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Abstract 

The planet has a finite volume of freshwater available for human and ecological use. Surging demands 

from the growing world population, increased pollution, and global climate change have all contributed 

to extreme demands on earth’s freshwater resources. This is further amplified by unstable supply systems 

and insufficient regulatory frameworks. 

This thesis enables companies to assess the water risk of their upstream supply chain through different 

indicators that observe physical and amplifying water risks. Through a Monte Carlo Analytic Hierarchy 

Process methodology these indicators receive weights and are aggregated towards an index score that 

allows to assess supplier’s water risk based on their location. This index score is determining one 

dimension of the assessment complemented by others such as water inventory measures, or societal 

sustainability aspects such as the human rights to water.   

With this methodology, companies are able to identify the local and global context of water, include water 

inventory measures and derive their water risks in the supply chain. Through these three steps, they can 

reduce scope to engage with at-risk supply chain actors and demonstrate due diligence and stewardship 

for water. This thesis provides a twofold approach by focusing at first on a specific water intense raw 

material and its suppliers and second, by providing an overview of a large set of suppliers and identifying 

the ones with severe water risks. 
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Executive Summary 

Excessive demand and unstable water supply have led to increased water scarcity crises all over the globe. 

Multinational companies have recognized the importance of addressing concerns as water is essential to 

the manufacture and use of many of their products. They are striving to address the steps within the life 

cycle of products that consume the largest volume of freshwater: consumer use, raw materials production 

and manufacturing. A major vulnerability has been to address water risk and its scarcity in complex 

upstream supply chains. This thesis addressed this knowledge gap.  

Methodology development  

After expertise development, we proposed six indicators for the water scarcity screening methodology of 

suppliers. These indicators covered the factors of physical water scarcity and variability, supply 

dependencies as well as amplifying factors for water scarcity like governance and infrastructure. The 

chosen indicators were vetted by external partners and internal stakeholders. We aggregated this 

multiple-indicator approach through weights retrieval with the Montel Carlo Analytic Hierarchy Process 

(MCAHP) methodology. Based on the location of the supplier site, scores for each indicator were gathered 

and aggregated using the weighting scheme to give an “overall water risk” index for the supplier.  

Other data used for the assessment were the total water use of the supplier (when available), total 

expenditures on suppliers, future projections on water demand, supply and its variations and the 

estimated percentage of the population within the home country of the supplier with access to improved 

water according to the World Health Organization (WHO). This final data point provided a way to better 

understand if suppliers were located in countries where the human right to water has not yet been fully 

secured (less than 90% of population has access to improved access to water). With this methodology in 

place we were able to observe specific raw materials and their suppliers and also limit the scope of a large 

set of suppliers to focus on the at-risk ones. 

 

Results 

i. Bottom-up application of water-intense material 

This case observed six suppliers, out of which four provided three different types of a water-intense 

material. With the information provided, the water scarcity risk index (x-axis) was calculated for the 

current situation and projected for 2040. The relative water use, was depicted on the y-axis and the size 
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of the bubble showed the purchased material amount. The figure below provides a graphical solution to 

depict these dimensions. 

All suppliers were below high risk levels (threshold >2.5 for aggregated index). However, Supplier 3 was 

the largest raw material purchase source of all four active suppliers and was located in a medium risk 

region. The area where the supplier is located is also expected to experience an increase in water scarcity 

risk by 2040 (dotted line circle shows projected change). Due to supplier dependency and near critical 

location, the company was recommended to engage with Supplier 3, to learn more about what is done 

there to minimize the water risk. 

ii. Top-down approach – global view on first tier suppliers of a business unit 

With the methodology, a set of more than 1,000 suppliers located in four regions was investigated, with 

the goal to retrieve a short list of at-risk suppliers with a data-based and strategic approach.  

Overall, Asia was identified as the region where suppliers were experiencing the highest water scarcity 

risk, followed by Europe, Middle East and Africa (EMEA), Latin America (LA), and North America (NA). The 

percent of suppliers with high water scarcity risk scores was projected to increase across all four regions 

by 2040. With the aggregated index (x-axis) we were able to categorize 370 at-risk suppliers. However, 

we wanted to enable the company to further reduce this. As a second dimension (y-axis), we proposed 

the access to water indicator that reflects human rights to water. This allowed companies to combine 

environmental with societal sustainability. All material suppliers were grouped by country and plotted in 

Figure 2.  
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Figure 1: Water Scarcity Risk (Current & 2040), Relative Water Use, and Total material purchased 
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The size of the circle indicates the total annual spend on suppliers located within the country. The error 

bars show the range of aggregated water risk index scores of suppliers within each country. In many cases, 

the scores varied greatly between suppliers within a single country (e.g. India). This is because water is a 

very local issue that can change drastically over geographies. Suppliers of most concern were in the red 

zone, which meant that they were located in regions of high-very high water risk (>2.5) and were operating 

in countries where less than 90% of its people have access to improved water. Through this, we limited 

the list of at-risk suppliers to 14. Also, we developed an extendable VBA-based Excel tool that provides 

further analyses for all observed suppliers and their projected water risks in 2020, 2030 and 2040.  

Contributions 

From a practitioner’s perspective, one of the greatest challenges of making progress for water 

stewardship in the upstream supply chain is the overall size and complexity of it. The provided 

methodology and VBA-based tool in a top-down approach helped provide a strategic, data-based concept 

to prioritize potential follow ups and decision making. It will allow the company to demonstrate due 

diligence and stewardship in the future. Furthermore, with the study on a water-intense raw material, a 

conceptual approach is shown to continue investigating critical water-intense raw materials. The study 

unveiled that vertical and horizontal supply chain complexity is a major challenge when addressing water 

risk. The academic contribution reflects through the novel development of a multiple-indicator 

methodology for water risk screening in a supply chain environment, the extension of the MCAHP 

approach for the case of small sample sizes and the usability of water inventory measures in different 

supply chain settings.  
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1. Introduction and Corporate Water Stewardship 

1.1. Motivation of thesis 

Climate change has disrupted previously stable cycles of rain, snow and storms, making the natural supply 

of water1 unpredictable. The relative speed of the transition to such unstable global water conditions has 

surprised governments and companies (Schneider, 2016). Insufficient infrastructure, regulations and the 

immense growth in water demand has made water a scarce resource in many regions around the world 

(OECD, 2011; Schyns et al., 2015). Recent numbers confirm this, as four billion people face severe water 

scarcity at least one month a year (Mekonnen & Hoekstra, 2016). As a result, water scarcity crises have 

been identified by numerous sources as one of the top global sustainability risks today and even more in 

the future (Hoekstra, 2014; World Economic Forum, 2014).  

The definition of water scarcity is “an excess of water demand over available supply” (Steduto et al., 2012). 

In concerns of supply, even though water is a renewable resource, it does not mean that its availability is 

unlimited. Because there is only a certain amount of precipitation, and water has to run through the 

hydrologic cycle, water is a finite resource (Hoekstra, 2013; Schyns et al., 2015).  Moreover, water demand 

has grown more than twice the rate of the population increase in the last century (Zabarenko, 2011). This 

finiteness in supply, in combination with immense water demands, make it possible for water to be scarce.  

For companies, water is a key ingredient in many of their operations and efficient water use is needed 

(Jones et al., 2014). Due to the increasing water challenges, investors request companies to assess their 

internal and external water risks. Organizations such as the Carbon Disclosure Project (CDP), allow 

companies to disclose sustainability information and have extended their scope to encompass water and 

the supply chain (Carbon Disclosure Project, 2016). Therefore, companies have started to track their 

internal water use in production and during the use phase of their finished products. Thus, understanding 

the risks associated with the lack of water is of vast importance. Consequently, companies have started 

to evaluate risks through water risk assessments that determine where their sites could be experiencing 

current or future water risks. Addressing the upstream supply chain, however, has been widely neglected 

so far. This is surprising as the environmental impacts of a company can often be attributed to processes 

in the upstream supply chain (Pelton et al., 2016). As transparency and engagement of suppliers gain 

importance for future competitiveness, companies are trying to extend their water risk knowledge there. 

                                                           
1 The term “water” used throughout this document refers to fresh water unless indicated otherwise 
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Assessing water risk is complex though. The importance of temporal and spatial characteristics of water 

result in higher complexity. After the use of water, the resource enters the global hydrologic cycle of water 

and the resulting temporal unavailability of water in that specific location is difficult to predict. Hence, 

water is a global resource, but largely influenced on a local level by the environment, governments and 

society. 

For companies to meet water complexity and its challenges, sustainability initiatives are established under 

the research field Corporate Water Stewardship (CWS). This field  facilitates the sustainable management 

of shared water resources in collaboration with stakeholders such as suppliers, governments and 

consumers (WWF & DEG, 2011).  

To implement appropriate measures to reduce overall water risk of the supply chain, continuous 

monitoring at the local level is needed. But, in case of large multinational companies, the needed 

information is difficult to retrieve due to enormous global supply networks. In order to simplify the 

complex networks, it is necessary for these companies to begin by identifying the highest risk locations 

and prioritizing those areas for further investigation. 

This thesis aims to model a water risk screening methodology for the upstream supply chain of a 

multinational company, by coupling physical water risk with other amplifying risk indicators. 

1.2. Literature Review – Corporate Water Stewardship 

To accommodate this study and follow a research framework, we introduce Corporate Water 

Stewardship. The framework is described in Figure 3 by a cyclic process of five iterative steps. 

 In order to effectively implement CWS, the engagement of all stakeholders is at the core. The number of 

stakeholders in the water stewardship process is enormous and can range from local communities to 

governments, and further, company’s suppliers and consumers.  

Following the cycle, Step 1 restates the importance of spatial complexity as water circulates not only 

locally, but in global cycles, and needs to be assessed from both perspectives (Berger & Finkbeiner, 2010). 

Influences within their local environment can be for example climatic conditions and variations, geology, 

topography and runoff2 (Chapagain & Tickner, 2012).  

 

                                                           
2 Runoff is the water that flows over land as surface water and is not absorbed into groundwater or evaporated 
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Figure 3: Corporate Water Stewardship process adapted from WBCSD (2012) 

When considering other sustainable measures, several metrics and impact methodologies have been 

developed to drive sustainable supply chain management. Similarly, these exist for water, which is 

assessed in Step 2. For a volumetric measurement, different water paths as well as the spatial and 

temporal scopes need to be defined. Based on this, an inventory is created, which is then attempted to 

translate into local and global impacts.  

Step 3 identifies water risks. The main risk is still the physical scarcity of water. If water supply is limited 

(e.g. water shortages), this can have a severe impact on a company’s operations and its supply chain. 

Moreover, companies are increasingly observed on their water demand and the way they extract and 

discharge water. This is often done by key stakeholders and can pose regulatory and reputational risks for 

companies (WWF & DEG, 2011).  

Before determining concrete actions, setting, monitoring or communicating targets (Step 4 and 5), a 

robust foundation needs to be set within the first three steps. The steps should not be observed 

separately, but interconnected. In an ideal situation, those three steps could be reassessed and approved 

through an iterative process. For each step, different questions need to be addressed. These are described 

in Appendix A. 

To analyse water, three main research methodologies exist in the CWS field: Water Risk Assessment 

(WRA), Water Footprint Assessment (WFA) and Life Cycle Analysis (LCA). 
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i. Water Risk Assessments 

The risk indicators used in such assessments range from physical quantity and quality to qualitative 

measures. These assessments mostly serve to give an understanding of water stressed areas, while 

supporting decision-makers for facility selection. Its simplicity and publically available data, makes a 

screening water risk assessment a logical first step for companies. On the basis of these initial 

screenings, more in depth information for the local water challenges have to be gathered. These 

assessments have mostly been used by companies to screen their internal operations, as information 

on a local level can easily be retrieved. Currently, no risk assessment specific to the supply chain has 

been developed. This challenge is addressed within this thesis. Overall, this methodology 

accommodates Step 1 and 3 of the CWS process. 

ii. Life Cycle Analysis 

LCA is an accepted and applied environmental management tool used to measure different 

environmental impacts accrued by products during their life cycle (cradle-to-grave) (Schnoor, 2009). 

Water has been neglected for a long time in this methodology. A possible explanation for this 

deficiency is that LCAs are usually developed in industrial countries where no water scarcity existed 

in the past. Secondly, products typically assessed by LCAs consume rather low amounts of water in 

their production (Berger & Finkbeiner, 2010). All LCA inventory research is mainly based on public or 

purchased databases providing aggregated historical data. The advantage of such databases is that a 

good overview of a company’s or a specific product’s water use can be obtained across the entire 

lifecycle (including the use phase). The inventory step is followed by the impact assessment methods. 

These impact methods are supported by its research community, as a pure volumetric based water 

footprint might be meaningless or misleading. A reason for this is that even very low water footprints 

can be critical in areas where water is abundant. Several of these methods have been developed 

(Berger & Finkbeiner, 2010; Canals et al., 2009; Jeswani & Azapagic, 2011; S Pfister et al., 2009), but 

the impacts are difficult to quantify. Moreover, most of them only focus on the limited scope of 

ground water and surface water (Berger & Finkbeiner, 2010; Hoekstra, 2016). Therefore, companies 

often neglect impact methods. Overall, the LCA methodology accommodates Step 2 of the CWS 

process. 

iii. Water Footprint Assessment  

The first supply-chain thinking in water stewardship has been introduced by Water Footprint 

Assessment (WFA) methodology. It is used to link human consumption with the appropriation of 
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water (Hoekstra, 2016). A lot of WFA research has been conducted by the beverage and food industry, 

which require a high percentage of agricultural raw materials in their operations (SABMiller & World 

Wildlife Fund, 2009; The Coca-Cola Company & The Nature Conservancy, 2010). These companies find 

this methodology useful, as it also accounts for water sources related to agricultural needs such as 

rain water. This is in contrast to the other two methodologies, which almost completely focus on the 

sole water source of ground water and surface water (Schyns et al., 2015). Calculating a volumetric 

water footprint sums up the different water types addressing water quantity, but also quality (so-

called grey water footprint). These need to be understood, quantified by the different (virtual) water 

flows and also include spatial and temporal information, making this methodology far from trivial 

(Berger & Finkbeiner, 2010). It requires an in depth knowledge of the upstream supply chain and the 

water use for raw materials. It is often used for specific raw materials that are sourced from different 

locations (e.g. sugar). Overall, WFA includes Steps 1 and 2 of the CWS process. 

Concluding from the introduced methodologies, several possibilities are available when trying to assess 

water scarcity in the upstream supply chain of a multinational company. An understanding of the criticality 

of water scarcity is as much needed, as understanding and deriving water measurements of specific raw 

materials when trying to establish supply chain decision-making through water. 

WRA is the starting point of every company’s water stewardship assessment as their indicators help to 

understand local water criticalities and derive water hotspots. Thus, this is a main focus also for this thesis 

and needs to be customized towards the supply chain setting. With LCA and WFA, two options exist to 

derive water measures. WFA has a focus on agricultural raw materials with understanding different water 

paths with the inclusion of rain water, while LCA measures have mostly been used for industry water 

usage. While all raw materials are essentially having agricultural origin, it will need to be assessed with 

this thesis which methodology to use for which supply chain setting and company characteristic. Another 

aspect to consider is stakeholder engagement. Even though it is at the centre of the CWS process, the 

collaboration with suppliers has been very limited. So far, activities with suppliers are often focused on 

upholding specific water requirements and standards or the report of simple water measurements.  

While supply chain risk methodologies account for natural disasters such as floods, none have taken 

scarcity of the water into consideration. Overall, CWS in the supply chain is still in an early development 

phase, far behind other supply chain sustainability measures. For the CWS research field to actually 

become a decision maker in supply chain operations, concepts need to be further developed and the 
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foundation of CWS has to be consolidated. With this thesis, we want to exploit such first steps for a 

multinational company in the upstream supply chain environment. 

1.3. Research Questions 

Determining water scarcity is not as trivial as other sustainability measurements. For example for 

greenhouse gas emissions (GHG) emissions, volumetric measurements or conversion factors (e.g. fuel 

consumption) are enough to interpret sustainability impacts. This is not as trivial for water, as not only 

local characteristics can play a large role, but also no conversion measures exist. A volumetric 

measurement of water in the upstream supply chain without knowing the spatial or temporal context is 

not sufficient. The first research question follows from this: 

RQ1: How should water be assessed in upstream supply chain to acknowledge its complexity? 

When observing the CWS research field, no consent or synergies are being created to establish a more 

robust foundation of the first three CWS process steps. Water risk assessments have been mostly 

internally used by companies, but are not considering any inventory methods of a product or raw material. 

Establishing an understanding for water use is important to better address risks and opportunities of 

water. Thus, the next research question is: 

RQ2: How can CWS methodologies and steps be combined to create a better CWS foundation and 

quantify water scarcity risks in the upstream supply chain? 

When observing the upstream supply chain, mostly qualitative or very limited quantitative information 

such as, water inputs and outputs of a manufacturing plant are shared by suppliers on water. This is 

insufficient to determine the supply chain water risk due to a certain supplier or a water-intensive raw 

material. Through the lack of data retrieved from the supplier, factors need to be identified for water risk 

and indicators found that rely on public available data. Hence the next research question is: 

RQ3: What are the key factors and indicators needed to effectively and efficiently assess water scarcity 

risks of a company’s upstream supply chain? 

As the criticality of water is still struggling to gain attention and has been neglected until recently, it is 

important to show the impairment of the water situation. The awareness of water and its criticality still 

need to be established in many companies, especially for suppliers. Thus, the last research question states: 

RQ4: How can awareness of the water situation be elevated for future perspective? 
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The novelty of this thesis allows us to explore a new research area. Consequently, we want to focus on 

the first three steps of the CWS process to create a robust methodology for relevant actions on sustainable 

corporate water management in the supply chain. 

1.4. Scope 

Water has only recently been included in a majority of the corporate sustainability programs and 

measurements across multinationals. As a result, issues for scarcity and the resulting water risk have not 

been explored yet and most focus has been given to business continuity or proper responses to natural 

disasters such as floods. With this thesis, we focus on water scarcity and its risk3, triggered by excessive 

demand and insufficient supply. Starting to understand the upstream supply chain and these water risks 

are essential for future stability of raw material supply for companies.  

1.5. Thesis outline 

The following chapter addresses Research Question 1 and 2 by determining the challenge to conceptualize 

water risks and CWS programs for the upstream supply chain. Chapter 3 develops a multiple indicator 

methodology to address water risks in this environment. We make use of the Multi Attribute Decision 

Making (MADM) research field to develop fitting indicators of physical and amplifying nature. Also we 

determine weights and include uncertainty with multiple expert opinions by using a Monte Carlo 

Simulation with the Analytic Hierarchy Process (AHP). Moreover, water inventory measurement 

capabilities of LCA and future water projections are introduced. This accommodates Research Questions 

3 and 4. Within Chapter 4, the concept of the methodology is proven by determining the weights and 

developing different practical application approaches. Through Chapter 5 we conclude this thesis with a 

discussion on contributions, recommendations for future research and practical opportunities.

                                                           
3 Water risk in this thesis is related to the risk occurring due to scarcity of water 
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2. Addressing complexity of water in the upstream supply chain 

To be able to create a methodology, we need to understand the complexity of the resource and its 

environment first. Thus, section 2.1 describes the characteristics of water and the possibility to derive 

environmental impact. In section 2.2, the complexity of the upstream supply chain of a multinational 

company is explained. The first two sections help with Step 1 and partially Step 2 of the CWS process. 

Afterwards, in section 2.3, we discuss water inventory methods (Step 2 of CWS) and their current usability 

in a supply chain setting. Furthermore, we motivate an aggregated indicator methodology approach for 

the supply chain in section 2.4. This relates to Step 3 of the CWS process. In the concluding section, we 

outline key takeaways from this chapter, which enable us to create a supply chain methodology for water 

risk while considering the first three steps of CWS. 

2.1. Complexity of the resource water 

To comprehend the complexity of water, it is important to observe its characteristics and measures. We 

introduce water paths, abstraction and temporal and spatial characteristics as well as the complexity of 

determining environmental impacts for water.  

i. Water paths in the hydrologic cycle 

After precipitation, water can follow the hydrologic cycle within two paths. These are distinguished 

as blue and green water (Hoekstra et al., 2011). The blue water refers to surface water4 and 

groundwater5. If blue water is withdrawn, it is the loss of water from an available ground or surface 

catchment6 through evaporation or the return to another catchment. The green water is precipitation 

that is absorbed by the soil7 or the water that evaporates from it (Hoekstra et al., 2011). Blue water is 

used for industrial and domestic purposes and irrigation in agriculture. Green water sustains crop 

production, grazing lands, forestry and terrestrial ecosystems which provide, for example, fibres, 

biofuels, timber and livestock products (Schyns et al., 2015). About three-fifths of the precipitation 

over land takes the green water path and only two-fifths the blue water path (Oki, 2006). It is 

important to recognize that blue and green water are closely intertwined, as the scarcity of one of the 

components automatically leads to an increased use of the other (e.g. blue water irrigation). Thus, 

green water scarcity is as important as blue water scarcity. 

                                                           
4 This refers to water that flows over or is stored on the surface 
5 Water that is stored in aquifers in the ground (not in the soil) 
6 A structure used for collecting or draining water 
7 Expression: soil moisture 
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ii. Water abstraction 

A distinction in abstraction is made between withdrawal and consumption. Withdrawal is the total 

amount of water withdrawn from its source, meaning the total volume of water that is needed for a 

product or service. This does not mean, however, that all supplied water is consumed. Consumption 

is the water that has evaporated, was incorporated into the product or returned to another 

catchment (Hoekstra et al., 2012). In terms of measurement, water withdrawal is the main used 

term, as it is physically accountable by simple measures such as water input and output. Water 

consumption on the other hand, can be the more relevant measurement, as it shows the actual used 

water volume for a product or raw material. But, in this case, it is more difficult to measure and 

determine a proper scope. When we address water scarcity, consumption reflects the water being 

unavailable within a catchment, while withdrawal does not allows us to make such a distinction. 

Therefore, when using withdrawals, it is important to identify water measure methods that can sort 

this in different flows. 

iii. Temporal and spatial characteristics 

The finiteness of water shows how important the temporal characteristic of water is. Even if water 

is returned later to the same source it is withdrawn from, it needs to be considered as unavailable 

for a certain amount of time. Moreover, annual or seasonal variations in rainfall and river flows play 

an important role in scarcity of water. These variations are increasing tremendously due to climate 

change (Hoekstra et al., 2011; Schyns et al., 2015). Even though water scarcity issues mainly manifest 

at the local river basin8, the origins of the issue and impacts are derived from an interaction of natural 

biophysical cycles and actions of water stakeholders in a variety of sectors on different spatial levels 

(Jeswani & Azapagic, 2011; WWF, 2009).  

A substantial part of water challenges, such as droughts, have (sub)-continental or even global 

dimensions. Limiting an assessment only to one river basin is not enough to understand water 

(Hoekstra, 2010). However, assessing on a too global level, might result in the loss of important 

spatial specific characteristics. Therefore, when assessing a global supply chain, the issue between 

assessing on a local or global level needs to be considered from different perspectives. 

 

 

                                                           
8 Area of land, where water from rain and melting snow flows into a river and its tributaries 
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iv. Deriving environmental impact for water 

For Step 2 of the CWS process, we have to determine inventory and impact measures. As discussed in 

the previous chapter, LCA and WFA are the possibilities to address this. The inventory measures that 

those two methods propose are varying in their approach. However, they are considered robust and 

established in the academic research. The inventory measuring methods are discussed separately in 

section 2.3. In this paragraph, we focus on the complexity of water impact measures.  

The WFA research community proclaims that the  volumetric Water Footprint is not a measure of the 

economic, social and environmental impacts of water consumption and pollution (Chapagain & 

Tickner, 2012). In trying to determine an impact, the WFA research community developed an impact 

index. It is an aggregated and weighted measure of the specific water footprint multiplied by the 

water scarcity by catchment and by month. The limitation of this impact measure is outlined as well 

by the WFA community. It is only a crude impression of the local environmental impact, which can be 

used for benchmarking with local impacts of another water footprint. Overall, it is not considered 

useful for formulating response measures, which are often sought by CWS decision makers (Hoekstra 

et al., 2011).  

The LCA research community has developed several methods to accommodate water sustainability 

on the established LCA impact framework. As for other sustainability measures, the focus is on three 

endpoint impacts: human health, ecosystem quality and depletion of resources. An example LCA 

method from inventory to endpoint impact can be viewed in Appendix B.1. These impact methods 

can be misleading in some cases and have not been used on practical cases (Ridoutt et al., 2010; 

Ridoutt, 2011). Thus, most impact approaches have focused on water stress (ratio of water withdrawn 

to water available) in refined spatial levels which are comparable to the proposed WFA impact index 

(Kounina et al., 2013).  

We conclude that impact methods proposed by the LCA research community appear not appropriate 

when implemented in practice. This is supported by the observation of several sustainability reports 

and academic research, where only inventory measures are investigated (Hewlett Packard, 2014; 

SABMiller & World Wildlife Fund, 2009; The Coca-Cola Company & The Nature Conservancy, 2010). 

Concerning water impact, we propose a water stress index for the methodology, which is not a direct 

measure of impact, but addresses the criticality of it. Such a measure is accepted by both WFA and 

LCA research communities. 
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These characteristics of water show its complexity and difficulty to address its impact. However, water 

and its scarcity, is even more complex when extending the scope of influence to amplifying factors such 

as water infrastructure or regulatory systems. Consequently, the Food and Agriculture Organization of the 

United Nations (FAO) extends the definition of water scarcity to “an imbalance between supply and 

demand of freshwater in a specified domain (country, region, catchment, river basin etc.) as a result of a 

high rate of demand compared with available supply, under prevailing institutional arrangements and 

infrastructural conditions” (FAO, 2015).   

2.2. Understanding the complexity of a multinational company’s upstream supply chain 

There are several advantages to develop a multiple indicator methodology based on WRA, because it 

allows to locate high risk areas. However, most assessments have been focused on a company’s internal 

operations as information is more easily derived within a company framework (WWF & DEG, 2015). The 

non-existing strategic focus on the supply chain needs to be addressed by creating a methodology that 

understands the restrictive nature of the upstream supply chain of multinationals. These companies are 

often challenged with the magnitude of complex and growing supply chains and traceability issues. In 

reference to the principal agent problem of the agency theory, information asymmetry is a large problem 

as well, as suppliers are information owners and are not always willing to share all of it. We discuss these 

aspects below. 

i. Magnitude and complexity of the upstream supply chain 

Due to globalization, supply chains have increased tremendously in complexity over the last decades. 

It has been argued to be the reason for decreasing performance of operations, complicating decision 

making and causing disruptions (Bode & Wagner, 2015). The figure below depicts the three different 

types of horizontal (number of suppliers in each tier), vertical (number of tiers) and spatial (dispersion 

among members within the network) complexity in the upstream supply chain. 

Figure 4: Types of complexity in the upstream supply chain from Bode & Wagner (2015) 
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The study of Bode and Wagner (2015) showed that all three types of complexity are drivers of 

disruption risks, which provides future studies with a multi-dimensional nature. These drivers 

appeared to have a synergetic link amplifying such risk. For horizontal complexity higher than linear 

increases in risk were observed, which puts a focus on this type of complexity. For multinational 

companies these problems are more critical, as the amount of Tier 1 suppliers is large and vertical 

complexity is hard to assess, as often only Tier 1 suppliers are traced (Bode & Wagner, 2015).  

The mentioned supply disruptions can be caused by water scarcity issues as observed by a study of 

Saito and van Ast (2012). It showed that due to increased cross-border production and trade, the 

vulnerability to water scarcity issues increased in supply chains of Asian companies. This led not only 

to disrupted supply chains, but also to an increase in commodity price volatility and manufacturing 

costs (Saito & van Ast, 2012). Spatial complexity between suppliers and company is a very important 

factor in supply chain management and studies conducted on sustainability. With the local nature of 

water scarcity we cannot directly reduce it, but only benchmark suppliers on their local water stress. 

This we can only fully understand, once all local information on water is available. The trend of 

increasing supply chain complexity makes this an even bigger challenge as the work effort for 

retrieving this information is very demanding for a large number of suppliers.  

ii. Traceability in the upstream supply chain 

Carter and Rogers (2013) describe four facilitators of sustainable supply chain management with 

transparency, risk management, strategy and organizational culture. Within the scope of this thesis, 

we focus on the first facilitator. Transparency is defined as “proactively engaging and communicating 

with key stakeholders and having traceability and visibility into upstream and downstream supply 

chain operations” (Carter & Rogers, 2013). The first statement reflects the core of CWS with 

stakeholder engagement. The second one whose focus is on the upstream supply chain identifies a 

key issue when it comes to multinational companies.  

In research, traceability in the upstream supply chain is gaining attention and recognized as a problem 

for companies. One research observed its influence on reputation and profits (Saak, 2016). In addition 

to only knowing the Tier 1 suppliers, it is often the case that the manufacturing locations of these 

suppliers are not known due to the focus on monetary flows instead of physical transaction flows. 

Because of traceability deficiency, the role of Tier 1 suppliers has become of utter importance in trying 

to achieve sustainability compliance along the entire supply chain. With the responsibility of a double 

agency role, Tier 1 suppliers become the bridge between the purchasing company and upstream 

suppliers by disseminating the standards and practices of the company to the lower tiers (Wilhelm et 
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al., 2016). We recognize the necessity for multinational companies to implement traceability systems 

for the supply chain to investigate further upstream suppliers. We conclude that a first focus on Tier 

1 suppliers for water risk screening methodologies makes sense, due to the increased importance of 

the Tier 1 suppliers in their double agency role and the limitation in traceability. 

iii. Information asymmetry and dependency 

While investigating water, the local knowledge provided by suppliers is most accurate. This leads to a 

dependency on the supplier as a data provider. Concerning the quality of data, even if suppliers have 

a proper water measurement system for their operations, the measurements vary in scope. This 

makes it difficult for a company to properly screen a selection of suppliers or even a series of supply 

chain echelons.  

Furthermore, an asymmetry of available information is detected. This information asymmetry is one 

type of the principal-agent problem described in the Agency theory. This theory handles principal-

agent relationships within or between organizations where the principal (company) delegates work 

to the agent (supplier). The asymmetry arises because the principal cannot fully monitor 

competences, intentions, knowledge and actions of the agent. In case of water, information 

asymmetry is an issue when observing suppliers as for example local water regulatory frameworks 

(knowledge), water stewardship programs (actions) or water recovery and treatment systems 

(competences) are often unknown. Furthermore, conflicting interests are another trigger of 

information asymmetry, because it is more convenient for the agent to not disclose full information 

to the principal (Mahaney & Lederer, 2003). For internal operations, current water risk assessments 

often make use of a second screening phase, where internal ‘information asymmetry’ is reduced 

through questionnaires given to the manufacturing sites. While this is the right approach for internal 

assessments, the number of suppliers of multinational companies are enormous, making it infeasible 

to gather all that information.  

After discussing these three aspects, we identified the need for reducing scope. When discussing vertical 

complexity we found that an assessment beyond Tier 1 suppliers is difficult due to lack of traceability. This 

issue can be solved when focusing on specific raw materials where information is available through case 

studies. But, if a company wants to develop a more holistic view on water risk for their suppliers, this is 

unrealistic without a traceability system for the upstream supply chain. Therefore, the current focus 

should be set on Tier 1 suppliers and the reduction of the horizontal complexity in the supply chain.  
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2.3. Determination of water inventory methodology for different supply chain settings 

Before clarifying the geographical context with a water risk methodology, we should also answer on how 

critical or water-intensive raw materials of a product are. This we can potentially identify with the 

previously mentioned inventory measures of LCA and WFA. In contrast to current literature, which focuses 

on discussing which method appears more appropriate for water (Hoekstra, 2016; Kounina et al., 2013), 

we want to give an indication as to which method is to preferred for different supply chain settings. 

The LCA methodology is useful to provide an overview of the water use of complex ingredients, including 

those that consist of multiple raw materials. Extensive databases have been created to provide LCA 

practitioners with a data foundation for their models. Unfortunately, those databases are not always 

sufficient for the background water flows needed to run models with high confidence (Jeswani & Azapagic, 

2011). A recent update of one of the two most advanced databases – ecoinvent v3 – made significant 

improvements in the data (Pfister, 2012; Weidema et al., 2013). The figure below shows the water 

measurements for several products in a single category with version 2.2 and the most current version 3.  

Figure 5: Changes between v2.2 and v.3 of ecoinvent LCA database for raw material water use 

Across all products we observe a significant increase of the volumes, which reflects the improvement in 

background data. However, the LCA databases provide mainly aggregated industry-wide measures on 

larger regions or even only for the entire world. Hence, a differentiation of suppliers on such water 

measures is only possible if they are located in (different) regions where varying data is available.  

There are a few other aspects that are currently missing in LCA methods. The focus of current LCA research 

is mostly on blue water, the main water source used in industry. Addressing global water issues translates 

in current LCA methodology to only covering two thirds of the hydrologic cycle as three thirds are 

following the green water path (Oki, 2006). In order to fully address the entire water cycle, the inclusion 

of one indicator related to green water in a screening methodology is needed with choosing LCA.  
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We learned that the temporal aspect plays an important role for water. For water use, this is characterized 

by water being only shortly unavailable (quick return to the same catchment) or much longer 

(incorporated in the product or evaporated and entering the hydrologic cycle). For example, while 

chemical ingredients can have a higher withdrawal of water than water-intense materials such as pulp, 

the type of water usage is key. While the latter has a high amount of water that evaporates, the chemical 

ingredients use a high amount of cooling water flows, hence directly returned to the catchment. The LCA 

methodology allows us to address this temporal aspect by creating a sorting method that differentiates 

between short-term (cooling) and long-term (non-cooling) water uses. The LCA software SimaPro is a 

convenient software to use for such sorting. An example calculation is depicted in Appendix B.2. 

The WFA methodology states volumetric measures for blue, green and grey water. Grey water is the 

volume of water required to assimilate the load of pollutants. Hence it is the quality and quantity of 

polluted return flows (e.g. waste water) into a catchment (Hoekstra et al., 2011). The measures are 

derived for each supply chain step and the water volumes are carried along the supply chain by the 

concept of virtual water (Allan, 1998). This concept describes the water needed in the production of a 

commodity or service, hence the water embedded in it. Through this concept, the movement of non-

physical water between different locations across national borders is tracked (Hoekstra et al., 2011). 

Because of this, a reliance on corporate water management far away from the location of consumption 

has emerged. This is only feasible, if a company has ownership of such a location (SABMiller & World 

Wildlife Fund, 2009).  

With consideration of the green water path in the hydrologic cycle, WFA is best used for agricultural supply 

chains. Moreover, when the origins of all ingredients are known, the WFA method is preferred as we can 

derive specific volumetric measurements due to high traceability. This also suggests that if specific raw 

materials are investigated, WFA provides a more robust assessment, which is proven by practical studies 

(SABMiller & World Wildlife Fund, 2009; The Coca-Cola Company & The Nature Conservancy, 2010). 

Overall, the WFA method requires extended traceability in the supply chain and the exact knowledge of 

the manufacturing locations of each raw material. We previously identified this needed information to be 

very difficult to collect in practice for complex supply chains of multinationals. For such companies, often 

only the Tier 1 suppliers are known, making it impossible to derive the origins of all the ingredients. 

Deriving water related data is a key challenge. Therefore, for more complex supply chains, the inventory 

method of LCA is preferred over WFA. The table below summarizes again the two methodologies. 
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Table 1: Comparison of water inventory methodologies for supply chain assessments 

Characteristics Life Cycle Analysis Water Footprint Assessment 

Data foundation Aggregated industry averages 

measures from databases 

Water measures derived for specific 

cases 

Information needed Configuration of raw material Full traceability of supply chain and 

origin of raw material 

Supply Chain complexity Horizontal & vertical Horizontal 

Scope Holistic overview of supply 

chain water risk (top-down) 

Specific (water-intense) raw materials 

(bottom-up) 

Limitations Industry averages do not allow 

for decision support of suppliers 

Applicable, if supply chain is fully 

traceable 

Water cycle (quantity) Blue Blue and green 

Suggested application Complex process supply chains  Simple agricultural supply chains 

 

With the inventory measures for water having both limitations, we should also consider other water 

stewardship perspectives. As such societal sustainability is another important perspective. Human rights 

to water is one possibility as it goes full circle on the water scarcity issue. If a supplier of a company is 

located in a water stressed area, there is the potential that it takes away water supply away from public 

– the company’s potential consumers. This aspect addresses the due diligence of multinationals in societal 

sustainability and also gives insights into potential reputational risks of their supply chains. 

2.4. Water Risk assessment methods for the upstream supply chain 

A supply chain water risk methodology creates a local context for water. As it is difficult to use suppliers 

as a main data provider, we suggest using publicly available data as a foundation. This allows us to 

generalize the methodology, as it is independent from company specific data and increases the ease of 

usability. Current methodologies suggest the use of indicators for physical water stress and regulatory or 

reputational water risk indicators that could amplify physical water risks (Reig et al., 2013; WWF & DEG, 

2011). Related to physical water quantity, we concluded in 2.1 that a demand-supply stress ratio indicator 

providing criticality of potential impact should be included in the screening. Furthermore, in section 2.3, 

we also stressed the use of a green water scarcity indicator if LCA is used for water inventory measures. 

For amplifying risks, regulatory frameworks and infrastructure can create an environment where available 
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water is not possible to be supplied due to restrictions or deficiencies. While reputation is an important 

aspect, it does not amplify physical water stress, hence is not regarded in this thesis. 

Addressing the complexity of the resource and the environment is a key challenge in this field. 

Consequently, we suggest to derive indicators for physical water stress and amplifying water risks. Under 

the goal of reducing information asymmetries and being able to differentiate suppliers from different 

perspectives, we suggest a transparent multiple-indicator methodology9. In the selection of indicators, 

the amount plays an important role as enlarging the quantity of indicators increases the complexity as 

well. As a multinational company often has multiple decision makers for a large amount of suppliers, the 

screening methodology needs to simplify the complexity of water by establishing a single aggregated 

index score. This allows everyone to speak the same “risk language” across businesses and countries. The 

disadvantage is that information gets lost with the aggregation.  

2.5. Key takeaways of chapter 2 

With this chapter we addressed the complexity of water and upstream supply chain. We identified the 

need for a screening methodology focused on Tier 1 suppliers to reduce horizontal supply chain 

complexity. For this, we require multiple indicators that address the physical water stress due to excessive 

demand and unstable supply. As such, those indicators should be available on local spatial levels as a 

country level indicator would not make much sense as water stress occurs only in specific areas. However, 

we also emphasized the importance on amplifying water risks as stakeholders in local water management 

can have an increasing or decreasing influence on physical water risks. 

In terms of the inventory measurement methods, we made arguments on the two existing methods LCA 

and WFA. We suggest preferences for inventory methodologies in different supply chain settings. For 

complex poorly traced supply chains, LCA is the preferred method. The WFA should be used for 

agricultural supply chains that are fully traceable. Also, we addressed the issues of impact assessments 

which are currently not sufficient to use in practice. Through this, we answered the first research question. 

The second research question is also answered by clearly outlining the possibilities and limitations of 

combining different steps and methodologies of CWS. We want to create a tool for the upstream supply 

chain that combines the first three steps of the CWS process by depicting several perspectives. The 

following figure shows the general framework of the methodology. 

                                                           
9 See Chapter 3 for further details 
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Figure 6: Framework of methodology 

In conclusion, we propose an aggregated water risk index methodology, containing multiple indicator 

perspectives as the foundation. Other dimensions, such as water inventory measures or human rights to 

water should be used, to better assist companies in driving engagement with suppliers and determining 

potential impacts for business. 
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3. Supply Chain Water Risk Screening methodology 

With this chapter, we develop the methodology and cover the third and fourth research question. Based 

on the Multi Attribute Decision Making (MADM) research (section 3.1), we develop influencing factors 

and elicitate the appropriate indicators. These indicators are statistically analyzed to retrieve a robust 

selection. Furthermore, the last research question addresses the impairment of future water stress, which 

is covered by identifiying projection opportunities of the chosen indicators.  

To aggregate the indicators to a single index score, we provide indicator weights. For the weight retrieval, 

we introduce the available MADM weighting valuation methods and motivate and explain the Monte 

Carlo Analytic Hierarchy Process (MCAHP) methodology (section 3.2). In the concluding section, we 

summarize the key takeaways of this chapter. 

3.1. Problem modelling according to MADM 

The MADM research field includes different methods that enable us to make decisions through multiple 

indicators. We use those indicators for factors that are covering different spatial levels (catchment vs. 

country level) and allow for different perspectives of water scarcity issues (physical vs. amplifying risk). 

The local level is important to really understand the water stress level. If indicators are available on a 

catchment level we prefer those, however this is not always possible. A distinction of indicators through 

MADM hierarchy structure is useful. 

MADM is part of the Multiple Criteria Decision Making (MCDM) research field. This research field 

determines a process of evaluating real situations that are based on different qualitative and quantitative 

criteria in certain and uncertain environments. Commonly, the goal is to find an appropriate course of 

action, choice or strategy among different alternatives (Raju, 2009). In our case, these alternatives are a 

dynamic list of suppliers depending on search criteria (e.g. country or raw material). MADM is the 

evaluation aspect of MCDM, which associates a number of factors with preference ratings. The different 

techniques to evaluate importance of the alternatives consist of different sets of criteria, an information 

matrix with performance evaluations and a set of criteria weights (Ishizaka & Labib, 2011).  

The “problem modelling” phase is the beginning of all methods in MADM. The problem is structured and 

the key criteria are determined. For this research, the main problem is the identification of upstream 

supply chain actors that are faced with severe water stress in a company’s complex upstream supply chain. 

First, we have physical water stress, which occurs through intense demand and variable supply of water. 

Second, we have factors that can amplify water stressed situations. Such amplifications are reached 
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through insufficient regulatory frameworks by government institutions or infrastructure that does not 

meet the requirements to supply the compulsory demands. Another factor is the dependency of countries 

on other external entities for water resources. In other words, the flow and trade of water from outside 

the jurisdictional influence of the receiving country. A MADM hierarchical structure of the goal, factors 

and indicators is presented at the end of this section. 

3.1.1.  Structure and elicitation process of indicators 

A consensus from all stakeholders of the project for the water risk factors and their indicators is required. 

Thus, the iterative expertise development process by Steffers (2015) was adapted for this thesis. 

Expertise 
development

Requirements 
engineering

Design 
criteria

Testing

Brainstorming

Implementation

Revision

OK?

OK?

No, indicator not sufficient

Yes
No,

 other perspective
 needed

No, other perspective
 needed

No, indicator 
not sufficient

Yes

 

Figure 7: Elicitation Indicator process adapted from Steffers (2015) 

The researcher gathers information internally (e.g. company documents and interviews) and externally by 

scientific literature and best practices from other experts. Experts are individuals with technical practices, 

training or practical experience within a given field (McBride & Burgman, 2012). At the end, the goal of 

the researcher is to reach expert level knowledge. 

Afterwards, the researcher designs the requirements (factors) during the Requirements engineering 

phase. To meet the defined factors, the criteria are designed, together with definitions and measurement 

scales. In the testing phase, the proposed criteria are presented to external and internal experts in the 

CWS research field. Through several testing in meetings, the researcher can gather new information to 
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improve the proposed factors and criteria. Subsequently, in discussion with other experts it has to be 

decided if the current proposal is approved, or if information is still missing. In the latter case, either 

revision of the factors and resulting indicators is needed or the current proposed indicators should be 

adjusted with extra information. For the last option, the researcher generates this with the experts of the 

field, for which extra information is needed by means of brainstorming. This is the best known of all 

techniques for creative problem solving where propositions cannot clearly be classified as right or wrong 

(Rawlinson, 1981). The entire process is of iterative nature and it is important that even after the 

implementation phase, criteria remain flexible. Criteria and basis of data foundation can evolve and the 

criteria selection should be revisited when this occurs. 

3.1.2.  Physical water risks 

Previously, we mentioned water stress ratio and green water scarcity as necessary factors for the 

methodology. These are accommodated under the category physical water risks, which also include 

indicators that address variability in water supply. Based on such indicators, the decision maker gets an 

idea on how critical the physical water situation is in a specific location.  

Three indicators, presented below, are derived from the World Resources Institute (WRI) Aqueduct 

methodology, whose data inputs are publically available on a catchment level for almost each location on 

the globe. It focuses on the areas where the actual withdrawal of water occurs by using a catchment-to-

catchment flow accumulation approach. This means, it aggregates water by catchment and transports it 

to the next downstream catchment. To be able to aggregate the indicators on a comparable scale, the 

indicators were normalized over a set of thresholds over a five interval category scale (0= no risk and 5= 

extreme risk). Thresholds were based upon existing literature, the range and distribution of indicator 

values or expert judgements (Gassert et al., 2014). This scaling approach is further used in this thesis 

throughout all indicator developments. For a description of the Aqueduct methodology and the 

catchment-to-catchment flow accumulation approach, the reader is referred to Appendix C.1. 

A limitation of choosing these indicators is that the aggregated water background data is not publically 

available. However, after observing the Aqueduct methodology, the creation of the indicators is robust 

and most advanced for catchment level indicators.  
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i. Baseline Water Stress (𝐵𝑊𝑆) 

This indicator satisfies the required water stress ratio. It measures the ratio of total annual blue water 

withdrawal (𝑈𝑡) divided by the average annual available blue water (𝐵𝑎). By using a time series (1950 

– 2010) of water supply, the aspect of short-term water storage (e.g., dams), where no global 

operational data is available, can be ignored. Moreover, the effect of climate cycles is very limited, 

leading to an insensitive indicator. It is derived by the following formula and its thresholds and 

normalization formula are found in Appendix C.2 (Gassert et al., 2013; 2014).  

𝑟𝐵𝑊𝑆 =
𝑈𝑡2010

𝑚𝑒𝑎𝑛(1950,2010)(𝐵𝑎)
 (1) 

The major difference from many other water stress ratios is the accumulation approach as it focuses 

on where the actual withdrawal occurs. Especially on a country level, other indicators do not illustrate 

the actual stress within a water resource rich country (e.g. Brazil) appropriately. In those areas, large 

amounts of water are available in the surroundings, but are not always accessible. Through this focus, 

many urban areas receive high rankings for BWS. For example, Singapore scores a scaled score of 5 

for BWS, simply because they have almost no natural water sources. This is a limitation of this water 

stress indicators and needs to be addressed by observing other perspectives. In the case of Singapore 

excellent water management systems are in place, such as rainwater capture systems, closed-loop 

and water treatment facilities (e.g. desalination).  

ii. Seasonal Variability (𝑆𝑉) 

The within-year variation of water supply is estimated with this indicator. It is computed by the ratio 

of the coefficient of variation of total blue water for each calendar months (𝐵𝑡𝑚) and the overall 

mean monthly blue water. This leads to the following formula: 

𝑟𝑆𝑉 =
𝑠𝑑(𝑗𝑎𝑛…𝑑𝑒𝑐)(𝐵𝑡𝑚

̅̅ ̅̅ ̅̅ )

𝑚𝑒𝑎𝑛(𝑗𝑎𝑛…𝑑𝑒𝑐)(𝐵𝑡𝑚
̅̅ ̅̅ ̅̅ )

, 

with 𝐵𝑡𝑚
̅̅ ̅̅ ̅̅ = 𝑚𝑒𝑎𝑛(1950,2010)(𝐵𝑡𝑖,𝑚), 𝑚 ∈  {𝑗𝑎𝑛 … 𝑑𝑒𝑐} 

(2) 

This indicator measures the natural variation in surface water supply while ignoring human influences 

(e.g. diversions and infrastructure). This indicator also does not capture forms of natural seasonal 

storage which can lead to errors in the estimated indicator. With the inclusion of this scaled measure 

we account for the destabilizing climate conditions that result in large variations of water supplies. 

The thresholds and normalization formula are found in Appendix C.2 (Gassert et al., 2013; 2014). 
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Both of the previous indicators are measuring the blue water hydrologic cycle of water. As we identified 

the need for addressing green water scarcity, an indicator is needed for this. 

iii. Drought Severity (𝐷𝑆) 

This indicator is a relative green water availability indicator as it measures green water availability in 

a certain location over a period of time in a relative sense (Schyns et al., 2015). It focuses on regions 

where soil moisture deficits are longer and drier, which makes it difficult to adapt to and mitigate. For 

its creation, a dataset based on Sheffield & Wood (2008) is generated that shows a monthly soil 

moisture hydrograph for different locations. It defines drought runs as continuous periods in which 

soil moisture remains below the 20th percentile of the monthly hydrograph10 (𝑞(𝜃) < 20%). The 

severity (𝑆) beginning at the time 𝑡𝑖 is determined by the length (𝐷) multiplied by the intensity  (𝐼) 

of the drought. The length is measured in months and intensity in average number of points beneath 

the 20th percentile (𝑞(𝜃)). The drought severity indicator for a specific location is determined by: 

𝑆 = ∑ 20% −  𝑞(𝜃)𝑡 ,      𝑖. 𝑒.  𝑆 = 𝐼 ∗ 𝐷
𝑡+𝐷−1

𝑡=𝑡𝑖

 (3) 

Gassert et al., (2014) resampled the mean drought severity dataset and averaged it across the 

different hydrologic catchments 𝑗, resulting in: 

𝑟𝐷𝑅𝑂,𝑗 = ∑ 𝑚𝑒𝑎𝑛(𝑆)𝑝
𝑝⊂𝑗

 (4) 

This indicator is aggregated over historical period of time through measuring drought events from 

1901 to 2008. We prefer this historical indicator, but note that droughts are becoming more severe 

over the last couple years due to climate change. This means that they nowadays also occur in areas 

which historically have not been affected. The normalization and thresholds of 𝐷𝑆 can also be found 

in Appendix C.2 (Gassert et al., 2013, 2014). 

iv. External Dependency ratio (𝐸𝐷𝑅) 

If water is scarce, countries often rely on water imports from other countries and if already a high 

dependency on water imports exist, this can become a problem during scarce periods. Returning to 

the example of Singapore: Over 40% of their water resources were imported from Malaysia in 2003. 

There had been a long-time conflict over water supplies between the two countries, with several 

failed negotiations due to high pricing demands from Malaysia. This convinced Singapore to invest 

                                                           
10 A graph of the water level/rate of flow of a water catchment in relation to a function of time 



Chapter 3 – Supply Chain Water Risk Screening methodology  24 
 

 
 

heavily in advanced water technologies at the beginning of the last decade. The goal was set to reach 

water self-sufficiency before 2061, when a long-lasting basic water treaty with Malaysia expires that 

guarantees water supplies (Lee, 2003). This development actually led to Singapore becoming a global 

water research and technology hub. This example shows the importance of considering (external) 

water dependencies when trying to understand water risks. The rapid development of technologies 

to mitigate water risks in Singapore was only possible due to extremely advantageous economic 

conditions that allowed for huge infrastructure investments11. This is not to be expected in less 

economically advanced countries, where water supplies are critical and continue to decrease. 

The 𝐸𝐷𝑅 indicator is based on the Dependency Ratio developed by the Food and Agriculture 

Organization of the United Nations (FAO). It shows the percentage of total renewable water resources 

originating from outside a country (FAO, 2016) and ranges between 0% and 100%. Thus, this indicator 

does not show if a country exports water to other countries. To scale this indicator, a linear 

normalization over a maximum threshold is done. To determine this threshold for critical dependency, 

Diop et al. (2002) proposes a percentage of 85%. The normalization and thresholds are shown in 

Appendix C.2. 

With the external dependency ratio we introduced an indicator that is also related to the amplification of 

water risks. If water sources are supplied from outside of a country, this leads to a dependency from that 

source. On the one hand, this allows to assess physical water supply dependencies on a more global level 

in between countries. On the other hand, it is also an amplifying risk due to the dependency on the water 

source owner’s characteristics such as reliability. 

3.1.3.  Amplifying water risks indicators  

The Singapore case showed a positive example of governmental water stewardship management. 

However, this was only possible, due to driving huge investments in infrastructure, technology and 

governance of water. Hence, water risks can be amplified by insufficient regulatory actions and 

governance or supplying infrastructure. In a preceding screening phase we should identify with public 

available data, if the environment of a supplier enables the decrease or increase of physical water risk. 

Therefore, we should observe governance and regulatory frameworks as well as water supply 

infrastructure. 

                                                           
11 Gross National income (GNI) per capita of Singapore was $81,190 in 2015, being the 2nd richest country worldwide 
and has been placed in the ten richest countries since 2000 according to GNI per capita 
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i. Governance and Regulation (𝐺𝑅) 

Competent governance is of tremendous importance for local water management. Local, state or 

federal government control how water is withdrawn and then supplied to companies and other 

consumers. Moreover, regulatory institutions define taxes and prices or request specific water quality 

standards from companies when water is discharged. A poorly functioning regulatory system and 

governance can lead to increased risk, especially, if water is already a scarce resource in the location. 

Since 1996, the World Bank published the annual Worldwide Governance Indicators (WGI) to assess 

the traditions and institutions by which the authorities at the country level operate (Kaufmann & 

Kraay, 2011). It is depicted by six aggregated indicators (see Appendix C.3) that are articulated by 

three main signals of governance (each aspect includes two indicators):  

a) The process by which governments are selected, monitored and replaced 

b) Capacity of government to formulate effectively and implementation of sound policies 

c) Respect of citizens and the state for the institutions that govern economic and social 

interactions among them 

These indicators are based on several hundred individual underlying variables that are derived from 

a large variety of perceptions-based governance data sources. Based on all the data that differs in 

quality and quantity, the governance of a country should be “signalled”. Thus we deal with a signal-

extraction problem, which can be defined as an unobserved components model (UCM) used in the 

aggregation of the six indicators. This model assumes that each individual data source provides an 

imperfect signal of some deeper underlying notion of governance that is difficult to observe directly. 

This underlying notion suggests several smaller signals being used for different indicators.  

To make use of the model, a major assumption is the world average of governance remaining constant 

over time. Therefore, the six indicators do not provide information on trends in global averages of 

governance over time, but simply are a meaningful indication when comparing a country’s relative 

governance position to others. Kaufmann et al. (2010) inherently acknowledges the unobservable 

nature of the true level of governance in a country and cautions that the chosen method is only an 

imperfect proxy for broader dimensions of governance.  

For resulting values, the indicators are measured in two ways: First, using standard normal units 

ranging from around -2.5 to 2.5 with a standard error term and second, in percentile rank terms 

ranging from 0 to 100 among all countries. The standard error terms of the first measure acknowledge 
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that due to different available data sources, in terms of quantity and quality, uncertainty exists. 

Hence, if two countries with different standard normal units overlap in the margins of error, the 

differences in governance are statistically insignificant in direct comparison (Kaufmann et al., 2010).  

One critique on this method is the issue of the six indicators being highly correlated due to using the 

same signals for different indicators. This is confirmed by observing the correlation and scatterplot 

matrix, which shows high correlation in between almost all indicators (see Appendix C.3). Referring 

back to the signal-extraction problem this shows the difficulty of identifying really uncorrelated signals 

of governance. With giving equal weights to all six indicators and deriving with the percentile ranks of 

each indicator an average aggregated indicator, this allows to make a subjective overall indication of 

good or bad governance in comparison of all countries. Further critiques on this approach are related 

to the variety of data sources, the favouritism of developed countries and business elites and lack of 

transparency of data foundation (Arndt & Oman, 2006; Knack, 2006; Langbein & Knack, 2010). These 

have been justified and discussed in depth by the developing researchers (Kaufmann et al., 2007, 

2010).  

After considering several other governance indicators such as the World Governance Indicator (WGI) 

(Forum for a new World Governance, 2011) or the Corruption Perception Index (CPI), we concluded 

that the World Bank approach provides the most extensive methodology for governance through the 

six indicators as signals. Rankings weights according to importance for the six governance indicators 

was not considered due to correlation and difficulty of signalling the linkage towards governance. By 

choosing the average of the six percentile rank values for each indicator, the only information received 

were a country’s relative ranks. As a low value in the percentile ranks suggests bad governance, which 

is the opposite of the needed scale, we reversed the percentile ranks. Afterwards, we linearized each 

of the six indicators on the chosen scale from 0-5, before averaging the six governance indicators. 

Through this adjustment a value of 5 reflects bad governance and 0 good governance. The 

normalization and thresholds of this indicator are shown in Appendix C.2. 

ii. Infrastructure (𝐼) 

Infrastructure is one of the biggest issues facing the insecure supply of water. While population 

continues to grow extensively, water infrastructure continues to deteriorate and enormous 

investments and maintenance need to be made to uphold the supply of water for the public and 

companies. The OECD estimates that by 2025 the biggest share of global infrastructure investments 

is on water infrastructure. The spending on water infrastructure in the OECD countries Russia, China, 



Chapter 3 – Supply Chain Water Risk Screening methodology  27 
 

 
 

India and Brazil is expected to top $1 trillion by that year, which is almost triple the amount of 

investments needed for electricity or transport in those countries (OECD, 2012).   

The details of the water supply utilities are operated at a local level and are currently impossible to 

assess on a global scale. Therefore, we need to find a proxy indicator. The World Health Organization 

publishes an annual dataset that tries to measure the access of public to an improved water source 

(WHO & UNICEF, 2016). It refers to the percentage of population using an improved drinking water 

source within a given country (e.g. piped water, public taps or rainwater collection). To translate this 

to infrastructure development indication, we observe this indicator over a period of time. The time 

period of 2000-2015 is considered and the difference of the optimal accessibility (100%) is summed 

up. For the normalization, we identified a critical threshold of 65% of the public having access to water 

(Diop et al., 2002). This translates to a scaled value of 5 if a country provided over the last 15 years on 

average 65% or less of the public with access to water. The normalization and thresholds of the 

infrastructure indicator is found in Appendix C.2. 

After introducing the two indicators on governance and infrastructure level of a country, we come back 

to the notion we mentioned with the Singapore example. We raised the aspect that only through large 

investments, the mitigation of the water risk was possible. However, when looking at the increasing 

globalization, we also observe the movement of many manufacturing locations towards low labour cost 

countries. Low labour costs can be reflected by a low Gross Domestic Product per capita (GDP). If we 

observe a negative correlation between governance and infrastructure with GDP, we observe a possible 

contradiction of general supply chain decisions made by many companies versus increasing amplifying 

risks for water. The cost perspective in supply chain decisions is still the main driver, therefore it is 

interesting to identify, if there exists a correlation between infrastructure and governance with GDP. 

However, with GDP not more directly addressing the amplification of water risk which influences its 

supply, we decided not to include this in the indicator scope of this assessment. An correlation analysis of 

GDP with governance and infrastructure, as well as the correlation with the other introduced indicators 

should be conducted in the next section. 

3.1.4. Statistical analysis and final indicator selection 

After introducing the different indicators, we use descriptive analysis and depict the correlations of the 

indicators. For the analysis, all indicators were based on a country-level. For the first three indicators 

available on more exhaustive spatial levels we used the data provided by Gassert et al. (2013b). As data 
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was provided from different data sources (WRI, World Bank, WHO, FAO), it is not always available for 

every country. Therefore, we used a sample of 158 countries which had all indicators available.  

As a first step, we observed if there is a contradiction between low-labour costs reflected by the GDP and 

amplifying water risks. High infrastructure and Governance & Regulation indicators express higher water 

risk, whereas a high GDP suggest high labour costs. The statistical results are found in the following table. 

Table 2: Correlation of GDP, GNI and amplifying water risks 

 GDP I GR 

GDP 1 -0.58*** -0.77*** 

I  1 0.72*** 

GR   1 
p-value - Correlation is significant: * at the 0.05 level ** at the 0.01 level *** at the 0.001 level 

We see a significant high negative correlation between 𝐺𝑅 (-0.77) and a significant moderately with 𝐼 (-

0.58). With the trend of manufacturing locations moving towards low labour costs countries - hence low 

GDP per capita – we identify a possible contradiction that arises between cost reduction decisions versus 

water risk decrease. This notion provides potential for future research. 

Furthermore, the 𝐺𝑅 is highly correlated (0.72) with 𝐼 and the p-value (<0.001) also suggests that this 

correlation is extremely significant. This significant positive relationship is appropriate, as an ineffective 

government also relates to the reduced potential of being able to provide good water infrastructure. From 

this correlation we could also derive, that not both indicators might be necessary in the assessment. 

However, as we want to address two important different perspectives of water stewardship - overall 

governance of water and the infrastructure quality of water supply – we decide to keep both indicators in 

the assessment, as we see the potential of further improvements of indicator possibilities. 

To retrieve a final indicator selection, we investigated the six indicators for correlation. For the analysis, 

the normalized scales were compared to each other. The results for the (Pearson) correlation are shown 

in the table below. 

Table 3: Correlation matrix of indicators 

 BWS SV DS EDR GR I 

BWS 1 -0.15 0.21** -0.12 -0.06 -0.23** 

SV  1 -0.02 -0.01 0.56*** 0.57*** 

DS   1 0.29*** 0.08 0.04 

EDR    1 0.18* 0.09 

GR     1 0.72*** 

I      1 
p-value - Correlation is significant: * at the 0.05 level ** at the 0.01 level *** at the 0.001 level 
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We already addressed the correlation between 𝐺𝑅 and 𝐼. The 𝑆𝑉 indicator is moderately correlated with 

the above mentioned indicators (𝐺𝑅: 0.56; 𝐼: 0.59) and it again shows extreme significance. The positive 

relationship can be explained, as all three indicators address the aspect of blue water supply. In contrary, 

𝐵𝑊𝑆 addresses the ratio of demand and supply and 𝐷𝑆 is focused on green water. For 𝐸𝐷𝑅, the external 

water supply situation is shown. Otherwise, no further noteworthy correlation is identified. Thus, we can 

conclude that we will use all six indicators that were observed in the correlation analysis. Next, we 

investigate the characteristics of the six indicators in the table below. 

Table 4: Descriptive analysis of indicators  

 BWS SV DS EDR GR I 

Range [0, 5] [0.26, 4.59] [0, 3.79] [0, 5] [0.06, 4.96] [0, 5] 

Mean 1.96 2.32 1.65 1.56 2.72 2.02 

Median 1.53 2.35 1.61 0.75 2.86 1.53 

Standard Deviation 1.60 1.03 0.73 1.71 1.35 1.92 

Concerning range, we observe some of the indicators do not cover the full range from 0 to 5. For 𝑆𝑉 and 

𝐷𝑆 this is explained by the fact that we use accumulated values for a country that are aggregated from a 

large number of catchments. For 𝐺𝑅, this reflects that no country reached the lowest or highest percentile 

ranks for all six indicators. For the country-level indicators a view on the mean and median is interesting. 

While the mean is a lot higher than the median for 𝐸𝐷𝑅  and 𝐼, we can assume that there exists a skewness 

to the left side of the histogram suggesting a larger amount of small values. For graphical observation of 

the indicators for the chosen sample, we refer to the histograms and the boxplots in Appendix C.5.  

Overall, with the six introduced indicators, we provided perspectives on several issues for water 

stewardship. In Appendix C.4, an overview of other considered indicators and a clarification as to why 

they are excluded can be found.   

3.1.5.  Future projections of water scarcity 

To predict future water scarcity, we identified from the selected indicators those that are most 

appropriate for showing future trends and accommodate the fourth research question. From our two 

categories, the amplifying water scarcity risk indicators are not applicable. The World Bank Governance 

indicators are subjective measures that cannot be used to show timely trends. The infrastructure indicator 

showed a high correlation with this indicator and predicting future investments as well as need for 

maintenance on water infrastructure is very complex. Therefore, we turned our focus on physical water 

scarcity, which addresses water supply and demand. We used the 𝐵𝑊𝑆 and 𝑆𝑉 indicators to understand 
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future risks, because Luck et al. (2015) developed a robust model to project physical water stress into the 

future for the next 10, 20 and 30 years. The other two indicators do not qualify, as 𝐷𝑆 is an indicator 

derived from historic data and 𝐸𝐷𝑅, as a country-level indicator, is not expected to vary widely and have 

an immense effect over the next years. 

The research of Luck et al. (2015) projects climate variables (projecting supply) and socioeconomic 

variables (projecting demand) in models to project the future water stress (demand and supply) and 

variations. Climate variables include levels of temperature increase and constraint of emissions, whereas 

socioeconomic variables include population and GDP growth or level of urbanization. Different scenarios 

of the combination of these two variables were developed. On recommendation from the developers, we 

focused on the business-as-usual scenario, as it was identified to be most conservative and trusted of the 

developed scenarios. The projections of water demand followed a trajectory that is similar to the past 

decade. This is a limitation as it gives only a limited set of possible outcomes with high uncertainty for the 

water demand. For the climate change variables, relatively unconstrained emissions and a temperature 

increase of 2.6-4.8 degrees Celsius until 2100 (relative to 1986-2005 levels) were assumed in the research. 

For more information on the methodology, we refer to Appendix C.6 (Luck et al., 2015). 

The research of Luck et al. (2015) also showed that changes in water demand are driving future water 

stress more dominantly compared to the changes in supply. It mentioned the general limitation of the 

quantified uncertainty in future water demand projections. However, also a decrease in water supply can 

lead to high sensitivity in water stress: If water is already fully allocated in a region, a supply decrease can 

create an immense challenge. The projection results of the research showed rapid increases in water 

stress and variations in water supply across multiple regions including the Mediterranean, Middle East, 

western North America, western Asia, northern China and Chile (Luck et al., 2015).  

It should be stressed that future projections are merely an expected trend and as stated a wide range of 

outcomes are possible. The intertwinement of water demand with other resources such as energy (water-

energy nexus) and sustainable measures such as CO2, results in huge complexity for water demand that is 

almost impossible to predict. A combination of the high level of uncertainty in demand and supply of 

water, as well as in variability, forces decision makers to prepare for a wide variety of possible outcomes.  

With this limitation in mind, we used the indicator outcomes of Luck et al. (2015) to quantify future trends 

in our methodology to project future water risks. 
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3.1.6.  Conclusion of problem modelling 

Six indicators for four factors were introduced for the methodology in this section. The hierarchical 

structure based on MADM is provided in the following figure. 

Figure 8: Structural hierarchy of methodology indicators adapted from AHP 

Recognizing the limitation in available data and resulting indicators that are currently publicly available, 

this indicator selection enables us to understand water stress levels in the supply chain. It further identifies 

their potential water stewardship opportunities and restrictions. Future revisions allow to extend or 

revisit proposed indicators and adjust the content of those four factors if advanced data is available12. This 

includes for example an advanced infrastructure indicator (e.g. Infrastructure Leakage Indicator) or better 

understanding of water dependencies with intertwinement of other resources (e.g. water use for energy). 

Moreover, we addressed prediction of future water stress. We identified its complexity based on 

intertwinement with other resources (energy) or sustainable measures (CO2), but found a possibility to 

accommodate a future projection for two indicators for the methodology. Overall, we enabled to create 

awareness for the water situation now and in the future which answers Research Question 4. For 

developing an aggregated water risk index and addressing further Research Question 3, we continue with 

the AHP methodology for weight determination. 

                                                           
12 See Appendix C.4 
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3.2. Aggregation and determination of weights with pairwise comparison matrix 

In this section, we introduce the different weight valuation methods and motivate the usage of the 

Analytic Hierarchy Process and extension with Monte Carlo simulation. We explain the process of deriving 

weights and detecting consistency of judgments. Afterwards, we show an adapted approach with 

simulation to address uncertainty by converging discrete point estimates for the pairwise comparisons of 

indicators. 

3.2.1.  Motivation of Monte Carlo Analytic Hierarchy Process  

For the weight valuation, the input needed for the different MADM methods can vary. These are 

categorized in additive weighting methods, preference theories, outranking methods and compromise 

methods. We introduce these categories and motivate our choice in relation to this research topic. 

Additive weighting methods are the easiest and most transparent MADM category. The method normally 

assigns an importance ratio to the different criteria and subsequently determines a ranking of the 

alternatives. This is done by translating different performance values in an aggregated value of the 

alternative. Examples for this methodology are the Weighted Averaging operator or the Weighted 

Geometric operator (Wang & Tang, 2009). Such simplicity has a downside as it lets experts directly 

influence the derived weights. The given importance ratio directly translates to the weight and, because 

of this, the aversion of an expert is either too obvious or not seen at all. In conclusion, such a simplistic 

methodology might be useful when being able to determine clearly the attribute’s ratio without much 

controversy and robust research background. Nonetheless, we believe that the water stewardship 

research is novel and complex, which leads to a struggle to determine the right weight for indicators. 

Inconsistencies and uncertainty need to be accommodated in such a research field, which is not addressed 

with this MADM category. 

This leads to the next category of MADM - preference theories. They study the individual choice behaviour 

by relating the identification and quantification of preferences over a set of alternatives. Preference 

theories can be differentiated between ordinal comparisons and strength of preference (value functions) 

versus theories for risky choices (Wang & Tang, 2009). The latter includes utility functions. However, on 

the basis of the current state of water stewardship research in the supply chain, we are trying to screen 

an amount of suppliers on the basis of indicators to drive engagement with suppliers on water. Hence, a 

clear risk choice, or more specifically, a utility function is not applicable.  
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Thus, we continue to focus on the value functions theories, where the Analytic Hierarchy Process (AHP) is 

the most prominent one. It is a theory that uses pairwise comparisons that are collected from experts of 

a specific research field through a provided scale to derive measurements for different criteria (Figueira 

et al., 2005). AHP allows inconsistencies as even experts cannot estimate precisely the values given by the 

scale (Saaty & Vargas, 2012). Moreover, each expert making the comparisons is not directly focused on 

the weights, but on the comparison of two indicators. AHP is a weighting method that has been used in 

many applications related to supply chain decision-making such as supplier selection, site selection and 

sustainability evaluations (Ishizaka & Labib, 2011). It has also been widely applied in different fields of 

social, educational or political nature, when robust subjective decision making was needed (Momani & 

Ahmed, 2011). 

Similar to the utility MADM method, the MADM categories of outranking or compromise methods are not 

considered in this research. Outranking methods compare preference relations among alternatives to 

acquire information on the best alternative. Hence, thresholds on preference or indifference would be 

needed. The compromise method, on the other hand, looks for a feasible solution, which is the closest to 

the ideal (Wang & Tang, 2009). The last two described categories show the advances that MADM research 

has provided. However, with the novelty of this research in the supply chain environment, we want to 

ensure transparency for the decision makers. For that reason, it is important to extensively use the 

advances made in the AHP methodology.  

The main advantages of the AHP method is the self-explanatory application and allowing inconsistencies 

and transparency for the expert’s judgements. Additionally, it comes with a natural flexibility and allows 

for a combination of different techniques to reduce its constraints (Vaidya & Kumar, 2006). One constraint 

is the problem of experts expressing their opinions with discrete values. This often leads to uncertainty in 

judgments (Ataei et al., 2013). If a group of experts determine the pairwise comparison matrix, the 

uncertainty of deciding together upon discrete values plays a significant role as agreement or 

disagreement within the group cannot be observed. For another setting, if several expert opinions are 

collected individually to receive varying comparison matrices, the uncertainty increases greatly when 

trying to retrieve aggregated values for each pairwise comparison. Another constraint is the unavailability 

for any statistical conclusion on the weights for the different factors of an alternative choice. This means, 

if the weights for different criteria are close together, we cannot determine that one criteria is significantly 

more important than another (Banuelas & Antony, 2004). 
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 As a result, the inability to handle inherent uncertainty and imprecision is a large limitation, which can 

lead to a reduction of confidence in the outcome of the AHP process (Ataei et al., 2013). Therefore, 

different research studies have used the natural flexibility of AHP to combine it with different techniques. 

One of them is the Monte Carlo Analytic Hierarchy Process methodology (MCAHP) (Banuelas & Antony, 

2004; Hauser & Tadikamalla, 1996). Instead of using discrete values for each pairwise comparison, a 

continuous distribution derived from the multiple expert matrices is used. For distributions, research 

studies considered for example uniform (Hauser & Tadikamalla, 1996) or triangular distributions 

(Banuelas & Antony, 2004). Whereas a uniform distribution assumes a very large variance in judgements, 

the triangular distribution considers minimum, maximum and most likely values. Such approaches take 

into consideration the uncertainty that decision makers have when they are forced to converge subjective 

judgements to a single point estimate. With the use of simulation, it is assumed that higher levels of 

confidence can be reached by achieving a large number of consistent matrices that were derived from 

distribution of the collected pairwise comparisons (Hauser & Tadikamalla, 1996).  

Within this research, uncertainty is expected as no prior knowledge through literature on supply chain 

water risk methodologies exist. Therefore, the MCAHP approach helps to include uncertainty and increase 

the confidence in the retrieved subjective weights for the indicators. 

3.2.2. Weight calculation from expert judgement matrices  

To provide a vector of weights 𝑤 for the six indicators, we used the eigenvector method. This method and 

an example are shown in Appendix D.1. At first, we introduce the AHP basics and this method for pairwise 

comparison retrieval, which is also the foundation for the MCAHP approach. 

As a first step, 𝑘 experts compare all pairs of indicators (𝑛 = 30), which leads to positive reciprocal 

comparison matrices 𝐴𝑘 = [𝑎𝑘𝑖𝑗]. Each obtained matrix represents the intensities of one expert’s 

preference of the individual pairs. The matrix of all pairwise comparisons is formed by 𝑛 indicators leading 

to a 𝑛x𝑛 matrix. The preferences were chosen from the scale proposed by Saaty (1987) with the values 

𝑎𝑖𝑗 = {1,2, … , 8,9} and the resulting reciprocal values 𝑎𝑗𝑖 = {
1

9
,

1

8
, … ,

1

2
,

1

1
}. The interpretation of the scale 

is stated in Appendix D.2. With this scale a matrix of the ratios of all weights by 𝑊 = [𝑤𝑖/𝑤𝑗] is received. 

For this, each entry 𝑎𝑖𝑗  estimates the ratios 𝑤𝑖/𝑤𝑗 where 𝑤 is the vector of current weights. To receive 

this vector  𝑤, we make use of the eigenvector characteristics. 

The Perron-Frobenius Theorem determines that a real square matrix (𝑛x𝑛) with positive entries has a 

unique maximum eigenvalue 𝜆𝑚𝑎𝑥 (principal eigenvalue) and that the corresponding eigenvector can be 
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chosen to have strictly positive components. Therefore, the principal eigenvalue is greater than or equal 

to all other eigenvalues. As the Saaty scale values are all positive the constraints of the theorem are 

fulfilled and there is a positive Eigenvector 𝑤 corresponding to that principal eigenvalue. This means we 

retrieve the equation (Alonso & Lamata, 2011):  

𝐴𝑤 = 𝜆𝑚𝑎𝑥 𝑤  (5) 

Based on this theorem, the weights can be derived with an iteration of the Eigenvector method (see 

Appendix D.1) or a simple normalization method, with the iterative one being the most exact for the 

weights. If multiple expert judgements are collected, an overall expert matrix can be derived by calculating 

the geometric mean 𝑏𝑖𝑗  for each array 𝑎𝑘𝑖𝑗 (Dijkstra, 2013): 

𝑏𝑖𝑗 = (𝑎1𝑖𝑗 ∗ 𝑎2𝑖𝑗 ∗ … ∗ 𝑎𝑘𝑖𝑗)
1
𝑘 (6) 

With the geometric mean, weights based on the iterative eigenvector method can be derived. 

3.2.3.  Consistency 

As mentioned in section 3.1, the AHP method allows for inconsistencies. Thus, the entries of 𝐴 do not 

need to be transitive, which requires in general terms: if 𝑎 > 𝑏  and 𝑏 > 𝑐, then 𝑎 > 𝑐.  

If a matrix 𝐴 is absolutely consistent, the equation 𝐴 = 𝑊 holds, which means that 𝜆𝑚𝑎𝑥 = 𝑛. However, 

we should not allow too many inconsistencies as this leads to a reduction of confidence in the results. 

Therefore, a measurement of consistency to ensure closeness to subjective perception and the accuracy 

of the comparative weights is introduced (Saaty, 1987). For this measurement, the so-called consistency 

index (𝐶𝐼) and ratio (𝐶𝑅) are proposed by Saaty (1987). 𝐶𝐼 is calculated with the following formula: 

𝐶𝐼 =  
𝜆𝑚𝑎𝑥  − 𝑛

𝑛 − 1
   (7) 

A small change in 𝑎𝑖𝑗  implies small changes in  𝜆𝑚𝑎𝑥, with a small difference between 𝜆𝑚𝑎𝑥 and 𝑛 being a 

good measure of consistency. To make use of (7), we need to measure the ratio of inconsistency, by 

deriving 𝐶𝑅: 

𝐶𝑅 =  
𝐶𝐼

𝑅𝐼
  (8) 

𝑅𝐼 is the Random matrix consistency index. It is the average value of 𝐶𝐼 for random matrices using the 

Saaty scale. If 𝐶𝑅 is less than or equal to 0.1, the comparison matrix can be considered to have an 

acceptable consistency (Ishizaka & Labib, 2011; Saaty, 1987).  
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How to proceed when such an evaluation of the matrix shows the exceedance of the threshold through 

rejecting a single or several matrices has been greatly discussed in literature without a proper solution 

(Alonso & Lamata, 2011). Moreover, 𝑅𝐼 has been computed differently by several studies. As a result, 

different 𝑅𝐼 have been obtained, depending on the simulation method and the number of generated 

matrices (Alonso & Lamata, 2006). We decided to remain with the values proposed by Saaty (1977), which 

can be found for the matrices of different orders in Appendix D.3.  

3.2.4.  Inclusion of uncertainty in retrieval of indicator weights 

The inclusion of simulation in the AHP process has been motivated by the need for addressing uncertainty 

when experts derive their pairwise comparison judgments. Hauser and Tadikamalla (1994) discussed the 

difficulty of converging point estimates for the pairwise comparisons in a group setting, which can result 

in complete loss of confidence for the weight results. They proposed a uniform distribution around the 

converged point estimates 𝑥 with 100𝑝% resulting in the distribution 𝑥 ± 𝑝𝑥.  

A more recent study by Ataei et al. (2013) dealt with retrieving weights from multiple individual expert 

matrices (𝑘 = 78). This resulted in retrieving and fitting continuous distribution functions for each array 

𝑎𝑘𝑖𝑗 of the pairwise comparison matrices. As the pairwise comparison matrices are reciprocal, the arrays 

on the low and up triangular are reversing and the number of distribution functions was obtained by 𝑁 =

𝑛(𝑛−1)

2
 (Ataei et al., 2013).  

The approach of Ataei et al. (2013) followed the AHP logic of pairwise comparison to limit inconsistencies 

and reduce efforts in completing the matrix by using the reciprocal values on the low triangular. This is if 

a distribution matches the collected pairwise comparison arrays very well. If a small sample size of experts 

is retrieved, this can lead though to a lower confidence in the fitted distributions, as with varying expertise 

backgrounds in a research field the collected values per array 𝑎𝑘𝑖𝑗 can vary widely. 

Therefore, we proposed to determine the best fit distributions for each array 𝑎𝑘𝑖𝑗. This violates the 

concept of the AHP methodology of using reciprocal values in the matrix. Following, the pairwise 

comparisons and their reciprocals are not directly connected anymore. Therefore, we have a wider spread 

of inconsistencies for matrices we need to exclude. With the introduced consistency ratio 𝐶𝑅 the 

inconsistencies can be regulated. With the main motivation of including uncertainty, we allowed for better 

fit distributions depicting the actual made judgements and not a dependency on derived distributions of 

its reciprocal comparison. As a contribution to academia this adapted approach is new to literature and 

needs to be validated with this research. 
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To fit distribution functions for the matrix arrays, a Goodness-of-Fit Test (GoF) is needed. The Kolmogorov-

Smirnov (K-S) test due to its applicability on small sample sizes is most feasible (Romeu, 2003). The test is 

a Distance GoF conceptual approach13. The advantage of this GoF test is that it is distribution-free under 

a continuity assumption for the univariate distribution, which gives valid probabilities for any underlying 

distribution of the original and comparison dataset. Moreover, it is universally applied without any 

restriction to the size of a sample (Babu & Feigelson, 2006).  

The K-S test examines the validity of the null hypothesis 𝐻0, if the data is following a specified distribution 

or not (𝐻1). More information of the test methodology can be found in Appendix D.4.  

The K-S test provides a value 𝐷𝑛 where 𝑛 is the size of the sample. This value is then compared to a critical 

value 𝐷𝑛,𝛼. The significance level 𝛼 denotes the percentage, where we would falsely reject 𝐻0.  If  𝐷𝑛 <

𝐷𝑛,𝛼  we can confirm a good fit of the distribution and the smaller the value, the better. The critical value 

𝐷𝑛,𝛼 can be derived from the Kolgomorov-Smirnov Table for different significance levels and size of 

samples. The overview of this table is also found in Appendix D.4. 

Furthermore, for the adapted approach, the fitted distribution should be limited within the interval of the 

Saaty scale. Otherwise distributions are chosen that have values outside the AHP provided scale. 

Therefore, for limiting the distribution, we determine a lower bound of 1/9 and an upper bound of 

maximum 9 which reflects the extreme values allowed on the Saaty scale. Only if the K-S test value with 

those bounds is above the critical value (e.g. the data is extremely skewed), the upper bound limit 

requirement is relaxed under the restriction that the fitting distribution is significantly better with the K-

S test. A relaxation of the lower limit does not make sense as we cannot allow negative values. 

Such a distribution fitting process can lead to a low number of consistent matrices, thus the number of 

iterations in the simulation should be increased until a sufficient number of matrices is received. 

Furthermore, simulations need to be reiterated several times to ensure the correctness of the simulation 

settings and results. For the reiteration amount, the guideline of the Student’s t-distribution can be 

followed. This says that for an amount 𝑟 ≥ 30  reruns, the Student’s t-distribution tends to follow a 

normal distribution, which justifies using means of all simulations. We choose this lower limit as the 

amount of reruns. This allows to retrieve statistical robust weights with considering uncertainty. 

Following, these weights should be investigated with a sensitivity analysis. The entire procedure on the 

weight derivation method is summarized in the following process flow figure. The black arrows follow the 

                                                           
13 See Appendix D.4 
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process flow used for this study. The geometric mean and Ataei et al. (2012) approaches are conducted 

to compare and validate the simulation results of the adapted approach. 

 

Figure 9: Process flow of weight derivation method according to AHP 

3.3. Key takeaways of chapter 3 

We derived six indicators that allow us to identify water scarcity in the supply chain. These six indicators 

were categorized for four factors: Water Scarcity and Variability, External Dependency, Governance and 

Regulation and Infrastructure. The indicators varied in spatial level and importance. The weights depicting 

this varying importance should be retrieved with the proposed MCHAP method to provide a multiple-

indicator methodology for Research Question 3.  

Moreover, for future predictions, we explained the intertwinement of water with other resources, making 

it difficult to predict future water demand. With the research of Luck et al. (2015), we ensured to address 

the impairment of the situation with quantifying future trends for two indicators that focus on water 

stress (𝐵𝑊𝑆) and variability in water supply (𝑆𝑉). With the inclusion of the future projection and the 

novelty of the research and methodology, we can create sustaining awareness for water scarcity. This 

sufficiently addresses Research Question 4 and adds a further complexity to water, which is highly 

dependent on several climate (supply) and socioeconomic (demand) variables. 
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4. Application and Results  

The practical application of this thesis was conducted at a multinational company over a five-month 

period. The upstream supply chain proved to be very complex, with traceability to the direct Tier 1 

suppliers. The majority of the ingredients purchased were already pre-processed and no knowledge of the 

origin of further upstream raw materials existed. Hence, we concluded the use of water inventory 

measures through the LCA method as the best fit for raw-material specific analyses. The company 

identified its missing knowledge on water scarcity risk in the upstream supply chain as a vulnerability and 

invested time and resources in this research topic. 

The content of the application chapter is twofold. First, in section 4.1, we discuss the retrieval of the 

weights with the introduced methodology according to MCAHP. Furthermore, in section 4.2, we observe 

the sensitivity of the indicator weights which influences the multi-indicator concept. In the second part, 

we demonstrate the proof of concept by the implementation a bottom-up approach in section 4.3 through 

a raw material specific analysis. This is followed by a top-down approach of a supplier overview through 

water risk perspectives in section 4.4. 

4.1. Retrieval of weights for screening methodology with MCAHP 

We retrieved judgments from internal and external experts, which resulted in eleven multiple expert 

pairwise comparison matrices (nine internal, two external). The experts were made familiar with the 

methodology and the focus on the supply chain environment in a group setting. Afterwards, several 

individual meetings were set up for clarification purposes. The received matrices reflected varying 

knowledge and perspective on water stewardship. Deriving weights and consistency for each expert 

judgment resulted in three matrices that were above the consistency threshold of 0.1. When considering 

all matrices, the standard deviation of the retrieved weights was 8% for 𝐵𝑊𝑆, 8.52% for 𝑆𝑉, 6.84% for 

𝐷𝑆, 6.42% for 𝐸𝐷𝑅, 3.46% for 𝐺𝑅 and 4.76% for 𝐼. An exclusion of the inconsistent matrices did not result 

in a reduced standard deviation, and in four cases even increased it. The resulting weights of the individual 

expert matrices are found in Appendix E.1.   

Using an average or median of weights on such a small sample size is not sufficient. As an alternative, we 

derived the geometric mean of each array and built a geometric mean matrix to receive weights. As we 

wanted to include uncertainty, we conducted the simulation approaches. Based on the discussion in the 

previous chapter, we implemented the approach of Ataei et al. (2013) and the adapted MCAHP approach 

of fitting distributions for each array 𝑎𝑘𝑖𝑗 to determine the better simulation method. For fitting 



Bibliography 40 

 

 
 

distributions, deriving the K-S test and running the Monte Carlo Simulation, we used the @Risk tool for 

Microsoft Excel. For the K-S test, the critical value of 𝐷𝑛 with a high significance level of 𝛼 = 0.2, was 

0.307. The fitted distributions include Triangular, Uniform, LogLogistic, Beta General, Pearson 6, LogNorm, 

Exponential and Gamma. The results of the distribution fitting for all matrix arrays 𝑎𝑘𝑖𝑗, as well as a short 

description of these distributions with an example, are shown in Appendix E.3.  

With the fitted distribution functions, we ran thirty simulations of 10,000 iterations for both approaches, 

which delivered us the indicator weights under the inclusion of uncertainty and following results. 

Table 5: Results for simulation approaches 

 
Adapted MCAHP approach Ataei et al. (2012) 

approach 

# of consistent matrices (mean/median) 1095.33/1100.5 709.833/706.5 

Consistency index  0.06 0.08 

Indicator Mean StDev14 Mean StDev16 

𝑩𝑾𝑺 44.28% 5.13% 43.58% 5.41% 

𝑺𝑽 22.97% 4.72% 23.62% 5.26% 

𝑫𝑺 11.64% 3.68% 10.95% 3.39% 

𝑬𝑫𝑹 8.30% 2.91% 9.17% 3.69% 

𝑮𝑹 6.25% 2.07% 6.32% 2.29% 

𝑰 6.56% 2.23% 6.37% 2.25% 

For both approaches, when having a sample of consistent matrices, which is larger than 200, we can 

assume a normal distribution for the weights retrieved from consistent matrices as it obeys the law of 

large numbers (Hair et al., 2010). Then, the mean and median are very similar. As we met this assumption 

with our simulation results, the choice of the mean for our simulation weights was justified. When 

comparing the weights, we could not find changes that were larger than 1% for any of the indicators, 

except that 𝐺𝑅 and 𝐼 were much closer (0.05%) with the approach of Ataei et al. (2012). For the standard 

deviations, only for the 𝐷𝑆 indicator the value was lower, while the others increased. Thus, we could not 

derive any significant differences between the indicator weights as the order remained the same. 

More importantly, with the Ataei et al. (2012) approach, we derived in all 30 simulations less consistent 

matrices (below 0.1 threshold) and also had a lower average consistency index. These two aspects led to 

the conclusion that distributions for all arrays 𝑎𝑘𝑖𝑗 of the matrix led to more consistent results. Despite of 

the GoF tests, the fitted distributions of the upper triangular matrix arrays did not show the recorded data 

                                                           
14 This is the standard deviation of the indicators within each simulation 
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for the reciprocal values in such a concise manner as the adapted approach. The graphs of the six 

indicators for the adapted approach with the fit of a normal distribution are found in Appendix E.4. 

After confirming the adapted approach as the superior simulation, we compared the simulation weights 

with the geometric mean matrix that excludes the uncertainty aspect. The derived geometric mean 

pairwise comparison matrix is shown in Appendix E.2. In the following table, we compare the weights and 

consistency index results. 

Table 6: Weights derived with simulation and geometric mean 

Rank Indicator Simulation results Geometric mean ∆ 

1 𝑩𝑾𝑺 44.28% 44.90 % +0.62% 

2 𝑺𝑽 22.97% 22.02% -0.95% 

3 𝑫𝑺 11.64% 11.07% -0.57% 

4 𝑬𝑫𝑹 8.30% 8.15% -0.15% 

5 𝑰 6.56% 7.24% +0.68% 

6 𝑮𝑹 6.25% 6.63% +0.38% 

 𝑪𝑹 0.06 0.02 -0.04 

Also we did not observe a significant differences for the weights. With the resulting consistency ratios of 

0.02 and 0.06, we ensured a high confidence in the weights for both solutions. As we wanted to include 

uncertainty, a higher average consistency ratio level within the boundaries was disregarded.  

It is important to note that for all three approaches, the ranking order of the indicators did not change. 

As the adapted simulation approach included uncertainty and proved higher consistency and higher fit to 

the observed comparisons compared to Ataei et al. (2012), we motivated an approach that extends 

current MCAHP research by regarding small samples of multiple pairwise comparison matrices. This will 

further strengthen the use of the general AHP methodology as a robust possibility to derive weighting 

factors in multiple criteria decision making when a small group of experts is consolidated and a face-to-

face group setting is not possible. 

In conclusion, the three highest weighted indicators 𝐵𝑊𝑆, 𝑆𝑉 and  𝐷𝑆 make up 78.89% of the aggregated 

water index. They address physical water scarcity and are, more importantly, available on a catchment 

level for the exact manufacturing locations to derive a local understanding of the physical water stress. 

𝐸𝐷𝑅, a physical water supply indicator, is available on a country level and accounts for 8.30%. The 

indicators 𝐺𝑅 and 𝐼 are available on a country level – hence a more global context – reflect amplifying 

water risks and account for 12.81%. These weights to retrieve the aggregated index were vetted 

afterwards with a selected group of internal and external experts. 
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4.2. Sensitivity Analysis 

The final aggregated water risk index is clearly dependent on the weights attached. Already small changes 

in the relative weights can cause major changes in the final ranking. Since these weights were based on 

subjective judgments, the stability of the ranking under varying criteria weights has to be tested. The 

weights of all six indicators were separately altered by mimicking for each indicator weights between 0% 

(exclusion of specific indicator) and 100% (single-indicator assessment). As a data foundation, we used 

the 158 countries from the statistical analysis.  

When we change the weights of one indicator, also the other five do, as we have to end up again with 

100%. We assumed the following: If we change the weight of indicator 𝑟𝑖, we receive 𝑟𝑖
∗ and the weights 

of the other indicator 𝑟𝑗 do not remain constant and have to change accordingly to 𝑟𝑗
∗. For this we used 

the following formula: 

 𝑟𝑗
∗ =

𝑟𝑗

(1−𝑟𝑖)
∗ (𝑟𝑖 −  𝑟𝑖

∗) +  𝑟𝑗,  for 𝑖 ∈ {1, … ,6} and 𝑗 ∈ {1, … ,6}\𝑖   (9) 

 

We observed the changes of ranking positions for three specific countries for all indicators. To show the 

sensitivity of the 𝐵𝑊𝑆 indicator (baseline: 44.28%), we conducted the analysis for the ranks of Mexico, 

China and Belgium. The indicator values of these countries can be seen in the table below. 

Table 7: Indicator values for the three example countries and the mean of the sample 

Country BWS SV DS EDR GR I 

Mexico 3.52 3.12 1.73 0.68 2.83 1.08 
China 2.94 2.71 1.96 0.06 3.03 1.67 

Belgium 3.16 1.39 1.90 2.03 0.68 0.00 

Mean of all countries  1.96 2.32 1.65 1.56 2.72 2.02 

We did not create a ranking of only those three countries and showed the respective rankings of the 

countries from the entire sample. For clarification of the figure below, the lower the rank (y-axis), the 

more critical and higher is the aggregated water risk index. The altering weights of the indicator are 

depicted on the x-axis. The graph of the 𝐵𝑊𝑆 indicator analysis is shown below. 
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Figure 10: Sensitivity Analysis of BWS for country ranks 

For all three countries the 𝐵𝑊𝑆 value was a lot higher than the mean. We observed large ranking 

movements for all countries, when decreasing the 𝐵𝑊𝑆 indicator weight. If 𝐵𝑊𝑆 was not included in the 

assessment, Belgium had a lot lower aggregated water risk in comparison to the other two countries. With 

observing the other extrema - a single indicator methodology – countries were closer in ranks and not as 

far apart from their baseline scenario. For the single indicator methodology, we could identify the ranks 

directly from Table 7 within only a sample of three, however we could not tell how the countries ranking 

shifted in terms within the entire sample. The sensitivity analyses graphs for the other indicators can be 

found in Appendix F.1.  

For 𝑆𝑉, we noted a very low value for Belgium compared to the mean. While the other two values 

remained more consistent in their ranking increase, this led to a large decrease of water risk for Belgium 

when we only considered the 𝑆𝑉 indicator. This was the similar case for the indicators 𝐺𝑅 and 𝐼. On 

contrary, for the 𝐸𝐷𝑅 indicator, we had the ranking changes of Belgium rather consistent in comparison 

to the other two countries. For 𝐷𝑆, the values of the three countries were close to the mean, hence no 

significant ranking changes could be observed. This type of analyses showed us the sensitivity of three 

country rankings with changing indicators. More importantly, it also showed us the sensitivity of ranks 

with exclusion of an indicator or only conducting a single-indicator methodology. 

Next to that, we also investigated the average ranking changes per country for varying weights of the 

indicators and the maximum ranking decreases and increases with adjusting weight values. While we do 

not derive more specific results than shared above, it provided a good overview of the ranking behaviour 
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over the set of the entire sample and a total range of weight changes. These can be viewed in Appendix 

F.2. 

Overall, we observed that partially a high sensitivity existed when changing the indicator weights and we 

could see the relation of this for different indicators. More importantly, with the introduced analysis, the 

country example can easily be replaced by a set of supplier that we investigate to see their overall water 

risk score and rank sensitivity in analyses, depending on the change of indicator weights. A sensitivity tool 

was developed for the company to retrieve such sensitivity analyses. 

4.3. Bottom-up approach – a specific raw material case  

We chose a very water intensive material of the company, resulting in a large amount of water that was 

incorporated in the production process (non-cooling water). The raw material was purchased in three 

different types from six different suppliers. From those six suppliers, only four were active. We had two 

active suppliers for Type A and one supplier each for the other types. The inactive suppliers could provide 

either Type A or Type B. These two types were sourced from the North American region, while Type C was 

sourced from Latin America.  

The data for the water inventory measures was derived directly from the suppliers and complemented 

with water background flow data from the LCA databases. For each type, the suppliers averaged the water 

measures within the supplier pool per type (Type A: 3, Type B: 2 and Type C: 1). This was the main 

limitation of this case study, as it did not provide us with the information on how much water each supplier 

was specifically using. However, this case still depicts the capability of such a bottom-up approach. The 

amounts for total, cooling and non-cooling water volumes are stated in the table below. 

Table 8: Water inventories for raw material types (internal company data & Ecoinvent) 

Raw Material type Total water use in 
m3/tons 

Non-cooling water in 
m3/tons 

Cooling water in 
m3/tons 

Type A 115.98 102.33 13.65 

Type B 84.03 70.45 13.58 

Type C 46.00 40.14 5.86 

We observed that non-cooling water in all cases made up the majority of the total water use. For Type A 

it was 88.3%, for Type B 83.84% and Type C 87.26%.  

With this first practical application, we combined the first three steps of CWS and applied them to the 

supply chain. With regards to the aggregated water risk index in one dimension (x-axis) and the water 
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inventory measures as another, we enabled water risk to develop to a potential decision variable in 

supplier decisions. Furthermore, the amount of purchased goods and pool of suppliers played an 

important role for the dependency on the supplier. The total water usage for one ton of the materials was 

multiplied with the purchasing volumes (y-axis). Incorporating the purchasing volumes as another 

dimensions (size of bubbles), we derived a graphic solution that showed us different critical water 

scarcities for current and future (dotted-lines) conditions for the year 2040. With the figure below, we can 

observe four different dimensions of the water scarcity issue in the supply chain. 

None of the suppliers were currently or projected to be above the threshold of 2.5 for the aggregated 

water risk index. However, we observed a high dependency on Supplier 3, which had the highest index 

score. This supplier was the only one providing raw material Type C. Due to supplier dependency and near 

critical location, it was proposed to engage with the supplier in the future to learn more about what they 

are doing to minimize the water risk. It is important to keep in mind that the production of this type of 

material was more efficient in comparison to others. Furthermore, for Type A the larger proportion was 

purchased from Supplier 2. As Supplier 1 was located in a less water scarcity risk area, we suggested to 

engage with Supplier 2 about potential water risk issues and potentially shift the purchase proportion 

towards Supplier 1. This is similar for Type B, as Supplier 4 was the only active supplier of this specific type 

and the other (inactive) supplier was located in a region where the aggregated water risk was a lot lower. 

To shift purchases towards another supplier or reactivating of a supplier due to this assessment can only 

be made, when it makes sense from a supply chain perspective. Therefore, it is important that we consider 

Figure 11: Bubble chart for water scarcity risk assessment of raw material (current and in 2040) 
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the dispersion of the company’s plants and supplier locations. On the current understanding of water and 

very limited water information from the suppliers, we do not propose that water becomes a direct 

decision driver if no clear and obvious cases can be found.  

4.4. Top-down approach - Geographical overview of suppliers 

The main priority of the project was to gain a global overview of a subset of the company’s supply chain 

and identify where water risk was highest among its supplier locations. We first observed the number of 

critical suppliers located in the four different regions Asia, North America (NA), Latin America (LA) and 

Europe-Middle East-Africa (EMEA). We determined a critical water risk index at the threshold of 2.5 and 

above. With the developed methodology we observed a set of 1,066 active suppliers. In the figure below, 

we show current and future (for the year 2040) overall water risk levels of suppliers in each region. 

The results, in reference to the thesis of Saito and van Ast (2012), showed similar observations for the 

Asian suppliers being the most vulnerable supply chain actors. While the percentage of critical suppliers 

for the LA region was high, it was projected to remain almost constant for the future. The NA supplier 

region, being the second biggest region, was at 5%, but it was projected to triple until 2040.  

For a better illustration of this, the following map gives a global overview of the suppliers studied. This 

global map gives a good overview on the agglomeration of the suppliers. With the colour code of the dots 

(green: low water risk; yellow: medium to high water risk; red: high to very high water risk) we can further 

analyse which areas appear more water stressed. For a better overview, we provide maps of the specific 

regions in Appendix G.1. 
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Figure 13: Global supplier locations with aggregated water index 

The aggregated index allowed us to identify 370 high risk suppliers, but that was still a large number to 

assess in more depth for the company and it did not take into account other perspectives of water 

stewardship. Furthermore, with water stewardship only beginning to attract attention within sustainable 

supply chain management, we had to look into a perspective that enables decision makers to justify their 

engagement with suppliers due to water and further reduce the scope. It was decided to focus on the 

human rights to water perspective. This allowed to create synergies between environmental and social 

sustainability and also gave insights into potential reputational risks of the company’s supply chain. To 

assess this, we used the improved water source and sanitation indicator (Access to water) as a second 

dimension in a graphical solution (WHO & UNICEF, 2016). The critical threshold in internal assessments 

was set to 90%, which was reapplied to the supply chain assessment.   

The Access to water indicator was used as well as a foundation for the proxy infrastructure development 

indicator. Comparing the indicator values with the values of the most current year resulted in a highly 

significant positive correlation of 0.95 (p-value < 0.001). Thus, we suggested for this specific application 

to exclude the infrastructure indicator from the aggregated water risk index. However, we have to stress 

that this is only due to the lack of sufficient indicators available for infrastructure. The chosen indicator 

for human rights to water helps us understand the water issues for the people living and working around 

the supplier location. The infrastructure indicator points to help us understand the status of local 

infrastructure and its ability to provide water to industry, municipalities and agriculture. 
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In the resulting graph, the size of the bubbles represents the total purchase spend within a year. The error 

bars show the extremes for the aggregated water scarcity index of specific suppliers in a country. It again 

shows us the aspect of local nature of water resources. The x-axis showed the aggregated index, while the 

y-axis addressed the human rights to water aspect. With the provided thresholds we were able to split 

the graph in different zones to identify and rank at-risk suppliers. As a first step, we suggested to engage 

with suppliers in the red zone.  

   

Figure 14: Global overview of suppliers per country 

This graphical solution provided the company with a data-based and strategic categorization of suppliers 

studied for this thesis to enable a more refined prioritization of at-risk suppliers. In the end, we managed 

to reduce the number of suppliers to 14 out of 1,066.  

Based on this application, we provided the company with the opportunity for in-depth analyses on a 

country level for future purposes and projects through a VBA-based Excel tool. It allows the company to 

search country-specific suppliers and show the development of water risk now and for the coming years 

in 2020, 2030 and 2040. The dashboard of the tool is shown in Appendix G.2. 

4.5. Key takeaways of chapter 4 

With this chapter, we successfully demonstrated the value of the developed methodology, created a 

sustaining tool, and showed first results that enables a company to further address water risk issues in 

their supply chain. The final indicator weights were based on judgments of internal and external experts 

and were validated. The different applications showed bottom-up and top-down approaches to focus on 

specific raw materials or to create a holistic overview over a set of suppliers and reduce hugely the scope.  
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5. Conclusion and Recommendations  

With the final chapter, we want to discuss the outcomes and provided answers for the research questions. 

Also, we determine the scientific contributions to academia, suggest future research opportunities and 

make practical recommendations for companies and practitioners. 

5.1. Scientific Contribution 

Based on answering the four research questions, we want to show the scientific contribution of this thesis. 

Due to its exploitative characteristic in a supply chain environment, we do address a large research gap as 

it is completely new academic territory. 

RQ1: How should water be assessed in upstream supply chain to acknowledge its complexity? 

Water complexity was shown through different paths in the hydrologic cycles, water abstraction and 

return to water bodies and temporal and spatial characteristics. Due to the complexity, it is currently not 

possible to determine environmental impacts. The complexity of such an assessment is further increased 

due to the horizontal supply chain complexity and the major limitation of single tier supply chain 

traceability (vertical complexity). After establishing the complexity of water and the supply chain 

environment in multinational companies, we proposed a path forward. Thus, we suggested to develop a 

water risk assessment to determine the criticality of water risk – the stress ratio and potential water 

scarcity. As a second perspective water inventory measures should be used that can be substituted with 

other critical water stewardship aspects such as human rights to water.  

RQ2: How can CWS methodologies and steps be combined to create a better CWS foundation and 

quantify water scarcity risks in the upstream supply chain? 

Through the use of multiple indicators of physical quantity and amplifying risk, we allowed to gain a better 

understanding on local and global levels (Step 1 & 3). Interestingly when observing current supply chain 

risk research for water, a lot is focused on natural disasters such as floods. However, no supply chain risk 

research has focused specifically on the increasing water demands due to excessive consumption and 

unstable supply, leading to scarcity of the resource water. This general water stress ratio and which not 

always results in a crisis, has to be addressed when discussing water risks in the supply chain.  

For the suggested water inventory method (Step 2), we clearly outlined which inventory method to prefer 

between WFA and LCA in different upstream supply chain settings. For both assessments we identified 
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their limitations and chose the LCA inventory method for this thesis. Through this, we identified the 

existing limitations and research gaps in water measures and methods. We used a sorting method to 

differentiate between cooling and non-cooling water, which provides a temporal characterization on the 

unavailability of the resource. The assessment of water impact was not possible to directly assess. 

Therefore, as an indication, we proposed an aggregated water stress index for the methodology, which is 

not a direct measure of impact, but addresses the criticality of it. 

RQ3: What are the key factors and indicators needed to effectively and efficiently assess water scarcity 

risks of a company’s upstream supply chain? 

Within the two categories of physical and amplifying water risk, we identified the following four factors: 

(1) Water Scarcity and Variability, (2) Water Dependency, (3) Infrastructure and (4) Governance and 

Regulation. For each of these factors we found at least one indicator reflecting it. As a goal of the supply 

chain assessment, we needed to derive one aggregated index score for water risk. For this, an adapted 

weighting approach of MCAHP was used to derive weights from eleven expert pairwise comparison 

matrices under the assumption of uncertainty. With fitting distributions for each pairwise comparison, we 

received better results than following the AHP logic to only fit distributions for one side of the reciprocal 

matrix. Our adapted approach is therefore an addition to MCAHP research and is specifically useful for 

very small sample sizes and derived judgments were no (face-to-face) group setting is possible. The 

resulting weights, as well as the indicators, were validated with internal and external stakeholders. 

RQ4: How can awareness of the water situation be elevated for future perspective? 

 The proposed methodology is able to determine water risk in the supply chain and, with the pioneering 

work on this topic, creates the needed awareness due to the development of a tool to motivate further 

analyses. As an example, increased water risk was identified for Asian supplier. Furthermore, we 

mentioned the difficulty of predicting water demand and supply due to its complexity. However, with the 

research of Luck et al. (2015) we were able to scale projections of water stress and variability for two 

physical water risk indicators. The two related indicators (Baseline Water Stress and Seasonal Variability) 

made up around 67% of the aggregated water risk index, hence will have a large influence on the final 

result. The future changes of the index, while heavily uncertain, project severe increase of water crises, 

which should raise the awareness about future development. 
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5.2. Future Research 

In this section, we want to motivate three potential research directions for Water Risk Assessments in the 

supply chain. One addresses the dependency of green and blue water. The second addresses the 

intertwinement of water with other resources that are highly important in sustainability, namely CO2 

emissions and energy. And last but not least, we want to pick up the notion on cost reduction versus 

amplifying water risk and the aspect of deriving mitigation potential of a country. 

Current water risk assessments and LCA methodology focuses on blue water as this is of main interest for 

industry and society. However, green water is as important as all raw material and processed ingredients 

have some level of agricultural basis. With the trend in industry to move more and more towards 

renewable materials, the agricultural aspect will gain tremendous importance across all industries. This 

will put even more stress on water resources and the green water cycle has to be included in assessment 

scopes. With the intertwinement of blue and green water, the substitution capability is playing a large 

role as especially green water supply variation is highly effected by unstable climate changes. First 

research has focused on a combined form on green-blue water scarcity assessments (Gerten et al., 2007; 

Kummu et al., 2014; Rockström et al., 2009). Schyns et al. (2015) mentions for better operationalization 

of green water scarcity indicators: (1) Determination when and where green water flows can be used 

productively; (2) A better clarification of the environmental green water requirements (i.e. preservation 

for nature). Both aspects relate to green water availability and need to be further studied to better 

understand green water scarcity (Schyns et al., 2015). 

As a second future research opportunity, we mentioned the intertwinement of water with other resources 

such as energy and CO2 emissions. For the latter, especially from a sustainable purchasing perspective, it 

is very interesting to measure portfolio effects between CO2 and water through certain supply chain 

decisions. The recent study of Pelton et al. (2016) addresses environmental impacts in the upstream 

supply chain by optimizing eco-efficiency across a procurement portfolio by reduction of CO2 and water-

depletion reduction per dollar spend. With the use of EIO-LCA methods they show that a portfolio 

approach provides substantially better results than product-by-product approaches (Pelton et al., 2016). 

This research direction could be further exploited to properly address sustainable purchase strategies that 

include water stewardship in their decision-making.  

Furthermore, the relation between water and energy is stated under a topic that has started to gain a lot 

of attention recently: ‘water-energy’ nexus. It is the relationship between how much water is used to 
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generate and transmit energy, and vice versa how much energy it takes to collect, clean, store and dispose 

water. Energy is becoming a thirstier resource and it makes already around 15% of the world’s total water 

use, placing second after agriculture. With currently more than 650 million people lacking access to clean 

water and a billion not having electricity, this twin crises is considered as the key challenge over the next 

25 years (Moss & Frodl, 2016). With such strong dependency on each other, we will not be able to solve 

water scarcity crises without considering energy crises. In practice, this is very difficult due to the lacking 

coordination and investments across energy and water infrastructure. All of this will lead to enabling more 

public-private partnerships, putting (energy) companies and research again on the forefront of the 

development (Metzger et al., 2016; Moss & Frodl, 2016). The water-energy nexus relationship and 

furthermore the supply of these two resources needs to be investigated further in the future. 

Lastly, we already identified a negative correlation between infrastructure and governance with GDP. 

While the first two terms have a clear influence on amplifying water risks the GDP reflects low labor costs. 

Especially in manufacturing of raw materials many companies reallocate or outsource their production in 

low labor cost countries. For a company to  identify consciously labor cost and water hotspots can lead to 

better supplier selection decisions and should be also further investigated. Furthermore, when discussing 

water risks, it is interesting to observe the mitigation potential of a country. For this the GNI per capita of 

a country could be observed as well as types of resilience indicators developed such as the socioeconomic 

resilience to floods indicator developed by Hallegatte and Bangalore (2016).  

This section provided several possible research directions with linkage to very recent and related 

literature. This small selection is of course not exhaustive and could be much further extended. However, 

we believe we stated some of the most appealing and promising ones.  

5.3. Recommendations for companies and practitioners 

With the development of the VBA-supported Excel tool and the introduced application methods, the 

foundation is created for a company to conduct further projects and analysis. With the bottom-up 

approach we showed a direction on assessing water-intense and critical raw materials. For the top-down 

approach, we showed the opportunity of extending the scope of suppliers in a systematic process with 

the geographical overview and the possibility to extend towards other business units with the developed 

tool. After concluding the project, the following generalizable recommendations are made: 

 



Bibliography 53 

 

 
 

i. Reiteration of internal and external data and indicator foundation to extent current practices and 

reduce limitations: 

For internal purposes, data systems have to be adjusted to better derive the needed water risk 

information. Externally, the reiteration of the indicator elicitation process should be done in the future 

and improvements on suggested (excluded) indicators reassessed.  

ii. Identification of further water intense and critical raw materials - bottom-up approach: 

A focus brand equity, hence without a critical ingredient, we do not have a product is needed to 

identify critical raw materials. With a large assortment of ingredients, certified for different countries, 

still a huge complexity exists. We should put a focus on ingredients that are very water-intensive. With 

LCA studies a quick overview should be derived, which can be further elevated with more in depth 

assessments and case studies. 

iii. Reduction of supply chain complexity by increase of traceability: 

a. Vertical - Link internal operations and multiple-tier supply chain in water risk assessment: 

With the supply chain assessment internal manufacturing sites water risks can be 

connected to their own supply chain water risk. Furthermore, to make also the WFA 

approach a possibility for (agricultural) raw materials, the traceability of multiple tier 

suppliers beyond Tier 1 should be investigated to derive origins of ingredients. 

b. Horizontal – Extend set of suppliers with focus on their Tier 1 suppliers: 

With the assessment of the top-down approach this can be easily extended towards the 

rest of the supply chain’s Tier 1 suppliers. 

c. Spatial - identify exact locations of supplier manufacturing sites: 

As often only monetary flows are recorded, often only billing addresses are known of 

suppliers. While this helps to identify the active supply chain, it does not provide us with 

the location where the water consumption and stress occur. Therefore, it is of utmost 

importance to be able to trace raw material purchases back to the supplier’s 

manufacturing location.
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Appendices 

A Key questions for process steps of the CWS process 
Steps Key questions 

1) Assess the 

global & local 

water 

situations 

- How much water is available, at what cost? 

- Is the area water-stressed? If yes, when? 

- What is the regulatory framework (local, regional and national)? 

- What is expected of companies in terms of water stewardship? 

2) Account for 

& 

understand 

impacts 

- How much and what kind of water is used? 

- Where, when and how is it used? 

- How and with what quality is it discharged and returned? 

- What are the impacts on local water supplies, ecosystems and human health? 

3) Identify 

water risks & 

opportunities 

- How many sites and suppliers are located in water-stressed countries? 

- How much of the total production is generated from my at-risk sites? 

- Is there adequate supply of water for all operations and value chain? 

- Are there opportunities for providing broader solutions to water stress? 

4) Determine 

action & 

targets 

- What level of performance is best practice in a water-stressed situation? 

- Which sectors or supply chain steps need action and decision-making? 

- What targets are reasonable and achievable? 

5) Monitor & 

communicate 

performance 

- How to make sustainability claims credible and robust for water? 

- What indicators are needed to assess and improve performance and 

communicate it? 
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B Water Inventory & impact measures 

B.1 Example of an LCA water method from inventory to endpoint impact 

Source: Canals et al. (2009) 

 

B.2 Inventory measure with LCA software for a raw material 
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C Indicator development 

C.1 Methodology of Aqueduct water indicators 

This Appendix section describes the water use and supply modelling. As an overview, the water supply 

and use (demand) model schematic is shown in the following figure15 from Gassert et al. (2014). 

 

For water use (demand), two metrics were estimated by the model: the water withdrawal and 

consumptive use. For the water withdrawal flow, Aqueduct used as a basis the AQUASTAT database by 

the Food and Agriculture Organisation of the United Nations (FAO) to gain data from all national 

governments. However, due to inconsistencies and variations for each country, the water withdrawals 

were projected to the baseline year 2010. This was achieved by the use of two regression models. The 

first is a mixed-effects estimator that predicted water withdrawals (𝑌) for country (𝑖) and year (𝑡) as a 

                                                           
15 Parallelograms are inputs and rounded shapes are outputs. The two final catchment-scale water-use metrics and 
two water-supply metrics are highlighted in yellow 
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function of 𝑘 explanatory variables (𝑋) with coefficients (𝛽), separate intercepts (intersection with axis; 

𝑏0𝑖) and slopes (steepness; YEAR variable). The following equation shows the model. 

𝑌𝑖𝑡 =  𝛽0 + 𝛽1 ∗ 𝑋1𝑖𝑡 + ⋯ + 𝛽𝑘 ∗ 𝑋𝑘𝑖𝑡 + 𝑏0𝑖 + 𝑏𝑌𝐸𝐴𝑅,𝑖 ∗ 𝑌𝐸𝐴𝑅 + 𝜀𝑖𝑡  

This model took variables and coefficients into account to depict for example a country’s high agricultural 

withdrawals in comparison to other countries, as well as the observed increase in withdrawals over time 

(Gassert, et al., 2014). Because this model approximated the change and average level of withdrawals for 

each country, an estimated withdrawal could be determined for countries that had no observed 

withdrawal data. Moreover, the variation in water withdrawals was explicitly partitioned among between-

country variation and within-country variation. However, that is the disadvantage of the first model as the 

variable selection could be dominated by variables that mainly explained the between-country variations. 

As the within-country variation was more relevant for the overall model, the second estimator model, a 

fixed-effects approach model, was needed. This model subtracted the country’s means across all years 

from each variable. 

(𝑌𝑖𝑡 − �̅�𝑖) = 𝛽1(𝑋1𝑖𝑡 − �̅�1𝑖) + ⋯ + 𝛽𝑘(𝑋𝑘𝑖𝑡 − �̅�𝑘𝑖) + (𝜀𝑖𝑡 − 𝜀�̅�)  

Therefore, the process of the variable selection process was forced to focus only in explaining within-

country variations. However this model could not determine withdrawals for countries that have no 

reported data, hence both models are needed. Through the use of goodness-of-fit criteria the relevant 

variables were found. These temporal consistent withdrawal estimates were downscaled to a smaller 

scope (so called pixels) by using a fitted country regression coefficient to project withdrawals over each 

pixel. Following, this value was normalised by dividing it through the projected withdrawal for the entire 

country (𝑖). The sum of the estimated withdrawals for each pixel (𝑈𝑝) in a catchment then are the 

withdrawals for each catchment (𝑗) (Gassert, et al., 2014).  

In concerns of the consumptive use flow, Aqueduct based its estimation on the research of Shiklomanov 

& Rodda (2004) that estimated withdrawals (𝑈𝑟) and consumptive use (𝐶𝑟) for each sector in 26 defined 

regions (𝑟) of the world. To downscale to a smaller scope, consumptive use ratios were used to fit the 

Pixel size. This led to the following consumptive use formula (Shiklomanov & Rodda, 2004). 

𝐶𝑝 =  𝑈𝑝 ∗ (
𝐶𝑟

𝑈𝑟
) 𝑎𝑛𝑑 𝐶𝑗 = ∑ 𝐶𝑝

𝑝∈𝑗

   

The estimation of the water withdrawal and consumption, through regression models and the formula of 

Shiklomanov & Rodda (2004) created the chance to receive a temporal consistent and spatial accurate 

data foundation for water demand (Gassert, et al., 2014). 



Appendices XIII 

 

 
 

Furthermore, the water supply flow was modelled. For this, two metrics of annual water supply were 

considered: Total blue water (𝐵𝑡) and available blue water (𝐵𝑎). The total blue water approximates 

naturalized river discharge. The available blue water is the estimate of water availability, which removes 

water that is consumed upstream. The runoff (𝑅) is calculated by the amount of water that accumulates 

from precipitation reduced by evapotranspiration (𝐸𝑡) and soil moisture storage (∆𝑆). This results in the 

formula: 𝑅 = 𝑃 − 𝐸𝑡 − ∆𝑆. 

The runoff data was extracted from the Global Land Data Assimilation System Version 2.0 10x10 land 

surface model (GLDAS-2.0) (Zaitchik et al., 2010). This model initializes meteorological variables (e.g.) 

radiation, temperature and precipitation). It accounts 𝐸𝑡 from rain-fed agricultural as input to runoff and 

any water withdrawn for irrigation in excess of 𝐸𝑡. The model was chosen after intensive evaluation of 

models and showed acceptable results for annual discharge, peak flows and intra- and inter-annual 

variability. The monthly runoff per catchment was retrieved by the subsurface (base flow or lateral flows 

of shallow groundwater) and surface runoff components. 

Lastly, the flows needed to be accumulated as mentioned in the figure above. A catchment-to-catchment 

flow accumulation approach was used which aggregates water by catchment and transports it to the next 

downstream catchment. This has the advantage for the derived indicators that it relaxes the requirement 

of withdrawals being located with spatial precision. Moreover, the aggregation of the runoff allows water 

to be transported within a catchment without have the problem of a river not being able to supply to a 

specific location.  

In such an approach, the total blue water (𝐵𝑡) is calculated by recursively summing runoff (𝑅) from 

adjacent upstream catchments (first-order catchments total blue water is then equal to runoff. For the 

available blue water (𝐵𝑎) all water available with accounting upstream consumptive uses (𝐶) is denoted. 

Hence, adjacent consumptive use (𝐶) is removed from the upstream runoffs. An example is illustrated in 

the following figure for a better understanding. 

Note: 𝐵𝑎 in catchment 3 is equal to runoff plus the sum of 

𝐵𝑎 minus 𝐶 for the adjacent upstream catchments. 

Because catchments 1 and 2 have no upstream 

catchments 𝐵𝑎 is equal their runoff. Consumption is not 

counted against 𝐵𝑎 in the current catchment, but is 

counted in catchments further downstream. 
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C.2 Indicator normalization and thresholds 

Source: (Gassert et al., 2014) 

For 𝑥 = 𝑆𝑐𝑜𝑟𝑒 and 𝑟 = 𝑟𝑎𝑤 𝑣𝑎𝑙𝑢𝑒 

 Indicator Threshold Normalization 

Baseline 

Water Stress 

0 - 1 <10% 

𝑥 = 𝑚𝑎𝑥 (0, 𝑚𝑖𝑛 (5,
𝑙𝑛(𝑟) − ln(0.1)

𝑙𝑛 2
+ 1)) 

1 - 2 10-20% 

2 - 3 20-40% 

3 - 4 40-80% 

4 - 5 >80% 

 

 Indicator Threshold Normalization 

Seasonal 

Variability 

0 - 1 <0.33 

𝑥 = 𝑚𝑎𝑥 (0, 𝑚𝑖𝑛 (5,
𝑟

1
3

)) 

1 - 2 0.33-0.66 

2 - 3 0.66-1.0 

3 - 4 1.0-1.33 

4 - 5 >1.33 

 

 Indicator Threshold Normalization 

Drought 

Severity 

0 - 1 <20 

𝑥 = 𝑚𝑎𝑥 (0, 𝑚𝑖𝑛 (5,
𝑟 − 10

10
)) 

1 - 2 20-30 

2 - 3 30-40 

3 - 4 40-50 

4 - 5 >50 

 

 Indicator Threshold Normalization 

External 

Dependency 

Ratio 

0 - 1 <17% 

𝑥 = 𝑚𝑎𝑥 (0, 𝑚𝑖𝑛 (5, 5 ∗
𝑟

0.85
)) 

1 - 2 17-34% 

2 - 3 34-51% 

3 - 4 51-68% 

4 - 5 68-85% 

 

 Indicator Threshold  Normalization (of Percentile Rank) 

Governance & 

Regulation 

0 - 1 >80% 

𝑥 =  
1

6
∗ ∑

(1 − 𝑟𝑖)

0.2

6

𝑖=1

 

1 - 2 60-80% 

2 - 3 40-60% 

3 - 4 20-40% 

4 - 5 <20% 
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 Indicator Threshold Normalization 

Infrastructure 0 - 1 >93% 

𝑥 = 𝑚𝑎𝑥 (0, 𝑚𝑖𝑛 (5, 5 ∗  
∑ (1 − 𝑟𝑖)

𝑖=𝑗
𝑖=1

0.65 ∗ 𝑗
)) 

1 - 2 86-93% 

2 - 3 79-86% 

3 - 4 72-79% 

4 - 5 65-72% 

 

C.3 World Bank Worldwide Governance indicators 

Description of indicators 

Based on Kaufmann et al., (2010), the six used indicators are described in the following, sorted after the 

three aspects: 

i. The process by which governments are selected, monitored and replaced: 

a. Voice and Accountability (VA):  

Captures the extent to which citizens are able to participate in the government selection, 

freedom of expression, association and media. 

b. Political Stability and Absence of Violence and Terrorism (PS): 

Likelihood that a government is destabilized or overthrown by unconstitutional or violent 

means 

ii. Capacity of government to formulate effectively and implementation of sound policies: 

a. Government Effectiveness (GE): 

Quality of public & civil services as well as the independence from political pressures. 

Moreover, it assesses the credibility of the government’s commitment to such policies. 

b. Regulatory Quality (RQ): 

Ability of the government to formulate and implement sound policies and regulations that 

permit and promote private sector development 

iii. Respect of citizens and the state for the institutions that govern economic and social interactions 

among them: 

a. Rule of Law (RoL): 

Quality of contract enforcement, property rights and the likelihood of crime and violence 

b. Control of Corruption (CoC): 

To which extent is public power exercised for private gain – corruption, as well as the 

dependency of the state on elites and private interests. 
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Statistical analyses (coefficient and scatterplot matrix) 

  CoC GE PS RQ RoL VaA 

CoC 1 0.89 0.81 0.84 0.93 0.66 

GE 0.89 1 0.75 0.92 0.93 0.59 

PS 0.81 0.75 1 0.69 0.78 0.61 

RQ 0.84 0.92 0.69 1 0.90 0.62 

RoL 0.93 0.93 0.78 0.90 1 0.70 

VaA 0.66 0.59 0.61 0.62 0.70 1 
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C.4 Alternative indicators 

The following table introduces observed indicators for the four different factors and the reason why they 

were not regarded for the screening. 

Factor Indicator Description Source Reason for exclusion 

W
at

e
r 

Sc
ar

ci
ty

 &
 V

ar
ia

b
ili

ty
 

Ground water 

stress 

Measures the ratio of ground 

water withdrawal relative to its 

sustainable recharge rate 

WRI 

Aqueduct 

(Gassert et 

al., 2014) 

 

 Information if 

suppliers are 

depending on ground 

water is unknown 

  Blue water stress is 

already addressed by 

BWS; focus on other 

aspects; include if 

suppliers are known 

for extensive ground 

water use 

Drought 

monitor 

indicators 

best non-prescriptive drought 

information from local providers 

and provide an comparison of 

drought conditions around the 

world 

Global 

Drought 

Informatio

n System  

 Not applicable for 

indicator purposes 

 Observing droughts in 

short term gives 

overview of current 

conditions (use maps 

with supplier 

locations) 

Severe Water 

Stress index 

Percent of country's territory 

under severe water stress. This 

data is derived from the 

WaterGap 

2.1 gridded hydrologic model 

developed by the Center for 

Environmental Systems Research, 

University of Kassel, Germany. 

 

(Center for 

Environme

ntal 

Systems 

Research, 

2000) 

 Again on country level 

 WorldGap2.1 is 

interesting model 

created by the 

University of Kassel 

 However Aqueduct 

WRI is more current 

data (2010), and the 

derived indicators 

from are available on 

catchment levels 
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Water Scarcity  Blue water scarcity per country is 

defined as the ratio of blue water 

footprint (based on consumption 

rather than withdrawal) to blue 

water availability – where the 

latter is taken as natural runoff 

minus environmental flow. Blue 

water resources are surface 

water and ground water. 

Water 

Footprint 

Network 

(Hoekstra 

et al., 

2011) 

 As only available on a 

country level, BWS 

depicts this issue 

much better for local 

stress 

 Interesting aspect if 

assessing downstream 

supply chain and 

consumer use (What is 

the water stress for 

use of products?) 

 Withdrawal is better 

approach for water 

scarcity 

W
at

e
r 

D
e

p
e

n
d

e
n

ci
e

s 

External water 

consumption 

dependency 

 

 

 

The sum of a scaled external 

water dependency indicator and 

consumption independence 

which is derived from the total 

national water footprints divided 

by the total water withdrawals 

(possible to split in sectors: 

agricultural, industrial and 

domestic) 

Water 

Footprint 

Network 

(Mekonnen 

& 

Hoekstra, 

2011) & 

FAO – 

Aquastat 

(FAO, 

2016) 

 Water Footprint of 

Nations is from the 

year 2005, probably 

has significantly 

changed due to 

increased globalization 

 Indicator is too 

complex as it is 

influenced by many 

factors 

Green water 

scarcity  

Denotes the fraction of 

appropriation of available green 

water resources by dividing the 

green water footprint of 

country/catchment by the green 

water availability 

Water 

Footprint 

Network 

(Hoekstra 

et al., 

2011) 

 Difficult to estimate 

the green water 

availability due to lack 

of data 

 Currently not suggest 

to use for operational 

purposes 

Substitution 

capability 

Green water needs to be 

substituted by blue water if 

lacking. Indicators is derived by 

the green water 

consumption/footprint divided 

by total renewable water 

resources 

Water 

Footprint 

Network 

(Mekonnen 

& 

Hoekstra, 

2011) & 

FAO – 

Aquastat 

(FAO, 

2016) 

 Only country level 

availability 

 Might address scarcity 

of a country but not 

necessarily of a 

company 

 Consumption of green 

water is more complex 

due to soil moisture 
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Water use for 

energy 

 

 

 

 

Addresses the water-energy 

nexus aspect, but with the only 

focus on hydropower (other 

energy resources such as coal or 

oil are also very water intensive). 

Derived by the hydropower 

potential and hydropower 

dependency 

(World 

Bank, 

2016; 

World 

Energy 

Council, 

2011) 

 Important aspect to 

consider for future 

research 

 Only addresses 

hydropower 

 Potential is not 

sufficiently available 

In
fr

as
tr

u
ct

u
re

 

Water 

productivity 

Measures the ratio of GDP 

divided by annual total water 

withdrawal 

World 

Bank 

(2016) 

 Indicator that could be 

used to address 

mitigation potential, 

however  

Investments 

made in 

infrastructure 

of water and 

sanitation  

Investment in water and 

sanitation projects with private 

participation covers 

infrastructure projects in water 

and sanitation that have reached 

financial closure and directly or 

indirectly serve the public. 

World 

Bank 

(2016) 

 Useful for specific 

regions, but global 

data availability is 

insufficient 

 Difficult to understand 

scope especially 

because of private 

participation 

Non-revenue 

water 

Water that has been produced 

and is “lost” before it reaches the 

customer. Losses can be real 

losses (through leaks, sometimes 

also referred to as physical 

losses) or apparent losses (for 

example through theft or 

metering inaccuracies) 

Smart 

Water 

Networks 

Forum 

(2011) 

 Interesting for urban 

networks, no data 

available on a country 

level 

 Should be investigated 

for the future when 

trying to address 

water-energy nexus 

Socioeconomi

c Resilience to 

Floods 

Driver of the risk to welfare, 

measured through the expected 

welfare losses due to floods. 

Asset losses are categorized by 

hazard, exposure and 

vulnerability 

Hallegatte 

& 

Bangalore 

(2016) 

 Indicator that could 

address mitigation 

potential 

 Not addressing the 

focus of water scarcity 

Infrastructure 

Leakage Index 

Ratio of the current annual real 

water distribution system losses 

(CARL) divided by the 

unavoidable annual real losses 

(UARL). 

(Alegre, 

2000) 

 Best available index 

when it comes to 

addressing insufficient 

water supply systems 

 No available on a 

global level 
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R
e

gu
la

ti
o

n
 &

 

G
o

ve
rn

an
ce

 

Corruption 

Index 

Score relates to perceptions of 

the degree of corruption as seen 

by business people and country 

analysts and ranges between 10 

(highly clean) and 0 (highly 

corrupt). Includes police 

corruption, business corruption, 

political corruption 

(Transpare

ncy 

Internation

al, 2016) 

 Potential indicator if 

only focus on 

corruption 

 Governance is difficult 

to grasp, World Bank 

indicators reach a 

more complete result 

 

Furthermore, the mitigation potential of addressing water scarcity crisis would provide a good measure 

to include in further studies. The above mentioned Socioeconomic Resilience to Floods indicator could be 

used as a proxy indicator. Moreover, a simple indicator for mitigation would be the Gross National Income 

(GNI). The GNI of a country can give insight into a country’s ability to address water risks via infrastructure 

projects or to react quickly to water scarcity crisis. The GNI is chosen over the GDP as it captures both 

income from local production and income from activities outside of the country, as well as investments 

from non-domestic sources.  The stated indicators should be revisited if planning to extend or refocus the 

screening methodology. A good overview of potential indicators is also provided by WWF & DEG (2015). 

C.5 Statistical Analysis of indicators 

Histograms of indicators 

 

 

 

 

 

 

 

        Baseline Water Stress (BWS)              Seasonal Variability (SV) 
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      Drought Severity (DS)    External Dependency Ratio (EDR) 

    

 

 

 

 

 

 

 

         Government & Regulation (GR)     Infrastructure (I) 

Boxplots of all indicators 
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Scatterplot matrix of indicator

 

C.6 Future projection methodology 

The estimation for the two indicators according to Luck et al., (2015), was derived by the use of general 

circulation models (GCMs) from the Coupled Model Intercomparison Project Phase 5 (CMIP5) and mixed-

effects regression models that were based on projected socio-economic variables from the International 

Institute for Applied Systems Analysis’s Shared Socioeconomic Pathways (SSP) database. The CMIP5 is a 

multi-model ensemble where many climate models run a set of scenarios to produce climate projections. 

They sample uncertainties in emission scenarios, model uncertainty and initial condition uncertainty. The 

CMIP5 is coordinated by the World Climate Research Programme and is the successor of CMIP3. The SSP 

describing plausible alternative trends in the evolution of society and ecosystems over a century in the 

absence of climate change or climate policies (O’Neill et al., 2014). With these model foundations for 

future projections, all indicators were adjusted to a sub-basin scale to fit hydrologic routing. 
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i. Method for water supply projection 

For computing projected water supply, six GCMs that represented a wider scope of models from diverse 

background were selected, based on their data availability and capability of reproducing mean and 

standard deviation of historical runoff. With those six GCMS a business-as-usual scenario (unconstrained 

emissions and temperature increase of 2.6-4.8 degrees Celsius until 2100) and cautiously optimistic 

scenario (temperature increase of 1.1-2.6 degrees Celsius until 2100) were derived.  

Due to systematic deviation from historical observations over multi-century simulation period, the output 

of GCMs was bias-corrected via the fitting to a cumulative distribution function. The distributions were 

fitted over the historical period data (1950-2005) for each GCM run and the corresponding output of 

GLDAS-2.0. 

These bias-corrected runoffs were then resampled to 1 km x 1 km and summarized in hydrologic 

catchments for the downstream flow-accumulation of water. The total and available blue water (𝐵𝑡 and 

𝐵𝑎) were derived by the catchment-to-catchment flow accumulation similar to Gassert et al. (2013a).  

ii. Method for water demand projection 

As water demand is determined by water withdrawals and consumptive used, several variables and 

sectors needed to be considered. These to values were projected with SSP through size, wealth and other 

characteristics of countries for agriculture, industry and domestic sectors. The withdrawals were 

projected with country-level regressions based on historical estimates of withdrawals. For future 

scenarios only three independent variables were available for each SSP: GDP, population and 

urbanization.  

For agricultural, domestic and industrial withdrawals regression models were built. Agriculture is unique 

as it depends strongly on climate and socioeconomic drivers. Such withdrawals are only used for irrigation 

and are by far the largest. The agricultural withdrawals were modelled as a function of the extent and 

efficiency of irrigation. To estimate future withdrawals and consumptive use, the country-level irrigated 

area was projected via a regression model. Afterwards the irrigated area was spatially distributed within 

each country changes throughout time this area is changing due to different scenarios. Moreover, climate 

projections were used to estimate consumptive use over the irrigated area. Changes were projected in 

spatial extent of irrigation to accommodate the effect of climate over irrigation (Luck et al., 2015).  

For industrial and domestic withdrawals the approach was similar. Mixed-effect regression models were 

used for country-level withdrawals as a function of socioeconomic drivers (no climate). For this, the 
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industrial withdrawals also included country-specific time effects (e.g. GDP increase) to project long-term 

trends for the withdrawal. To account for large increases in the observed time frame, the time effects 

were reduced and turned out to be relatively conservative. For domestic withdrawals no time effects were 

included. Furthermore, the two projected withdrawals were spatially disaggregated. For the industrial and 

domestic consumptive use all withdrawals were multiplied by a consumptive use for the year 2025 by 

Shiklomanov & Rodda (2004). The total withdrawals and consumptive use was summed from the three 

different sectors to provide us with the data foundation for the indicators. 

iii. Derivation of indicators 

Based on these withdrawal and consumptive use data foundation the four global indicators were derived 

by several GCM ensemble and then summarized as the weighted mean of the members such that each of 

the six GCMS is weighted equally. For water supply only small differences are expected between different 

scenarios. For water demand, substantial relative increases were projected for developing nations and 

undeveloped areas where baseline water demand is low. The latter means that while the water demand 

growth was projected very high, many of the least developed areas start from very low levels of water use 

and remain at low stress levels. Areas with decreasing water demand reflect expected urbanization 

patterns around the world.  

Based on these two measures, the water stress ratio was resulting which is the ratio of water withdrawals 

to available blue water (flow-accumulated runoff – upstream consumptive use). For the latter, the mean 

of the projected available blue water (𝐵𝑎) of the investigated time period (21 years) around the target 

year was taken. For the seasonal variability, the within-year coefficient of variance between monthly total 

blue water was chosen.
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D Analytic Hierarchy Process 

D.1 Eigenvector method for weight aggregation – description and example 

With an iteration of the eigenvector method, we explain the process for an expert matrix 𝐴: 

i. Sum the values in each column of the 𝑛x𝑛 matrix  𝐴 and divide each element in the matrix by 

its column total to generate a normalized pair-wise matrix 𝐴′: 

𝐴′ = 𝑎𝑖𝑗
′ =

𝑎𝑖𝑗

∑ 𝑎𝑖𝑗
𝑛
𝑖=1

 

ii. Divide the sum of the normalized row of each matrix by the number of criteria used to 

generate the weight matrix 𝑊𝑖𝑗  with an eigenvector 𝑤 = [𝑤𝑖𝑗]:  

𝑊𝑖𝑗 =
∑ 𝑎𝑖𝑗

′𝑛
𝑗=1

𝑛
= [𝑤𝑖𝑗] 

 we know that 𝐴𝑤 = 𝜆𝑤, which leads us to weights for our indicators. The eigenvalue 𝜆 tells 

whether the weight vector 𝑤 is stretched, short, reversed or left or unchanged. However, 

there exists a 𝜆𝑚𝑎𝑥 that is bigger or equal to all other eigenvalues. The goal is to get to this 

value 𝜆𝑚𝑎𝑥 as close as possible, so we reach 𝐴𝑤 = 𝜆𝑚𝑎𝑥 𝑤 Therefore, we start squaring the 

matrices. 

iii. Square the matrix 𝐴 to 𝐴2: 

When a matrix 𝐴 is squared, the eigenvectors stay the same, but the eigenvalues are squared 

as well. This leads to 𝜆𝑚𝑎𝑥 + [a very small vector] = w  after a certain amount of iterations. 

The more iterations we make, the smaller the second term of the addition gets. 

iv.  Reiterate steps i to iii 𝑘 times until a certain threshold where eigenvalues, do not vary 

significantly between 𝐴𝑘 and previous matrix   𝐴𝑘−1  (our threshold: <0.0001) 

This leads to the following process for each expert matrix (skipped the first i and ii and went first to iii):  

a. Derive the expert matrix 

  BWS SV DS EDR I GR 

BWS 1.00 3.00 3.00 5.00 3.00 5.00 

SV 0.33 1.00 3.00 3.00 1.00 3.00 

DS 0.33 0.33 1.00 0.33 0.20 0.20 

EDR 0.20 0.33 3.00 1.00 0.33 0.33 

I 0.33 1.00 5.00 3.00 1.00 1.00 

GR 0.20 0.33 5.00 3.00 1.00 1.00 
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b. Square matrix, sum rows and retrieve weights by normalization 

  BWS SV DS EDR I GR SUM Weights 

BWS 6.00 13.33 70.00 44.00 16.27 24.27 173.87 0.4055 

SV 3.20 6.00 36.00 20.67 7.60 10.27 83.73 0.1953 

DS 0.95 2.04 6.00 4.53 2.04 3.38 18.95 0.0442 

EDR 1.69 2.71 10.93 6.00 2.53 3.60 27.47 0.0641 

I 3.47 6.00 28.00 15.33 6.00 8.67 67.47 0.1574 

GR 3.11 4.93 25.60 12.67 4.93 6.00 57.24 0.1335 

      ∑ 428.73 1 

 

c. First iteration 

  BWS SV DS EDR I GR SUM Weights ∆ 
in % 

BWS 351 640 2878 1678 671 964 7181 0.3949 0.0107 2.64 

SV 166 305 1358 799 320 463 3409 0.1874 0.0079 4.03 

DS 43 78 369 213 84 119 906 0.0498 -0.0056 -12.70 

EDR 59 110 510 300 119 171 1270 0.0698 -0.0057 -8.97 

I 140 260 1184 697 277 400 2958 0.1626 -0.0053 -3.35 

GR 116 217 979 583 232 337 2463 0.1354 -0.0019 -1.44 

      ∑ 18187 1   

 

d. Second iteration 

 BWS SV DS EDR I GR SUM Weights ∆ in % 

BWS 
6.59 

E+05 

1.21 

E+06 

5.54 

E+06 

3.25 

E+06 

1.29 

E+06 

1.86E

+06 

1.38 

E+07 
0.3958 -0.0009 -0.24% 

SV 
3.13 

E+05 

5.77 

E+05 

2.63 

E+06 

1.54 

E+06 

6.13 

E+05 

8.82 

E+05 

6.56 

E+06 
0.1881 -0.0007 -0.35% 

DS 
8.23 

E+04 

1.51 

E+05 

6.91 

E+05 

4.05 

E+05 

1.61 

E+05 

2.32 

E+05 

1.72 

E+06 
0.0494 0.0004 0.86% 

EDR 
1.15 

E+05 

2.13 

E+05 

9.70 

E+05 

5.69 

E+05 

2.26 

E+05 

3.25 

E+05 

2.42 

E+06 
0.0693 0.0005 0.68% 

I 
2.70 

E+05 

4.97 

E+05 

2.27 

E+06 

1.33 

E+06 

5.28 

E+05 

7.60 

E+05 

5.65 

E+06 
0.1622 0.0005 0.29% 

GR 
2.25 

E+05 

4.15 

E+05 

1.89 

E+06 

1.11 

E+06 

4.40 

E+05 

6.34 

E+05 

4.71 

E+06 
0.1352 0.0002 0.17% 

      ∑ 
3.49 

E+07 
1   
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e. Third iteration 

 BWS SV DS EDR I GR SUM Weights ∆ in % 

BWS 
2.41 

E+12 

4.44 

E+12 

2.03 

E+13 

1.19 

E+13 

4.72 

E+12 

6.79 

E+12 

5.05 

E+13 
0.3958 

-8.38 

E-06 
-0.002% 

SV 
1.15 

E+12 

2.11 

E+12 

9.63 

E+12 

5.64 

E+12 

2.24 

E+12 

3.23 

E+12 

2.40 

E+13 
0.1881 

-4.71 

E-06 
-0.003% 

DS 
3.01 

E+11 

5.54 

E+11 

2.53 

E+12 

1.48 

E+12 

5.88 

E+11 

8.47 

E+11 

6.30 

E+12 
0.0494 

2.70 

E-06 
0.005% 

EDR 
4.22 

E+11 

7.78 

E+11 

3.55 

E+12 

2.08 

E+12 

8.26 

E+11 

1.19 

E+12 

8.84 

E+12 
0.0693 

3.72 

E-06 
0.005% 

I 
9.88 

E+11 

1.82 

E+12 

8.30 

E+12 

4.86 

E+12 

1.93 

E+12 

2.78 

E+12 

2.07 

E+13 
0.1622 

3.89 

E-06 
0.002% 

GR 
8.24 

E+11 

1.52 

E+12 

6.92 

E+12 

4.06 

E+12 

1.61 

E+12 

2.32 

E+12 

1.72 

E+13 
0.1352 

2.77 

E-06 
0.002% 

      ∑ 
1.28 

E+14 
1   

 

 

D.2 Ratio Scale for AHP 

Intensity 1 3 5 7 9 2,4,6,8 

Definition 
Equal 

importance 
Moderate Strong Very Strong Extreme 

Intermediate 

values 

 

 

D.3 Random Index (𝑹𝑰) for AHP of different order matrices 

#Elements n 3 4 5 6 7 8 9 10 11 

𝑹𝑰 0.52 0.89 1.11 1.25 1.35 1.40 1.45 1.49 1.51 
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D.4 Kolmogorov-Smirnov Goodness of Fit Test 

i. Figure of distance Goodness of Fit Test Conceptual Approach 

 

ii. Method of Kolmogorov-Smirnov test 

With 𝑥1, … 𝑥𝑛   being an ordered sample of pairwise comparisons, we define 𝑆𝑛(𝑥) as follows: 

𝑆𝑛(𝑥) = {

0, 𝑥 < 𝑥1                
𝑘

𝑛
, 𝑥𝑘 ≤ 𝑥 < 𝑥𝑘+1

1,          𝑥 ≥ 𝑥𝑛              

  

If we want to assume that this sample follows a specific cumulative distribution function 𝐹(𝑥), then we 

derive the K-S value as follows: 

𝐷𝑛 = max
𝑥

|𝐹(𝑥) − 𝑆𝑛(𝑥)|  

With this formula, we can determine the distribution of 𝐷𝑛, but for the purpose of this test the critical 

values are of interest. If 𝐷𝑛,𝛼 is the critical value, then 𝑃(𝐷𝑛 ≤ 𝐷𝑛,𝛼) = 1 − 𝛼. 𝐷𝑛 is then used to test the 

hypothesis that a random sample came from a population with a specific distribution function 𝐹(𝑥). If 

max
𝑥

|𝐹(𝑥) − 𝑆𝑛(𝑥)| ≤  𝐷𝑛,𝛼 

Then the sample data is a good fit with 𝐹(𝑥). Obviously the smaller the value for 𝐷𝑛, the better 
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iii. Kolmogorov-Smirnov table 

𝒏/𝜶 0.2 0.15 0.1 0.05 0.01 

1 0.9 0.925 0.95 0.975 0.995 

2 0.684 0.726 0.776 0.842 0.929 

3 0.565 0.597 0.642 0.708 0.828 

4 0.494 0.525 0.564 0.624 0.733 

5 0.446 0.474 0.51 0.565 0.669 

6 0.41 0.436 0.47 0.521 0.618 

7 0.381 0.405 0.438 0.486 0.577 

8 0.358 0.381 0.411 0.457 0.543 

9 0.339 0.36 0.388 0.432 0.514 

10 0.322 0.342 0.368 0.41 0.49 

11 0.307 0.326 0.352 0.391 0.468 

12 0.295 0.313 0.338 0.375 0.45 

13 0.284 0.302 0.325 0.361 0.433 

14 0.274 0.292 0.314 0.349 0.418 

15 0.266 0.283 0.304 0.338 0.404 

16 0.258 0.274 0.295 0.328 0.392 

17 0.25 0.266 0.286 0.318 0.381 

18 0.244 0.259 0.278 0.309 0.371 

19 0.237 0.252 0.272 0.301 0.363 

20 0.231 0.246 0.264 0.294 0.356 

25 0.21 0.22 0.24 0.27 0.32 

30 0.19 0.2 0.22 0.24 0.29 

35 0.18 0.19 0.21 0.23 0.27 

N>40 
1.07

√𝑛
 

1.14

√𝑛
 

1.22

√𝑛
 

1.36

√𝑛
 

1.63

√𝑛
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E Retrieval of indicator weights 

E.1 Results of single expert matrices  

i. Results of weights and Consistency Index derived with the Eigenvector method 

 
Expert 

1 
Expert 

2 
Expert 

3 
Expert 

4 
Expert 

5 
Expert 

6 
Expert 

7 
Expert 

8 
Expert 

9 
Expert 

10 
Expert 

11 

BWS 39.58% 47.86% 49.32% 43.47% 44.81% 31.96% 50.99% 45.67% 29.26% 28.89% 45.00% 

SV 18.81% 18.93% 24.57% 22.22% 22.58% 22.83% 20.24% 24.76% 6.59% 42.82% 17.79% 

DS 4.94% 13.64% 14.90% 9.86% 12.71% 2.69% 14.62% 6.83% 21.51% 6.62% 24.72% 

EDR 6.93% 4.01% 3.26% 9.58% 12.00% 22.96% 3.82% 6.73% 18.08% 10.36% 3.51% 

GR 13.52% 11.27% 3.44% 5.45% 4.65% 8.15% 4.61% 3.59% 8.27% 5.66% 2.52% 

I 16.22% 4.29% 4.52% 9.42% 3.25% 11.41% 5.72% 12.43% 16.29% 5.66% 6.35% 

𝑪𝑹 0.10 0.08 0.10 0.37 0.05 0.52 0.09 0.07 0.09 0.03 0.11 

 

ii. Statistical Analysis of expert matrices 

 Std. Dev Std. Dev* Max Min Average Median Geometric mean 

BWS 8.00% 8.70% 50.99% 28.89% 41.18% 44.14% 44.90% 

SV 8.52% 10.05% 42.82% 6.59% 22.43% 22.40% 22.02% 

DS 6.84% 5.53% 24.72% 2.69% 10.83% 11.28% 11.07% 

EDR 6.42% 5.09% 22.96% 3.26% 9.77% 8.26% 8.15% 

GR 3.46% 3.77% 13.52% 2.62% 6.86% 5.55% 7.24% 

I 4.76% 5.51% 16.29% 3.25% 8.92% 7.57% 6.63% 

*excludes the inconsistent pairwise comparison matrices 

 

E.2 Resulting geometric mean pairwise comparison matrix including standard deviations 

  BWS SV DS EDR I GR 

BWS 1 3.018 (1.80) 4.652 (1.51) 4.370 (2.32) 5.392 (2.00) 5.537 (2.12) 

SV 0.347 (0.82) 1 2.171 (1.93) 3.104 (2.13) 3.655 (2.35) 3.175 (2.29) 

DS 0.215 (0.10) 0.461 (1.09) 1 1.771 (2.57) 1.69 (2.56) 1.514 (1.74) 

EDR 0.229 (0.25) 0.322 (0.83) 0.530  (1.58) 1 1.505 (2.58) 1.127 (2.07) 

I 0.185 (0.08) 0.274 (0.86) 0.592 (1.95) 0.664 (0.93) 1 1.603 (3.28) 

GR 0.181 (0.08) 0.315 (0.56) 0.692 (1.83) 0.833 (1.58) 0.601 (1.10) 1 
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E.3 Distribution fitting of pairwise comparison arrays 

i. Overview of distribution fitting 

Pairwise 

comparison 

Fitted 

Distribution 
Bounds* 𝑫𝒏 

Best unbound/bound 

distribution (K-S 

value)** 

BWS-SV Triangular [0.11, 7.88] 0.1902 Triangular 

BWS-DS Triangular [1.04, 7] 0.2859 Laplace (0.2273) 

BWS-EDR Uniform [0.2, 9] 0.2273 Normal (0.1639) 

BWS-I Uniform [2.4, 9] 0.1818 InVGauss (0.1492) 

BWS-GR Uniform [2.4, 9] 0.1818 Normal (0.1512) 

SV-BWS LogLogistic [0.11, ∞) 0.2373 BetaGeneral (0.4354) 

SV-DS Triangular [0.11, 8.16] 0.2158 LogNormal (0.1876) 

SV-EDR BetaGeneral [0.11, 9] 0.2712 LogLogistic (0.2303) 

SV-I Triangular [0.11, 8.59] 0.2397 Logistic (0.2306) 

SV-GR Uniform [0.11, 7.69] 0.1907 Triangular (0.1788) 

DS-BWS LogLogistic [0.11, ∞) 0.2397 Triangular (0.4014) 

DS-SV LogLogistic [0.11, ∞) 0.1939 BetaGeneral (0.4588) 

DS-EDR BetaGeneral [0.11, 9] 0.1663 Logistic (0.1523) 

DS-I BetaGeneral [0.11, 9] 0.144 Normal (0.1535) 

DS-GR Triangular [0.11, 6.39] 0.1675 Lognorm (0.1608) 

EDR-BWS BetaGeneral [0.11, 2] 0.2027 IngGauss (0.1395) 

EDR-SV LogLogistic [0.11, ∞) 0.2596 BetaGeneral (0.41) 

EDR-DS Pearson6 [0.11, ∞) 0.1501 BetaGeneral (0.3119) 

EDR-I Exponential (∞,∞) 0.1388 BetaGeneral (0.294) 

EDR-GR BetaGeneral [0.11, 7.19] 0.188 Weibull (0.1298) 

I-BWS Triangular [0.11, 0.388] 0.1877 Logistic (0.1725) 

I-SV LogLogistic [0.11, ∞) 0.2529 BetaGeneral (0.3836) 

I-DS LogNormal [0.11, ∞) 0.1536 BetaGeneral (0.3041) 

I-EDR Gamma [0.11, ∞) 0.1648 BetaGeneral (0.2337) 

I-GR LogNormal [0.11, ∞) 0.1398 BetaGeneral (0.2815) 

GR-BWS Triangular [0.11, 0.387] 0.2342 LogLogistic (0.1404) 

GR-SV LogLogistic [0.11, ∞) 0.1969 BetaGeneral (0.2998) 

GR-DS LogLogistic [0.11, ∞) 0.19 BetaGeneral (0.4283) 

GR-EDR LogNormal [0.11, ∞) 0.1662 LogNormal  

GR-I Gamma [0.11, ∞) 0.1406 BetaGeneral (0.2454) 

*cursive numbers are the bounds that are fixed to a specific value (1/9 or 9) 

**underlined distributions are the best bound distributions in comparison to the unbound 
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ii. Distribution description and examples 

General information: 

 Source (of short descriptions and probability density function):  

The Wolfram Centre (2016) 

 Example figures are derived with the @Risk Excel tool 

 

1) Triangular distribution 

Description: 

 Distribution represents a continuous statistical distribution supported over the 
interval min≤x≤max and parametrized by three real numbers min, max, 
and c (where min<c<max). They reflect the lower endpoint of its support, the upper 
endpoint of its support and the x-coordinate of its mode (most likely). 

 Example graph: DS-GR (others: BWS-SV, BWS-DS, SV-DS, SV-I, I-BWS, GR-BWS) 

 

 

 

 

 

 

 

 

 

2) Uniform distribution 

Description: 

 Distribution with constant probability within an interval [a, b] 

 Example graph: BWS-GR (others: BWS-EDR, BWS-I, SV-GR) 

0
2
4
6
8

Type of distributions
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3) LogLogistic distribution 

Description: 

 It represents a continuous statistical distribution supported over the interval  and 

parametrized by positive real numbers γ (called a "shape parameter") and σ (called a 

"scale parameter"), which together determine the overall behavior of its probability 

density function. 

 Example graph: DS-SV (others: SV-BWS, DS-BWS, EDR-SV, I-SV, GR-SV, GR-DS) 

 

4) Beta General distribution 

Description: 

 Represents a statistical distribution defined over the interval  and parametrized by 

two positive values α, β known as "shape parameters", which, roughly speaking, 

determine the "fatness" of the left and right tails in the probability density function (PDF) 

 Example graph: DS-I (others: SV-EDR, DS-EDR, EDR-BWS, EDR-GR) 
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5) Pearson 6 

Description: 

 It represents a statistical distribution belonging to one of seven types as determined by 

argument structure. Pearson distributions originate with English mathematician Karl 

Pearson, who devised them in order to model distributions that are visibly skewed. 

 Example graph: EDR-DS 

 

6) Exponential  

Description: 

 It represents a continuous statistical distribution defined over the interval and 

parametrized by a positive real number λ. The probability density function of an 

exponential distribution is monotonically decreasing and the tails are “thin”, in the sense 

that it decreases exponentially for large values of x. 

 Example graph: EDR-I 
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7)  LogNormal distribution 

Description: 

 The distribution follows the logarithm of a normally distributed random variable. It 

represents a continuous statistical distribution supported over the interval  and 

parametrized by a real number μ and by a positive real number σ that together determine 

the overall shape. Depending on the values of σ and μ, the function is of a lognormal 

distribution may be either unimodal with a single "peak" or monotone decreasing with a 

potential singularity approaching the lower boundary of its domain.   

 Example graph: I-GR (others: I-DS, GR-EDR) 

 

8) Gamma distribution 

Description: 

 It represents a continuous statistical distribution defined over the interval  and 

parametrized by a real number μ ("location parameter"), two positive real numbers α 

and γ ("shape parameters") and a positive real number β ("scale parameter"). The 

parameter μ determines the horizontal location of the probability density function of the 
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gamma distribution. The shape of the function is depending on the combination of these 

three parameters and can be either unimodal or monotonically decreasing. 

 Example graph: GR-I (others: I-EDR) 

 

 

E.4 Simulation results for indicator weights 

i. Baseline Water Stress 

 

K-S value of normal distribution: 𝐷𝑛 = 0.0436  
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ii. Seasonal Variability 

 

K-S value of normal distribution: 𝐷𝑛 = 0.0197 (best: normal distribution) 

 

iii. Drought Severity 

 
 K-S value of normal distribution: 𝐷𝑛 = 0.0394 (best: BetaGeneral - 0.0096) 
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iv. External Dependency Ratio 

 

K-S value of normal distribution: 𝐷𝑛 = 0.0575 (best: Gamma 0.0185) 

 

v. Governance & Regulation 

 

 
K-S value of normal distribution: 𝐷𝑛 = 0.0902 (best: Lognorm - 0.0144) 
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vi. Infrastructure 

 

K-S Value of normal distribution: 𝐷𝑛 = 0.0902 (best: InvGauss - 0.0141) 
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F Sensitivity Analysis 

F.1 Sensitivity analysis for indicators with country ranking 

i. Seasonal Variability 

 

 
 

ii. Drought Severity 
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iii. External Dependency Ratio 

 

 
 

 
iv. Governance & Regulation 
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v. Infrastructure 

 

 

F.2 Ranking changes considering entire sample 

i. Average ranking change per country  

We further observed the sensitivity of the average ranking changes 𝑙𝑖 (baseline ranking) per country for 

all 158 countries. We derived the sum of the ranking changes with this formula: ∑
|𝑙𝑖−𝑙𝑖

∗|

158
158
𝑖=1 . 

In the graph below, we see the slopes for each indicator reaching 0 when the percentage weight is on 

baseline level. 
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ii. Maximum ranking decrease and increase of entire sample 
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G Practical Applications 

G.1 Regional maps of suppliers  

i. Asia 

 

 
ii. Europe 
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iii. Middle East & Africa 

 

 

iv. North America 
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v. Latin America 

 

 

G.2 VBA-Based Excel tool 

 
) 


