under some sort of water scarcity in 2000, whilst 28.6% of the global population lived under both 

water shortage (FI) and water stress (WSI) conditions, mostly in India, China, and Northern Africa. 

Both chapters highlighted the regional variation in exposure to water shortage and/or water stress, 

which is predominantly caused by regional differences in water demands and population density. 

 

This thesis studied the impacts of using different historical climate forcing data in assessments of water 

scarcity by forcing multiple GHMs with three climate forcing data-sets (WFD/WFDEI, PGMFD v.2, 

and GSWP3) and evaluating the resulting spread in estimates of the share of global population exposed 

to water scarcity. The results of this analysis show that the variation in simulated exposure to water 

scarcity caused by the use of different climate forcing data-sets is generally smaller than the variation 

that results from the use of different hydrological models. Although the modelling spread in General 

Circulation Models (GCMs) increases substantially when making future estimates, this spread remains 

significantly smaller than the variation in results that is due to the use of different socioeconomic and 

climate change scenarios. 

7.2.3 Relative contributions of socioeconomic and hydro-climatic drivers 

to both historical and future changes in the availability of freshwater 

resources and water scarcity 

Identification of the driving forces that cause water scarcity, together with an evaluation of their impacts 

on changes in the availability of freshwater resources and water scarcity, is essential for improving the 

accuracy of water scarcity assessments. As water scarcity is caused by multiple mechanisms, it is also 

crucial to assess the interactions between these mechanisms and how they possibly alleviate or 

strengthen each other. Hence, future water scarcity conditions can then be studied using scenario-based 

approaches, as this knowledge will contribute to the identification of pathways and mechanisms that 

lead to these future conditions. 

 

7.2.3.1 Driving forces of water scarcity in historical time periods 

Whilst socioeconomic changes are generally recognized as the most important driving forces when it 

comes to changes in water scarcity, Chapter 3 shows that hydro-climatic variability can be held 

responsible for the largest share of the yearly changes in water scarcity, with an average of 87.3% for 

water shortage (FI) and 79.4% for water stress (WSI) at the global scale. The accumulated impacts of 

socioeconomic developments started to outweigh the effects of hydro-climatic variability on water 
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scarcity only after a period of six to ten years (after 1960). Moreover, the increase in the relative 

contribution of socioeconomic developments to changes in water scarcity eventually stabilized over 

time. This implies that hydro-climatic variability remained a significant influence (>17.5%) on changes 

in water scarcity for the historical time period between 1960-2000, even after decades of accumulating 

socioeconomic developments. Regional variations in the relative influence of (sectoral) socioeconomic 

developments and in the tipping point after which socioeconomic developments become the dominant 

driver of change, reflect the type of economy in a region and the speed at which economies develop. 

While in Northern America and Western Europe industrial water use had the largest impact on changes 

in water scarcity during the period between 1960 and 2000, domestic water use was the dominant factor 

affecting changes in Middle and Southern Africa, Australia and the Pacific, and China, highlighting the 

importance of population growth in these regions. Elsewhere, irrigation water use was the largest 

socioeconomic driving force behind changing water scarcity conditions. Finally, livestock water 

consumption only had a relatively limited impact on changes in water scarcity in Latin America, Australia 

and the Pacific, and China. 

 

Moving from inter-annual to decadal scales, Chapter 4 evaluated the sensitivity of freshwater resources, 

water demands, and water scarcity to ENSO-driven climate variability over the time period between 

1961-2010. Both the availability of freshwater resources and water scarcity conditions were found to be 

significantly correlated with ENSO for a significant portion (>28.1%) of the global land area. Moreover, 

one-third of the global population experienced more extreme water scarcity conditions during El Niño 

and/or La Niña phases. Particularly strong linkages between freshwater resources availability, water 

scarcity, and ENSO-driven variability are found in regions that are well known for their correlation with 

ENSO, namely Midwest and Northern America, the Caribbean, Latin America, Southern Africa, 

Southeast and Central Asia, and the Pacific. However, ENSO-driven climate variability alone is 

insufficient to trigger the actual incidence of water scarcity events. The susceptibility of a region to water 

scarcity is determined by a combination of multiple hydro-climatic factors, such as the mean availability 

of freshwater resources and its variability around the mean, together with the prevailing socioeconomic 

conditions; Chapter 4 substantiates this notion. While approximately one-third of the global population 

lives in regions where freshwater resources are significantly impacted by ENSO-driven variability, only 

11.4% of the global population lives in regions that are exposed to water scarcity. For example, in 

regions in Latin America, relatively low water demands and abundant freshwater resources make 

exposure to water scarcity marginal, even during El Niño or La Niña years. At the same time, a 

significant share of the global population experiences water scarcity without being exposed to ENSO-

driven variability (>28.2%). Socioeconomic developments intensify the likelihood of exposure to water 

scarcity and/or sensitivity to ENSO-driven climate variability, in relative and absolute terms. While the 

section of the global population sensitive to ENSO-driven climate variability doubled to 1.96 billion 

over the period between 1960-2010, the share of the population exposed to water scarcity events 

increased by a factor of 5.5 to 2.5 billion. 
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7.2.3.2 Historical impacts of human interventions on water scarcity 

While demand and population growth aggravate water scarcity conditions, the effects of human 

interventions are not universal. Chapter 5 showed that almost half (44%) of the global population 

experienced significant changes in the availability of freshwater resources due to the implementation of 

human interventions during the period between 1971 and 2010. Due to these interventions, human 

populations in many parts of the world face aggravated water scarcity conditions, move into water 

scarcity, or experience an increase in the average duration of water scarcity events; however, human 

populations in other parts of the world benefit from these interventions. Whilst the positive impacts of 

human interventions are usually experienced in upstream areas, areas located further downstream are 

more often negatively affected. As a result, water scarcity tends to travel downstream, becoming more 

apparent in the downstream areas of river basins. Reservoir operations and land use and land cover 

change (LULCC) are the dominant drivers of change in regions inhabited by the majority of the global 

population. Nevertheless, the effects of upstream water consumption grow in importance when taking 

into account only those regions that are negatively impacted by human interventions. A distinct spatial 

discrepancy exists between the impacts of human interventions on freshwater resources and water 

scarcity on the one hand and the self-sufficiency of regions with respect to the management of these 

freshwater resources on the other hand. If regions experience negative impacts due to human 

interventions, these impacts are likely to be predominantly caused by interventions implemented or 

actions taken upstream. On the other hand, in regions that are positively affected by the implementation 

of human interventions, local runoff acts as the dominant trigger of change. 

 

7.2.3.3 Driving forces of water scarcity in future time periods 

Chapter 6 identified future hotspots of water scarcity risk, i.e. the share of the global total population 

expected to be exposed to water scarcity annually, and quantified the relative effects of population 

growth and changes in hydro-climatic conditions on water scarcity in the future. The results showed an 

overall increase in water scarcity risk, from 38% under historical conditions up to 56.2-67.8% by 2080. 

The rate of increase in water scarcity risk, both at the global and regional scales, tends to taper off toward 

2080, irrespective of the GCM or scenario used. Whilst the influence of population growth outweighs 

the impacts of climate change at the global and at regional scales under all scenarios, greater variation 

in results exists at local scales. This is the case, for example, under the Fossil-Fuel Based scenario 

(RCP8.5 + SSP5), wherein changes in water scarcity risks in the majority of Food Producing Units 

(FPUs) are predominantly driven by the impact of climate change, rather than by population increases. 

 

7.2.3.4 Interaction effects between the driving forces of water scarcity 

Neglecting the interaction effects between hydro-climatic variability and socioeconomic developments 

may lead to substantial deviations in the estimated exposure to water scarcity at both the global and 

regional scales, resulting in significant overestimations of the combined impact of socioeconomic 

developments and hydro-climatic variability in Australia and the Pacific, the Caribbean, and the Middle 

East, and underestimations in India. Although the interaction effects between socioeconomic 

developments, human interventions, and long-term climate change appear to have relatively minor 

influence when considering water scarcity estimates at the global scale, they are significant regionally. 
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Human interventions contributed to the changes in freshwater resources availability between 1971 and 

2010 in many parts of the globe, which, together, are home to 8.2% of the global population. 

Simultaneously, human interventions dominated over the impacts of climate change in regions that, 

together, are inhabited by 1.5% of the global population. Moreover, for 12.9% of the global land area, 

the interaction effects between climate change and socioeconomic developments increasingly dominate 

over changes in future water scarcity risks toward 2080 under the Fossil-Fuel Based Development 

scenario, with impact area clusters identified in the United States, Australia, Middle and Southern Africa, 

and Europe. 

7.2.4 Improvements that can be made to global-scale assessments of water 

scarcity (risk) by the (further) development and application of new or existing 

water scarcity indicators 

Over the past decades, various indicators have been developed and applied for the assessment of water 

scarcity, of which the FI and the WSI are the most well known. Despite their widespread application 

and the continuous improvements that have been made to their use, the water scarcity assessments 

executed using these indicators suffer from a number of limitations (as outlined in Chapter 1). This 

thesis addressed these limitations, contributed to the improvement of water scarcity assessments, and 

advanced our understanding of water scarcity. 

 

7.2.4.1 Hydro-climatic variability  

The process of assessing water scarcity can be improved by including inter-annual hydro-climatic 

variability, in concert with the incorporation of the effects of climate change and socioeconomic 

developments. This was shown in Chapter 3, where the factors that lead to potential over- and 

underestimations in water scarcity estimates were evaluated, such as the use of long-term means instead 

of yearly estimates, or the use of fixed socioeconomic conditions instead of transient ones. The results 

of this analysis showed that global exposure to water scarcity is underestimated by 19.4% to 29.5% if 

fixed socioeconomic conditions are used, whilst underestimations of up to 70.1% can be found on the 

local scale. Omitting hydro-climatic variability from the analysis can lead to anomalies in the estimated 

global exposure to water scarcity of up to 8.5%, while anomalies at the regional scale can results in over- 

and underestimates up to 50% of the population, for example in India or the Caribbean. To correctly 

define the (relative) contributions of different underlying driving forces of water scarcity, they should 

not be studied in isolation. This thesis therefore proposed a new method for integrating the impacts of 

possible interaction effects with those of the individual mechanisms of change. 

 

In addition, the inclusion of seasonality is vital for the correct estimation of water scarcity. This thesis 

has shown that a clear seasonality exists in several river basins, such as the Ganges-Brahmaputra, the 

Huang He, the Niger, and even the Danube; such seasonality can significantly influence the global 

estimates of exposure to water scarcity. Instead of using only the average yearly water scarcity conditions 

or the month with the greatest water scarcity conditions, Chapter 5 of this thesis showcases a method 

for evaluating water scarcity on a seasonal basis. 
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7.2.4.2 Environmental flow requirements 

As a third contribution, this thesis incorporated variable environmental flow requirements, i.e. the 

volume of water that is needed for an ecosystem to remain healthy, into the assessment of water scarcity. 

To do so, the minimum environmental water needs for each month were estimated at the grid level. 

Chapter 5 showed that the combined implementation of seasonality and monthly variable 

environmental flow requirements makes water scarcity estimates more realistic and significantly lower 

when compared to the monthly results presented in previous studies, especially when considering the 

global-scale aggregates. 

 

7.2.4.3 Water scarcity risks 

In Chapter 6, the first steps were made toward developing a new framework for the assessment of water 

scarcity risks that integrates the impacts of hydro-climatic variability, climate change, and socioeconomic 

developments. Here, water scarcity risk is expressed in terms of the expected annual exposed 

population, which combines the probability of water scarcity events and the effects of these events. A 

comparison of these new water scarcity risk estimates with water scarcity assessments that follow the 

conventional method shows differences of up to 50% at local scales. 

7.2.5 Adapting to water scarcity 

From the results obtained in this thesis, a number of insights can be identified that are specifically 

relevant for the development and implementation of water scarcity adaptation strategies. All chapters 

highlight the importance of a careful selection of models and metrics when evaluating the effectiveness 

of adaptation strategies intended to address water scarcity. Global models can provide a good initial 

indication and are very applicable when the intention is to show global trends and patterns. However, 

variation across these models is significant, and different models may outperform others in specific 

regions of the globe or for certain performance indicators. When using global models to design 

adaptation measures at the local scale, a thorough calibration and validation procedure, using local 

observations, is crucial to set the correct boundary conditions for these models to operate and to ensure 

that the results obtained from global models make sense locally. 

 

7.2.5.1 Demand- versus supply-side adaptation  

By using both the WSI and FI to indicate the degree of water scarcity, regions were identified where 

either soft demand-side measures (e.g. developing water-efficient technologies, more efficient 

management of residual water use and return flows, or water policies and regulations) or hard supply-

side measures (e.g. reservoirs, water distribution systems, and irrigation systems) might prove more 

effective. Chapters 3 and 4 showed that the Middle East, Australia and the Pacific, and parts of western 

North America are mainly exposed to water stress, indicating that measures that focus on decreasing 

water demands may be most beneficial in these areas. Supply-side measures, on the other hand, may be 

more effective in Western Europe and Africa. Relatively high population densities put pressure on the 

availability of freshwater resources in these regions, whilst water stress due to high demands is mostly 

absent. Regions that encounter both types of water scarcity, such as India, China, and Northern Africa, 
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given their population densities, predominantly require a higher supply of freshwater. At the same time, 

adaptation strategies intended to reduce levels of water consumption can alleviate the pressure on 

freshwater resources that comes from water-demanding economic activities in these regions, like 

agricultural irrigation or industrial activities. Chapters 3 and 4 further distinguished between areas with 

sporadic water scarcity and areas that suffer from chronic water scarcity. Whereas chronic water scarcity 

calls more for structural adaptation strategies, it might prove more cost-effective to deal with water 

scarcity events that only occur sporadically via temporary or flexible solutions, for example by means of 

the transfer of water or goods in times of water scarcity. 

 

Chapter 6 offered a promising approach to achieving greater water security under future conditions. 

Using the FI, regions were identified that are expected to encounter shortages of freshwater supply, 

given certain socioeconomic and hydro-climatic change scenarios. With such knowledge at hand, policy 

makers can decide whether adaptation activities would be more appropriate in terms of alleviating water 

scarcity risks at the global, regional, or local scales. In combination with assessing future water stress 

using the WSI, the results of Chapter 6 could assist in determining up to which level demand-oriented 

measures can effectively deal with water scarcity and from which point onward the use of supply-side 

measures becomes inevitable. Such scenario-based outlooks provide more insight into the optimal 

timing with which adaptation actions should be taken or the level of robustness/no-regret that can be 

achieved by implementing a specific strategy at a certain moment in time. Risk-based methods are able 

to address multiple factors, including the hazard side, which reflects the likelihood, uncertainty, and 

inter-annual variability of water scarcity events, and the impact of water scarcity events, which covers 

exposure and vulnerability. By examining water scarcity risk, Chapter 6 enhanced the decision-making 

process that governs the investments made in adapting to water scarcity. In addition, a risk-based 

approach makes it possible to estimate the costs and benefits of efficient, low- to no-regret solutions 

intended to stabilize or reduce water scarcity risk at different spatial scales. 

 

7.2.5.2 Accounting for long-term trends, variability, and the potential of forecasting 

Obtaining correct information regarding the driving forces of water scarcity, both present and future, is 

essential for the prioritization and optimization of adaptation, development, and disaster-risk reduction 

efforts. As water managers need to balance immediate short-term gains with long-term investments, 

adaptation measures aimed at addressing both current and future water scarcity often include a variety 

of both hard and soft adaptation strategies. To optimize the adaptive capacity of such strategies, water 

managers should ensure that their designs are robust enough to withstand a variety of future conditions. 

They should, therefore, not only include long-term trends and scenarios but also account for the effects 

of hydro-climatic variability. 

 

A specific type of soft adaptation that deals particularly with hydro-climatic variability is forecasting on 

seasonal or yearly scales and any related preparatory risk reduction actions, such as using ENSO indices. 

Since ENSO can be predicted with reasonable accuracy up to several seasons in advance, this can 

provide useful information for adaptation managers when accounting for inter-annual variability. Such 

predictions make it possible to emphasize adaptation efforts in the most affected regions ahead of those 
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extreme events. Awareness of the regional variation in sensitivity to ENSO-driven climate variability, as 

well as the potential exposure to water scarcity discussed in Chapter 4, may help in the prioritization of 

such (ex-ante) efforts to reduce disaster risk, such as the pre-stocking of foods and disaster relief goods 

in Africa with reference to ENSO indices, or the use of ENSO-based crop insurance systems. Although 

the relatively high growth rates of many areas exposed to water scarcity and/or ENSO-driven climate 

variability raise challenges when it comes to adaptation and water management, Chapter 4 showed that 

they also provide opportunities, particularly in terms of the increasing potential of ENSO-based 

adaptation and risk reduction measures in coping with future water scarcity events and their effects. 

 

7.2.5.3 Integrated freshwater resources management 

None of the above-mentioned water management options (supply, demand, or forecasting) should be 

adopted in isolation, as the consequences of upstream measures and activities can be far-reaching in 

downstream areas. Chapter 5 substantiated this notion and called for an integrated approach when 

designing and implementing such adaptation strategies. Water managers should therefore account for 

the basin-wide impacts of adaptation strategies and strive for an optimal allocation of the current and 

foreseen freshwater resources among all of the water users in a catchment area. 

7.3 Outlook 

This thesis advanced the academic understanding of water scarcity at the global and regional scales by 

evaluating its underlying mechanisms and impacts in both historical and future time periods. However, 

the findings of this thesis also highlight various areas that are still underrepresented in global water 

scarcity studies; several improvements could be made in these areas, and future research should explore 

them further. 

7.3.1 Increasing the reliability and representativeness of models, data, and 

water scarcity indicators 

 

7.3.1.1 Use of ensembles  

Water scarcity results vary substantially between different hydrological models, forcing data, and climate 

and socioeconomic projections. Multi-model and multi-forcing ensembles that use weighted means or 

median values can deal with this uncertainty (Döll et al., 2015), and application of such ensembles in 

global water scarcity studies is nowadays widespread. However, as a result of such intercomparison 

studies, the models converge and become increasingly statistically dependent. This limits the usefulness 

of such ensembles (Bierkens, 2015). Moreover, significant differences in the performance of models 

over various regions and catchments suggest that the inclusion of all the available models in an ensemble 

does not necessarily lead to the best results (Beck et al., 2016a). Challenges exist when determining the 

correct weights for the individual models in an ensemble or defining the minimum performance levels 

required for a model to be included (Weigel et al., 2010). The application of machine-learning techniques 

for more robust model-ensemble runoff estimates represents a potential first step forward (Doycheva 

et al., 2016). 
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7.3.1.2 Improvements in the models and data used for water scarcity assessments 

The increasing level of detail with which freshwater resources and water scarcity conditions are being 

modelled and evaluated globally, requires various improvements to the models and data used in water 

scarcity assessments. First, physical representations must replace sub-grid concepts when moving to 

higher spatial resolutions, such as the modelling of saturated overland flow (Bierkens, 2015; Bierkens et 

al., 2015). Second, a more comprehensive water demand modelling framework is needed, as the exact 

location of water withdrawals and demands, as well as the timing of return flows, becomes increasingly 

important for the correct representation of freshwater availability and water scarcity at higher resolutions 

(Bierkens, 2015; Bierkens et al., 2015; Wada et al., 2014a). Third, modelling at increasingly higher 

resolutions highlights the need for the inclusion of physical or virtual water transfers, diversions, and 

distribution networks within the modelling framework. Thus far, the majority of the global models omit 

the physical or virtual transfer of water between regions when assessing the local availability of 

freshwater resources or water scarcity conditions. These models assume that water demand is satisfied 

by the available local surface- and ground-water resources from within the cell in question and the 

amount of freshwater that enters it from upstream cells. Although valid at the scale of basins, sub-

basins, or when using a relatively coarse grid, this assumption does not hold when moving toward higher 

resolutions. To correctly determine local water availability at such scales, the inclusion of water transfers 

and distribution networks is critical. The use of vector-based river routing algorithms that provide an 

improved representation of natural and anthropogenic channel processes, such as streamflow 

diversions, inter-basin water transfers, and reservoir storage (e.g. Lehner & Grill, 2013; Li et al., 2013; 

Tesfa et al., 2014), could represent a means of moving forward here. 

 

Simulating the feedback linkages between meteorological, hydrological, and socioeconomic conditions 

becomes increasingly important when studying the impacts of climate change on the availability of 

freshwater resources and water scarcity, or when evaluating how hydrological conditions shape the 

societies that must deal with water scarcity (and vice versa). Thus far, only a few studies have evaluated 

the potential impact of such feedbacks, and the online coupling of climate and hydrological models is 

only included in the modelling frameworks applied in global water scarcity assessments. Moreover, these 

models are not able to dynamically model the relationships between societal behaviour and the scarcity 

of freshwater resources (Pokhrel et al., 2016). While conceptual frameworks are being developed that 

include these kinds of processes (Elshafei et al., 2014; Pande & Sivapalan, 2016; van Emmerik et al., 

2014), their applications are, so far, mainly restricted to local case studies. More work is needed to 

facilitate the adoption and application of these interactions and feedback linkages at wider spatial scales 

when calculating water scarcity (Pokhrel et al., 2016). 

 

Calibration and validation are vital in ensuring the realistic performance of global (hydrological) models 

(Beck et al., 2016b; Bierkens, 2015; Döll et al., 2016). Calibration and validation are not only important 

for the correct representation of hydrological variables but should also be used to underpin assessments 

of water demands, especially at higher resolution (Döll et al., 2016). Given the ongoing decrease in the 

number of in situ observations that are made publicly available for the purposes of such calibration and 
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validation procedures, the use of remotely sensed data could provide a valuable way of moving forward 

here. Apart from their applications in calibration and validation routines, remotely sensed data are also 

proving their use in the assessment of the water consumed by agricultural irrigation through the use of 

satellite remote sensing and hydrological modelling (Peña-Arancibia et al., 2016), operational drought 

monitoring and early warning (Ahmadalipour et al., 2017), and estimating global terrestrial water budgets 

at fine spatial resolutions (Zhang et al., 2017). 

 

7.3.1.3 Representativeness of global indicators of water scarcity 

This thesis outlined a number of indicators that are used to evaluate water scarcity at the global scale 

and applied two of the most well known, namely the FI and the WSI. Ambiguity in their representations 

of water scarcity and uncertainty regarding their correct application, however, hamper the actual 

operationalisation of such indicators at the local and regional scales and their use in forecasting, drought 

detection and declaration, contingency planning, and impact assessment. Due to limited validation 

options, it is often unclear how various drought and water scarcity indicators differ with respect to their 

applicability, usability, and representativeness of drought and/or water scarcity events, and which 

indicator best serves a specific problem context or (risk-)management or decision-making target. A 

global systematic inventory and comparative assessment of drought and water scarcity (risk) modelling 

tools, evaluating not only their ability to identify drought and water scarcity events at regional and local 

scales, but also their ability to accurately represent drought and water scarcity impacts when compared 

to local impact-based observations, would provide more insight into the representativeness and 

usefulness of these global indicators and facilitate the correct application and operationalization of these 

tools at the regional and local scales. 

 

Over the past few years, water scarcity assessments have mainly focused on blue water scarcity (i.e. the 

water in rivers and lakes). Green water is often neglected, despite the fact that soil moisture is the major 

source of global food production. While first attempts have been made to assess the combined impacts 

of blue and green water scarcity (Kummu et al., 2014), mainly through food production and dietary 

requirements, an indicator of blue and green water scarcity that is based on the existing WSI has thus 

far not been developed. Future research should therefore attempt to incorporate green and blue 

freshwater resources and develop a more comprehensive water scarcity indicator that also reflects how 

water-scarce conditions affect rainfed agriculture. 

 

7.3.1.4 Inclusion of aspects of water quality and environmental water needs in water 

scarcity assessments 

Thus far, various aspects of water quality have often been omitted in water scarcity studies, despite the 

fact that water quality and quantity are highly interdependent. Inadequate water quality conditions are 

expected to become more important in the future (Jiang et al., 2014) and could severely limit the 

availability of freshwater resources for specific sectoral uses (Liu et al., 2017). Incorporating water quality 

aspects, including variables such as temperature, salinity, and amounts of dissolved organic matter, in 

the modelling of freshwater resources is therefore an important first step in the correct assessment of 

the suitability of freshwater resources for use. This requires, however, various changes to be made in 
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the setup of hydrological models; for example, the inclusion of an energy-balance is required in order 

to correctly represent water temperatures and the decomposition rates of organic matter (Bierkens, 

2015). On the water demand side, more research needs to be carried out on the water quality 

requirements of the various sectors included in water scarcity assessments: What are the boundary 

conditions within which water can still be of use to these sectors? What maximum temperature should 

water have to be useful for cooling in industrial contexts? What is the maximum permissible level of 

salinity of irrigation water in the production of agricultural crops? Additional quantitative information 

is also required regarding the quality and quantity of return flows, referring to the water that is recycled 

by industrial, agricultural, and domestic water users. Thus far, only a limited number of studies have 

dealt with such water quality issues at the regional and global scales (e.g. van Vliet et al., 2013). More 

work should be carried out in order to substantiate the knowledge obtained from case studies, to make 

these insights transferable to other regions of interest, and/or to contextualize global parameters using 

local data. 

 

By incorporating monthly variable minimum environmental water requirements (Pastor et al., 2014), 

this thesis improved the representation of environmental water demands in water scarcity assessments. 

The environmental flow requirements used in this thesis are, however, relatively simple conceptual rules 

of thumb based on hydrology for the assessment of the bulk environmental water requirements of the 

world’s river basins (Smakhtin et al., 2004). In order to incorporate more detailed environmental flow 

requirements, future research should focus more on hydro-ecological factors, habitat assessment, and 

the diversity of aquatic species at the scale of individual rivers or basins (Arthington et al., 2006; Davies 

et al., 2013). Challenges exist when translating such local insights into decision-making rules that are 

applicable in global models. 

7.3.2 Assessing the socioeconomic implications of water scarcity 

Impact data, whether or not they are expressed in monetary terms, are required when expressing water 

scarcity risks in order to be able to prioritize adaptation and risk reduction efforts and to evaluate the 

efficiency of specific water scarcity adaptation measures. Despite their importance, the impacts of water 

scarcity have seldom been assessed, and when researchers have focused on them, they have 

predominantly done so on a case study basis focusing on a limited number of water users (Logar & van 

den Bergh, 2012; Markandya & Mysiak, 2010). Mainstreaming the evaluation of impacts in water scarcity 

assessments presents a number of challenges that should be addressed in future research. 

 

The impacts of natural hazards are usually determined by the sum of exposure and vulnerability (Kron, 

2005). Information on exposure, i.e. the population and economic assets located in hazard-prone areas 

(Kron, 2005), is widely available in the forms of spatial maps and statistical databases and is often used 

in water scarcity assessments, with examples including population density, land use, or economic 

activity. Vulnerability is referred to as the susceptibility of the exposed elements to a particular hazard 

and is a variable that is required when translating exposure statistics into actual impacts (Kron, 2005). 

Vulnerability statistics can be used for many purposes: they can reflect the growth stage curves of 

specific crops, their water needs, and potential yield losses in the event of water scarcity occuring at 
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certain periods in time; they can present the buffer capacity of power supply stations; and they can 

represent a society’s dependency on water, which is reflected by the availability of socioeconomic safety 

nets intended to minimize losses or to reduce famine risks, such as insurance or the infrastructure used 

to stock and distribute food supplies. Vulnerability to, and therefore the impacts of, water scarcity is 

very dependent on context and timing, and the observational data that can be used in defining these 

relationships are only sparsely available. A systematic review of the regional- and local-scale impacts of 

historical water scarcity events that considers both their impacts on the different water-using sectors 

individually and their economy-wide consequences, combined with information on specific events and 

the variables relevant to the socioeconomic context, would provide a valuable starting point for the 

development of a database of such vulnerability statistics and the assessment of the impact of water 

scarcity. 

 

The direct impacts, however, represent only a minor number of the overall consequences of water 

scarcity, as the majority is constituted by the indirect economic impacts or welfare effects, i.e. the 

propagation of the effects of natural disasters into the economy through intermediate consumption and 

demand (Hallegatte, 2008; Okuyama, 2007; Steenge & Bockarjova, 2007). As a result of these 

consumption and demand mechanisms, water scarcity impacts can be transferred to places other than 

those where they actually occur. Demand and supply mechanisms can lead to a levelling-off or an 

aggravation of total economic impacts, in addition to the direct effects. At the scale of individual actors, 

these market mechanisms can cause water scarcity events to be potentially beneficial. For example, if a 

farmer’s loss in productivity is relatively low compared to that of other farmers in a region affected by 

water scarcity, and if the relatively inelastic demand for food drives up the prices of these products, the 

aforementioned farmer could benefit economically. Various local and regional case studies have 

estimated the direct and indirect economic impact of water scarcity (both historically or under climate 

change scenarios) for different economic sectors (Brouwer & Hofkes, 2008; Harou et al., 2010; Jenkins, 

2013; Jenkins et al., 2003; Strzepek et al., 2008). On a global scale, however, estimates of exposure to 

and the impact of water deficits are fragmented and heterogeneous. There is currently no credible model 

that assesses the direct and indirect global economic impact of water scarcity (GAR 2011). Different 

methodologies based on micro- and macro-economic approaches can be applied to assess such 

economic impacts (Cochrane, 1997; Logar & van den Bergh, 2012; Markandya & Mysiak, 2010; Peterson 

& Klepper, 2007). To facilitate the incorporation of such economic approaches in water scarcity 

assessments, work needs to be done to match the temporal and spatial resolution of such models and 

to match the level of detail with which individual parameters are described with that of the (hydrological) 

models and data used to assess water scarcity. The dynamic coupling of these types of models has so 

far been limited for a number of reasons: (1) economic models often only offer a limited representation 

or ability to represent hydrological parameters in a realistic manner; (2) economic models are often 

dependent on shocks, rather than continuous data, to evaluate the societal impacts of hydrological 

extremes; (3) economic models have relatively coarse temporal and spatial resolutions (decadal time 

steps and trade regions, respectively) when compared to the models used in water scarcity assessments; 

(4) economic models use highly abstract definitions of demand, supply, trade, and the allocation of trade 

networks; and (5) economic models only provide a limited representation of the impacts of 
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socioeconomic developments on hydrology, and vice versa. Overcoming these limitations would be a 

useful first step in accomplishing the coupling of economic models and water scarcity assessment 

frameworks. 

 

Apart from its direct and indirect economic impacts, water scarcity can have significant non-monetary 

effects, such as the deterioration of terrestrial and aquatic environments and the diminishing of species 

due to water scarcity, adverse water quality conditions, or human interventions. Due to the difficulty 

involved in expressing these impacts in monetary terms, they are often omitted by academic studies. 

Nevertheless, various economic methods exist that can be used to evaluate these effects, such as the 

revealed and stated preference methods applied in studies of ecosystem services (Cochrane, 1997; Logar 

& van den Bergh, 2012; Markandya & Mysiak, 2010; Peterson & Klepper, 2007). More work should be 

undertaken in order to standardize the use of these evaluation techniques in water scarcity impact 

studies. 

7.3.3 Adaptation to water scarcity 

Throughout this thesis, various hard and soft adaptation strategies have been discussed as being 

potentially effective in dealing with water scarcity, combining longer-term trends and states with short-

term forecasts. One of the most promising forms of adaptation, particularly when it comes to dealing 

with the effects of hydro-climatic variability, is (sub-)seasonal forecasting (Bouma et al., 1997; Cheng et 

al., 2011; Dilley & Heyman, 1995; Ludescher et al., 2014; Ward et al., 2010, 2014b; Zebiak et al., 2015), 

which may be done, for example, with the use of ENSO indices (Cheng et al., 2011; Ludescher et al., 

2014). Although the (sub-)seasonal forecasting of hydrological conditions has already proven its 

effectiveness in dealing with hydrological extremes and their associated impacts in selected regions in 

Africa, Asia, and Latin America (Coughlan de Perez & Mason, 2014; Coughlan de Perez et al., 2014; 

Coughlan De Perez et al., 2015; Dilley, 2000; Suarez et al., 2008), more research needs to be carried out 

in order to: (1) identify the parameters that best represent a region’s unique water scarcity conditions; 

(2) identify the optimal window of time in which realistic forecasts can be given in order to be useful in 

dealing with water scarcity conditions; and (3) determine the best way of communicating such forecasts 

to stakeholders, without neglecting the associated uncertainties. Moreover, future research should 

explore whether and how trends in climate change and socioeconomic developments affect the 

predictability of extreme hydrological events and water scarcity under future conditions (Guilyardi et al., 

2009; Paeth et al., 2008; van Oldenborgh et al., 2005). 

 

At the regional and local scales, hydro-economic models are regularly used to inform water management 

and to test the effectiveness of adaptation strategies (Brouwer & Hofkes, 2008; Harou et al., 2009; 

Medellín-Azuara et al., 2009). The majority of these models are used to determine the optimal allocation 

of water uses over a catchment area, often from a profit-maximizing perspective, thereby integrating 

simple estimates of water availability with water demand (Brouwer & Hofkes, 2008; Harou et al., 2009). 

Extending these kinds of models with a more realistic hydrological representation would allow the user 

to evaluate the effectiveness of selected adaptation strategies in greater detail and to assess the potential 

for inter-basin or catchment area cooperation. Moreover, it would enable the inclusion of non-monetary 
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effects, such as the impacts of adaptation on hydrological conditions downstream or compliance with 

minimum environmental flow requirements. 

 

The limited inclusion of an economic rationale that accurately represents agents’ preferences and 

responses remains a weakness when evaluating the effectiveness of adaptations to water scarcity. Hydro-

economic models have thus far mainly assumed that actors are rational economic agents who are able 

to maximize their goals (i.e. profit maximization and loss minimization) under perfect information and 

without biases or information asymmetries (van Duinen et al., 2016). However, in reality, most people 

demonstrate bounded rationality, and decisions are often not only made with reference to objective 

information, as people frequently rely on intuition, heuristics, and social networks (van Duinen et al., 

2016). Quantitative, spatially explicit models that are capable of integrating these behavioural aspects in 

the hydro-economic context are required. The integration of hydro-economic or integrated hydrological 

models with agent-based models would represent a valuable step forward here. Such agent-based models 

are capable of representing agents’ behaviour based on a sound economic rationale, for example 

including agents at a farm, irrigation community, or at the agricultural district level that make decisions 

on crop mix, timing, and sequence in crop rotation cycle; water application; index-based crop insurance, 

and capital stock. Studies that address revealed or stated preferences are able to identify how these 

agents make their decisions (van Duinen et al., 2016). Although the first steps toward representing 

agents’ behaviour in the modelling and management of freshwater resources have already been taken, 

these studies that have done so are fragmented and context-specific; in addition, they often focus on a 

single water user. Future researchers should therefore attempt to systematically incorporate this 

scattered knowledge, to assemble insights from the research undertaken in the various case studies 

employed, and to integrate the individual water-using sectors into a model capable of reflecting 

economy-wide behaviours and responses. The envisaged overall goal should be to develop an integrated 

agent-based hydro-economic modelling framework that is able to simulate freshwater resources and 

demands under current and future conditions, to express water scarcity risk, and to evaluate the 

efficiency and impacts of potential water scarcity adaptation strategies from both monetary and non-

monetary perspectives. The successful development and application of such a modelling framework 

would represent a major advancement in water scarcity research, as it would integrate the latest insights 

from (global) hydrology, risk assessment, and (behavioural) economy and create ample new 

opportunities for further research into the assessment and evaluation of current and future water 

scarcity, its impacts, risks, and potential adaptation strategies, as well as for the practical application of 

these findings at various spatial scales. 
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Appendix A. 
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A1. Figures 
 

 

Figure A.1. Location of GRDC stations with a (near-)natural (green) and managed (red) upstream catchment area. 

 

 

 

Figure A.2. KGE* values under the VARSOC simulation for each GHM.  
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Figures A.3. βKGE* values under the VARSOC simulation for each GHM. 

 

 

Figure A.4. γKGE* values under the VARSOC simulation for each GHM. 
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Figure A.5. rKGE* values under the VARSOC simulation for each GHM. 

 

 

 

Figure A.6. Scatterplot showing the normalized bias values between modelled and observed discharges for managed 
(blue) and (near-)natural (orange) catchments under the VARSOC simulation. The individual sets of panels show the 
modelled and observed (a) Q1 high-flow and (b) Q99 low-flow discharges. Values >1 indicate that the modelled Q1 high-
flow or Q99 flow-flow values overestimate the observed Q1 high-flow or Q99 low-flow.  
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A2. Tables 
 

Table A.1. Description of the modelling framework and parameterization of the GHMs. Table A.1a presents the 
representation of the hydrological processes in the GHMs, after Zhao et al., 2017. Table A.1b-i present the 
representation of the human dimensions and its interactions with the hydrological processes for each of the GHMs.  
 
Table A.1a. Representation of hydrological processes.  

Model 
name 

Energy 
balance 

Evaporation 
scheme 

Runoff 
scheme 

Snow 
scheme 

Routing 
scheme 

Flow 
velocity 

Soil Water 
Layer Depth 

References 

H08 Yes Bulk formula 
Saturation 

excess, non-
linear 

Energy 
balance 

TRIP Linear 
reservoir 

0.5m s-1 

One soil layer 
with a depth 

of 1m 

(Hanasaki 
et al., 
2008a, 
2008b) 

LPJmL No 
Priestley-

Taylor 
Saturation 

excess 
Degree-

day 

Continuity 
equation 

derived from 
linear 

reservoir 
model 

1 m s-1 

Five 
hydrologically 
active layers 
of 20, 30, 50, 
100 and 100 

cm 
thickness, 

respectively 

(Bondeau 
et al., 2007; 
Schaphoff 
et al., 2013) 

MATSIRO Yes Bulk formula 

Overland 
flow, 

infiltration 
excess, 

saturation 
excess, 

groundwater. 

Energy 
balance 

TRIP Linear 
reservoir 

0.5m s-1 

12 fully 
resolved 

layers (5cm, 
20cm, 75cm, 
and nine next 
layers of 1m) 
and a 90m 

groundwater 
layer. 

 
(Pokhrel et 
al., 2012, 

2015; 
Takata et 
al., 2003) 

PCR-
GLOBWB 

No Hamon 
Saturation 

Excess Beta 
Function 

Degree 
Day 

Travel time 
routing 

(characteristic 
distance) 

Variable 
based on 

Manning’s 
equation 

Variable up 
to 1.5 m soil 
layers and 50 

m 
groundwater 

layer 

(van Beek 
et al., 2011; 
Wada et al., 

2014c) 

WaterGAP No 

Priestley 
Taylor with 
two alpha 

factors 
depending 

on the aridity 
of the grid 

cell 

Beta 
function, 
saturation 

excess 

Degree 
Day 

Linear 
reservoir 

Variable, 
based on 
Manning-
Strickler 

One soil 
layer, varying 

depth in 
dependence 

on land cover 
type (0.1 to 4 

m) 

(Müller 
Schmied et 
al., 2014, 

2016; 
Verzano et 
al., 2012) 

 
 
 
 
 
 
 
 
 
 
 



 

148 

Table A.1b. Representation of irrigation water use. 

Model 
name 

Calculation of 
irrigation 

water 
requirements 

Crop Types Crop Calendar 
Additional 

components 
References 

H08 Model-based 
MIRCA 2000 
(Portmann et 

al., 2010) 

Planting date 
was determined 

to obtain 
maximum yield 

under 
meteorological 
conditions for 

1960-1999. The 
planting date 

was fixed 
throughout the 

simulation 
period. 

Harvesting date 
was calculated 
in the model 
and changed 
with years 

according to 
meteorological 

conditions. 

Country/Region 
specific irrigation 

efficiency 

(Hanasaki et al., 2008a, 
2008b) 

LPJmL Model-based 
MIRCA 2000 
(Portmann et 

al., 2010) 

n.a. (simulated 
growing season 

length) 

Country-specific 
irrigation 

efficiencies 

(Bondeau et al., 2007; Rost 
et al., 2008) 

MATSIRO Model-based 
MIRCA 2000 
(Portmann et 

al., 2010) 
Model-based 

Country-specific 
irrigation 

efficiencies 

(Pokhrel et al., 2012, 2015; 
Takata et al., 2003) 

PCR-
GLOBWB 

Model-based 

MIRCA 2000 
(Portmann et 
al., 2010) with 
rice/non-rice 

distinction 

Fixed calendar 

Dynamically 
calculated 
irrigation 
efficiency 

(Wada et al., 2014c) 

WaterGAP Model-based Rice/Non-rice Model-based 
Country specific 

irrigation 
efficiency 

(Döll & Siebert, 2002; Döll 
et al., 2012; Müller 

Schmied et al., 2014, 2016; 
Portmann et al., 2010) 
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Table A.1c. Representation of industrial water use.  

Model 
name 

Model Sector Drivers Parameters References 

H08 

Time-series 
regression by 

individual 
countries and 

regions. 

Industry 
Infrastructure 

area 

Set from literature 
review and time-

series data. 

(Hanasaki et al., 
2008a, 2008b; 

Yoshikawa et al., 
2014) 

LPJmL - - - -  

MATSIRO 

Time-series 
regression by 

individual 
countries and 

regions. 

Industry 
Electricity 
production 

Set from literature 
review and time-

series data. 

(Pokhrel et al., 2012, 
2015; Takata et al., 

2003) 

PCR-
GLOBWB 

Time-series 
regression by 

individual 
countries and 

regions. 

Industry 

GDP, electricity 
production, 

energy 
consumption, 

household 
consumption 

Set from literature 
review and time-

series data. 
(Wada et al., 2014c) 

WaterGAP 

Time-series 
regression by 

individual 
countries and 

regions. 

Manufacturing 

Manufacturing 
structural water 

intensity, 
manufacturing 

gross value added 
(GVA), 

technological 
change rate for 
manufacturing 

Calibrated from 
time-series data. 

(Flörke et al., 2013) 

Electricity 
production 

Annual electricity 
production, 
water use 

intensity of 
thermal power 

plants (by type of 
plant and cooling 

system), 
technological 
change rate 
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Table A.1d. Representation of domestic water use.  

Model name Model Drivers Parameters References 

H08 
Time-series regression by individual 

countries and regions. 
Population 

Set from literature 
review and time-

series data. 

(Hanasaki et al., 2008a, 
2008b; Yoshikawa et 

al., 2014) 

LPJmL - - -  

MATSIRO 
Time-series regression by individual 

countries and regions. 
Population 

Set from literature 
review and time-

series data. 

(Pokhrel et al., 2012, 
2015; Takata et al., 

2003) 

PCR-
GLOBWB 

Time-series regression by individual 
countries and regions. 

Population, 
GDP per capita 

Set from literature 
review and time-

series data. 
(Wada et al., 2014c) 

WaterGAP 
Time-series regression by individual 

countries and regions. 
Population, 

GDP per capita 
Calibrated from 
time-series data. 

(Flörke et al., 2013) 

 
 
Table A.1e. Representation of livestock water use. 

Model name Model Drivers Parameters References 

H08 - - -  

LPJmL - - -  

MATSIRO - - -  

PCR-
GLOBWB 

Time-series regression by individual 
countries and regions. 

Cattle stock 
Set from literature 
review and time-

series data. 
(Wada et al., 2014c) 

WaterGAP 
Time-series regression by individual 

countries and regions. 
Cattle stock 

Set from literature 
review and time-

series data. 
(Flörke et al., 2013) 

 
 
Table A.1f. Representation of Reservoirs (after Pokhrel et al., 2016). 

Model name Purposes included Parameterization References 

H08 Non-irrigation (Hanasaki et al., 2006) (Hanasaki et al., 2006) 

LPJmL Irrigation, non-irrigation (Biemans et al., 2011) (Biemans et al., 2011) 

MATSIRO Irrigation, non-irrigation (Hanasaki et al., 2006) (Pokhrel et al., 2012) 

PCR-
GLOBWB 

Water supply, flood control, 
hydropower, navigation 

(Adam et al., 2007; Haddeland et al., 
2006) 

(van Beek et al., 2011) 

WaterGAP Irrigation, non-irrigation (Hanasaki et al., 2006) (Döll et al., 2009) 
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Table A.1g. Water allocation. 

Model name 
Sources of water included in water 

use framework 
Parameterization References 

H08 Surface water (including reservoirs)  
(Hanasaki et al., 2008a, 

2008b) 

LPJmL 
River discharge (incl. renewable 

groundwater), green water in soils 
 

(Bondeau et al., 2007; 
Rost et al., 2008) 

MATSIRO Surface water, groundwater 
 

(Pokhrel et al., 2012, 2015) 

(Pokhrel et al., 2012, 
2015; Takata et al., 

2003) 

PCR-
GLOBWB 

Desalinated, groundwater, surface 
water 

(Wada et al., 2014c) (Wada et al., 2014c) 

WaterGAP Surface water, groundwater Sectoral groundwater use fractions (Döll et al., 2012) 

 
 
Table A.1h Representation of return flows. 

Model 
name 

Irrigation Industry Domestic Livestock References 

H08 

Soil via 
infiltration, 

Groundwater: via 
additional 
recharge. 

- - - (Hanasaki et al., 2008a) 

LPJmL 
River: 50% 

returns. 
- - - 

(Bondeau et al., 2007; 
Rost et al., 2008) 

MATSIRO River River River - 
(Pokhrel et al., 2012, 

2015) 

PCR-
GLOBWB 

Soil Layers via 
infiltration, 

Groundwater 
layer: via 
additional 

recharge. Amount 
determined by 

irrigation 
efficiency. 

River: same day. 
Amount 

determined by 
recycling ratios. 

River: same day. 
Amount 

determined by 
recycling ratios. 

No return flow (Wada et al., 2014c) 

WaterGAP 

Returned to 
groundwater. 
Fraction of 

irrigation water 
abstraction (from 
groundwater or 
surface water) 
returning to 

groundwater frgi = 
0.95 -0.75fdrain  
(cell-specific 

artificial drainage 
fraction). 

Returned to 
surface water. 
Difference of 

water abstraction 
and consumptive 

use. 

Returned to 
surface water. 
Difference of 

water abstraction 
and consumptive 

use. 

No return flow. 
(Döll et al., 2012, 2014a, 

2014b) 

 



 

152 

Table A.1i. Calibration of runoff and discharge. 

Model name  References 

H08 
Bias in runoff corrected with modification of two parameters of subsurface 

flow for four climatic groups: daily maximum subsurface runoff, relation 
between subsurface runoff and soil moisture. 

(Hanasaki et al., 2008a, 
2008b) 

LPJmL -  
(Bondeau et al., 2007; 

Rost et al., 2008) 

MATSIRO -  
(Pokhrel et al., 2012, 2015; 

Takata et al., 2003) 

PCR-
GLOBWB 

-  (Wada et al., 2014c) 

WaterGAP 
Biases in long-term mean annual discharge corrected by adjusting exponent 
of function where part of effective precipitation becomes runoff from land 

depending on exponent of ratio of actual to maximum soil storage. 

(Müller Schmied et al., 
2014) 

 
 
Table A.2. Percentage catchment area (%) with a significant change in KGE* bias ratio (βKGE*) after inclusion of 
human activities, for all studied catchments and for the managed and (near-)natural catchment specifically. Percentage 
catchment area with improved βKGE* is shown first, percentage catchment area with decreased βKGE* is shown 
between brackets. 

 All Managed (Near)-natural 

H08 73.1 (18.5) 81.8 (9.2) 70.4 (21.5) 

LPJmL 59.5 (24.6) 90.7 (7.1) 49.5 (30.2) 

MATSIRO 42.1 (45.0) 75.7 (24.0) 31.3 (51.7) 

PCR-GLOBWB 67.9 (8.7) 65.3 (29.3) 68.8 (2.1) 

WaterGAP 36.0 (33.0) 72.4 (26.8) 24.3 (35.0) 

 

 

Table A.3. Percentage catchment area (%) with a significant change in KGE* variability ratio (γKGE*) after inclusion 
of human activities, for all studied catchments and for the managed and (near-)natural catchment specifically. 
Percentage catchment area with improved γKGE* is shown first, percentage catchment area with decreased γKGE* is 
shown between brackets. 

 All Managed (Near)-natural 

H08 62.6 (31.1) 91.2 (7.8) 53.5 (38.6) 

LPJmL 74.5 (19.1) 78.6 (21.1) 73.2 (18.5) 

MATSIRO 73.8 (20.2) 83.2 (11.9) 70.8 (22.9) 

PCR-GLOBWB 31.7 (36.4) 58.7 (35.7) 23.0 (36.7) 

WaterGAP 35.4 (58.0) 49.7 (50.0) 30.8 (60.6) 

 

 

Table A.4 Percentage catchment area (%) with a significant change in KGE* correlation coefficient (rKGE*) after 
inclusion of human activities, for all studied catchments and for the managed and (near-)natural catchment specifically. 
Percentage catchment area with improved rKGE* is shown first, percentage catchment area with decreased rKGE* is 
shown between brackets. 

 All Managed Natural 

H08 37.0 (33.4) 30.3 (61.6) 39.2 (24.4) 

LPJmL 30.5 (29.3) 75.5 (6.0) 16.1 (36.8) 

MATSIRO 57.8 (31.1) 46.8 (48.7) 61.4 (25.4) 

PCR-GLOBWB 15.8 (8.2) 21.7 (4.6) 13.9 (9.3) 

WaterGAP 44.9 (11.3) 43.1 (26.7) 45.6 (6.3) 
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Table A.5. Share of stations (%) per GHM that overestimates Q1 high-flow and Q99 low-flow in managed and (near-

)natural catchments. 

 Q1 high-flow Q99 low-flow 

 Managed  (Near-)natural Managed (Near-)natural 

H08 84.1 81.5 26.4 23.8 

LPJmL 82.8 88.5 44.5 22.5 

MATSIRO 28.2 42.3 37.9 57.7 

PCR-GLOBWB 61.7 56.4 66.5 81.1 

WaterGAP 39.2 41.9 70.9 74.2 
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Appendix B. 

  



 

156 

B1. Methods 

 

Equations B.1 and B.2 show how to express the isolated impact of socioeconomic changes and hydro-

climatic variability on changes in water shortage (FI) and stress (WSI) levels, relative to the fixed 

conditions. We expressed the impacts of each of these driving forces as the percentage of the changes 

in water shortage and stress levels under transient conditions, relative to the fixed conditions. We 

aggregated the calculated relative impacts per FPU to the reporting scale of regions by using a weighted 

summation based on population per FPU. 

𝑅𝐼𝑠𝑜𝑐𝑖𝑜𝑗,𝑦𝑟 =  ∑
𝑅𝐼𝑠𝑜𝑐𝑖𝑜𝑖,𝑦𝑟∗𝑃𝑖,𝑦𝑟

∑ 𝑃𝑖,𝑦𝑟
    𝑤ℎ𝑒𝑟𝑒𝑏𝑦  𝑅𝐼𝑠𝑜𝑐𝑖𝑜𝑖,𝑦𝑟 =  

|∆𝐼𝑠𝑜𝑐𝑖𝑜𝑖,𝑦𝑟|

|∆𝐼𝑠𝑜𝑐𝑖𝑜𝑖,𝑦𝑟|+|∆𝐼ℎ𝑐𝑖,𝑦𝑟|
 , Equation B.1 

𝑅𝐼ℎ𝑐𝑗,𝑦𝑟 =  ∑
𝑅𝐼ℎ𝑐𝑖,𝑦𝑟∗𝑃𝑖,𝑦𝑟

∑ 𝑃𝑖,𝑦𝑟
    𝑤ℎ𝑒𝑟𝑒𝑏𝑦  𝑅𝐼ℎ𝑐𝑖,𝑦𝑟 =  

|∆𝐼ℎ𝑐𝑖,𝑦𝑟|

|∆𝐼𝑠𝑜𝑐𝑖𝑜𝑖,𝑦𝑟|+|∆𝐼ℎ𝑐𝑖,𝑦𝑟|
 , Equation B.2 

 

|∆𝐼𝑠𝑜𝑐𝑖𝑜𝑖,𝑦𝑟| and |∆𝐼ℎ𝑐𝑖,𝑦𝑟| are the absolute changes in water shortage or stress values in FPU i  and year 

yr. 𝑅𝐼𝑠𝑜𝑐𝑖𝑜𝑖,𝑦𝑟 and 𝑅𝐼ℎ𝑐𝑖,𝑦𝑟 are the relative impacts (%) of socioeconomic changes and hydro-climatic 

variability respectively on a change in shortage and stress value for FPU i  and year yr. 𝑃𝑖,𝑦𝑟 is the 

population in FPU i and year yr, ∑ 𝑃𝑖,𝑦𝑟 is the sum of the population over region j and year yr, and 

𝑅𝐼𝑠𝑜𝑐𝑖𝑜𝑗,𝑦𝑟 and 𝑅𝐼ℎ𝑐𝑗,𝑦𝑟 are eventually the weighted relative impacts (%) on changes in water shortage 

and stress caused by changes in the socioeconomic conditions and induced by hydro-climatic variability. 

 

Equation B.3 shows how we broke down the relative impact of socioeconomic changes on changes in 

water stress into shares for industrial water consumption, livestock water consumption, irrigation water 

consumption, and domestic water consumption We identified for each FPU the yearly relative change 

of all individual water consuming sectors compared to the total change in water consumption, combined 

these results with the total socioeconomic shares, and weighted them over the population in order to 

calculate the relative impact per region. 

 

𝑅𝐼𝑠𝑠𝑒𝑐_𝑎𝑙𝑙𝑖,𝑟,𝑦𝑟 =  ∑
𝑅𝐼𝑠𝑜𝑐𝑖𝑜𝑠𝑒𝑐𝑖,𝑟,𝑦𝑟∗𝑅𝐼𝑠𝑜𝑐𝑖𝑜𝑖,𝑦𝑟∗ 𝑃𝑖,𝑦𝑟

∑ 𝑃𝑖,𝑦𝑟
    𝑤ℎ𝑒𝑟𝑒𝑏𝑦  𝑅𝐼𝑠𝑜𝑐𝑖𝑜𝑠𝑒𝑐𝑖,𝑦𝑟 =

 
|∆𝐼𝐶𝑠𝑜𝑐𝑖𝑜𝑠𝑒𝑐𝑖,𝑟,𝑦𝑟|

|∆𝐼𝐶𝑠𝑜𝑐𝑖𝑜𝑖,𝑦𝑟|
 , 

Equation B.3 

 

|∆𝐼𝐶𝑠𝑜𝑐𝑖𝑜𝑠𝑒𝑐𝑖,𝑟,𝑦𝑟| is the absolute change in water consumption for FPU i, sector r, and year yr under 

fixed hydro-climatic conditions, relative to the fixed conditions. |∆𝐼𝐶𝑠𝑜𝑐𝑖𝑜𝑖,𝑦𝑟| is the absolute change in 

total water consumption for FPU i, and year yr under fixed hydro-climatic conditions, relative to the 

fixed conditions. 𝑅𝐼𝑠𝑜𝑐𝑖𝑜𝑠𝑒𝑐𝑖,𝑟,𝑦𝑟 is the relative impact (%) of the change in water consumption of sector 

r, in FPU i, and year yr under transient conditions, relative to the fixed conditions. 𝑅𝐼𝑠𝑠𝑒𝑐_𝑎𝑙𝑙𝑖,𝑟,𝑦𝑟 is the 

weighted relative impact (%) of the change in water consumption of sector r, in region i, and year yr on 

changes in water shortage and stress under transient conditions, relative to the fixed conditions. 
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Example calculation 1: water scarcity conditions and the severity of events. 

If the population exposed is 80% under transient conditions and 20% under fixed socioeconomic 

conditions in region i and year yr, we calculate at this specific region and year an underestimation of 60 

percentage-points (pp) due to the use of fixed socioeconomic conditions in the analysis. On the other 

hand, if the population (or area) exposed is 80% under transient conditions and 90% under fixed hydro-

climatic conditions in region i and year yr, we calculate an overestimation of 10 pp due to the use of a 

long-term average climatology in the analysis.  

 

Example calculation 2: contribution of driving forces. 

Assume that a given FPU (FPU i) has a population of 1 million. In year yr, the FI values (water shortage) 

under the different scenarios are: 1,900  m3 cap–1 yr–1 under fixed conditions, 1,800 m3 cap–1 yr–1 under 

fixed socioeconomic conditions, 1,600 m3 cap–1 yr–1 under fixed hydro-climatic conditions, and 2,000 

m3 cap–1 yr–1 under transient conditions. In this case, the FI value under summed conditions would be 

1,500 m3 cap–1 yr–1 (i.e. 1,900 - 100 - 300). Since this is below the threshold level of 1,700 m3 cap–1 yr–1 

for water shortage, this would mean that FPU i does experience water shortage in year yr, whereby it is 

assumed that the entire population of 1 million experiences this shortage. On the other hand, under the 

transient conditions, no population would be exposed in FPU i and year yr, since the FI value of 2,000 

m3 cap–1 yr–1 exceeds the threshold value of 1,700 m3 capita-1 year-1. Hence, summing the impact of the 

two driving forces both studied in an isolated manner would result here in an overestimation of the 

population exposed in FPU i and year yr of 1 million people. 

 

Example calculation 3: relative contribution of driving forces. 

For a given FPU i, and year yr, the FI values are: 1,900 m3 cap–1 yr–1 under fixed conditions, 1,600 m3 

cap–1 yr–1 under the fixed hydro-climatic conditions, 1,800 m3 cap–1 yr–1 under fixed socioeconomic 

conditions, and 2,000 m3 cap–1 yr–1 under transient conditions. Thus, the isolated impacts of changes in 

socioeconomic conditions and hydro-climatic variability are respectively |300| and |100|. We therefore 

expressed these relative impacts as 75% (i.e. 300/400) and 25% (i.e. 100/400) of the actual total impact 

on changes in water shortage levels in FPU i and year yr, expressed as the difference in FI between the 

fixed and transient conditions. 

B2. Cross-model validation 

 

Figure B.1 shows the variation in yearly global water availability as calculated by the individual global 

hydrological models (GHMs) and by the multi-model ensemble-mean. We observe that the estimated 

global yearly water availability from PCR-GLOBWB is on average 33.4% higher than the multi-model 

ensemble-mean results, while the yearly water availability values from STREAM are on average 35.7% 

lower than the multi-model ensemble-mean water availability. The WaterGAP results are very similar 

to the multi-model ensemble-mean, with an average deviation of 2.4%. Regional values deviate from 

these global results, see Figure B.2. Whether these variations lead to differences in estimates of 

population exposed to water shortage or stress depends on the regional socioeconomic context. If water 

shortage and stress values for a given FPU are slightly under (shortage) or above (stress) the critical 
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threshold values when using the multi-model ensemble-mean water availability estimates, a small 

increase in water availability (e.g. using PCR-GLOBWB) may result in a large increase in the population 

exposed, whereas a slight decrease in water availability (e.g. using STREAM) may not lead to a change 

in the population exposed. The opposite is the case when shortage and stress values for a given FPU 

are located just above (shortage) or under (stress) the critical thresholds. Figures B.1b and B.1c show 

the model variation in estimates of the population exposed globally to water shortage and stress 

respectively under transient and fixed conditions. The estimated population exposed to water shortage 

is on average 26.3 percentage-points (pp) higher when using STREAM, relative to the multi-model 

ensemble-mean results. Using PCR-GLOBWB results, on average, in 11.9 pp lower estimates, relative 

to the multi-model ensemble-mean. For water stress, the estimated population exposed using STREAM 

is 16 pp higher than the multi-model ensemble-mean results, whilst using PCR-GLOBWB results in 

estimates that are on average 8.4 pp lower than the multi-model ensemble-mean results. For both water 

shortage and stress, WaterGAP shows only small deviations from the multi-model ensemble-mean 

estimates: on average -0.3 pp for water shortage and +2.4 pp for water stress. The differences between 

modelling estimates are on average smaller in case of water shortage and stress relative to the differences 

in water availability estimates, mainly due to the use of thresholds in water scarcity assessments. Regional 

values deviate, however, due to the dependency of the water shortage and stress estimates on the 

regional socioeconomic context, see Figures B.3 and B.4. 

 

 
Figure B.1. Model-differences at the global scale between the three GHMs (PCR-GLOBWB, STREAM, WaterGAP) 
and their multi-model ensemble-mean in: water availability estimates (Figure B.1a); estimates of the population 
exposed to water shortage events (Figure B.1b); and estimates of the population exposed to water stress events (Figure 
B.1c). 
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Figure B.2. Sub-figures show per region the water availability (km3) over the period 1960-2000 under fixed (dashed 
lines) and transient conditions (continuous lines) calculated with: (I) PCR-GLOBWB (blue); (II) STREAM (red); (III) 
WaterGAP (green), and (IV) Multi-model ensemble-mean (black). 

 

Figure B.3. Sub-figures show per region the population (%) exposed to water shortage events over the period 1960-2000 
under fixed (dashed lines) and transient (continuous lines) conditions calculated with: (I) PCR-GLOBWB (blue); (II) 
STREAM (red); (III) WaterGAP (green); and (IV) Multi-model ensemble-mean (black). 
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Figure B.4. Sub-figures show per region the population (%) exposed to water stress events over the period 1960-2000 
under fixed (dashed lines) and transient (continuous lines) conditions calculated with: (I) PCR-GLOBWB (blue); (II) 
STREAM (red); (III) WaterGAP (green); and (IV) Multi-model ensemble-mean (black). 
 

Figure B.5 shows for both shortage and stress the anomalies in estimated population exposed at the 

global scale due to the use of fixed socioeconomic conditions (Figures B.5a and B.5d) or the exclusion 

of hydro-climatic variability in water scarcity assessments (Figures B.5b and B.5e). Moreover, it shows 

the global anomalies when quantifying the influence of these driving forces on changes in water shortage 

and stress over time, expressed in terms of the contribution to changes in the estimated population 

exposed to water shortage or stress relative to the fixed conditions (Figures B.5c and B.5f). Additionally, 

Figure B.5 visualizes for each of the sub-figures the degree of modelling agreement in terms of sign 

(+/-) with the multi-model ensemble-mean estimates, which can be either: 0% (none of the models 

agree with the multi-model ensemble-mean), 33.33% (one model agrees with the multi-model ensemble-

mean), 66.67% (two models agree with the multi-model ensemble-mean) or 100% (all models agree with 

the multi-model ensemble-mean). For both shortage and stress, we observe a high modelling agreement 

with respect to the estimated anomalies due to fixed socioeconomic conditions: from 1965 onward the 

modelling agreement remains 100% in both cases, the change in population is mainly in one direction 

and after five years of cumulative population growth it outweighs the influence of hydro-climatic 

variability. Regarding, the estimated anomalies due to fixed hydro-climatic conditions, the modelling 

agreement is lower: on average 61% (shortage) and 65% (stress). This relatively lower modelling 

agreement when analysing the impact of fixed hydro-climatic conditions in water scarcity assessments 

can be explained by: (1) structural differences in water availability and the distance of water shortage 

and stress estimates to the critical threshold values; (2) the fact that, contrary to the anomalies found 

due to fixed socioeconomic conditions, the anomalies caused by fixed hydro-climatic conditions are 
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relatively small and variable in sign from year to year: therefore they might level-out when aggregating 

from regional to global scale; and (3) differences in modelling ‘processing time’ (e.g. interpretation of 

the hydrological cycle) might lead to time-lags of the different modelling estimates: since the analysis of 

anomalies due to fixed hydro-climatic conditions is largely based on anomalies due to this yearly 

variation, a modelling time-lag of a couple of months could have a large influence on the model results. 

Regarding the estimated anomalies when quantifying the influence of the driving forces ‘changing 

socioeconomic conditions’ and ‘hydro-climatic variability’ on changes in the estimated population 

exposed, we observe a relatively higher modelling agreement for water shortage (on average 64.2%) than 

for water stress (on average 56.1%). 

 

 
Figure B.5. Model agreement in global scale anomaly analyses regarding water shortage and stress. Figures B.5a and 
B.5d show the anomaly in estimated population exposed to water shortage and stress events respectively due to the use 
of fixed socioeconomic conditions in water scarcity assessment. Figures B.5b and B.5e show the anomaly in estimated 
population exposed to water shortage and stress events respectively due to the use of fixed hydro-climatic conditions 
in water scarcity assessment. Figures B.5c and B.5f show the anomaly in estimated impact of the two driving forces 
‘changing socioeconomic conditions’ and ‘hydro-climatic variability’ on changes in the population exposed to water 
shortage and water stress events respectively. Below each of the sub-figures, the modelling agreement is shown, which 
can vary from: 0% (no models agree with the multi-model ensemble-mean), 33.33% (one model agrees with the multi-
model ensemble-mean), 66.67% (two models agree with the multi-model ensemble-mean) or 100% (all models agree 
with the multi-model ensemble-mean). 
 

Figure B.6 shows the variation among model-estimates of the relative contribution of hydro-climatic 

variability to cumulative changes in water shortage (Figure B.6a) and water stress (Figure B.6b) at the 

global scale. Differences between the different models and the multi-model ensemble-mean are 

relatively small: for STREAM on average 6.3 pp (shortage) and 4 pp (stress), for PCR-GLOBWB on 

average 0.3 pp (shortage) and 0.01 pp (stress), and for WaterGAP -1 percentage-point for water shortage 

and -0.3 pp for water stress. The relative contribution of hydro-climatic variability to changes in water 

shortage and stress is larger in the STREAM results than in the results of the other hydrological models 

and the multi-model ensemble-mean. This can be explained by the structural differences in water 

availability estimates. STREAM’s water availability estimates are structurally lower than the water 
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availability estimates of the other models and the multi-model ensemble-mean. At the same time, the 

size of STREAM’s inter-annual variation in water availability is high (together with PCR-GLOBWB) in 

an absolute sense relative to the other model-estimates (global average yearly variation in water 

availability: PCR-GLOBWB: 1,100 km3, STREAM: 1,150 km3, WaterGAP: 908 km3, Multi-model 

ensemble-mean: 928 km3). The combination of these differences in structural water availability and year-

to-year variation results in a relatively large year-to-year variability in water availability in terms of 

percentage of the mean water availability estimates for STREAM compared to the other models: PCR-

GLOBWB: 2.1%, STREAM: 4.6%, WaterGAP: 2.3%, Multi-model ensemble-mean: 2.4%. 

Subsequently, these differences in the relative size of the year-to-year variability result in a higher 

contribution of hydro-climatic variability to changes in water shortage and stress levels for STREAM, 

compared to the other models. 

 

 
Figure B.6. Model-differences at the global scale in estimated relative contribution (%) of hydro-climatic variability to 
overall changes in water shortage (Figure B.6a), and water stress (Figure B.6b) conditions over the period 1960-2000 
relative to the fixed conditions. Models taken into account are: PCR-GLOBWB (blue), STREAM (red), WaterGAP 
(green), and the multi-model ensemble-mean (black). 
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B3. Figures 

 

 
Figure B.7. Distribution of FPUs and world regions. 
 
 

 

 
Figure B.8. Distribution of 23 largest river basins with their corresponding FPUs located within these basins. 
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Figure B.9. Frequency of water scarcity events. Figures B.9a and B.9b show per FPU the frequency of water shortage 
and stress events, respectively. Frequency is expressed here as a percentage, whereby 100% is equal to 41 years. The 
figures show regional patterns in occurrence of shortage and stress events, also found by Kummu et al. (2010) and Wada 
et al. (2011a). Differences in these patterns within each of the water scarcity indices, but also between the two indices 
used to express water scarcity, can be explained by the spatial variation in socioeconomic conditions in combination 
with the water resources availability. The dashed areas highlight those FPUs for which water scarcity events also occur 
under fixed conditions. 
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Figure B.10. Regional estimates of the population exposed (%) to water shortage (Figure B.10a) and water stress 
(Figure B.10b) events over the period 1960-2000 under the four scenarios. Sub-figures show per region the population 
exposed (%) to water shortage and water stress events under: (I) Fixed conditions (black dashed line); (II) Fixed hydro-
climatic conditions (red line); (III) Fixed socioeconomic conditions (green line); and (IV) Transient conditions (black 
line). Differences in the estimated exposed population between the different scenarios can be interpreted as anomalies 
in estimated population exposed to water shortage or stress due to the use of partially fixed conditions in water scarcity 
assessments. 
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Figure B.11. Global estimates of the weighted average anomalies over the period 1960-2000 using continuous water 
scarcity conditions. Figures B.11a and B.11d show the anomaly in estimated water shortage and stress conditions due 
to the use of fixed socioeconomic conditions; Figures B.11b and B.11e show the anomaly in estimated water shortage 
and stress conditions due to the use of fixed hydro-climatic conditions; Figures B.11c and B.11f show the anomaly in 
estimated impact of the two driving forces ‘changing socioeconomic conditions’ and ‘hydro-climatic variability’ on 
changing water shortage and stress conditions. 
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Figure B.12. Regional estimates of the weighted average anomalies over the period 1960-2000 using continuous water 
shortage conditions. The green bars show the anomaly in estimated water shortage conditions due to the use of fixed 
socioeconomic conditions; The red bars show the anomaly in estimated water shortage conditions due to the use of 
fixed hydro-climatic conditions; The blue bars show the anomaly in estimated impact of the two driving forces 
‘changing socioeconomic conditions’ and ‘hydro-climatic variability’ on changing water shortage conditions. 
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Figure B.13. Regional estimates of the weighted average anomalies over the period 1960-2000 using continuous water 
stress conditions. The green bars show the anomaly in estimated water stress conditions due to the use of fixed 
socioeconomic conditions; The red bars show the anomaly in estimated water stress conditions due to the use of fixed 
hydro-climatic conditions; The blue bars show the anomaly in estimated impact of the two driving forces ‘changing 
socioeconomic conditions’ and ‘hydro-climatic variability’ on changing water stress conditions. 
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Figure B.14. Regional estimates of the population exposed (%) to water shortage (Figure B.14a) and water stress 
(Figure B.14b) events over the period 1960-2000 under fixed, transient, and summed conditions. Sub-figures show per 
region the population exposed (%) to water shortage and water stres events under: (I) Fixed conditions (black dashed 
line); (II) Transient conditions (black line); and (III) Summed conditions (red dashed line). Differences between the 
summed conditions results and the transient conditions results can be interpreted as anomalies in the impacts of the 
two driving forces ‘changing socioeconomic conditions’ and ‘hydro-climatic variability’ on changes in the population 
exposed to water shortage and water stress respectively. 



 

170 

 

Figure B.15. Spatial distribution of the tipping-point years visualized per FPU under cumulative changing water 
shortage (Figure B.15a) and water stress (Figure B.15b) conditions. Until this tipping-point year the contribution of 
hydro-climatic variability outweighs the sum of change in socioeconomic conditions on the overall cumulative 
changing water scarcity conditions. After this tipping-point year, changing socioeconomic conditions are perceived as 
the largest driver of overall cumulative change.  
 



 

171 

 

Figure B.16. Relative year-to-year contribution (%) of hydro-climatic variability and socioeconomic developments to 
changes in water shortage (blue) and water stress (red) conditions at the regional scale. The X-axis ranges from 1960-
2000; the Y-axis ranges from 0-100%. 
 
 

 
Figure B.17. Average relative contribution (%) of hydro-climatic variability to the year-to-year changes in water shortage 
(Figure B.17a) and water stress (Figure B.17b) conditions, shown at the FPU-scale.  
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Figure B.18. Relative contribution (%) of hydro-climatic variability and sectoral socioeconomic developments to 
cumulative changes in water stress (WSI) conditions over the period 1960-2000, shown at the regional scale. The X-axis 
ranges from 1960-2000; the Y-axis ranges from 0-100%. 

 
 

 
Figure B.19. Relative contribution (%) of hydro-climatic variability and sectoral socioeconomic developments to the 
yearly changes in water stress (WSI) conditions over the period 1960-2000, shown at the regional scale. The X-axis 
ranges from 1960-2000; the Y-axis ranges from 0-100%. 
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Figure B.20. Spatial distribution of socioeconomic sectors with the largest relative contribution to changing water stress 
conditions. Figure B.20a shows per FPU the socioeconomic sector that has the largest relative socioeconomic 
contribution to the cumulative change in water stress values up to the year 2000, Figure B.20b shows per FPU the 
socioeconomic sector with the largest average relative socioeconomic contribution to the year-to-year changes in water 
stress conditions.  
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Appendix C. 
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C1. Figures 

 

Figure C.1. Hydrological years used in this study. 

 

 

 

Figure C.2. Correlation (Spearman’s Rho) of yearly water shortage conditions (FI), as assessed under fixed 
socioeconomic conditions, to variations in JMA SST using the 3-monthly period with the highest correlation (JMA 
SSTbestoff). Significance was tested by regular bootstrapping (n = 1,000, p ≤ 0.05) and the correlation is only shown for 
those areas with significant correlations. Positive correlations indicate increases in FI values (less severe water shortage 
conditions) with the JMA SSTbestoff index moving towards El Niño values. Negative correlations indicate decreases in 
FI values (more severe water shortage conditions) with the JMA SSTbestoff index moving towards El Niño values. 



 

177 

 
Figure C.3. Development of population and land area exposed to water shortage events and/or sensitive to ENSO 
driven climate variability over the period 1961-2010, as estimated with the FI. Figure C.3a shows the growth in 
population living under water shortage conditions and/or living in areas sensitive to ENSO driven climate variability 
relative to the total growth in global population (set at 100 in 1961). Figure C.3b shows the increase in land area exposed 
to either water shortage events and/or ENSO driven climate variability relative to the total global land area (100). 
 
 

 

Figure C.4. Regional variation in developments of population (%) exposed to water shortage events and/or sensitive 
to ENSO driven climate variability over the period 1961-2010, as estimated with the FI. Figure C.4 shows per world 
region the growth in population living under water scarcity conditions and/or living in areas sensitive to ENSO driven 
climate variability, relative to the total growth in global population (set at 100 in 1961). Y-axis (% population) ranges 
from 0 up to 400. 
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Figure C.5. Development of the land area exposed to water scarcity events and/or sensitive to ENSO driven climate 
variability over the period 1961-2010, as assessed by the individual global hydrological models (GHMs: STREAM, PCR-
GLOBWB, and WaterGAP) and the ensemble-mean. Figures C.5a and C.5d show the development in land area 
sensitive to ENSO driven climate variability as estimated under the ensemble-mean (yellow) and individual GHMs 
(grey), using the WSI and FI respectively. Figures C.5b and C.5e present the increase in land area exposed to water 
stress and shortage events respectively, for the ensemble-mean (orange) and individuals GHMs (grey). Figures C.5c 
and C.5f visualize the portion of land area that is exposed to water stress and shortage events respectively, while it 
shows at the same time a significant correlation to ENSO driven climate variability for the ensemble-mean (red) and 
individual GHMs (grey).  
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C2. Tables 

 
Table C.1. Development of (a) the global total population, (b) the global population exposed to water shortage events 
(FI), (c) the global population living in areas sensitive to ENSO driven climate variability, and (d) the global population 
being exposed to water shortage events (FI) and living in areas sensitive to ENSO driven climate variability, between 
1961 and 2010 using 5-year averaged values. Numbers between brackets show the values expressed in percentage of the 
total population. Growth factors represent both the absolute increases as well as the relative increases over time. 

 
(a) Total 

population 

(b) Population 
exposed to water 

shortage events (FI 
≤ 1,700) 

(c) Population 
sensitive to ENSO 

driven climate-
variability 

(d) Population sensitive to 
ENSO driven climate-

variability and exposed to 
water shortage events (FI 

≤ 1,700) 

1961-1965 2.97 billion 0.39 billion (13.2% 1.01 billion (34.1%) 0.14 billion (4.8%) 

2006-2010 6.25 billion 2.57 billion (41.1%) 2.41 billion (38.6%) 0.99 billion (15.9%) 

Growth factor 2.1 6.6 (3.1) 2.4 (0.4) 6.9 (2.9) 
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Appendix D. 
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D1. Methods 

 

D1.1 Defining water scarcity 

Water scarcity refers to the imbalance between water availability and the needs for water over a specific 

time period and for a certain region (Falkenmark, 2013a; Falkenmark et al., 1989; Raskin et al., 1997). 

In this study we focus on blue water scarcity only (hereafter: water scarcity) although we acknowledge 

that water scarcity related to the green (agricultural, soil moisture), and deep blue (fossil groundwater) 

water sources form a significant part of the global water scarcity issue and must not, ideally, be assessed 

separately (Savenije, 2000). Sophisticated modelling approaches to combine green, blue and deep blue 

water sources into one indicator for water scarcity are, however, currently lacking (Schyns et al., 2015). 

The monthly time-scale of this study limits us to the use of the water fluxes (streamflow, (sub-)surface 

runoff, and base flow) while we assume the storage components of the blue water availability (lakes, 

aquifers, sub-surface reservoirs), for which the absolute values are unknown, to be in equilibrium. 

Consequently, we underestimate the actual blue water availability and overestimate the water scarcity 

conditions in those areas that heavily rely on these storage components. We do take into account the 

non-renewable groundwater resources, however, as well as the non-conventional water resources 

(desalination), although in an indirect manner. As the use of these water resources lowers the needs for 

water, we subtract the availability of these resources from our water withdrawal estimates, following the 

methodology of Wada et al. (2011a, 2014c). 

 

In this study we applied the water scarcity index (Falkenmark, 2013a; Falkenmark et al., 1989; Raskin et 

al., 1997), an often used indicator that estimates the ratio between water withdrawals and water 

availability (Alcamo et al., 2003b, 2007; Arnell, 1999; Gosling & Arnell, 2016; Hanasaki et al., 2013; 

Hoekstra et al., 2012; Kiguchi et al., 2015; Kundzewicz et al., 2008; Mekonnen & Hoekstra, 2016; 

Veldkamp et al., 2015b, 2015a; Vörösmarty et al., 2000b). Following Mekonnen and Hoekstra (2016) 

we explicitly incorporate minimum environmental flow requirements when estimating water scarcity 

conditions. If WSIi,m values are > 1, i.e. if more than 100% of the available freshwater resources is being 

allocated for environmental or anthropogenic needs (Mekonnen & Hoekstra, 2016), water scarcity is 

said to occur, see Equation D1.1:  

 

𝑊𝑆𝐼𝑖,𝑚 =  
𝑊𝑊𝑖,𝑚

𝑊𝐴𝑖,𝑚−𝐸𝐹𝑖,𝑚
,  

Equation D1.1 

 

where WSIi,m is the water scarcity index for cell i and month m, WWi,m is the total water withdrawal in 

cell i and month m minus the water available in non-renewable groundwater resources and from 

desalination plants, WAi,m the total water availability in cell i and month m, and EFi,m the environmental 

flow requirement. 
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D1.2 Describing and characterizing water scarcity 

A number of variables were used in this study to describe and characterize water scarcity and water 

scarcity events. With exposure to water scarcity, we refer here to the share of population (using 2010 

values) (Klein Goldewijk & van Drecht, 2006) and/or land area that experiences water scarcity in a 

certain month, time period, or place. For the purpose of comparison, exposure is often expressed as a 

relative term, i.e. exposed population as percentage of the total population, globally, or per river basin. 

To distinguish between individual river basins we used the DDM30 river basin map (Döll & Lehner, 

2002). The average duration is the average length of water scarcity events, calculated as: 

 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛𝑖 =  
𝑁𝑀𝑠𝑐𝑎𝑟𝑖

𝑁𝐸𝑠𝑐𝑎𝑟𝑖
,                                                                                    Equation D1.2 

 

where Average Durationi is the average duration of water scarcity events in cell i, NMscari is the number 

of months with WSI > 1 in cell i, and NEscari is the number of water scarcity events in cell i. 

 

D1.3 Modelling water resources availability  

Water availability was estimated over the period 1971-2010 using monthly runoff and discharge (0.5º x 

0.5º) from an ensemble of five impact models (Table D.1, Appendix D4): H08 (Hanasaki et al., 2008a, 

2008b), LPJmL (Bondeau et al., 2007; Schaphoff et al., 2013), MATSIRO (Pokhrel et al., 2015; Takata 

et al., 2003), PCR-GLOBWB (van Beek et al., 2011; Wada et al., 2014c), and WaterGAP (Müller Schmied 

et al., 2016). These impact models were forced with daily inputs from three observations‐based historical 

climate data-sets (PGMFD v.2, GSWP3, WFD/WFDEI) creating an ensemble of 15 combinations. The 

Princeton Global Meteorological Forcing Data-set, version 2 (PGMFD v.2) is an update of the forcing 

described by Sheffield et al. (2006). The GSWP3 data-set was developed as part of the third phase of 

the Global Soil Wetness Project (GSWP) and is a century long (1901-2010), high resolution, global 

climate data-set (http://hydro.iis.u-tokyo.ac.jp/GSWP3/). The WFD/WFDEI data-set was created by 

applying the WFD methodology to the newer ECMWF ERA-Interim reanalysis data (Weedon et al., 

2014). We refer to the individual model references and to Müller Schmied et al. (2016) for a 

comprehensive overview of the different historical climate data-sets. The HYDE 3 - MIRCA data-set 

(Klein Goldewijk & van Drecht, 2006; Portmann et al., 2010; Ramankutty et al., 2008), assembled 

following Fader et al. (2010), was used in this study as reference data-set for the historical irrigation 

and/or cropland patterns. 

 

The estimated monthly water availability (Qi), consists of locally generated runoff and incoming 

discharge from upstream cells being deducted with the total upstream water consumption (Wada et al., 

2011a): 

 

𝑊𝐴𝑖,𝑚 = 𝑄𝑙𝑜𝑐,𝑖,𝑚 + ∑ (𝑄𝑗,𝑚 − 𝑊𝐶𝑚),   𝑛
𝑗=𝑖+1   Equation D1.3 
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where WAi,m is the total water availability in cell i (m3 month-1) and month m, Qloc,i,m the local runoff 

generated in cell i and month m (m3 month-1), Qj,m the discharge entering cell i from all upstream cells (n 

= 7 or 8 in case of internal sink) j  in month m (m3 month-1), and WCm the total upstream water 

consumption in month m (m3 month-1), encompassing the agricultural (irrigation and livestock), 

domestic, and industrial (energy and manufacturing) sectors. Under the No human interventions (NHI) 

run WCm is equal to zero. Each model uses a different water demand allocation method to estimate the 

𝑄𝑗,𝑚 − 𝑊𝐶𝑚 under the Human Interventions (HI) run (Table D.1, Appendix D3). Whereas water is 

supplied from surface water (first) in LPJmL, H08, and MATSIRO to fulfil the consumptive water 

needs, WaterGAP always fulfils the water demand from groundwater and only from surface water in 

case of enough river flow. PCR-GLOBWB, finally, uses a ratio between the simulated daily base flow 

and the long-term average river discharge as a proxy to infer the readily available amount of renewable 

groundwater reserves that can be used to accommodate consumptive water needs. As a result, the net 

discharge (accounting for the consumptive water needs) entering cell i from all upstream cells varies 

across the models, not only due to differences in generation of discharge or the height of the modelled 

water demands, but also due to differences in fulfilment of these water demands by surface water and/or 

groundwater. 

D1.4 Modelling environmental flow requirements 

Using the total monthly water availability per cell under the NHI run, we estimated the minimum 

environmental flow requirements using the variable monthly flow (VMF) methodology (Pastor et al., 

2014). Instream or environmental flow requirements (Smakhtin, 2008; Smakhtin et al., 2004; Tennant, 

1976; Tessmann, 1980) (EFR) are a relatively young topic in the discipline of global modelling of 

freshwater resources and water scarcity, with Smakthin et al. (2004, 2008) being among the first to 

include them in global-scale analyses of freshwater resources and basin closure. Smakthin et al. (2004) 

presented a first attempt to estimate the volume of water required for the maintenance of freshwater-

dependent ecosystems at the global scale, using a “combination of ecologically relevant low-flow and 

high-flow components related to river flow variability and estimated by conceptual rules from discharge 

time-series simulated by the global hydrology model”. Building further on their experience and results, 

various global studies (Bonsch et al., 2015; Mekonnen & Hoekstra, 2016; Wada et al., 2013a) have 

recently used either a predefined reservation of water (20-70%) or a low-flow indicator (Q90) to take 

into account a reservation of freshwater for environmental purposes in their freshwater resources 

and/or water scarcity assessments. Integrating the concept of EFR further in the global modelling of 

freshwater resources, Pastor et al. (2014) compared and tested different calculation methods for the 

estimation of EFR in global-scale simulations. In this analysis, the authors compared for 11 case studies 

the locally defined EFR (with methods being used ranging from: hydrological methods, hydraulic 

methods, habitat simulation methods; or holistic methods -e.g. expert knowledge) with EFR estimates 

using a global methodological approach (Smakhtin, 2008; Smakhtin et al., 2004; Tennant, 1976; 

Tessmann, 1980). On top of the existing three global methods, two new methods were defined by Pastor 

et al. (2014) that are combinations of the global methods mentioned before: a purely non-parametric 

method, using the flow quantiles Q90 and Q50 to estimate EFR, and a parametric method (the variable 

monthly flow - VMF), following the natural variability of river discharge, but increasing the protection 
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of freshwater ecosystems during the low-flow season. According to their validation exercise, the VMF 

method is one of the best global approaches describing minimum environmental flow requirements at 

local and regional scales (Pastor et al., 2014). Given its performance, flexibility, and applicability, we 

therefore adopted this VMF method in our study. We are, nevertheless, aware of the fact that the 

environmental flow requirements included in our analysis are relatively simple “conceptual hydrology-

based rules-of-thumb for the assessment of bulk environmental water requirements in world river 

basins” (Smakhtin et al., 2004), and that more detailed environmental flow requirements could be 

incorporated when looking at the scale of individual rivers or basins. Following the approach for 

estimation of the EFR via the VMF method (Pastor et al., 2014), we determined first the low-flow, 

medium-flow, and high-flow months, and subsequently we assessed their associated environmental flow 

requirements as: 

 

{

𝐸𝐹𝑖,𝑚 =  0.6 ∗ 𝑀𝑀𝐹𝑖,𝑚  𝑔𝑖𝑣𝑒𝑛 𝑡ℎ𝑎𝑡 𝑀𝑀𝐹𝑖,𝑚  ≤ 0.4 ∗  𝑀𝐴𝐹𝑖                                        

 𝐸𝐹𝑖,𝑚 =  0.3 ∗ 𝑀𝑀𝐹𝑖,𝑚  𝑔𝑖𝑣𝑒𝑛 𝑡ℎ𝑎𝑡 𝑀𝑀𝐹𝑖,𝑚 > 0.8 ∗  𝑀𝐴𝐹𝑖                                         

𝐸𝐹𝑖,𝑚 =  0.45 ∗ 𝑀𝑀𝐹𝑖,𝑚  𝑔𝑖𝑣𝑒𝑛 𝑡ℎ𝑎𝑡  0.4 ∗  𝑀𝐴𝐹𝑖  <  𝑀𝑀𝐹𝑖,𝑚 ≤ 0.8 ∗   𝑀𝐴𝐹𝑖      
                                                                              Equation D1.4 

 

where EFi,m are the environmental flow requirements in cell i and month m, MAFi,m is the mean annual 

flow in cell i, and MMFi,m is the mean monthly flow in cell i and month m. 

D1.5 Modelling water demand 

The consumptive water demands that are used in this study to adjust the river flow under the HI run 

(consumption) and to assess water scarcity under the HI and NHI run (withdrawal) encompass water 

demands of the agricultural sector (irrigation and livestock), the industry sector (energy and 

manufacturing), and water demands for domestic use. 

 

For the calculation of all sectoral water demand a number of socioeconomic parameters (GDP, 

population density, livestock density, land use and land cover) are used. To estimate irrigation, livestock, 

and industrial water demand, hydro-climatological parameters are used as well. Livestock water demands 

are estimated by multiplying the historical gridded livestock counts with their species-specific water daily 

demands (Flörke et al., 2013; Wada et al., 2014c, 2016). Domestic water demands were derived using a 

time-series regression by individual countries and regions using the drivers population and GDP per 

capita (Flörke et al., 2013; Hanasaki et al., 2008a, 2008b; Pokhrel et al., 2012, 2015; Takata et al., 2003; 

Wada et al., 2014c, 2016; Yoshikawa et al., 2014). PCR-GLOBWB additionally considers total electricity 

production, energy consumption, and temperature (Wada et al., 2014c, 2016). National numbers of 

domestic water use are distributed to a 0.5◦ by 0.5◦ grid according to the gridded total population 

numbers for all models and technological change rates were considered. Industrial water demands 

represent water being used for electricity production and/or manufacturing (Flörke et al., 2013; 

Hanasaki et al., 2008a, 2008b; Pokhrel et al., 2012, 2015; Takata et al., 2003; Wada et al., 2014c, 2016; 

Yoshikawa et al., 2014). Whereas H08 and PCR-GLOBWB based their estimates of industrial water 

demands on historical country-scale aggregates (electricity production and manufacturing combined) 

from the WWDR-II data-set (Shiklomanov, 1997; Vörösmarty et al., 2005; WRI et al., 1998) and the 
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FAO-AQUASTAT database4 respectively (Hanasaki et al., 2008a, 2008b; Wada et al., 2014c, 2016; 

Yoshikawa et al., 2014), WaterGAP simulates global thermoelectric water use using gridded power plant 

data whilst manufacturing water demand was simulated for each country using the GVA per country 

and year, a technological change factor, and a manufacturing structural water use intensity (Flörke et al., 

2013). Irrigation water use, finally, was estimated generally by multiplying the area equipped for irrigation 

with the utilization intensity of irrigated land, the total crop water requirements per unit of irrigated area 

and the efficiency of irrigation that accounts for the losses during water transport and application of the 

irrigation method (Wada et al., 2016). Here, the specific crop water requirements are driven by the hydro-

climatic conditions (temperature, precipitation, potential evapotranspiration, soil moisture, crop-growth 

curves, length and timing of the crop-growth season), whilst irrigation efficiency, the area equipped for 

irrigation and the utilization intensity are merely determined by economic, technological and political 

factors (Bondeau et al., 2007; Döll & Schmied, 2012; Döll & Siebert, 2002; Döll et al., 2014a; Hanasaki 

et al., 2008a, 2008b; Müller Schmied et al., 2014, 2016; Pokhrel et al., 2012, 2015; Portmann et al., 2010; 

Schaphoff et al., 2013; Takata et al., 2003; Wada et al., 2014c). Each of these models have, moreover, 

performed an extensive validation study on the ability of their water demand model/ modelling 

frameworks to reflect historical developments in water demands, using historical observations or 

reported values as validation data-sets (Flörke et al., 2013; Hanasaki et al., 2008a, 2008b; Pokhrel et al., 

2012; Wada et al., 2014c, 2016). For a systematic comparison and overview of the water demand 

calculation methods applied in each of the impact models we further refer to Wada et al. (2016) and the 

individual model references. Four (H08, MATSIRO, PCR-GLOBWB, WaterGAP) of the five impact 

models considered modelled water withdrawals for the non-irrigation sectors. To cover non-irrigation 

water withdrawals in LPJmL, we used an ensemble-mean value that reflects the non-irrigation water 

withdrawal estimates from the other models. All impact models modelled irrigation water consumption 

and withdrawals endogenously. All, but WaterGAP, used the dynamic HYDE 3/MIRCA data-set as 

base-map for the extent of irrigated areas and cropland. Present-day (year 2000) rainfed and irrigated 

areas from MIRCA (Portmann et al., 2010), cropland and pasture extents from Ramankutty et al. (2008), 

and trends of agricultural land from HYDE 3 (Klein Goldewijk & van Drecht, 2006) were combined 

following Fader et al. (2010) to create a time-varying data-set with information on croplands and the 

extent of irrigated areas. Figure B.15 visualizes the expansion of irrigation areas and irrigation water 

demand over the period 1971-2010. Under transient conditions, all impact models diminished the river 

flow with endogenously (H08, MATSIRO, PCR-GLOBWB, WaterGAP) and/or partially endogenously 

(LPJmL) calculated water consumption. In this study, we diminished the river flow with the actual 

irrigation water consumption since this is the amount of water that is actually consumed given the 

restricted availability of freshwater. The WSI was calculated, however, using the potential irrigation 

water withdrawals since this is the volume of water that should ideally be available in order to 

accommodate all irrigation water needs. 

  

                                                            
4 AQUASTAT online database (http://www.fao.org/nr/water/aquastat/dbase/index.stm) 
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D2. Figures 
 

 
Figure D.1. Seasonal exposure of population to water scarcity including and excluding human interventions. Figure 
D.1 shows for a selection of river basins the seasonal exposure to water scarcity, expressed as percentage of the 
population (2010). The magenta and black lines show the ensemble-median long-term mean exposure per month under 
the human interventions (HI) and no human interventions (NHI) run, respectively whilst the green line visualizes the 
long-term mean net monthly effect of HI on the exposure to water scarcity. The shaded areas show the interquartile 
range (q25-q75) in exposure to water scarcity and in the net impacts of HI on the exposure to water scarcity. 
 

 
Figure D.2. Seasonal exposure of population to significant changes in water availability caused by human interventions. 
Figure D.2 shows for a selection of river basins the seasonal exposure to significant changes in water availability due 
to human interventions (HI), expressed as percentage of the population (2010). Coloured lines present the ensemble-
median long-term mean exposure per month to any significant (>5%) decreases (red), and significant increases (blue) 
in water availability due to HI. The shaded areas visualize the interquartile ranges (q25-q75) around the ensemble-
median results. 
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Figure D.3. Seasonal share of population moving in/out of water scarcity due to human interventions. Figure D.3 
shows for a selection of river basins per month the share of population that moves in/out of water scarcity due to 
human interventions (HI). Coloured lines visualize the ensemble-median long-term mean population (%) that moves 
out (blue) or moves into (red) water scarcity, due to HI. The shaded areas visualize the interquartile ranges (q25-q75) 
around the ensemble-median results. 
 
 

 

Figure D.4. Share of population experiencing significant changes in average duration and occurrence of water scarcity 
events due to human interventions. Figure D.4 shows for a selection of river basins the share of population (2010 levels) 
experiencing significant increases or decreases in the average duration and occurrence of water scarcity events due to 
human interventions (HI). Boxplot values show the ensemble-median (red lines) as well as the interquartile ranges 
(blue boxes).  
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Figure D.5. Share of population experiencing a significant alleviation/aggravation of water scarcity conditions due to 
human interventions. Figure D.5 shows for a selection of river basins the share of population experiencing a significant 
aggravation or alleviation in water scarcity conditions due to human interventions (HI). The coloured lines visualize 
the ensemble-median long-term mean  population (%) that experiences a significant (>5%) alleviation (blue) or 
aggravation (red) of water scarcity conditions, whilst already being in water scarce conditions, due to HI. The shaded 
areas visualize the interquartile ranges (q25-q75) around the ensemble-median results. 
 

 

 

Figure D.6. Population-weighted ratio between upstream area/total catchment area when looking at the movement 
into or out of water scarcity due to human interventions. Figure D.6 shows for a selection of basins the ratio between 
the upstream area and the total catchment area for areas, when selecting for those moving out of water scarcity due to 
human interventions (HI) (blue); and those moving into water scarcity due to HI (red). The shaded areas visualize the 
interquartile ranges (q25-q75) around the ensemble-median results. 
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Figure D.7. Dominant driver of changes in water availability due to human interventions. Figure D.7 shows the share 
of the global population (2010) having as dominant driver and origin of change: Local runoff: Land Use and Land Cover 
Change (LULCC) & Reservoirs; Incoming discharge: LULCC & Reservoirs; or Incoming discharge: Upstream water 
consumption, when taking into account all significant changes in water availability due to human interventions (HI). 
 
 

 

Figure D.8. Dominant driver of decreases in water availability due to human interventions. Figure D.8 shows the share 
of the global population (2010) having as dominant driver and origin of change: Local runoff: Land Use and Land Cover 
Change (LULCC) & Reservoirs; Incoming discharge: LULCC & Reservoirs; or Incoming discharge: Upstream water 
consumption, when taking into account only those areas with significant decreases in water availability due to human 
interventions (HI). 
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Figure D.9. Dominant driver of increases in water availability due to human interventions. Figure D.9 shows the share 
of the global population (2010) having as dominant driver and origin of change: Local runoff: Land Use and Land Cover 
Changes (LULCC) & Reservoirs; Incoming discharge: LULCC & Reservoirs; Incoming discharge: Upstream water 
consumption, when taking into account only those areas with significant increases in water availability due to human 
interventions (HI). 
 

 

Figure D.10. Seasonal exposure of population to water scarcity with and without reservoir operations and land use and 
land cover change as only human interventions. Figure D.10 shows for a selection of river basins and globally the 
seasonal exposure to water scarcity, expressed as percentage of the population (2010). The magenta and black lines 
show the ensemble-median long-term mean exposure per month under the human interventions (HI) and no human 
interventions (NHI) run, respectively. The blue line visualizes the ensemble-median long-term mean exposure per 
month when taking into account only reservoir operations and Land Use and Land Cover Change (LULCC) as HI. 
The shaded areas show the interquartile range (q25-q75) in exposure to water scarcity. 
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Figure D.11. Share of population experiencing significant changes in average duration and occurrence of water scarcity 
events due to implementation of reservoir operations and land use and land cover change as only human intervention. 
Figure D.11 shows for a selection of river basins and globally the share of population (2010 levels) exposed to significant 
increases or decreases in the average duration of water scarcity events and occurrence of water scarcity due to the 
implementation of reservoir operations and Land Use and Land Cover Change (LULCC). Boxplot values show the 
ensemble-median (red lines) as well as the interquartile ranges (blue boxes). 
 
 

 

Figure D.12. Exposure of population to significant changes in water availability due to implementation of reservoir 
operations and land use and land cover change as only human intervention. Figure D.12 shows for a selection of river 
basins and at the global scale the seasonal exposure to significant changes in water availability due to implementation 
of reservoir operation and Land Use and Land Cover Change (LULCC), expressed as percentage of the population 
(2010). Coloured lines present the ensemble-median long-term mean exposure per month to any significant (>5%) 
decreases (red), and significant increases (blue) in water availability. The shaded areas visualize the interquartile 
ranges (q25-q75) around the ensemble-median results. 
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Figure D.13. Share of population being exposed to significant aggravation or alleviation of water scarcity conditions 
due to implementation of reservoir operations and land use and land cover change as only human intervention. Figure 
D.13 shows for the global scale and a selection of river basins the seasonal exposure to significant changes in water 
scarcity conditions due to implementation of reservoir operation and Land Use and Land Cover Change (LULCC), 
expressed as percentage of the population. Coloured lines visualize the ensemble-median long-term mean population 
(%) that experiences a significant (>5%) alleviation (blue) or aggravation (red) of water scarcity conditions, whilst 
already being in water scarce conditions. The shaded areas visualize the interquartile ranges (q25-q75) around the 
ensemble-median results. 
 
 

 

Figure D.14. Exposure of population to movement in or out of water scarcity due to implementation of reservoir 
operation and land use and land cover change as only human intervention. Figure D.14 shows for a selection of river 
basins and globally per month the share op population that moves in/out of water scarcity due to implementation of 
reservoir operations and Land Use and Land Cover Change (LULCC). Coloured lines visualize the ensemble-median 
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long-term mean population (%) that moves out (blue) or moves into (red) water scarcity. The shaded areas visualize 
the interquartile ranges (q25-q75) around the ensemble-median results. 

 

Figure D.15. Expansion of agricultural land area and water demands over the period 1971-2010. Figure D.15a shows the 
change in rainfed agricultural land area over the period 1971-2010; Figure D.15b shows the expansion of irrigated 
agriculture over the period 1971-2010; Figure D.15c shows the expansion and seasonality in irrigation water demand 
(withdrawals and consumption) over the period 1971-2010. 

  



 

 

D3. Tables 

 
Table D.1. Model characteristics. 

Model 
name 

Time 
step 

Spatial 
resolu-

tion 

Meteorological 
forcing 

Forcing data-
sets 

Evapora-
tion 

cheme 

Runoff 
scheme 

Snow 
scheme 

Irrigated 
area 

and/or 
Crop 
area 

Irrigation 
water 

demand 

Non-
Irrigation 

water 
demand 

Water 
demand 

allocation 

References 

H08 Daily 0.5ᵒ R, S, T, W, Q, 
LW, SW, SP 

PGMFD v.2, 
GSWP3,  

WFD/WFDEI 

Bulk 
formula 

Saturation 
excess, non-

linear 

Energy 
balance 

Time-
varying 
HYDE 

3/ 
MIRCA 

Yes Domestic, 
manufacturing 

For ISIMIP2a 
simulations, 

water is 
supplied from 

rivers. 

(Hanasaki et 
al., 2008a, 

2008b) 

LPJmL Daily 0.5ᵒ P, T, LWn, SW PGMFD v.2, 
GSWP3,  

WFD/WFDEI 

Priestley-
Taylor 

Saturation 
excess 

Degree-
day 

Time-
varying 
HYDE 

3/ 
MIRCA 

Yes None* LPJmL fulfils 
all water 

demand from 
surface water 

(incl. 
reservoirs), 
first from 

within the cell, 
then from 

neighbouring 
cells. In case 

of actual 
water 

demands, 
withdrawals 

are limited to 
surface water 
availability. 

(Bondeau et 
al., 2007; 

Schaphoff et 
al., 2013) 

MATSIRO 1 hr 0.5ᵒ R, S, T, W, Q, 
LW, SW, SP 

PGMFD v.2, 
GSWP3,  

WFD/WFDEI 

Bulk 
formula 

Infiltration 
excess, 

saturation 
excess, 

groundwater 

Energy 
balance 

Time-
varying 
HYDE 

3/ 
MIRCA 

Yes Domestic, 
industry, 
livestock 

Surface water 
is withdrawn 

first (until 
rivers are 

depleted to 
the threshold 

set by 
environmental 

flow 
requirement), 

and the 
unfulfilled 
demand is 
then taken 

from 
groundwater. 

(Pokhrel et 
al., 2012, 

2015) 



 

 

PCR-
GLOBWB 

Daily 0.5ᵒ P,T PGMFD v.2, 
GSWP3, 

WFD/WFDEI 

Hamon Saturation 
excess beta 

function 

Degree-
day 

Time-
varying 
HYDE 

3/ 
MIRCA 

Yes Domestic, 
industry, 
livestock 

Since the 
absolute 

amount of 
available 

groundwater 
resources is 

not known at 
the global 

scale, PCR-
GLOBWB 

uses the ratio 
between the 
simulated 

daily 
(accumulated) 

base flow 
against the 
long-term 

average river 
discharge  as a 
proxy to infer 

the readily 
available 

amount of 
renewable 

groundwater 
reserves. 

(van Beek et 
al., 2011; 

Wada et al., 
2014c) 

WaterGAP Daily 0.5ᵒ P, T, LW, SW PGMFD v.2, 
GSWP3,  

WFD/WFDEI 

Priestley-
Taylor 

Beta 
function 

Degree-
day 

Time-
varying 
HYDE 

3/ 
MIRCA 

Yes Domestic, 
manufacturing, 

electricity 
production, 

livestock 

Always fulfil 
water demand 

from 
groundwater 

but from 
surface water 
only in case of 
enough river 

water. 

(Müller 
Schmied et 
al., 2016) 

    *LPJmL does not estimate non-irrigation water demands itself. In this study we used an ensemble-mean value that reflects the non-irrigation water demands from the other models applied. 

 

 

 

 

 

 

 

 



 

 

Table D.2. Percentage of population exposed to significant changes in the critical dimensions of water scarcity due to human interventions. Table D.2 shows the 
global long-term mean share of the global population exposed to water scarcity under the human interventions (HI) run; the net change in exposure to water 
scarcity (% of the global population) due to HI; the long-term mean share of the global population that moves into/out of water scarcity due to HI; the long-
term mean share of the global population that already lives in water scarcity and experiences a significant aggravation/alleviation of its water scarcity conditions 
due to HI; the long-term mean share of the global population that experiences significant increases/decreases in water availability due to HI; and the long-term 
mean share of the global population that experiences significant increases/decreases in average duration and occurrence of water scarcity due to HI. The results 
presented in the table show the ensemble-medians per global hydrological model (GHM) or over the full ensemble, with the interquartile ranges (q25,q75) 
between brackets.  

 
Ensemble-

median 
(q25-q75) 

H08 
(q25-q75) 

LPJmL 
(q25-q75) 

MATSIRO 
( q25-q75) 

PCR-
GLOBWB 
(q25-q75) 

WaterGAP 
(q25-q75) 

Exposure to water scarcity       

Long-term mean global exposure to water 
scarcity under HI run 

37.6 (32.0 - 40.6) 
41.1 (40.3 - 

41.6) 
35.0 (34.3 - 

36.2) 
43.5 (42.9 - 44.0) 

27.1 (26.3 - 
27.7) 

35.9 (35.4 - 36.5) 

Net change in long-term mean global 
exposure to water scarcity due to HI 

1.2 (-2.5 - 4.4) 
-2.5 (-2.8 - -

2.3) 
-2.7 (-2.9 - -

2.4) 
6.3 (5.8 - 7.7) 1.3 (1.2 - 1.5) 4.2 (4.0 - 4.3) 

Movement into water scarcity due to HI 3.0 (2.3 - 6.7) 1.9 (1.8 - 1.9) 2.3 (2.2 - 2.5) 9.1 (8.8 - 10.2) 3.0 (2.9 - 3.2) 6.6 (6.5 - 6.7) 

Movement out water scarcity due to HI 2.9 (2.2 - 4.5) 4.3 (4.2 - 4.6) 4.9 (4.7 - 5.0) 2.3 (2.3 - 2.4) 1.8 (1.7 - 1.8) 2.7 (2.6 - 2.7) 

Severity of water scarcity       

Significant aggravation of water scarcity 
conditions due to HI 

8.8 (7.4 - 16.5) 8.5 (8.3 - 8.7) 5.6 (5.5 - 6.0) 22.6 (21.5 - 23.2) 7.7 (7.3 - 8.0) 16.1 (15.8 - 16.5) 

Significant alleviation of water scarcity 
conditions due to HI 

8.3 (6.4 - 15.8) 
15.7 (15.1 - 

16.2) 
17.6 (17.4 - 

18.4) 
6.5 (6.3 - 6.6) 8.0 (7.8 - 8.1) 6.5 (6.4 - 6.6) 

Water availability       

Significant increase in water availability due to 
HI 

20.4 (16.6 - 29.1) 
28.3 (27.8 - 

29.2) 
31.9 (31.6 - 

32.4) 
14.4 (14.2 - 14.6) 

19.3 (19.2 - 
19.7) 

17.8 (17.6 - 18.1) 

Significant decrease in water availability due to 
HI 

23.7 (18.6 - 39.0) 
18.3 (18.1 - 

18.5) 
17.6 (17.5 - 

18.4) 
52.1 (51.4 - 52.7) 

23.5 (22.6 - 
23.9) 

38.6 (38.2 - 39.0) 

Average duration and occurrence of water 
scarcity events 

      

Significant increase in average duration of 
water scarcity events due to HI 

26.5 (20.1 - 42.7) 
13.9 (13.8 - 

14.1) 
20.9 (20.1 - 

21.3) 
54.0 (50.8 - 67.1) 

26.5 (26.0 - 
27.0) 

41.2 (40.8 - 42.7) 

Significant decrease in average duration of 
water scarcity events due to HI 

24.8 (19.0 - 26.4) 
33.2 (32.1 - 

33.8) 
25.9 (25.1 - 

26.4) 
16.7 (12.7 - 17.1) 

19.4 (19.0 - 
20.2) 

24.9 (24.7 - 25.2) 

Significant increase in occurrence of water 
scarcity events due to HI 

33.3 (14.4 - 50.4) 
14.6 (14.4 - 

15.5) 
12.0 (11.6 - 

12.3) 
57.0 (56.0 - 69.9) 

33.3 (33.1 - 
33.4) 

50.1 (49.1 - 50.4) 

Significant decrease in occurrence of water 
scarcity events due to HI 

20.7 (19.4 - 26.8) 
25.5 (25.0 - 

26.8) 
36.6 (36.3 - 

38.1) 
15.0 (11.5 - 15.0) 

19.7 (19.4 - 
20.1) 

20.7 (20.7 - 21.2) 

  



 

 

Table D.3. Relative location within the river basin of those being exposed to significant changes in the critical dimensions of water scarcity due to human 
interventions. Table D.3 shows the population-weighted relative location-value of: those being exposed to water scarcity under the human interventions (HI) 
run; those who moved into/out of water scarcity due to HI; those who already live in water scarcity and experienced a significant aggravation/alleviation of its 
water scarcity conditions due to HI; those who experience significant increases/decreases in water availability due to HI; and those who experience significant 
increases/decreases in average duration and occurrence of water scarcity due to HI. The results presented in the table show the ensemble-medians per global 
hydrological model (GHM) or over the full ensemble, with the interquartile ranges (q25,q75) between brackets.  

 
Ensemble-

median 
(q25-q75) 

H08 
(q25-q75) 

LPJmL 
(q25-q75) 

MATSIRO 
(q25-q75) 

PCR-
GLOBWB 
(q25-q75) 

WaterGAP 
(q25-q75) 

Exposure to water scarcity       

Movement into water scarcity due to HI 0.29 (0.23 - 0.35) 
0.36 (0.35 - 

0.37) 
0.37 (0.36 - 

0.38) 
0.22 (0.22 - 0.23) 0.30 (0.29 - 0.30) 0.23 (0.22 - 0.23) 

Movement out water scarcity due to HI 0.23 (0.16 - 0.28) 
0.33 (0.33 - 

0.34) 
0.28 (0.27 - 

0.29) 
0.24 (0.22 - 0.24) 0.07 (0.07 - 0.07) 017 (0.16 - 0.18) 

Severity of water scarcity       

Significant aggravation of water scarcity 
conditions due to HI 

0.21 (0.12 - 0.25) 
0.25 (0.25 - 

0.26) 
0.25 (0.24 - 

0.26) 
0.11 (0.11 - 0.11) 0.21 (0.20 - 0.21) 0.13 (0.12 - 0.13) 

Significant alleviation of water scarcity 
conditions due to HI 

0.09 0.09 - 0.11) 
0.09 (0.09 - 

0.09) 
0.10 (0.10 - 

0.10) 
0.11 (0.10 - 0.12) 0.07 (0.07 - 0.07) 0.11 (0.11 - 0.12) 

Water availability       

Significant increase in water availability due to 
HI 

0.19 (0.16 - 0.21) 
0.20 (0.20 - 

0.20) 
0.19 (0.18 - 

0.19) 
0.22 (0.21 - 0.22) 0.10 (0.10 - 0.10) 0.18 (0.18 - 0.19) 

Significant decrease in water availability due 
to HI 

0.29 (0.21 - 0.34) 
0.35 (0.34 -  

0.35) 
0.36 (0.35 -  

0.36) 
0.21 (0.21 - 0.21) 0.29 (0.29 - 0.29) 0.21 (0.21 - 0.21) 

 
 

 

 

 

 

 

 

 

 

 



 

 

Table D.4. Dominant driver of significant changes in water availability due to human interventions and its origin. Table D.4 shows for the full ensemble and per 
global hydrological model (GHM) the share of the global population that has local runoff or incoming discharges as dominant origin of changes in water 
availability due to human interventions (HI). It also summarizes which share of the population (median values) has Land Use and Land Cover Change (LULCC) 
and reservoir operations or upstream water consumption as dominant driver of changes in water availability due to HI. In the results, a distinction is being made 
between all significant changes in water availability, significant decreases in water availability, and significant increases in water availability and their associated 
dominant driver of change as well as its origin. The results presented in the table show the ensemble-medians per GHM or over the full ensemble, with the 
interquartile ranges (q25,q75) between brackets.  

 

Ensemble-
median 

(WA dec/WA 
inc) 

H08 
(WA dec/WA 

inc) 

LPJmL 
(WA dec/WA 

inc) 

MATSIRO 
(WA dec/WA 

inc) 

PCR-GLOBWB 
(WA dec/WA 

inc) 

WaterGAP 
(WA dec/WA 

inc) 

Dominant source       

Local runoff 38.2 (12.8/50.6) 28.0 (0/48.9) 29.1 (0.8/46.3) 38.6 (38.0/42.3) 42.2 (12.6/82.9) 53.9 (49.4/64.3) 

Incoming discharge 61.8 (87.2/49.4) 72.0 (100/51.1) 70.9 (99.2/53.7) 61.4 (62.0/57.7) 57.8 (87.4/17.1) 46.1 (50.6/35.7) 

Dominant driver       

LULCC and reservoir operations 78.1 (58/100) 74.5 (40.2/100) 81.3 (49.5/100) 67.2 (59.0/100) 82.6 (68.7/100) 77.6 (68.1/100) 

Upstream water consumption 21.9 (42/0) 25.5 (59.8/0) 18.7 (40.4/0) 32.8 (41.0/0) 17.4 ( 31.3/0) 22.4 (31.9/0) 

 

 

Table D.5. Relative influence of human interventions on changes in water availability over 1971-2010 compared to the trend in climate change impacts. Table D.5 
shows for the full ensemble and per global hydrological model (GHM) the share (% of 2010 population values) of the global population  exposed to a significant 
trend in climate change impacts on water availability over the period 1971-2010. Moreover it shows the share of global population living in areas where human 
interventions (HI) contribute or dominate this trend. Finally, it shows the share of global population living in areas with only a significant climate change impact 
trend or only a significant HI impact trend. The results presented in the table show the ensemble-medians per GHM or over the full ensemble, with the 
interquartile ranges (q25,q75) between brackets.  

 
Ensemble-

median 
(q25-q75) 

H08 
(q25-q75) 

LPJmL 
(q25-q75) 

MATSIRO 
(q25-q75) 

PCR-GLOBWB 
(q25-q75) 

WaterGAP 
(q25-q75) 

Sign. climate change impact trend 
on water availability 

12.1 (7.6 - 15.6) 7.5 (6.1 - 11.0) 7.0 (6.1 - 8.6) 16.1 (13.1 - 18.0) 15. 0 (13.8 - 15.6 ) 10.2 (8.5 - 15.5) 

HI contributing to the climate 
change impact trend 

8.2 (6.2 - 12.1) 6.1 (5.2 - 9.0) 5.7 (5.1 - 7.0) 10.7 (8.8 - 12.1) 12.3 (11.5 - 13.6) 7.8 (6.7 - 12.4) 

HI dominating the climate change 
impact trend 

1.5 (0.9 - 3.2) 1.1 (0.7 - 1.5) 0.9 (0.6 - 0.9) 5.4 (4.2 - 5.9) 1.4 (1.0 - 1.9) 2.4 (1.7 - 3.2) 

Sign. climate change impact trend 
only 

0.3 (0.0 - 0.7) 0.3 (0.3 - 0.5) 0.4 (0.4 - 0.7) 0.0 (0.0 - 0.1) 0.8 (0.7 - 0.8) 0.0 (0.0 - 0.0) 

Sign. HI impact trend only 6.3 (5.4 - 8.3) 6.3 (5.8 - 6.8) 5.8 (5.5 - 6.0) 9.5 (8.5 - 9.9) 3.5 (3.4 - 3.5) 8.4 (7.3 - 8.8) 
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E1. Figures 

 

 

Figure E.1. Water province delineation. 
 
 

 
Figure E.2. Global distribution of land area and population with good Gamma-fit estimates. Figure E.2a shows the 
global distribution of water provinces with a good Gamma-fit (grey) and a bad Gamma-fit (red), tested by means of 
the Lilliefors-test (p <0.001) over the ensemble-mean water availability estimates. Figure E.2b shows for the whole 
world and per world region the share of population living in water provinces that give a good (grey) or a bad (red) 
Gamma-fit result, expressed as percentage of the total global and regional historical population. 
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Figure E.3. Development of the Expected Annual Exposed Population (EA-EP) to water scarcity events at the global 
scale, expressed in terms of % of the total population. Figures E.3a, E.3b, and E.3c show the development in global 
exposed population (EA-EP) under the different storylines whilst using probabilistic methods (Gamma distribution) 
to assess water scarcity risk and using the GCM ensemble-mean to express water scarcity risk. GCM uncertainty is 
expressed here by means of the shaded areas around these lines. The share of different water scarcity severity classes 
(moderate, severe, and absolute) in total EA-EP is visualized with the different colours. 
 

 

 

Figure E.4. Water scarcity risk (EA-EP) per water province under historical and 2080s conditions. Risk levels were 
estimated using the GCM ensemble-mean and expressed as percentage of the total population. Different sub-figures 
show the estimated risk levels for (a) the historical conditions, and in 2080 for the storylines: (b) Sustainability, (c) 
Fragmented World, and (d) Fossil-Fuel Based (FFB) Development. The grey areas represent areas with zero or non-
significant risk given the Gamma-parameters. 
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Figure E.5. Percentage-Point (pp) change in Expected Annual Exposed Population (EA-EP) by water scarcity (FI) in 
2080 relative to the historical conditions, for the storylines: (a) Sustainability (SL1), (b) Fragmented World (SL2), and 
(c) Fossil-Fuel Based Development (SL3). Red colours show an increase in EA-EP relative to the historical conditions; 
blue colours show a decrease in EA-EP. Figures (I), (II), and (III) show for each storyline the modelling agreement in 
2080, expressed as the number of Global Circulation Model runs that correspond with the ensemble-mean direction of 
change (+/-) in EA-EP per water province. 
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Figure E.6. Comparison between Expected Annual Exposed Population estimates (EA-EP) and Mean Exposed 
Population estimates (M-EP) under historical conditions as estimated by the ensemble-mean. Red colours show where 
the EA-EP to water scarcity (FI) is lower than the M-EP to water scarcity (FI) under the historical conditions and as 
estimated by the ensemble-mean; Green colours show where the EA-EP to water scarcity (FI) is higher than the M-EP 
to water scarcity (FI) under the historical conditions and as estimated by the ensemble-mean. No water provinces were 
found where the EA-EP and M-EP estimates are equal, other than those where population is not exposed to water 
scarcity events (grey). 
 

 

 

Figure E.7. Water scarcity risk (EA-EP) per water province under historical and 2080s conditions. Risk levels were 
estimated using the GCM ensemble-mean and expressed as percentage of the total population. Different sub-figures 
show the estimated risk levels under the historical conditions and in 2080 (covering the storyline Fragmented World) 
for (a) absolute (≤500 m3 capita-1 year-1), (b) severe (500-1,000 m3 capita-1 year-1), and (c) moderate (1,000-1,700 m3 capita-

1 year-1) water scarcity conditions. The grey areas represent areas with zero or non-significant risk given the Gamma-
parameters. 
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Figure E.8. Regional scale attribution of risk under storyline 1 (Sustainability), expressed in terms of percentage-point 
change in Expected Annual Exposed Population (EA-EP, relative to the global population). Grey bars show the risk 
levels under historical conditions whereas the coloured bars show for storyline 1 (Sustainability) the attribution to the 
estimated changes in risk through climate change (green), socioeconomic developments (red), and a combination of 
factors (purple) for 2030, 2050 and 2080. Sub-figures (II) show the absolute attribution to change whereas sub-figures 
(III) present the attribution in relative terms as share of the total change in EA-EP. 

 

 

Figure E.9. Regional scale attribution of risk under storyline 2 (Fragmented World), expressed in terms of percentage-
point change in Expected Annual Exposed Population (EA-EP, relative to the global population). Grey bars show the 
risk levels under historical conditions whereas the coloured bars show for storyline 2 (Fragmented World) the 
attribution to the estimated changes in risk through climate change (green), socioeconomic developments (red), and 
a combination of factors (purple) for 2030, 2050 and 2080. Sub-figures (II) show the absolute attribution to change 
whereas sub-figures (III) present the attribution in relative terms as share of the total change in EA-EP. 
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Figure E.10. Regional scale attribution of risk under storyline 3 (Fossil-Fuel Based Development), expressed in terms 
of percentage-point change in Expected Annual Exposed Population (EA-EP, relative to the global population). Grey 
bars show the risk levels under historical conditions whereas the coloured bars show for storyline 3 (Fossil Fuel Based 
Development) the attribution to the estimated changes in risk through climate change (green), socioeconomic 
developments (red), and a combination of factors (purple) for 2030, 2050 and 2080. Sub-figures (II) show the absolute 
attribution to change whereas sub-figures (III) present the attribution in relative terms as share of the total change in 
EA-EP. 
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Figure E.11. Percentage change in (I) mean yearly water availability and (II) relative standard deviation of the mean 
yearly water availability in 2080 with respect to the historical conditions for the storylines: (a) Sustainability; (b) 
Fragmented World; and (c) Fossil-Fuel Based Development. Red colours show a decrease in the mean yearly water 
availability/relative standard deviation of the mean yearly water availability compared to the values under historical 
conditions; blue colours show an increase in the mean yearly water availability/ relative standard deviation of the mean 
yearly water availability. 
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Figure E.12. Evaluation of the bias in global and regional scale water scarcity risk levels. The graph shows for each 
world region and for the global total, the historical water scarcity risk levels, expressed in Expected Annual Exposed 
Population (EA-EP) as percentage of the total population, using the GCM ensemble-mean (blue asterisks) and the 
WATCH Forcing Data Era Interim (WFDEI) observation data-set (red stripes). Grey bands represent the GCM 
modelling spread in estimated risk levels. 

  



 

210 

E2. Tables 

 
Table E.1. GCM spread in global expected annual exposed population (EA-EP) under moderate (≤1,700 m3 capita-1 
year-1), severe (≤1,000 m3 capita-1 year-1) and absolute (≤500 m3 capita-1 year-1) water scarcity conditions expressed as the 
share of the total population and given per storyline and time-slice. 

 Historic 2030 2050 2080 
  SL1 SL2 SL3 SL1 SL2 SL3 SL1 SL2 SL3 

≤500 
10.0 - 
11.3 

16.4 - 
20.8 

17.7- 
21.8 

16.2 - 
21.0 

18.0 - 
24.0 

23.2 - 
27.4 

20.0 - 
22.7 

17.9 - 
23.9 

30.7 - 
35.5 

19.1 - 
23.3 

≤1,000 
20.8 - 
22.3 

34.9 -
39.2 

37.0 - 
39.5 

33.9 - 
39.1 

36.4 - 
42.1 

44.6 - 
48.0 

39.3 - 
42.2 

36.1 - 
40.2 

52.4 - 
57.0 

38.4 - 
42.2 

≤1,700 
36.7 - 
38.6 

51.8 - 
55.5 

53.5 -
56.2 

52.0 - 
55.6 

53.4 - 
57.6 

60.3 - 
62.9 

57.1 -
58.7 

54.5 - 
58.0 

65.8 - 
69.2 

57.3 - 
60.6 

 

 

Table E.2. Global expected annual exposed population (EA-EP) under moderate (≤1,700 m3 capita-1 year-1), severe 
(≤1,000 m3 capita-1 year-1) and absolute (≤500 m3 capita-1 year-1) water scarcity conditions expressed as share of the total 
population and given per storyline and time-slice. The numbers between brackets indicate the class values for severe 
(500-1,000 m3 capita-1 year-1) and moderate (1,000-1,700 m3 capita-1 year-1) water scarcity. 

 Historic 2030 2050 2080 
  SL1 SL2 SL3 SL1 SL2 SL3 SL1 SL2 SL3 

≤500 10.4 19.7 20.5 19.8 21.7 25.9 21.8 21.4 33.5 21.8 

≤1,000 21.6 
(11.2) 

37.2 
(17.5) 

38.6 
(18.1) 

36.9 
(17.1) 

39.5 
(17.8) 

46.3 
(20.4) 

40.2 
(18.4) 

38.0 
(16.6) 

54.6 
(21.1) 

40.6 
(18.8) 

≤1,700 38.0 
(16.4) 

54.1 
(16.9) 

55.5 
(16.9) 

54.5 
(17.5) 

56.5 
(17.0) 

61.8 
(15.5) 

58.2 
(18.0) 

56.2 
(18.2) 

67.8 
(13.2) 

59.1 
(18.6) 

 

 

Table E.3. Percentage-point difference between in global expected annual exposed population (EA-EP) and mean 
exposed population (M-EP) under moderate (≤1,700 m3 capita-1 year-1), severe (≤1,000 m3 capita-1 year-1) and absolute 
(≤500 m3 capita-1 year-1) water scarcity conditions. Positive values indicate and underestimation of M-EP compared to 
EA-EP whilst negative values refer to an overestimation of M-EP relative to EA-EP. 

 Historic 2030 2050 2080 
  SL1 SL2 SL3 SL1 SL2 SL3 SL1 SL2 SL3 

≤500 -1.9 -1.1 0.3 -0.9 0.9 2.2 0.5 0.6 1.0 0.6 

≤1,000 1.5 -0.6 0.2 0.8 -1.7 -0.9 -0.7 1.1 -0.7 1.9 

≤1,700 1.1 -0.7 0 -0.1 -1.1 -0.6 -0.9 -0.4 -0.8 -2.8 

  



 

 

Table E.4. Comparison of the global population exposed to blue water scarcity under historical and future conditions with other studies using the Water 
Crowding Index or Falkenmark Indicator (FI) or the Water Scarcity Index (WSI).  

Study Modelling characteristics Population exposed x million (percentage of total 
population) 

Comments 

 
GHM/ 
LSM 

# 
GCMs 

Scale Indicator ~2000 ~2050 ~2080  

(Alcamo et al., 
2007) 

WaterGAP 2 Watershed FI <1,000 m3 
cap-1 yr-1 

 
WSI > 0.4 

1601 (28.1) 
 
 

2279 (40.0) 
 

A2: 6676 (56.7) 
B2: 5038 (52.8) 

 
A2: 6732 (57.2) 
B2: 5194 (54.4) 

A2: 7969 (56.1) 
B2: 5290  (51.7) 

 
A2: 7455 (52.4) 
B2: 5783 (56.5) 

~2080: 2070s decade 
 

Global total population 
numbers were taken from 

Arnell (2004). 

(Arnell, 2004) MacPDM 6 Watershed FI < 1,700 m3 
cap-1 yr-1 

 
 
 

FI <1,000 m3 
cap-1 yr-1 

 
 
 

FI < 500 m3 
cap-1 yr-1 

 

2320 (39) 
 
 
 
 

1368 (24) 
 
 
 
 

-  

A1: 4259 (48.9) 
A2: 7712 (65.5) 
B1: 4522  (51.9) 
B2: 5654  (59.2) 

 
A1: 2512 (28.8) 
A2: 5288 (44.9) 
B1: 2755 (31.6) 
B2: 3294 (34.5) 

 
A1: 924 (10.6) 
A2: 2776 (23.6) 
B1: 816  (9.4) 

B2: 1543 (16.2) 

A1: 3421 (43.2) 
A2: 10065 (70.8) 
B1: 4070 (51.4) 
B2: 6184 (60.4) 

 
A1: 1667 (21.1) 
A2: 7111 (50.0) 
B1: 2225 (28.1) 
B2: 3951 (38.6) 

 
A1: 1039 (13.1) 
A2: 4065 (28.6) 
B1: 943 (11.9) 
B2: 1818 (17.8) 

 

(Arnell et al., 
2011) 

MacPDM 4 Watershed FI <1,000 m3 
cap-1 yr-1 

 
WSI > 0.4 

1581 (27) 
 
 

2371 (40) 

3747 (42) 
 
 

4167 (47) 

3974 (44) 
 
 

4224 (46) 

Future estimates only account 
for population growth 
following the ADAM 

population projection. Used 
GCM estimates to assess 

exposure to increase/decrease 
water stress conditions under 

climate change. 

(Arnell & 
Lloyd-Hughes, 

2014) 

MacPDM.09 19 Watershed FI <1,000 m3 
cap-1 yr-1 

 

1559 (25.6) SSP1/-: 3286 (39.1) 
SSP3/-: 4774 (46.7) 
SSP5/-: 3350 (39.4) 

SSP1/-: 3147 (39.5) 
SSP3/-: 6767 (54.2) 
SSP5/-: 3291 (39.9) 

Future estimates under 1961-
1990 climate conditions. Used 

GCM estimates to assess 
exposure to 

increased/decreased water 
stress conditions under climate 

change. 

(Gosling & 
Arnell, 2016) 

MacPDM.09 21 Watershed FI<1,000 m3 
cap-1 yr-1 

 
WSI > 0.4 

1555 (25) 
 
 

2393 (39) 

A1B/-:  3064 (37) 
 
 

A1B/-: 4314 (53) 

A1B/-: 2828 (36) 
 
 

A1B/-: 4146 (53) 

Future estimates under 1961-
1990 climate conditions. Used 

GCM estimates to assess 
exposure to 

increased/decreased water 
stress conditions under climate 

change. 



 

 

(Hanasaki et al., 
2013) 

H08 3 Grid cells WSI > 0.4 - SSP1/RCP2.6:   1883 
(25.3) 

SSP3/RCP6: 3311 
(37.3) 

SSP5/RCP8.5: 2375 
(31.7) 

SSP1/RCP2.6: 1584 
(23.6) 

SSP3/RCP6: 3932  
(38.3) 

SSP5/RCP8.5: 2207 
(32.0) 

 

(Hayashi et al., 
2009) 

TRIP 1 Watershed FI <1,000 m3 
cap-1 yr-1 

 

1171 (22) 3770 (40) - Historic: 1990 
 

Estimate under 1990 runoff 
conditions. Used GCM 

estimates to assess 
increase/decrease in exposure 

under climate change. 

(Kiguchi et al., 
2015) 

TRIP 6 Watershed WSI > 0.4 2416.82 - A1B: 3408 (40.8) 
A2: 5161 (39.8) 
B1: 3126 (37.5) 

~2080: 2070s decade. 

(Revenga et al., 
2000) 

PAGE 
model 

- Watershed FI < 1,700 m3 
cap-1 yr-1 

 
FI <1,000 m3 

cap-1 yr-1 

 
FI < 500 m3 

cap-1 yr-1 

 

2333 (41.2) 
 
 

1664 (29.4 
 
 

1077 (19.0) 

- - Historic: 1995 
 

Estimate exposed population 
for 2025 conditions using UN’s 
low-range population-growth 

projections: 
FI < 1,700 m3 cap-1 yr-1: 3484 

(47.9%) 
FI <1,000 m3 cap-1 yr-1: 2407 

(33.1%) 
FI < 500 m3 cap-1 yr-1:  1783 

(24.5%) 

(Schewe et al., 
2014) 

Ensemble of 
11 

GHMs/LS
Ms 

5 Country FI <1,000 m3 
cap-1 yr-1 

 
FI<500 m3 
cap-1 yr-1 

 

183 (3) 
 
 

92 (1.5) 

SSP2/RCP8.5/2°C: 
1924 (21) 

 
SSP2/RCP8.5/2°C:  

825 (9) 

SSP2/RCP8.5/3°C:2
252 (24) 

 
SSP2/RCP8.5/3°C: 

1126 (12) 

The SSP2/RCP8.5/2°C 
correspond to different middle 

year periods given the 
individual GCMs ranging from 

2043 up to 2071. For 
SSP2/RCP8.5/3°C  the range 
in middle year periods among 
the individual GCMs is from 

2061 up to 2086. 
 

Absolute population exposed 
was derived by multiplying the 
percentage values the United 
Nations World Population 

Prospects (historical) and SSP 
(projections) population data ( 

2050, 2080) (https:// 
secure.iiasa.ac.at/web-

apps/ene/SspDb) 



 

 

(Schlosser et al., 
2014) 

IGSM-WRS Two 
pattern-
scaling 
kernels 

of 
regional 
climate 
outcom

es 
(Wet/
Dry) 

Assessme
nt Sub-
regions 

WSI > 0.3 3348  
(47.9) 

NG-UCE-WET: 3211 
(33.2) 

NG-UCE-DRY: 3255 
(33.6) 

NG-L1S-WET: 3299 
(34.1) 

NG-L1S-DRY: 3408 
(35.2) 

UCE-WET: 4996 
(51.6) 

UCE-DRY: 5341 
(55.2) 

L1S-WET: 5002  (51.7) 
L1S-DRY 5269 (54.5) 

- ~2050: 2040s decade 

(Shen et al., 
2014) 

Ensemble of 
13 LSMs 

6 Watershed FI <1,000 m3 
cap-1 yr-1 

 
 
 
 
 

WSI > 0.4 
 

1755 (28.6) 
 
 
 
 
 
 

2534 (41.3) 
 
 

A1b:  3587 - 3765 
(41.1 - 43.2) 

A2:  5488 - 6215 (46.5 
- 52.7) 

B1: 3681 - 3850  (42.2 
- 44.1) 

 
A1: 4571 (52.4) 
A2: 7350 (62.3) 
B1: 4423 (50.7) 

A1b: 2733 - 3595 
(32.8 - 43.2) 

A2: 6489 - 7389 (47.9 
- 54.5) 

B1: 3471 - 3686  
(41.7 - 44.3) 

 
A1: 4495 (54.0) 
A2: 8635 (63.7) 
B1: 4092 (49.2) 

 

(Wada et al., 
2014b) 

PCR-
GLOBWB 

5 Watershed WSI > 0.4 1898 (31,7) SSP2/RCP6.0: 3680 
(39.9) 

-  

This study PCR-
GLOBWB 

5 Watershed FI < 1,700 m3 
cap-1 yr-1 

 
 
 
 
 

FI <1,000 m3 
cap-1 yr-1 

 
 
 
 
 

FI < 500 m3 
cap-1 yr-1 

 

1779 (38.0) 
 
 
 
 
 
 

1013 (21.6) 
 
 
 
 
 
 

487 (10.4) 

SSP1/RCP2.6: 4118 
(56.5) 

SSP3/RCP6.0: 5342 
(61.8) 

SSP5/RCP8.5: 4296 
(58.2) 

 
SSP1/RCP2.6: 2878 

(39.5) 
SSP3/RCP6.0: 4006 

(46.3) 
SSP5/RCP8.5: 2969 

(40.2) 
 

SSP1/RCP2.6: 1581 
(21.7) 

SSP3/RCP6.0: 2244 
(25.9) 

SSP5/RCP8.5: 1609 
(21.8) 

SSP1/RCP2.6: 3814 
(56.2) 

SSP3/RCP6.0: 6827 
(67.8) 

SSP5/RCP8.5: 4175 
(59.1) 

 
SSP1/RCP2.6: 2578 

(38.0) 
SSP3/RCP6.0: 5495 

(54.6) 
SSP5/RCP8.5: 2863 

(40.6) 
 

SSP1/RCP2.6: 1451 
(21.4) 

SSP3/RCP6.0: 3369 
(33.5) 

SSP5/RCP8.5: 1538 
(21.8) 

Ensemble-mean values 
covering the different GCMs 
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Nederlandstalige samenvatting 

De beschikbaarheid van zoetwater is essentieel in ons dagelijks leven. Hoewel slechts 10% van de 

globaal beschikbare hoeveelheid zoetwater wordt ingezet voor menselijk gebruik (agricultuur, industrie, 

huishoudens) hebben meerdere regio’s wereldwijd momenteel te kampen met waterschaarste. Door 

klimaatverandering en socio-economische ontwikkelingen zal naar verwachting de druk op de 

beschikbare zoetwaterbronnen verder stijgen, met daarbij een verdere toename in waterschaarste tot 

gevolg. De effecten van waterschaarste zijn wijdverspreid en de gevolgen variëren. Waterschaarste kan 

leiden tot verloren oogsten met voedseltekorten en hongersnood tot gevolg; tot economische schades 

als gevolg van verstoorde productieprocessen; of tot het achteruitgaan van de conditie van terrestrische 

en aquatische ecosystemen. Waterschaarste wordt momenteel dan ook beschouwd als een van de drie 

belangrijkste natuurrampen wereldwijd. Een urgente behoefte bestaat daarom aan effectieve 

adaptatiestrategieën voor waterschaarste. Voor het nemen van goede beslissingen omtrent zulke 

strategieën is het voor beleidsmakers nodig een duidelijk inzicht te hebben in de kans op en het gevolg 

van waterschaarste, nu en in de toekomst. Een beter begrip van de factoren die ten grondslag liggen aan 

het voorkomen en de zwaarte van waterschaarste, en factoren die de mogelijke consequenties van 

waterschaarste beïnvloeden, is daarom essentieel. Accurate modellen en methodes om waterschaarste 

en de onderliggende factoren, alsmede de interactie tussen deze factoren, te simuleren en te beoordelen 

zijn hiervoor een vereiste. 

 

Het hoofddoel van deze dissertatie is dan ook om te komen tot een verbeterd inzicht in de factoren die 

leiden tot waterschaarste en om te laten zien hoe deze factoren gezamenlijk het voorkomen, de zwaarte, 

en de consequenties van waterschaarste beïnvloeden, over zowel historische tijdsperiodes als onder 

geschetste toekomstscenario’s. Daarbij heeft deze dissertatie het doel om de invloed van verscheidene 

socio-economische en hydro-klimatologische factoren te kwantificeren en te ontleden. Bovendien 

streeft deze dissertatie ernaar een bijdrage te leveren aan de evaluatie en ontwikkeling van bestaande en 

nieuw op te zetten modellen, datasets en indicatoren. Informatie die gebruikt kan worden in de 

beoordeling van historische en toekomstige waterschaarste condities en het identificeren van 

waterschaarste ‘hotspots’ wereldwijd, het identificeren van de onderliggende factoren die ten grondslag 

liggen aan waterschaarste, alsmede het beoordelen van de mogelijke consequenties van waterschaarste 

en het waterschaarste risico. Om deze doelstellingen te vervullen zijn vijf onderzoeksvragen 

geformuleerd die de basis van deze dissertatie vormen: 

 

1) Hoe goed zijn globale hydrologische modellen in staat de variabiliteit en verandering in de 

beschikbaarheid van zoetwater te reflecteren, in zowel natuurlijke regio’s als in regio’s die onder 

invloed staan van menselijk handelen? 

 

2) Hoe gevoelig zijn schattingen met betrekking tot de zoetwaterbeschikbaarheid en waterschaarste 

condities wereldwijd voor de keuze in globale hydrologische modellen, datasets, en 

waterschaarste indicatoren? 
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3) Wat is de relatieve bijdrage van socio-economische en hydro-klimatologische factoren aan 

historische en toekomstige veranderingen in de zoetwaterbeschikbaarheid en waterschaarste 

condities wereldwijd? 

 

4) Welke verbeteringen zijn er mogelijk in de beoordeling van waterschaarste (risico’s) op globale 

schaal, bijvoorbeeld via de (verdere) ontwikkeling en toepassing van nieuwe of bestaande 

waterschaarste indicatoren? 

 

5) Hoe kan de kennis bijeengebracht in deze dissertatie een bijdrage leveren aan de identificatie van 

effectieve adaptatiestrategieën om om te gaan met waterschaarste onder huidige en toekomstige 

condities?  

 

Om de toepassingen van globale hydrologische modellen en hun uitkomsten in het water management 

te faciliteren is het essentieel de methodes en modellen die gebruikt worden in de beoordeling van 

waterschaarste wereldwijd te valideren. Door validatie kan een beter inzicht verkregen worden in de 

gevoeligheid van waterschaarste schattingen voor de keuze in globale hydrologische modellen, datasets, 

en waterschaarste indicatoren. Een systematische vergelijking tussen geobserveerde en gemodelleerde 

maandelijkse rivierafvoeren over de tijdsperiode 1971-2010, uitgevoerd in Hoofdstuk 2, laat zien dat het 

meenemen van menselijke activiteiten in het modelleringschema van globale hydrologische modellen 

leidt tot een significante verbetering in de schatting van zowel gemiddelde maandelijkse rivierafvoer, als 

van lage- en hoge rivierafvoeren. Echter, ook met medeweging van menselijke activiteiten zijn deze 

globale hydrologische modellen nog gelimiteerd in hun representatie van de langjarige gemiddelde 

afvoeren alsmede in hun representatie van variabiliteit, met name in regio’s die onder invloed staan van 

menselijk handelen. Een verdere verbetering van de wijze waarop menselijke activiteit is opgenomen in 

het modelleringsschema van deze modellen is dan ook noodzakelijk.  

 

Globale hydrologische modellen zijn goed bruikbaar om de globale trends en patronen – in ruimte en 

tijd - weer te geven. Een vergelijking van de uitkomsten van verschillende globale hydrologische 

modellen, zoals uitgevoerd in de Hoofdstukken 3-6, toont dat de waterschaarste ‘hotspots’ wereldwijd, 

en met name die in Azië, Afrika, en het Midden Oosten, juist en consistent worden geïdentificeerd. De 

verschillende globale hydrologische modellen ondersteunen elkaar bovendien in de beoordeling van 

trends en variabiliteit in waterschaarste condities wereldwijd, en de relatieve rol van factoren die ten 

grondslag liggen aan deze veranderingen. Regionale en lokale schattingen met betrekking tot het 

voorkomen en de zwaarte van waterschaarste, alsmede de onderliggende mechanismen voor 

veranderingen in waterschaarste, kunnen echter significant van elkaar afwijken wanneer verschillende 

globale hydrologische modellen, datasets, en waterschaarste indicatoren met elkaar worden vergeleken. 

Een grondige kalibratie- en validatieprocedure met gebruikmaking van lokale observaties is dan ook een 

vereiste wanneer globale hydrologische modellen worden ingezet voor de beoordeling van 

waterschaarste condities en het ontwerp van adaptatiemaatregelen op lokale schaal. 

 

Om adaptatiemaatregelen gericht op het omgaan met waterschaarste goed te kunnen ontwerpen en 

beoordelen is het noodzakelijk inzicht te krijgen in de mechanismen die ten grondslag liggen aan 
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veranderingen in waterschaarste condities over historische en toekomstige tijdsperiodes, alsmede in hun 

relatieve bijdrage. Hoewel socio-economische ontwikkelingen over het algemeen beschouwd worden 

als meest belangrijke factor in de ontwikkeling van waterschaarste tonen de resultaten in Hoofdstuk 3 

aan dat hydro-klimatologische variabiliteit verantwoordelijk kan worden gehouden voor het grootste 

aandeel in de verandering van waterschaarste condities op jaarlijkse basis. Pas na zes tot tien jaar 

beginnen de geaccumuleerde effecten die het gevolg zijn van socio-economische ontwikkelingen een 

dominante rol te krijgen in de verandering in waterschaarste condities. Hoofdstuk 4 laat zien dat, op 

tijdschalen van decennia, voor een substantieel deel van het wereldwijde landoppervlak (>28,1%) een 

significante correlatie te vinden is tussen de beschikbaarheid van zoetwater en de waterschaarste 

condities en El Niño (ENSO: El Niño Southern Oscillation). Sterke correlaties zijn gevonden in 

Midwest- en Noord-Amerika, het Caraïbisch gebied, Latijns-Amerika, Zuidelijke Afrika, Zuidoost- en 

Centraal Azië, en Australië en Nieuw-Zeeland. Hoofdstuk 4 laat echter ook zien dat alleen ENSO-

gedreven klimaatvariabiliteit vaak niet voldoende is om waterschaarste te veroorzaken. De vatbaarheid 

van een regio voor waterschaarste wordt bepaald door meerdere hydro-klimatologische factoren, zoals 

de langjarig gemiddelde beschikbaarheid van zoetwater, de variabiliteit in de beschikbaarheid van deze 

zoetwaterbronnen, maar ook door de heersende socio-economische condities, zoals de vraag naar water 

en de mate waarin en manier waarop het water gemanaged wordt. 

 

De te verwachten toekomstontwikkelingen op het gebied van klimaat en socio-economische condities 

en de gevolgen voor het waterschaarste risico (hier uitgedrukt als de te verwachten jaarlijkse 

blootgestelde bevolking ten opzichte van de totale wereldbevolking) zijn beschreven in Hoofdstuk 6. 

Naar verwachting zal het risico toenemen van 38% onder de huidige condities tot 56,2 - 67,8% in 2080. 

Alhoewel de resultaten uit Hoofdstuk 6 laten zien dat op globale schaal de invloed van populatiegroei 

groter is dan de invloed van klimaatverandering, varieert deze relatieve invloed op regionale en lokale 

schaal sterk. Waar ontwikkelingen in waterconsumptie en populatie over het algemeen leiden tot een 

toenemende druk op de beschikbare zoetwaterbronnen en waterschaarste versterken, is het effect van 

menselijke interventies (veranderingen in: landgebruik, het volume en beheer van dammen en reservoirs, 

het gebruik van irrigatie in agricultuur) niet universeel. De resultaten in Hoofdstuk 5 tonen aan dat 

~50% van de wereldbevolking onderhevig is aan significante veranderingen in de beschikbaarheid van 

zoetwater als resultaat van menselijke interventies tussen 1971 en 2010. Als gevolg van deze interventies 

ervaart een substantieel deel van de wereldbevolking, met name de mensen die woonachtig zijn in 

benedenstrooms gebied, een verslechtering van waterschaarste condities. Tegelijkertijd, ervaren de 

mensen die woonachtig zijn in bovenstrooms gebied een verlichting in waterschaarste condities. Door 

deze interventies verplaatst waterschaarste zich steeds verder stroomafwaarts, en zullen waterschaarste 

condities zich verder versterken in benedenstrooms gebied. 

 

Deze dissertatie levert een bijdrage aan de manier waarop waterschaarste wordt beoordeeld middels de 

(verdere) ontwikkeling en toepassing van nieuwe en bestaande waterschaarste indicatoren. Bestaande 

methodes voor de beoordeling van waterschaarste zijn met dit onderzoek verbeterd, bijvoorbeeld door 

ook hydro-klimatologische variabiliteit mee te wegen naast de effecten van klimaatverandering en socio-

economische ontwikkelingen. Met betrekking daartoe bespreekt Hoofdstuk 3 de potentiële over- en 
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onderschattingen in waterschaarste evaluaties die het gevolg zijn van het niet meenemen van hydro-

klimatologische variabiliteit. Ook het meewegen van seizoensgebonden variaties is een voorwaarde om 

tot betrouwbare waterschaarste schattingen te komen. Hoofdstuk 5 laat zien dat een duidelijk 

seizoensgebonden patroon bestaat in meerdere rivierstroomgebieden, bijvoorbeeld in de Ganges-

Brahmaputra, de Huang He, de Niger, en de Donau. Het al dan niet meenemen van deze seizonaliteit 

kan een significante invloed uitoefenen op de waterschaarste schattingen wereldwijd. Hoofdstuk 5 laat 

bovendien zien dat het in achtnemen van de maandelijks variërende minimum rivierafvoeren, nodig om 

te kunnen blijven voorzien in goede terrestrische en aquatische milieucondities (EFR), leidt tot meer 

realistische en significant lagere schattingen van waterschaarste op maandelijkse basis in vergelijking tot 

eerdere resultaten. In Hoofdstuk 6 wordt een eerste stap gezet in de richting van de ontwikkeling van 

een nieuw beoordelingskader voor waterschaarste risico’s. Dit beoordelingskader brengt de effecten van 

hydro-klimatologische variabiliteit op de huidige en toekomstige waterschaarste condities samen met de 

effecten van klimaatverandering en socio-economische ontwikkelingen. Een vergelijking tussen de 

waterschaarste resultaten verkregen met dit nieuwe beoordelingskader en evaluaties die de 

conventionele methodes volgen leert dat de verschillen in uitkomsten kunnen oplopen tot 50% op lokale 

schaal. 

 

Deze dissertatie biedt een aantal inzichten relevant voor de ontwikkeling en implementatie van 

adaptatiestrategieën met betrekking tot het omgaan met waterschaarste. Alle hoofdstukken uit deze 

dissertatie benadrukken het belang van een zorgvuldige selectie van modellen en indicatoren. Door de 

uitkomsten van twee verschillende waterschaarste indicatoren, de waterschaarste indicator (WSI) en de 

Falkenmark indicator (FI), te vergelijken geven Hoofdstukken 3-4 een inzicht in de regio’s waar 

verschillende typen adaptatiemaatregelen mogelijkerwijs meer effectief kunnen zijn. Regio’s als het 

Midden Oosten, Australië en Nieuw-Zeeland, en delen van Noordwest Amerika zijn bijvoorbeeld met 

name vatbaar voor vraag-gestuurde waterschaarste (WSI). ‘Zachte’ adaptatiemaatregelen gericht op het 

verminderen of beter managen van de watervraag zijn in deze regio’s mogelijkerwijs het meest effectief. 

‘Harde’, meer technisch georiënteerde adaptatiemaatregelen die zijn gericht op het managen van de 

waterbeschikbaarheid hebben mogelijkerwijs meer effect in West Europe en Afrika. Dit zijn beiden 

regio’s waar waterschaarste gedomineerd wordt door een relatief hoge bevolkingsdichtheid ten opzichte 

van de waterbeschikbaarheid (FI). Een specifiek voorbeeld van een ‘zachte’ adaptatiemaatregel om 

waterschaarste risico’s te verminderen is het doen van hydro-klimatologische voorspellingen op 

seizonale of jaarlijkse schaal en het nemen van voorzorgsmaatregelen op basis van deze voorspellingen. 

Het meenemen van de ruimtelijke variatie in de gevoeligheid van waterschaarste condities voor jaarlijkse 

en meerjarige hydro-klimatologische variabiliteit, zoals ENSO (Hoofdstuk 4), kan helpen bij het stellen 

van ruimtelijke prioriteiten omtrent het nemen van maatregelen om waterschaarste risico’s te 

verminderen. Bijvoorbeeld het opslaan van voedsel en hulpgoederen voorafgaand aan een El Niño, of 

het instellen van verzekeringen die uitkeren aan de hand van hydro-klimatologische indicatoren. 

Hoofdstuk 6 biedt tenslotte een veelbelovende aanpak om tot verbeterde waterschaarste condities te 

komen in de toekomst. Met behulp van de FI zijn regio’s geïdentificeerd waarvan verwacht wordt dat 

zij een tekort in zoetwaterbeschikbaarheid zullen ervaren onder verscheidene socio-economische en 

klimatologische toekomstscenario’s. Met deze informatie kunnen beleidsmakers besluiten welke 
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adaptatie of mitigatie maatregelen het meest effectief kunnen zijn in het verminderen van de te 

verwachten waterschaarste risico’s, op globale, regionale, en lokale schaal. Middels de introductie van 

het begrip risico binnen waterschaarste beoordelingen faciliteert Hoofdstuk 6 bovendien het 

besluitvorming- en beoordelingsproces omtrent de keuze en efficiëntie van adaptatiestrategieën om om 

te gaan met waterschaarste, nu en in de toekomst. Methodes gebaseerd op risico zijn namelijk in staat 

de kans op voorkomen mee te wegen -alsmede de onzekerheid in deze kans en de invloed van hydro-

klimatologische variabiliteit hierop, in combinatie met de consequenties van waterschaarste, veelal 

uitgedrukt middels de begrippen blootstelling en kwetsbaarheid. 

 

Omdat de effecten van adaptatie ver kunnen reiken in zowel ruimtelijke als temporele zin, moet geen 

enkele maatregel als ‘op zichzelf staand’ worden beschouwd in de beoordeling van zijn effectiviteit, 

noch als zodanig worden geïmplementeerd. Hoofdstuk 5 onderbouwt deze gedachte en vraagt om een 

geïntegreerde aanpak waarin de effecten van specifieke adaptatiemaatregelen voor het gehele 

stroomgebied worden doorgerekend en waarin gestreefd wordt naar een optimale allocatie van de 

huidige en toekomstige zoetwater beschikbaarheid over alle gebruikers in het stroomgebied, natuur 

inclusief.  

 

Deze dissertatie brengt tenslotte verschillende onderwerpen aan het licht die op dit moment nog zijn 

ondervertegenwoordigd in waterschaarste studies, waar significante verbeteringen mogelijk zijn, en 

waarop toekomstig onderzoek zich zou moeten richten. Verschillende ontwikkelingen zijn, ten eerste, 

nodig om de betrouwbaarheid en representativiteit van de globale hydrologische modellen, datasets, en 

indicatoren die zijn gebruikt in deze dissertatie verder te verbeteren. De toenemende mate van detail die 

wordt toegepast in de simulatie en evaluatie van zoetwaterbeschikbaarheid en waterschaarste wereldwijd 

vereist bijvoorbeeld verscheidene aanpassingen en verbeteringen in de globale hydrologische modellen 

en datasets. Dit omvat onder andere het door-ontwikkelen van het raamwerk voor de modellering van 

watervraag, het meenemen van fysische en virtuele water overdrachten in het modelleren van de 

zoetwaterbeschikbaarheid, en het op sub-grid niveau verbeteren van de fysische representativiteit van 

verscheidene hydrologische concepten in globale hydrologische modellen. Meer aandacht moet ook 

worden besteed aan de representativiteit en bruikbaarheid van de verschillende waterschaarste 

indicatoren die momenteel beschikbaar zijn. Het meenemen van waterkwaliteit en de minimale 

waterbehoefte van terrestrische en aquatische ecosystemen is een derde aspect binnen het 

waterschaarste onderzoek dat meer aandacht behoeft. In staat zijn om de terugkoppeling tussen 

meteorologische, hydrologische, en socio-economische condities te simuleren, en diens effecten op 

waterschaarste, wordt als steeds belangrijker geacht en is een vierde onderwerp waarop meer onderzoek 

nodig is. Tot nog toe zijn de (monetaire) effecten van waterschaarste nog nauwelijks geëvalueerd, 

ondanks het feit dat een goed inzicht in deze (monetaire) effecten essentieel is voor de kwantificering 

van waterschaarste risico’s, voor de prioritering van inspanningen gericht op de vermindering van dit 

risico, en voor het beoordelen van de effectiviteit van adaptatiemaatregelen om om te gaan met 

waterschaarste. Het kwantificeren van de (monetaire) effecten van waterschaarste moet dan ook 

prioriteit krijgen. Alhoewel eerste stappen in het onderzoek zijn gezet om te komen tot een meer 

realistische model-representatie van het begrensd-rationele menselijk gedrag met betrekking tot het 
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duurzaam gebruik en management van zoetwaterbronnen, zijn de studies die deze resultaten bespreken 

slechts beperkt en gefragmenteerd, zeer context-specifiek, en vaak gericht op slechts één watergebruiker. 

Toekomstig onderzoek zou zich daarom, tenslotte, moeten toeleggen op het bijeenbrengen van deze 

kennis in een modelleringsraamwerk dat in staat is om het menselijk gedrag en menselijk handelen voor 

verschillende economische sectoren (agricultuur, industrie, huishoudens) te representeren. Een 

succesvolle ontwikkeling en toepassing van een dergelijk modelleringsraamwerk, dat de laatste inzichten 

met betrekking tot hydrologie, economische gevolgen, risico en risicobeoordeling omtrent 

waterschaarste, en gedragseconomie integreert, zou een grote vooruitgang op het gebied van 

waterschaarste onderzoek betekenen en opent deuren tot nieuwe onderzoeksmogelijkheden en tot een 

meer praktische toepassing van het waterschaarste onderzoek op zowel globale als regionale schaal. 
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Dankwoord 

“Af”. Dat was het eerste woord dat in me opkwam toen ik aanbelandde bij het schrijven van dit 

dankwoord. Na 4 jaar onderzoek doen is dat boekje dan eindelijk af. Die 4 promotiejaren zijn 

omgevlogen en heb ik over het algemeen met veel plezier beleefd. Van het eerste ontwerp van mijn 

PhD onderzoek tot aan de ‘replies’ op kritische reviewers. Van het werken aan scripts in Matlab, Python, 

en GIS, tot het opmaken van de allerlaatste figuren in deze thesis. Van de kick van het publiceren van 

het eerste paper in een wetenschappelijk vakblad, tot aan de allerlaatste loodjes richting openbare 

verdediging. Tijdens mijn promotietraject heb ik het geluk gehad een aantal keer naar het buitenland te 

mogen voor internationale workshops en conferenties, daarnaast heb ik de kans gekregen samen te 

werken met een hoop inspirerende collega-onderzoekers, in binnen- en buitenland. De afgelopen jaren 

heeft het werk vaak op nummer ‘1’ gestaan, een flinke investering maar niet zonder resultaat. Ik ben 

dan ook zeer tevreden met het eindproduct, de thesis die hier voor u ligt, en de weg die we hebben 

ingezet wat betreft het onderzoek naar droogte en waterschaarste bij het IVM. Ik heb die 4 jaar natuurlijk 

niet alleen afgelegd, maar in nauwe samenwerking met mijn promotoren, collega’s binnen en buiten het 

IVM, en met de liefdevolle ondersteuning en afleiding van vrienden en familie.  

Allereerst wil ik Jeroen en Philip bedanken voor de begeleiding gedurende mijn promotietraject. Philip, 

dankzij jou ben ik in aanraking gekomen –toen nog als student-assistent- met het IVM en het onderzoek 

gerelateerd aan water-risico’s. Jeroen, dank voor het vertrouwen dat je in me had om me aan de nemen 

als PhD onderzoeker op een onderwerp (droogte en waterschaarste) waar ik tot dan toe nog niet veel 

ervaring in had. Jeroen, Philip, ik heb het samenwerken, de begeleidende gesprekken, en het samen een 

visie ontwikkelen op het voor ons allen nieuwe onderwerp ‘droogte en waterschaarste’ als erg prettig en 

leerzaam ervaren de afgelopen jaren. Daarnaast ben ik jullie erg dankbaar voor de mogelijkheden die 

jullie me hebben geboden al tijdens mijn promotietraject veel samen te werken met onderzoekers elders 

(in binnen en buitenland), en zo een breed netwerk te ontwikkelen waar ik nu de vruchten van pluk. Ik 

hoop van harte onze samenwerking bij het IVM nog een aantal jaren voort te zetten om verder van 

jullie te kunnen leren. 

Het werken bij het IVM en binnen de VU heb ik altijd als zeer prettig ervaren – ook tijdens de wat 

turbulentere periodes. Dat komt niet in de minste plaats door alle collega-PhDs en -onderzoekers die ik 

op dagelijkse basis om mij heen heb gehad: voor koffie, (SPACE/WCR-)cake, of een biertje, maar ook 

voor inhoudelijke of meer levensbeschouwelijke discussies. Toon, Brenden, Elco, Hans, Ralph, Paolo, 

Andrés, Paul, Johanna, Gabriela, Jens, Konstantinos, Lars, Nadia, Jantsje, Anaïs, Dirk, Willem, Boris, 

Samantha, Christine, Koen, Marthe, Oscar, and anyone else that I may have forgotten to mention, 

thanks! Emma, een betere kamergenoot om mijn PhD mee te starten had ik me niet kunnen wensen! 

Mark, ook aan jou een speciaal bedankt in het bijzonder. Onze eerste ontmoeting en ons geëngageerde 

gesprek over het onderwerp Aarde & Economie op de beroepenmarkt van het Bonhoeffer college in 

Castricum in – ik meen 2005 – heeft zeker bijgedragen aan het feit dat ik hier nu sta, bedankt daarvoor! 

Buiten het IVM en de VU heb ik de afgelopen jaren meerdere (vriendschappelijke) werkrelaties 

opgebouwd, tijdens workshops en op conferenties, via het samenwerken aan papers, en als onderdeel 
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van onderzoeksnetwerken als ISIMIP, Panta Rhei, en de Young Hydrologic Society. Niko, Anne, 

Stephanie, Hannes, Simon, Yusuke, Yadu, Junguo, Jacob, Matti, Fang, Micha, and many more, thanks 

a lot for our very valuable cooperation so far and I hope many more may follow. Tijdens mijn 

promotietraject heb ik de kans gehad een half jaar in Berlijn te verblijven en onderzoek te doen bij het 

Potsdam Institute for Climate Impact Research (PIK Potsdam). Anne, Susanne, many thanks for the 

very warm introduction at PIK Potsdam and your guidance throughout this period. Although we haven’t 

found the chance to publish a paper yet, I’m quite sure it will happen. I hope new opportunities arise to 

collaborate again on the very interesting topic of ‘water economics’. 

Someone I owe a very big thanks in particular is Yoshihide Wada. Yoshi, I still feel very lucky that I met 

you in the very initial phase of my PhD, that you introduced me with the topic of water scarcity, and 

that you brought me in in the ISIMIP network. Next to that, I’m very grateful that you offered me the 

opportunity to work together in the ISIpedia project, as part of IIASA’s WAT team, the coming years, 

and to further develop myself as a mature, independent researcher. I always like our discussions, whether 

it is about water scarcity, academic careers, or the best sushi places in town. I look very much forward 

to continue our cooperation and I genuinely hope that our ‘paper-output’ will remains as high as over 

the past years. 心より感謝申し上げます.  

Ook buiten werktijd om heb ik vrienden en familie vaak genoeg lastig gevallen met werk-gerelateerde 

besognes en onmogelijke agenda’s. Eva, tijdens het fietsen of onder het genot van een biertje hebben 

we het meer dan eens gehad over het begrip ‘academische carrière’, wat daar nu precies zo leuk aan is, 

en of het allemaal wel de moeite waard is. Gelukkig komen we –tot nog toe – elke keer tot de conclusie 

dat dit het geval is. We staan meer dan eens voor dezelfde afwegingen of keuzes en ik ben blij dat we 

elkaar daar af en toe in kunnen ondersteunen, of dat we simpelweg – hoe nerdy- statistische methodes 

kunnen uitwisselen. Ik ben benieuwd waar ieder van ons over 10 jaar staat en hoop dat we dan nog 

steeds af en toe een biertje doen! Jolien, ook jou val ik – bij tijd en wijlen- lastig met thesisperikelen, 

zeker zo richting het laatste eind. Al is het soms wat onregelmatig, ik ben heel blij dat het ons lukt onze 

etentjes voort te blijven zetten. Je laat me zien dat werk alleen zeker niet alles is en bent voor mij een 

goed voorbeeld van het vinden van een mooie werk-privé balans. Mochten jullie (onverhoopt) toch nog 

besluiten naar ‘buiten’ te verhuizen, dan blijf ik zeker langskomen! 

Aafke, Anne, Carolina, Marleen, Tara, Tessa, Sanne, sinds de studietijd zijn we goed bevriend geraakt 

en nog steeds lukt het ons om elkaar met enige regelmaat te blijven zien, ondanks die soms bizarre reis-

/werkagenda’s. Hoe vaak hebben we al niet gehad dat we bij het organiseren van etentjes of borrels 

allemaal in een andere tijdzone blijken te zitten, ongelofelijk! Ik bewonder de ontwikkeling die ieder van 

jullie heeft doorgemaakt sinds de studietijd, en de stappen – die sommigen van jullie- buiten de begaande 

paden hebben gezet. Allemaal zijn we op een heel diverse manier behoorlijk succesvol, en dat juist maakt 

van ons zo’n goed team. Ik prijs mezelf nog steeds erg gelukkig dat ik jullie tijdens mijn studie heb 

ontmoet, daar heb ik vriendinnen voor het leven mee bij gekregen! Sanne, Marleen, met jullie deel ik de 

bijzonderheid dat we buiten goede vriendinnen ook collega’s zijn. Het is daardoor niet altijd makkelijk 

werk en privé te scheiden, maar ik vind dat we het heel behoorlijk doen. Juist op een moment waarin 
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werk en privé in elkaar overlopen, zoals bij een promotie, ben ik erg blij dat jullie mij als paranimf bij 

willen staan! 

Jan, Lidy, altijd staan jullie voor ons klaar, als er verhuisd of geklust moet worden, voor ritjes van/naar 

het vliegveld op onmogelijke tijden, voor het lenen van een auto, voor aanmoedigingen bij 

sportwedstrijden, of bij een tijdelijk gebrek aan een woning. Het siert het jullie bovendien dat jullie altijd 

geïnteresseerd zijn in ons dagelijks werk, hoe abstract of ongrijpbaar ook, al heeft het –min of meer- 

iets te maken met Aardrijkskunde. Bedankt voor jullie onvoorwaardelijke steun en interesse. Ik kom 

graag een keer langs in de klas om als dr. Veldkamp iets te vertellen over mijn onderzoek. 

Bob, Mam, met elkaar zijn de afgelopen jaren behoorlijk heftig geweest en ik heb veel bewondering 

voor het feit hoe we daar weer bovenop zijn gekomen. Bob, het afgelopen jaar hebben we in dezelfde 

thesis-modus gezeten, en op het moment van schrijven werken we ieder naar onze eigen deadline toe. 

Ik ben ongelofelijk trots op hoe ‘mijn kleine broertje’ dit in de afgelopen jaren bewerkstelligd heeft en 

hoe je je hebt ontwikkeld tot een volwassen man. Ook al zijn we het niet altijd eens, en hebben we meer 

dan eens een totaal verschillende aanpak, onthoud goed: “Je grote zus heeft niet altijd gelijk, er zijn zeker 

meerdere wegen naar Rome”. Ik vind het erg leuk dat we uiteindelijk min of meer in hetzelfde vakgebied 

terecht zijn gekomen, dat ik je af en toe kan helpen bij de laatste loodjes, of dat ik je kan ondersteunen 

bij te maken keuzes. Ik ben erg benieuwd waar je uiteindelijk terecht zult komen en hoe je je verder zult 

gaan ontwikkelen. Ik heb er alle vertrouwen in! 

Mam, zeker voor jou zijn de afgelopen jaren niet gemakkelijk geweest en ik ben blij dat alles weer in een 

wat rustiger vaarwater terecht is gekomen. Samen met pap heb je een cruciaal aandeel gehad in waar ik 

nu sta. Jullie hebben ons de wereld laten zien en ons opgevoed tot wie we nu zijn. En ik denk dat jullie 

daar ongelofelijk trots op kunnen zijn. Bij geboorte noemden jullie me “Isis, kind van de Nijl”. Hoe 

toepasselijk is het dat ik juist op dit gebied onderzoek ben gaan doen; kan niet anders dan voorbestemd 

zijn. Ik vind het leuk dat je altijd geïnteresseerd bent in mijn werk, hoe complex ook, en dat je braaf 

mijn artikelen leest, of in ieder geval de samenvatting. En ik vind het mooi om te zien hoe trots je bent 

als je anderen vertelt over mijn werk, de conferenties, mijn parttime aanstelling in Oostenrijk, of dat je 

meegaat op een buitenlandse trip. Ik heb bewondering voor de manier waarop je met alle tegenslagen 

bent omgegaan de afgelopen jaren en ik hoop dat we nog heel wat mooie jaren in het verschiet hebben.  

Pap, ik herinner me nog levendig dat – op een van de eerste dagen van je ziekte – we een tijd met z’n 

tweeën in het tuinhuis hebben gezeten en het leven hebben doorgenomen. Je wilde van me weten wat 

mijn plannen waren, met Merijn, qua wonen, en wat betreft studie en werk. Zo hebben we alles min of 

meer besproken en heb jij je een beeld kunnen schetsen van mijn toekomst. Ik heb je toen verteld dat 

ik dacht dat Merijn wel echt de ware was, dat ik later hoopte in Amsterdam of Haarlem te gaan wonen, 

en dat ik m’n studie succesvol zou afronden, met hopelijk aansluitend een promotie-traject en mooie 

wetenschappelijke carrière. Zie nu, 7 jaar later zijn alle punten op het lijstje afgevinkt en wordt het tijd 

om nieuwe toekomstdromen te schetsen. Alhoewel ik dikwijls verdrietig ben om het feit dat je er niet 

meer bent, met name bij dit soort bijzondere momenten, put ik troost uit de gedachte dat je er op deze 
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manier toch min of meer deel van hebt uitgemaakt. Ik weet dan ook zeker dat je ongelofelijk trots zult 

zijn geweest op dit eindresultaat. 

Lieve Merijn, een co-auteurschap op deze thesis had niet misstaan. Dankjewel voor je onvoorwaardelijke 

steun en aanmoedigingen tijdens deze periode. De afgelopen 4 jaar was jij het die me op de been hield 

tijdens moeilijkere momenten, en met m’n voeten op de grond wanneer ik weer eens doordraafde, of 

iets te veel hooi op m’n vork nam. Ik ben erg dankbaar zo’n mooie, intelligente, en eerlijke vrouw naast 

me te hebben, iemand met wie ik kan sparren over het onderwerp waterveiligheid (nat én droog), op 

wie ik kan terugvallen bij moeilijke beslissingen of tegenslag, met wie ik de feestjes kan vieren tijdens 

succes, iemand die het beste met me voor heeft en waarop ik onvoorwaardelijk kan vertrouwen. Ook 

jouw carrière ontwikkelt zich op dit moment in sneltreinvaart en meer dan eens maken we samen 

marathon-dagen. Onze agenda’s verplichten ons soms in termen van weken te spreken als we met 

vrienden willen afspreken, door cursussen, vergaderingen, workshops, congressen, en werkafspraken in 

alle windstreken. Genoeg tijd vrij maken voor elkaar en niet werk-gerelateerde zaken is daarin een 

uitdaging maar lukt ons wonderwel goed. Tijdens de afgelopen 4 jaar zijn we 7 keer van huis gewisseld, 

hebben we een half jaar in het buitenland gewoond, hebben we een aantal mooie reizen gemaakt, hebben 

we een huis in Amsterdam gekocht, hebben we >16 kilometer in wedstrijdvorm hardgelopen, zijn we 

getrouwd, en hebben we mooie feestjes meegemaakt, om maar eens een paar dingen te noemen. We 

hebben het leven gevierd! Ik kijk erg uit naar onze toekomst samen en ben benieuwd wat de komende 

4 jaar voor ons in petto heeft.    
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