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Abstract

:

Drought has been, is and most likely will remain one of the most significant socio-natural disasters affecting society and the environment worldwide. One priority objective in the adoption of national drought policies is to promote standardized approaches to vulnerability assessment. To reach this objective, however, there is a need to address the noticeable lack of reconciliation between the two major epistemic frameworks that have been used to determine who is vulnerable and why: the so-called outcome and contextual frameworks. This study presents a novel procedure called the convergent approach to assess drought vulnerability under an integral framework. The procedure has been applied to the study of the vulnerability of water security to drought in water-use sectors in a basin located in north-central Chile. The study is justified by the role that drought plays as the major threat to water security in a context of global water crisis. The results show that the convergent approach outperforms traditional procedures such as those based on composite indicators, showing sound robustness and reaching sufficient levels of reliability and validity. The potential expansion of this approach to other applications, such as those related to global estimations of vulnerability to drought, is also discussed.
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1. Introduction


Drought has been, is, and most likely will continue to be one of the most significant socio-natural disasters affecting society and the environment worldwide.



Although there has been ongoing discussion regarding the occurrence, trends and uncertainty in the frequency of droughts globally [1,2,3,4], an objective fact is that this phenomenon caused more than half of the deaths associated with natural disasters worldwide during the 20th century and, after floods, was the natural disaster with the second-greatest human impact [5,6]. In fact, according to the United Nations Office for Disaster Risk Reduction [7], 50.5 million people were affected by drought worldwide in 2015 alone. A similar figure was indicated by Stanke et al. [8] for 2011.



International concern about the global impact of drought motivated the organization, in 2013, of a High-Level Meeting on National Drought Policy (HMNDP), organized in a joint effort by the United Nations Convention to Combat Desertification and Drought (UNCCD), the Food and Agriculture Organization (FAO) and the World Meteorological Organization (WMO) [6]. As a result, recommendations from the perspectives of policy and science were developed. In the latter case, one of the five key elements through which science can support a national drought management policy consists of “Promoting standard approaches to vulnerability and impact assessment” [9], an issue that is gaining importance in both science and policy-making and has even been classified as an urgent matter [6].



It has been recognized that the work of Adger [10] regarding the state-of-the-art of vulnerability assessment in connection with climate change gave a significant boost research on vulnerability to a changing climate. Although the conceptual framework in this field has incorporated new theoretical frameworks in recent decades [11,12,13,14,15,16], it is possible to highlight two main paradigms that have defined the way in which academia has conceptualized and operationalized vulnerability [15,17,18,19]: the contextual framework (also known as start-point vulnerability) and the outcome framework (also known as end-point vulnerability). In the former case, vulnerability is conceptualized around intrinsic factors—or characteristics—of the impacted system and is operationalized, broadly, in terms of so-called composite indicators [14]. In the second case, vulnerability is conceptualized as a functional relationship between the stressor and the response of the impacted system. To this end, it relies on a metric based on changes in the relevant variables due to changes in the stressor and its relationship to certain thresholds.



The main problem arising from the application of both frameworks—especially for promoting standard vulnerability assessment approaches—is what specialists understand as a lack of reconciliation between approaches that, in practice, address the exact same objects of study [17,19]. This issue can be considered relevant because it is not simply a matter of semantic differences, but rather two diametrically opposite positions in the conceptualization, diagnosis and subsequent reduction of vulnerability. Furthermore, as O’Brien et al. [18] have argued, “because the two interpretations are rooted in different discourses and differ fundamentally in their conceptualization of the character and causes of vulnerability, they cannot be integrated into one common framework”. Contrary to this assertion, the authors of the present study believe that, in fact, there is space for reconciliation of this epistemic divorce and, therefore, present a conceptual/methodological/statistical approach called the convergent approach. It goes without saying that this tenet lies within the scope of the so-called integral frameworks [12]—also known as synthetic or hybrid [20]—which are regarded as the current paradigm in climate change vulnerability analysis. According to the latter authors, the integral framework “provides a broad conceptual and analytical platform by allowing the integration and application of different conceptual backgrounds as well as a range of methods and tools that have the potential to complement each other and improve the information provided”. Accordingly, and following Newell et al. [21], this study contributes to the effort to “develop ways to overcome existing conceptual barriers to integration “between” well-known and formidable cultural barriers”.



To this end, this work presents an application study carried out in the Elqui River basin (ERB), which is located on the southern border of the Atacama Desert in the arid region of north-central Chile. Specifically, this research makes use of a convergent approach to assess the vulnerability of water security to drought among water users in the ERB. The adoption of water security as a study object in the context of drought vulnerability is justified since it has emerged in the past two decades as a new paradigm that has attracted a considerable amount of attention not only in the academic field but also in public policy decision-making [22]. Within this paradigm, the perspective of risk, which includes vulnerability as one of its dimensions [15], has started to gain prevalence in water security studies [23]. This fact is reflected in the widely accepted definition of water security provided by Grey et al. [24] in terms of “a tolerable level of water-related risk to society”. In this context, drought is predominantly considered a key determinant with respect to water security for water-use sectors [23,25,26], whereas the concept of vulnerability has gained predominance in research areas such Climate Change Adaptation (CCA), Disaster Risk Reduction (DRR) [15] and water security [23,25,27].



Consequently, the aim of this study is to analyze, by means of a convergent approach, the vulnerability of water security to drought events in the Elqui River basin, Coquimbo Region, Chile. It is expected that the results of this research will achieve three objectives, two of which are presented in the HMNDP Scientific Document [9]: first, to strengthen the standard approaches to vulnerability assessment; second, to integrate science with the policy aspects of drought, with the understanding that a robust measure of vulnerability is an important and urgently needed tool for drought management [6] and third, to contribute to the adoption of integral frameworks to assess drought vulnerability [12,20,21].




2. Materials and Methods


2.1. Framework


2.1.1. The Epistemic Divorce


As with the term “drought”, there is no consensus among researchers on the definition of vulnerability [12,17,20]. One of the essential elements of the study of vulnerability has to do precisely with what O’Brien et al. [17] expressed as “one word, two interpretations”. On one hand, vulnerability is sometimes viewed as an end point—that is, as a residual of climate change impacts minus adaptation. This approach, hereafter called outcome vulnerability, is associated with the analysis of the relationships between the stressor and the impacted system [15,19,20]. On the other hand, vulnerability is sometimes viewed as a starting point, a characteristic or state generated by multiple environmental and social processes [15,19,20]. This framework, hereafter called contextual vulnerability, is associated with the study of the features of the system under analysis in terms of the factors or characteristics that can make it more or less vulnerable to the future impact of the stressor event.



The relevance of this background is that, rather than a matter of semantics, the two epistemic frameworks not only result in two different diagnoses of the problem of drought impact, but also two different kinds of cures [17]. From the quantitative point of view, this conceptual dichotomy manifests itself in two independent types of vulnerability metrics: the model-based and indicator-based metric approaches [13,19].



In the particular case of drought vulnerability, the previously discussed dichotomy manifests itself in the type of definitions proposed by the specialists. Some of these drought vulnerability definitions include “a function of exposure to stresses, associated sensitivities, and relevant adaptive capacities” [28] or “the degree of susceptibility either as a result of varying exposure to the hazard or because of variations in the ability to cope with its impact” [29]. A definition that has gained increasing acceptance was proposed by the United Nations Office for Disaster Risk Reduction (UNISDR) [30], which defines vulnerability—in the context of drought—as “the characteristics and circumstances of a community, system or asset that make it susceptible to the damaging effects of a hazard”. This definition is clearly consistent with the contextual approach, because vulnerability is associated with the study of the characteristics that would make the object under analysis susceptible to harm. This approach is shared by Naumann et al. [31], who address the study of drought vulnerability in Africa by understanding “the underlying causes of vulnerability”. Shiferaw et al. [32] adopt a similar approach when they conceive drought vulnerability as “the socioeconomic and biophysical characteristics of the region that make it susceptible to the adverse effects of drought”. Likewise, Carrão et al. [33], in a global mapping of drought risk, understand drought vulnerability as “a reflection of the state of the individual and collective social, economic and infrastructural factors of a region at hand”. In some way or another, the contextual framework has prevailed in studies of drought vulnerability, from the early work of Keenan and Krannich [34] and Wilhelmi and Wilhite [35] to more recent ones carried out by Naumann et al. [31] and Carrão et al. [33], as corroborated by Zarafshani et al. [16] in their latest review of the topic. This fact reveals that the use of integral frameworks such as the one adopted in this study has been practically non-existent in the discussion and proposals aimed at the construction of standard approaches for drought vulnerability assessment [6].




2.1.2. The Model-Based Approach for Vulnerability Quantification


Briefly, in the model-based approach, under the outcome vulnerability framework, vulnerability is defined in terms of the changes that have occurred or will occur in selected variables or stressors [12,15,19]. This is a definition consistent with the biophysical notion of vulnerability proposed by the IPCC [12].



Several authors have proposed or performed quantitative assessments of vulnerability under this approach [36,37,38,39,40,41,42]. The vulnerability metric developed by Luers et al. [37] can be considered a representative example. This metric states that “vulnerability of a system to small changes in forcings is a function of the system’s sensitivity to a given perturbation and the relative proximity of the system to its damage threshold”. In quantitative terms:


   V =   ∫   {    s e n s i t i v i t y   s t a t e _ r e l a t i v e _ t o _ a _ t h r e s h o l d    }     =   ∫   (     |  ∂ W / ∂ X  |    W /  W 0     )       



(1)




where W0 represents a threshold value of well-being below which the system is said to be damaged. Sensitivity is represented as the absolute value of the derivative of well-being W with respect to the stressor X [37]. In the case of drought, this approach has recently been used to assess agricultural drought vulnerability in Southern Alberta, Canada [43] and on a global scale by Guo et al. [42].




2.1.3. The Indicator-Based Approach for Vulnerability Quantification


In the indicator-based approach, within the contextual vulnerability framework, vulnerability represents a present inability to cope with external pressures or changes (in this research, hydrological drought events). According to this definition, vulnerability is considered a characteristic of social and ecological systems that is generated by multiple factors and processes (perturbations) [20]. This approach, closer to the social view of vulnerability, is related to the current socio-economic determinants of the impacted system that act as drivers of vulnerability such as social, economic and institutional conditions [19].



In the case of drought, several studies have assessed the vulnerability to this socio-natural disaster following this approach [31,32,33,34,35,44,45,46]. From a quantitative point of view, most of these studies establish vulnerability metrics based on so-called composite indicators (CI) [47,48]. A recent work in this line was done by Naumann et al. [31], who proposed a Drought Vulnerability Indicator (DVI) in studies carried out in Africa, while Carrão et al. [33] and Wu et al. [46] expanded this “indicator-based” perspective to a global scale. A common aspect of these studies, which expresses the weakness of CI procedures [48], is that the authors acknowledge the usual limitations of this kind of approach: (a) the need for an adequate theoretical framework that supports the selection of the components of the indicator; (b) the presence of subjectivity in the weight of the selected variables and (c) the difficulty of validation of such indicators in terms of a causal relationship between them and the drought impact measures. Thus, robust but especially objective vulnerability measures are probably one of the main and most urgent goals in order to make drought vulnerability assessment progress and, in terms of Beccari [48], develop it into a more mature state.




2.1.4. The Reconciliation Way: Conceptual, Methodological and Statistical Convergence


The lack of reconciliation between the two main frameworks of vulnerability assessment has led to recent studies that attempt to overcome this limitation from a more integrated (holistic, synthetic, hybrid, top-down/bottom-up) perspective [12,16,20,21]. Thus, integrated alternatives such as the Hazard-of-Place model [49], the Double Exposure Framework [50] and the Coupled Vulnerability Framework [12] have emerged. In the case of drought, a recent proposal integrates both approaches under the concept of “Vulnerability Hotspots”, although from the metric point of view, it is at the crossroads of the estimates of areas exposed to water deficit stress (end-point approach) and the adaptive capacity of the same areas (start-point approach) [51]. A similar proposal was made by Antwi-Agyei et al. [52] when they created a vulnerability index as a linear combination of the type V = f(E + S − AC), where V is vulnerability of regions to drought, E is exposure to drought (reflected in the magnitude of drought), S is the sensitivity of crop harvest to rainfall perturbations and AC is the adaptive capacity of regions to cope with drought (determined using socio-economic proxy indicators). Although it is an improvement in that it moves toward an integrated approach to drought vulnerability assessment, it exhibits the same limitations of CI described by Naumann et al. [31]. More recently, Mehran et al. [53] proposed a hybrid framework using a multivariate approach—Multivariate Standardized Reliability and Resilience Index (MSRRI)—for assessing socioeconomic drought vulnerability based on a combination of top-down/bottom-up metrics.



The convergent approach in this study addresses integration by jointly considering conceptual, methodological and statistical aspects, as described below.




	
Conceptual consideration: The convergent approach, as its name suggests, aims to maximize the convergence of outcome vulnerability (end-point) and contextual vulnerability (start-point) estimates. In this study, the convergence of different epistemic cultures is understood in terms of the cooperation among scientific fields or disciplines with the potential to evolve into an assimilated epistemic culture [54]. Figure 1 shows the conceptual scheme used in this study. As shown, the convergent approach offers an integrated perspective of the scheme presented by Fellman [19], and is more in accord with the idea of top-down/bottom-up complementarity proposed by Dessai and Hulme [55], except that here the central focus is placed on vulnerability estimation. Implicitly, the scope under this conceptual framework is to answer who is vulnerable, why and what factors should be integrated [16,21].



	
Methodological consideration: The convergent approach faces the problem indicated by Nguyen et al. [56] of “combining the different ways of framing and performing vulnerability analysis” and shows, as stated by Zarafshani et al. [45], that “both empirical and theoretical methodologies can be used to combine the hard and soft dimensions of drought vulnerabilities”, thereby addressing the “standard method for combining biophysical and socioeconomic indicators”. Since the focus of the convergent approach is on vulnerability estimation, for methodological purposes there is a need to have the metrics (indicator- and model-based) for a unit of analysis as a function of the spatial and time scales [16]. Taking into account that the focus of this work is the vulnerability of water security at a basin scale, the main methodological constraint, which is also common to a number of studies carried out at a local scale, is the availability and accessibility of pertinent background information [48,57].



	
Statistical consideration: Operationally speaking, the task of making both vulnerability metrics converge is correlational in nature. Accordingly, the convergent approach is tackled using the Structural Equation Model-Partial Least Squares Path Modeling (SEM-PLSPM) procedure [58,59,60]. Compared to other multivariate statistical methods that are commonly used in the construction of composite indicators such as Principal Component Analysis or Factor Analysis [47,48], SEM can better test the causal relationship between variables by modeling measurement error [61]. As a matter of fact, the statistical advantages of SEM-PLSPM are what led Trinchera and Russolillo [62] to recently propose its use as a robust alternative for the construction of composite indicators. This robustness was explicitly acknowledged by Naumann et al. [31] in the estimation of drought vulnerability. According to Trinchera and Russolillo [62], SEM-PLSPM provides two kinds of weights: one measuring the impact of each indicator on the corresponding composite indicator and the other measuring the impact of the composite indicator on the complex indicator. Together with covariance-based SEM, SEM-PLSPM is one of the two statistical procedures in the SEM family [63]. SEM-PLSPM is formally defined by two sets of linear equations: the inner model and the outer model. The inner model specifies the relationships between unobserved or latent variables (constructs), whereas the outer model specifies the relationships between a latent variable and its observed or manifest variables [58]. Figure 2 shows an example of such a PLSPM.








In accord with this figure, the inner model for relationships between latent variables can be written as:


   ξ = B ξ + ζ   



(2)




where ξ is the vector of latent variables, B denotes the matrix of coefficients of their relationships, and ζ represents the inner model residuals. In addition, the reflective mode has causal relationships from the latent variable to the manifest variables in its block. In this case, each manifest variable in a certain measurement model is assumed to be generated as a linear function of its latent variables and the residual ε:


     X  x  =   Λ  x   ξ  +   ε  x    



(3)




where      Λ  x     represents the loading (pattern) coefficients. The solution of the equations is performed in an iterative manner according to the algorithms described by Henseler et al. [58] and Hair et al. [59].





2.2. Case Study: Vulnerability of Water Security to Drought


2.2.1. Study Area


The study area was the Elqui River basin (ERB), which extends between 29°27′–30°34′ S and 71°22′–69°52′ W, covering an area of approximately of 9700 km2 in the Coquimbo Region, Chile (Figure 3) [64,65]. The ERB includes three sub-basins: the Turbio River (about 4200 km2, Qannual_mean = 7.75 m3/s), Claro River (about 1550 km2, Qannual_mean = 4.42 m3/s) and Elqui River (about 3950 km2, Qannual_mean = 11.0 m3/s) [65]. The Turbio River originates at the confluence of the Toro and La Laguna rivers [64], the Claro River stems from the confluence of the Derecho and Cochiguaz rivers and the Elqui River rises from the confluence of the Turbio and Claro rivers, near Rivadavia. From that point to the ocean, this river is fed by minor water flows such Santa Gracia and Marquesa creeks in the northern stretch and Arrayán, Talca and San Carlos creeks in the south [64].



The largest geomorphological units are the High Andes Mountains (elevation >3000 m a.s.l.), Middle Mountains (elevation between 600 and 3000 m a.s.l.), Fluvial Valleys (E–W oriented terraces) and the Coastal Border [66].



The arid climate of the study area is determined mainly by the interaction of the orographic surface, the Humboldt currents and the seasonal and interannual movement of the south–eastern Pacific anticyclone, with high variability in precipitation that contributes to highly recurrent drought events [66,67].



Despite the arid conditions, both permanent water availability from snow-fed Andean water flows and water management in the basin have contributed to the significant production and economic growth of the ERB. This growth has been sustained in recent decades by farming (c.a. 25,000 ha), mining, agro-industrial and service activities, which have led to exponential growth of the urban area known as the La Serena-Coquimbo conurbation [68,69]. Among the factors of the water system that have sustained the growth of the basin are: (a) the presence of permanent snow-fed water flows from the Andes; (b) the natural contribution of surface water provided by permanent stream systems; (c) the presence of an aquifer system with a storage capacity of c.a. 435 × 106 m3; (d) the presence of sound water infrastructure in the form of reservoirs (La Laguna, with a capacity of 36.66 × 106 m3 and Puclaro, with 200.88 × 106 m3) and irrigation canals (117 canals, with over 750 km in length) [70]; (e) the presence of water management organizations known as Water Users Organizations (WUO) such as the Elqui River Water Board (ERWB) and the Derecho River Water Board (DRWB) and (f) the monitoring and control of water management by different public entities such as the General Water Directorate (DGA) and the Directorate of Hydraulic Works (DOH), which together compose the so called “institutional landscape of the Water Management System in Chile” [71]. These factors have interacted in a context of growing pressure on scarce water resources, which by 2006—and without significant changes so far—meant a demand of which approximately 95% was accounted for by agriculture, 2.5% by industry, 2.5% by drinking water production and a marginal percentage by agro-industrial activity [64,69,70,72].




2.2.2. Outcome Vulnerability Estimation


Outcome vulnerability of water security to drought in 2000–2014 was calculated using the methodology proposed by Luers et al. [37]. Vulnerability values were estimated for a total of N = 35 nodes of the Water Evaluation and Planning System (WEAP)-Elqui model, which is a specific version for the ERB of WEAP [73]. It was calculated as follows:


   V =   ∫   (     |  ∂ C / ∂ S S  I  12    |    C /  C 0     )      P  S S  I  12     S S  I  12     



(4)




where     |  ∂ C / ∂ S S  I  12    |     corresponds to sensitivity or degree of change in coverage—estimated by WEAP-Elqui—with respect to    S S  I  12     . Sensitivity values were estimated as the linear regression slope between the mean annual coverage (as the well-being parameter) and the    S S  I  12      measured in April each year (as the stressor parameter).



C corresponds to the mean annual coverage during the simulation period. In the WEAP model, the term “coverage” refers to the percentage of demand satisfied. Therefore, the inflow to a demand site (DS) from all of its transmission links (Src) in WEAP-Elqui will equal its supply requirement times its coverage under the constraint that the coverage (for demand D) cannot exceed 100%. In quantitative terms, InflowSrc,DS = SupplyRequirementDS × CoverageDS.



C0 corresponds to the critical coverage threshold according to the node type. C0 threshold values are shown in Table 1.



   S S  I  12      corresponds to the Standardized Streamflow Index (SSI) for a cumulative period of 12 months, calculated according to Núñez et al. [74] with data obtained from the General Water Directorate.



    P  S S  I  12        corresponds to the probability of occurrence of the stressor phenomenon (exposure), calculated as the percentage of the time in which    S S  I  12      values fall below −0.84. This is an institutionalized value used in Chile in general and in the ERB in particular to trigger a declaration of drought according to Decree 1674, which establishes the criteria to be used when declaring periods of severe drought according to the General Water Directorate and the Public Works Ministry [75].



The estimated sensitivity (vulnerability) values were rescaled to adopt values between 0 (lowest vulnerability) and 10 (highest vulnerability).



For comparison purposes, four simulation scenarios were established (Table 2).



The selected factors were (a) Presence/absence of an aquifer, due to the importance of groundwater for the sustainability of coupled human and natural systems under drought conditions, particularly in the study area [68,82] and (b) Presence/absence of the so-called Drought Coefficient (DC), included by RODHOS [73] in the WEAP-Elqui model to represent the effects of the 2010–2015 Chilean megadrought in the ERB [83]. The Drought Coefficient is a calibration parameter of the WEAP-Elqui model that reduces the value of the crop coefficients (kc) [76] of all of the crops in the basin from 2009 to 2014, simulating the decrease in effective agricultural demand (indirectly irrigated area and irrigation habits) due to the effect of drought. However, while it would have an impact on the estimation of water coverage, the DC would impede an accurate estimation of the water security of the basin.




2.2.3. Contextual Vulnerability Estimation


Contextual vulnerability of water security to drought was calculated using the composite indicator methodology [13,14,47,48]. To this end, a total of 27 indicators (Table 3) were set up/collected/preselected. Indicators that exhibited minimum variance or high skewness and/or kurtosis or minimum variability in a boxplot were discarded. Thus, the Predictable Coefficient of Use (PCU) and Quality Concentration (QC) indicators (Table 3) were eliminated, leaving 25 indicators available for the analysis. There was no need to fill in missing data. Indicators were normalized though a min-max procedure. Once the 25 indicators were determined, a theoretical clustering was devised and the indicators were distributed in a 2 × 3 conceptual matrix. Table 4 shows the proposed theoretical clustering.



Categories (Exposure, Sensitivity and Adaptive Capacity) were established following the conceptual model of Turner et al. [11] and considering typical clustering described in similar works [31,95,96]. Hydrological-Productive categories entail the idea that vulnerability is determined by structural factors (durably independent from policy makers’ will to change) and non-structural ones (durably dependent on policy makers’ will to change).




2.2.4. SEM-PLSPM-Based Convergence


Both contextual and outcome vulnerability were made to converge through SEM-PLSPM using SmartPLS v 3.1 software [97] (outcome vulnerability was obtained from scenario C as a reference vulnerability estimate). The performance of the models was assessed in terms of the so-called measurement and structural models [58,59].



The measurement model (relationship between indicators and construct) was assessed in terms of reliability (Cronbach’s alpha (α), Composite Reliability (    ρ c    )) and validity (average variance extracted (AVE), square root of AVE (     A V E     )). Cronbach’s alpha and Composite Reliability measure the reliability of the internal consistency of the constructs. The first does so in terms of the intercorrelation of the observed indicator variables and assumes that all of the indicators are equally reliable and have equal outer loadings with respect to the construct, which tends to underestimate true reliability. The second addresses this limitation by considering the different outer loadings of the indicator variables.



In the case of validity, AVE is a measure of Convergent Validity, and is the extent to which a measure correlates positively with alternative measures of the same construct.      A V E     , meanwhile, is a measure of Discriminant Validity—the extent to which a construct is truly distinct from other constructs—and it is expected that the square root of the AVE of a construct will be greater than its greatest correlation with another construct.



The structural model (relationship among constructs) was assessed in terms of the coefficient of determination R2 and the significance of path coefficients (β) obtained through bootstrapping [60]. In the first case, R2 is a measure of the predictive precision of the model and represents the combined effects of the various constructs on the response construct. In the second case, β represents the hypothesized relationships among the constructs with standardized values between −1 and +1. The criteria adopted for the interpretation of each of the mentioned indicators are presented in Section 3.




2.2.5. Sensitivity Analysis and Robustness


Due to the importance of the role of sensitivity analysis in the estimation of vulnerability on the basis of composite indicators [31,47,48] and given that, in the context of SEM–PLSPM, sample size has been the most debated issue [58,59], a sensitivity analysis was performed on the final vulnerability model with respect to the sample size. To this end, the approach presented by Memon and Rahman [98] was used by checking the stability of the model by calculating adequacy of sample size with a power analysis test. The sample size required that a statistical power of 80% be met, which was calculated using the G*Power 3.1.2 software package [99] with α = 0.95 and model size effect as:


    f 2  =   ∑  i = 1  k    w i   f i 2      



(5)




where     w i     is relative importance of the β i-th path coefficient of the PLSPM model with k constructs and     f i 2     was calculated as [60]:


    f i 2  =    R  i n c l u d e d  2  −  R  e x c l u d e d  2    1 −  R  i n c l u d e d  2      



(6)







In addition, the effect of misspecification exhibited by the measurement model (reflective versus formative) was assessed since this issue has been much debated [100]. In the reflective measurement model, the indicators represent the effects (or manifestations) of an underlying construct. In contrast, formative measurement models are based on the assumption that the indicators cause the construct. The effect was assessed in terms of the difference in placement of each of the 35 nodes in one of three vulnerability categories as a function of the measurement model specification. The categories were obtained through a cluster analysis based on the Ward model as applied to the scores of the four constructs in the Final Model, as described by Sánchez [101].



The robustness of the convergent approach was estimated by comparing its results with those obtained by a set of six alternative methods for the construction of composite indicators, very much like the approach used by Carrão et al. [33] to evaluate the robustness of their model to predict global vulnerability to drought. Table 5 describes the alternative methods used for comparison purposes, a comparison that was carried out in terms of the R2 of the correlation between contextual and outcome vulnerability estimated for scenario C.






3. Results


Figure 4 shows outcome sensitivity (vulnerability)—both derived from Equation (1) and estimated using Equation (4) based on Luers et al. [37] model-based approach under the outcome vulnerability framework (Figure 1)—of water security under drought events for water-use sectors (WEAP-Elqui nodes) in the ERB according to simulated scenarios.



Sensitivity (the degree of change in coverage with respect to    S S  I  12     , according to Equation (4), increases in the downstream direction of ERB, particularly from the confluence of the Turbio and Claro rivers. In the upper sector, irrigated zones (ZR) above the Derecho River (EDE) show higher sensitivity. That is, a high variation in drought intensity produces a high variation in the water coverage of this water-use sector. This may be due to the fact that the water distribution in the area is managed by an organization (DRWBother than that of the Elqui River, and therefore subject to different regulations. Sensitivity is influenced by the simulation scenarios, and is higher in conditions of aquifer absence and Drought Coefficient absence. The highest sensitivity values for the ERB are found, from lowest to highest, in: irrigated zones in Santa Gracia Creek (ZR-GRA_01), drinking water production for the La Serena-Coquimbo conurbation (CS_ECONSSA) and the irrigated area situated above the Culebrón aquifer (ZR_CUL_01). Vulnerability of water security to drought events, which, in accord with Equations (1) and (4), is understood as the susceptibility of the water-use sector to drought damage as a result of its sensitivity, status with respect to a threshold level and exposure to the phenomenon, as with sensitivity, is a function of (a) the location of water-use sectors (node) in the basin and (b) the selected simulation scenario. In the first case, vulnerability is higher downstream in the basin, showing intermediate values (2–6) in nodes located on the Elqui River (ELQ), and moderate to high values in nodes such as Santa Gracia Creek (GRA) and Culebrón aquifer (CUL). The lowest vulnerability values are found in the upper part of the basin at the convergence of the Claro (CLA) and Turbio (TUR) rivers. The areas that are permanently irrigated (ZR) by the three main rivers in the ERB show less vulnerability compared to areas where irrigation relies on natural sources (R). However, for the mining activity (M) that makes use of water from natural sources (AN), vulnerability depends more on its location in the basin than the stability of the source.



As for scenarios, the more restrictive they become (A to D), the higher the vulnerability values they show, though only in nodes that represent irrigated agricultural sectors (ZR,R) with access to aquifers. Scenarios without the Drought Coefficient (C,D) are more vulnerable, which is consistent with the hypothesis that drought conceals its direct impact on water security if the latter is calculated in terms of the water coverage of the node, as proposed by the WEAP-Elqui model by RHODOS [73]. Scenarios without an aquifer (B,D) are more vulnerable than those with an aquifer (A,C). The greatest effect appears in the Culebrón aquifer (CUL), in the agricultural sector known as Pan de Azúcar (Figure 3). This aquifer is the most important in the ERB since it accounts for the 39% of the total groundwater storage capacity in the basin. In the upper areas of the basin, at the confluence of the Turbio and Claro rivers, the general pattern shows low or no vulnerability. Only some sectors show an increase in vulnerability under the scenario without an aquifer, such as those linked to the Derecho River (EDE) and stretches of the Turbio River. In order to determine if the Drought Coefficient and Aquifer Presence/Absence factors included in the simulation scenarios significantly affect mean drought vulnerability in irrigated zones (ZR), a two-way analysis of variance (ANOVA) without interaction and Tukey’s HSD (Honestly Significant Difference) post hoc test for samples of equal size were applied. The latter procedure allows the comparison of all pairs of means. When used with equal sample sizes, the family-wise error rate is exactly equal to α, which was set at 0.05 in this case [109]. The analysis confirmed the statistical significance of both the Drought Coefficient factor (p < 0.0286) and the Aquifer Presence/Absence factor (p < 0.0221). This is a significant issue since the agricultural sector is the main water user in the basin [64,69].



Figure 5 shows the Theoretical and Final contextual vulnerability models, whereas Table 6 shows the performance of the proposed models. As for the Theoretical Model, only three of the six proposed constructs (hydrology-sensitivity, hydrology-adaptability, productive-adaptability) show values that are considered sufficient for the criteria included in the measurement model (reliability and validity of construct). This fact corroborates the existing consensus on the effect that subjectivity exerts on the selection, combination and weighting of the indicators in use when constructing composite indicators [31,47,48,62]; it also explains the high diversity of current methodological approaches for the construction of this type of indicator. The structural model, meanwhile, exhibited a moderate predictive capacity (R2 = 0.58), but no path coefficients (β) appeared to show statistical significance [58]. Thus, the proposed Theoretical Model does not apply as an explicative model for the vulnerability of water security to drought in the ERB [58,60,61].



The Final Model, on the other hand, appears to satisfy the performance criteria for the measurement model (reliability and validity) and the structural model (β, R2). This model is composed of four constructs and kept 10 out of the 25 original indicators, a number of indicators on the low end of the range that is commonly used in the construction of composite indicators and drought vulnerability studies [31,33,35,48,95,96]. The Location construct is reflected in the indicators for node’s position in the basin (East–West Geographical Position [EWP], Distance to Main Canal [DMC]) and confirms the significant role that this construct plays in the spatial distribution of vulnerability in the ERB, as was previously noted in the estimation of outcome vulnerability. The Water Supply construct is reflected in indicators (Canal Infrastructure [CI], Canal Maximum Flow [CMF], Streamflow [STF]) that efficiently supply water to the water-use sector. The Infrastructure construct is reflected in the Water Control Infrastructure [WCI] indicator, which includes the number of automatic gates in the canal system that feeds each node. The Water Stability construct includes indicators (Groundwater Users [NGU], Node Immobility [NI], Groundwater Extraction [GE], User Size [US]) that relate to the capacity of the water system to provide conditions of stability to the water-use sector (node). Thus, the proposed constructs implicitly include the notions of exposure (Location), sensitivity (Water Stability) and adaptive capacity (Infrastructure, Water Supply), which are also components of the theoretical model of vulnerability proposed by Turner et al. [11]. The predictive capacity of the model is significant (R2 = 0.67) [58], thus confirming what Trinchera and Russolillo [62] state about the capacity of SEM-PLSPM to cope with subjective elements in the construction of composite indicators.



Concerning the sensitivity of the Final Model, model stability for a statistical power of 80% was reached for n = 23, a value that is less than the total N = 35 used in the modeling process. This value is consistent with that reported by Hair et al. [60] (N = 33) for α = 0.05, four constructs, a R2 = 0.75 and a statistical power of 80%. The lowest value of n in the Final Model is explained by a lower value of R2 (0.67), which in turn generates a lower size effect (f2 = 0.3). In the case of the measurement model misspecification—the specification of the measurement model as reflective or formative—as shown in Figure 6, only two of the 35 nodes showed differences in allocation in the vulnerability category depending on the type of measurement model, although the predictive performance decreased to a R2 = 0.55 (moderate). Accordingly, and in line with Minotti et al. [100], the misspecification of either a reflective or formative model did not imply a significant impact on the estimation of the vulnerability category under which a water user is placed by the Final Model.



The robustness of the Final Model is confirmed in Table 7, which shows R2 values for the six alternatives for contextual vulnerability assessment under study. Accordingly, the SEM-PLSPM-based convergent approach shows one of the highest R2 values, slightly less than random forest, which is one of the algorithms with the highest predictive performance but lacks the ability to adjust indicators to a theoretical model [58,61]. The high predictive performance of SEM-PLSPM, (R2 = 0.91), slightly higher than random forest when isolated indicators are considered (SEMmax), should also be noted. Alternatives commonly used in the construction of composite indicators (PCA, FA, SES) and more recent proposals (BoD, RBoD) show a very low predictive performance, which confirms the soundness of the convergent approach proposed in this study as a means of advancing toward an objective assessment of vulnerability.




4. Discussion


Drought has been, is, and most likely will remain one of the most significant socio-natural disasters affecting society and the environment worldwide. “Promoting standard approaches to vulnerability and impact assessment” [9] is an issue that is gaining importance in both science and policy-making, to the extent that it is considered a priority [6]. The need to face this urgency, however, makes it necessary to acknowledge the lack of reconciliation between the two mayor epistemic frameworks (contextual and outcome) that deal with vulnerability assessment [15,17,19]. Some authors have suggested, prematurely perhaps, that “because the two interpretations are rooted in different discourses and differ fundamentally in their conceptualization of the character and causes of vulnerability, they cannot be integrated into one common framework” [18]. This view, however, has been challenged in recent years by the so-called integral frameworks (holistic, synthetic or hybrid) [12,20]. This development holds promise insofar as, at least in the case of drought, although it is similar to other areas concerning vulnerability to natural disasters [13], the contextual framework has been the most frequently employed [16]. Nonetheless, this work proposes a new approach—the convergent approach—to assess vulnerability within the integral framework. Vulnerability is assessed in the context of water security, which is now considered a new paradigm in both the academic and public policy fields concerning water resources [22,23,27]. The convergent approach, herein presented in conceptual, methodological and statistical terms, is applied to the analysis of the vulnerability of water security to drought in water-use sectors in the Elqui River basin, a typical basin of the mountainous area in the arid region of north-central Chile [25,64].



Vulnerability is estimated primarily under an outcome approach by means of a metric based on the proposal presented by Luers et al. [37]. With water security defined in terms of coverage of the demands of water users in the ERB, the results show high heterogeneity in vulnerability to drought within the basin. This heterogeneity exists basically as a function of spatial location in the basin and the simulation scenarios generated for comparison purposes. In the first case, the inequality in vulnerability within the ERB (Gini coefficient = 0.62) shows an east–west component downstream that allows a quasi-structural explanation derived from the historical water distribution practices carried out by different Water Users Organizations [69,70]. This finding is confirmed by the almost null coverage sensitivity to the hydrological drought in the upper sector of the basin, while in the lower sectors, where the highest demands are found in the urban sector (La Serena-Coquimbo conurbation) and the vast Pan de Azúcar agricultural area situated above the Culebrón aquifer [68], sensitivity and vulnerability show the highest values in the basin. This finding alone is very important if it is analyzed from the science-policy interface and as input for decision-making by stakeholders, especially in a moment in which water legislation in Chile is undergoing a debated reform process triggered by, among other aspects, the impact of drought and water scarcity in a large part of the country in the last decade. Although a detailed analysis of this aspect goes far beyond the objectives of this study, it shows the potential of the convergent approach—in the context of the integral framework—to provide information on the role that factors that are so sensitive to public opinion such as unequal water distribution play in the vulnerability of water security to drought events.



Vulnerability increases noticeably in scenarios without an aquifer—a highly probable scenario when there is unsustainable exploitation of aquifers during drought events [82], a practice for which there is already evidence in north-central Chile [110] in general and in the ERB in particular [68,69]. This is also the case when the impact of drought on water coverage is revealed by disregarding the effect of the so-called Drought Coefficient in the WEAP-Elqui model [73]. Both effects are statistically significant, mainly in irrigated agricultural zones (ZR), in which the major water users in the basin are located [64]. Thus, the outcome approach allows the question of who is vulnerable to drought in the basin to be answered [16,21].



If the question expands to include why they are objectively vulnerable, the answer—estimated on the basis of a set of 10 indicators combined in a structured model of four constructs that was made to converge with the outcome estimation—includes factors that are compatible with those related to exposure, sensitivity and adaptive capacity in the vulnerability model proposed by Turner et al. [11], which Zarafshabi et al. [16] consider essential in any model that attempts to assess drought vulnerability. These factors include Location, Water Supply, Infrastructure and Water Stability.



The Final Model of water security vulnerability to drought is considered stable for the available sample size thanks to its high R2 (0.67) and the corresponding size effect (f2 = 0.3) for a statistical power of 80% [60]. Stability is also maintained with respect to an error due to misspecification of the measurement model, since this aspect does not cause a significant change in the category of vulnerability to which a determined node is assigned. At the same time, the robustness of the model has been confirmed after comparison with six alternative methods traditionally used in the construction of composite indicators. This finding takes on special relevance in view of the call to integrate sensitivity analysis in the construction of composite indicators [48,111]. Robustness is a key factor in the construction of vulnerability assessment models. The iterative process that underlies the convergent procedure implies a convergence of the so-called deductive (theory-driven) and inductive (data-driven) approaches [13], acting as a filter for an objective selection of indicators. Meanwhile, performance requirements (measurement and structural models) constrain an ad hoc combination of indicators, which ameliorates the problem of misspecification of the model. The combined use of the stability criteria of the sample size, misspecification error and comparability allow the requirements of reliability (akin to the concept of precision) and validity (akin to the concept of accuracy) to be adequately addressed when assessing vulnerability [112] due to the fact that the commonly recommended sensitivity methods essentially focus on the former [111]. This is an aspect that is not commonly addressed ex ante in the construction of vulnerability composite indicators in general, and in composite indicators of vulnerability to drought in particular, despite the low validity (53%) shown by well-known resiliency and vulnerability indicators [113]. As a conclusion, and in agreement with Nardo et al. [111] and Balica [13], the authors of the present study claim that the convergent approach constitutes a methodological process qualitatively fitted for the construction of a vulnerability assessment model whose results improve the perception of reality regarding the vulnerability of water security to drought in the ERB.



It should be pointed out that the convergent approach presented in this study has been applied under restrictive methodological conditions due to the spatial scale (basin), since at this scale the availability of data for a single unit of analysis (water user sector) is limited, such as when the unit of analysis corresponds to spatial administrative units [57]. Fewer constraints may appear if the units of analysis are compatible with both approaches, as could be the case with administrative units at a national scale, without compromising the sample size. For example, Naumann et al. [31] estimate vulnerability to drought at a pan-African scale, which allows a greater availability of data for contextual estimation due to the unit of analysis (country), although sample size (12) could prove to be insufficient for an estimation based on SEM-PLSPM, even if a high R2 value is obtained. This problem could be tackled, however, by expanding the analysis of the mentioned authors to a global scale under the convergent approach, assuming at the same time that it is possible to obtain an outcome estimation of vulnerability in the same units of analysis. In this sense, the procedure developed by Naumann et al. [114] to estimate drought damage could constitute an initial approach to determine outcome vulnerability. A similar perspective could be used to adopt the convergent approach to global estimation of vulnerability to drought recently developed by Carrão et al. [33]. In this case, the selected indicators for a predefined spatial resolution compatible with the Global Administrative Unit Layers (GLU) could be used in the construction of a structural model and test its convergence with respect to global estimations of vulnerability to drought, such as that presented by Guo et al. [42] for the same spatial resolution. This would imply certain advantages for the sensitivity and robustness of the model in terms of sample size, but constraints could appear in terms of amount, quality and relevance of the available indicators with respect to a theoretical model for vulnerability to drought at that spatial scale [31].




5. Conclusions


A new procedure called the convergent approach was presented as an alternative for the estimation, within the integral framework, of drought vulnerability. The convergent approach, based on the SEM–PLSPM procedure, was applied to the case study dealing with the vulnerability of water security to drought in water–use sectors in the Elqui River basin in the arid region of north-central Chile. The convergent approach is proposed as a response to the recent call to promote standard approaches to vulnerability and impact assessment, an issue that is gaining importance in both science and policy to the extent that it is considered urgent matter. The applied results allow objective determination of the water user groups that show vulnerability of water security to drought and its potential causal factors. Estimates show that vulnerability is highly heterogeneous in the ERB and strongly influenced by spatial location downstream, which is explained mainly by historical water distribution practices. Infrastructure, water supply and water stability are also significant components, which can be associated with those of sensitivity, exposure and adaptive capacity that are considered in the vulnerability framework proposed by Turner et al. [11]. The Final Model generated to estimate vulnerability shows stability with respect to the sample size for a degree of statistical power of 80%. This model is considered robust since it shows higher performance than other existing alternatives for the construction of composite indicators. The results show that the convergent approach herein proposed, which includes conceptual, methodological and statistical aspects, sufficiently estimates the vulnerability of water security to drought in the ERB and that it has the potential to be extended to other applications such as recent estimations of global vulnerability to drought. Potential constraints on its use are also discussed. The authors of this study believe that it has contributed to the achievement of three objectives, two of which were declared in the context of the recently held High-Level Meeting on National Drought Policy (HMNDP). These objectives are to strengthen the standard approaches to vulnerability assessment, integrate science with the policy aspects of drought, with the understanding that a robust measure of vulnerability is an important and urgently needed tool for drought management, and contribute to the adoption of integral frameworks in the assessment of vulnerability to drought.
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Figure 1. Conceptual scheme of the outcome (a) and contextual (b) frameworks and the convergent approach under the integral framework (c) for vulnerability assessment. Outcome and contextual schemes adapted from Fellman [19]. The main characteristics of each framework are also presented. SEM: Structural Equation Modeling; PLSPM: Partial Least Squares Path Modeling. 
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Figure 2. Example of a typical SEM Partial Least Squares (PLS) Path Model. Adjusted from Henseler et al. [58] and Hair et al. [59]. χx: manifested variable; w: outer loading; ξ: latent variable; β: path coefficient; ζ: inner model residual; ε: residual. 
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Figure 3. Study area location with rain and stream gauge network. Also shown are points and places of interest. White circles with adjacent numbers refer to nodes of the Water Evaluation and Planning System (WEAP)-Elqui model (Section 2.2.2). 
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Figure 4. Outcome sensitivity (vulnerability) of Elqui River Basin water-use sectors as a function of simulation scenarios. The numbers on the left axis refer to the order of nodes according to Figure 3. The acronyms on the right axis refer to WEAP-Elqui node names. There are two kinds of codes: NODETYPE_LOCATION_NODEID and NODETYPE_NODESOURCE_LOCATION_NODID. ZR (Irrigated zone), R (Irrigated place), AP (Drinking water), M (Mining), CS (surface water extraction by drinking water industry), I (Industry). AN (temporary water source, e.g., Creek), EDE (Derecho River), COC (Cochiguaz), CLA (Claro River), PAI (Paihuano), ELQ (Elqui River), ECONSSA (Drinking water company), GRA (Santa Gracia Creek), CUL (Culebrón aquifer), COS (coast). 
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Figure 5. PLSPM-based contextual vulnerability of water security to drought. Circle: construct (latent variable); rectangle: indicator (manifest variable); construct-indicator arrow: load; construct-construct arrow: path; numbers above paths: path coefficients β; R2: determination coefficient. Blue: above criteria; red: below criteria; continuous line: statistically significant; dotted line: not statistically significant. Acronyms according to Table 3. ETP: Potential Evapotranspiration; VC: Vegetation Cover; IRF: Infiltration/Runoff Flow; STF: Streamflow; DMC: Distance to Main Canal; DBH: Distance to River Basin Head; DA: Distance to the Aquifer; WQ: Water Quality; AWS: Alternative Water Sources; DPOL: Drought Propagation Order Link; SD: Soil Drainage; ASC: Aquifer Storage Capacity; NI: Node Immobility; CI: Canal Infrastructure; WCI: Water Control Infrastructure; CMF: Canal Maximum Flow; GE: Groundwater Extraction; NGU: Groundwater Users; UF: Use Factor; US: User Size; EWP: East–West Geographical Position; WFP: Water Footprint; LWS: Legal Water Supply; WUP: Water Use Profitability; CWL: Canal Water Losses. 
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Figure 6. Cluster-analysis-based contextual vulnerability category as a function of SEM PLSPM measurement model type. Node ID numbers (above) and names (below) as in Figure 4. Red numbers reflect category differences in the corresponding node. 
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Table 1. Threshold value (    C 0    ) as a function of node type.
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	Node Type
	Acronym *
	C0
	Criteria
	Source





	Irrigated Zone
	ZR
	0.7
	Relative water coverage resulting in 70% relative yield of main crops in the Elqui River basin (ERB) and the impact of the 2010–2015 drought on the agricultural surface of the ERB
	[76,77]



	Irrigated
	R ¥
	0.7
	Relative water coverage resulting in 70% relative yield of main crops in the ERB and the impact of the 2010–2015 drought on the agricultural surface of the ERB
	[76,77]



	Industry
	I
	0.9
	Similar to mining but less restrictive
	



	Mining
	M
	0.95
	Based on actual levels of water use efficiency in the mining industry in Chile, current limitations to accessing new freshwater sources and incremental technological costs
	[72,78,79]



	Drinking Water
	AP
	0.98
	Based on the impact of the maximum number of consecutive days in a year without continuous service
	[80,81]







Notes: * Acronym based on original Water Evaluation and Planning System (WEAP)-Elqui description. ZR: Irrigated Zone; R: Irrigated; I: Industry; M: Mining; ¥: Irrigated with non-river surface water sources.
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Table 2. Simulation scenarios for WEAP-Elqui-based outcome vulnerability.
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	Factor
	With Aquifer
	Without Aquifer





	With Drought Coefficient
	A
	B



	Without Drought Coefficient
	C
	D
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Table 3. Definitions and characteristics of water security indicators and data sources.
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	Dim 1
	Dim 2
	Sign
	Indicator Name
	Definition, Notion, Data Source and Reference
	Unit





	E
	H
	−
	Potential Evapotranspiration (ETP)
	Measures the amount of water transpired in a given time by a short green crop, completely shading the ground, of uniform height and with adequate water status in the soil profile [84,85].
	mm yr−1



	E
	H
	−
	Vegetation Cover (VC)
	Measures vegetation cover in the node’s area of influence limited by its corresponding Thiessen polygon. Landsat 8 (Date: 23 February 2016) (https://earthexplorer.usgs.gov) [86].
	ha



	E
	H
	−
	Infiltration/Runoff Flow (IRF)
	Measures the volume of flow that is lost from the node to the surface and groundwater sources. WEAP-Elqui [73].
	Mm3 yr−1



	E
	H
	−
	Streamflow (STF)
	Measures the amount of surface water that passes through the node. WEAP-Elqui [73].
	Mm3 yr−1



	E
	H
	+
	Distance to Main Canal (DMC)
	Measures the linear distance between the node and the main canal that supplies it [70,73].
	km



	E
	H
	−
	Distance to River Basin Head (DBH)
	Measures the linear distance between the node and the highest point of the basin that supplies it [70,73].
	km



	E
	H
	−
	Distance to the Aquifer (DA)
	Measures the linear distance between the node and the center of gravity of the aquifer that supplies it [70,73].
	km



	E
	H
	+
	Water Quality (WQ)
	Measures the water quality of the node, in terms of the mean concentration of Fe++. [87]
	mg L−1



	S
	H
	−
	Alternative Water Sources (AWS)
	Measures the number of water sources that a node possesses to extract water from. WEAP-Elqui [73].
	ADIM



	S
	H
	−
	Drought Propagation Order Link (DPOL)
	Measures the type of source that feeds the node in terms of drought propagation (Surface Runoff: 1—Streamflow: 2—Mixed: 3—Gouwndwater: 4) [73,88].
	LIKERT



	S
	H
	+
	Soil Drainage (SD)
	Measures soil drainage capacity in the node’s area of influence [70,73].
	LIKERT



	S
	H
	−
	Aquifer Storage Capacity (ASC)
	Measures the maximum volume of water that can be stored in an aquifer. WEAP-Elqui [73].
	Mm3



	AC
	H
	−
	Node Immobility (NI)
	Measures the capacity of the node’s water users to move between alternative nodes as a function of the amount of water users within the node. WEAP-Elqui [73].
	ADIM



	AC
	H
	−
	Canal Infrastructure (CI)
	Measures the ratio between the km of canal lining with respect to the total km of canal. Elqui River Water Board, 2016 (Interview).
	ADIM



	AC
	H
	−
	Water Control Infrastructure (WCI)
	Measures the number of automatic gates present in the canals that feed each node. Elqui River Water Board, 2016 (Interview).
	ADIM



	AC
	H
	−
	Canal Maximum Flow (CMF)
	Measures the maximum flow allowed by the canal that supplies the node. Elqui River Water Board, 2016 (Interview).
	L s−1



	AC
	H
	−
	Groundwater Extraction (GE)
	Measures the node’s groundwater extraction. WEAP-Elqui [73].
	L s−1



	AC
	H
	−
	Groundwater Users (NGU)
	Measures the number of groundwater users that belong to the node. WEAP-Elqui [73].
	ADIM



	E
	LP
	−
	Use Factor (UF)
	Measures the relationship between the flow captured by the node versus the flow rate used considering the losses [70,73].
	ADIM



	E
	LP
	+
	Predictable Coefficient of Use (PCU) *
	Measures the ratio between the node’s real water use with respect to the node’s potential water use under continuous extraction. [89]
	%



	E
	LP
	−
	User Size (US)
	Measures the total quantity of water demanded by the node. WEAP-Elqui [73].
	Mm3 yr−1



	E
	LP
	−
	East–West Geographical Position (EWP)
	Measures the geographic location of the node with respect to its east–west axis coordinate. WEAP-Elqui [73].
	UTM m



	S
	LP
	−
	Water Footprint (WFP)
	Measures the total volume of fresh water used to produce a good or service unit. [90]
	L ton−1



	S
	LP
	−
	Quality Concentration (QC) *
	Refers to the Fe++ concentration accepted by Chilean regulations (NCh. 409. Of2005) [91]; NCh.1333.Of1978 [92]
	mg L−1



	AC
	LP
	+
	Legal Water Supply (LWS)
	Measures the number of water shares that are set per hectare in a channel. Elqui River Water Board, 2016 (Interview).
	acc/ha



	AC
	LP
	+
	Water Use Profitability (WUP)
	Measures the contribution of the economic sectors in the node to the Chilean GDP. [93,94]
	%



	AC
	LP
	−
	Canal Water Losses (CWL)
	Measures water losses in the canal network that feeds each node. Elqui River Water Board, 2016 (Interview).
	%







Notes: E: Exposure, S: Sensitivity, AC: Adaptive Capacity, H: Hydrology, LP: Legal-Productive, *: Non-selected indicator, Sign: Sign of the assumed relationship between the indicator and vulnerability.
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Table 4. Theoretical matrix for contextual vulnerability estimation.






Table 4. Theoretical matrix for contextual vulnerability estimation.





	

	
Exposure

	
Sensitivity

	
Adaptive Capacity






	
Hydrological Dimension

	
Potential Evapotranspiration

	
Alternative Water Sources

	
Node Immobility




	
Vegetation Cover

	
Drought Propagation Order Link

	
Canal Infrastructure




	
Infiltration/Runoff Flow

	
Soil Drainage

	
Water Control Infrastructure




	
Streamflow

	
Aquifer Storage Capacity

	
Canal Maximum Flow




	
Distance to Main Canal

	

	
Groundwater Extraction




	
Distance to River Basin Head

	

	
Groundwater Users




	
Distance to the Aquifer

	

	




	
Water Quality

	

	




	
Productive Dimension

	
Use Factor

	
Water Footprint

	
Legal Water Supply




	
Predictable Coefficient of Use

	
Quality Concentration

	
Water Use Profitability




	
User Size

	

	
Canal Water Losses




	
East–West Geographical Position
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Table 5. Comparison methods for contextual vulnerability estimation.
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Method

	
Acronym

	
Description






	
Principal Component Analysis

	
PCA

	
Procedure based on Nicoletti et al. [102] and Greyling [103]




	
The feasibility of PCA was assessed using Pearson pairwise correlations.




	
Bartlett’s Test of Sphericity (BTS) and the Kaiser–Meyer–Olkin (KMO) measure of sampling adequacy were calculated with the REdaS R package [104]. Thirteen indicators with KMO > 0.5 were retained.




	
PCA performed with FactoMiner R package [105]. Four PC were extracted.




	
SES Index

	
SES

	
Estimated with SesIndexCreatoR R package [106] and applied to the same 13 indicators as in PCA.




	
Factorial Analysis

	
FA

	
Procedure based on Nardo et al. [47]. Estimated using ci_factor command in Compind R package [99] with CH = 4 and the same 13 indicators as in PCA.




	
Benefit of Doubt

	
BoD

	
Procedure based on Nardo et al. [47].




	
Estimated using ci_bod command in Compind R package [107]. Applied to the same 4 PC extracted from PCA.




	
Robust Benefit of Doubt

	
RBoD

	
Procedure based on Vidoli et al. [107].




	
Estimated using ci_rbod command in Compind R package [107] with M = 20, B = 20. Applied to the same 4 PC extracted from PCA.




	
Unbiased Random Forest

	
RF

	
Procedure based on Hothorn et al. [108].




	
Estimated using cforest command in party R package [108].




	
Predictors = 25 selected indicators (Table 3).




	
Predictant = outcome vulnerability estimation for scenario C.




	
Used as a reference of maximum predictability.




	
SEM PLSPM

	
FMOD

	
Structural Equation Model-Partial Least Squares Path Model (SEM-PLSPM) Final Model using SmartPLS v.3 [97] based on Hair et al. [60].




	
SEM PLSPM

	
SEMMax

	
SEM-PLSPM model with all (25) indicators as isolated manifest variables, estimated with SmartPLS v.3 [97] and based on Hair et al. [60].
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Table 6. Results of measurement and structural model evaluation.
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Measurement Model

	
Structural Model




	
α

	
CR

	
AVE

	
      A V E      

	
β

	
Sig

	
R2






	
Theoretical Model

	

	

	

	

	

	

	




	
Hydrological Exposure

	
0.5

	
0.7

	
0.2

	
0.5

	
0.5

	

	
0.58




	
Hydrological Sensitivity

	
0.6

	
0.8

	
0.5

	
0.7

	
0.3

	

	




	
Hydrological Adaptability

	
0.8

	
0.8

	
0.5

	
0.7

	
−0.0

	

	




	
Productive Exposure

	
0.4

	
0.7

	
0.5

	
0.7

	
0.2

	

	




	
Productive Sensitivity

	
1.0

	
1.0

	
1.0

	
1.0

	
−0.2

	

	




	
Productive Adaptability

	
0.6

	
0.7

	
0.5

	
0.7

	
−0.0

	

	




	
Final Model

	

	

	

	

	

	

	




	
Location

	
0.7

	
0.9

	
0.8

	
0.9

	
0.7

	
*

	
0.67




	
Water Supply

	
0.7

	
0.8

	
0.6

	
0.8

	
0.4

	
*

	




	
Infrastructure

	
1.0

	
1.0

	
1.0

	
1.0

	
−0.4

	
*

	




	
Water Stability

	
0.9

	
0.9

	
0.7

	
0.9

	
0.5

	
*

	








Notes: α = Cronbach’s alpha, CR = Composite Reliability, AVE = Average Variance Extracted,      A V E      = sqrt(AVE), β = path coefficient, R2 = Coefficient of Determination, Sig = Statistical significance of path coefficient β obtained from bootstrapping, * = p < 0.05. Criteria for acceptability [58,59,60]: α > 0.6, CR > 0.6; AVE ≥ 0.5;      A V E      > β; |β| > 0.2; R2 values of 0.67, 0.33 and 0.19 are substantial, moderate and weak, respectively. Bold type: values that met acceptability criteria.
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Table 7. Coefficient of determination R2 as a function of contextual vulnerability estimation procedure.
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	PCA
	SES
	FA
	BoD
	RBoD
	RF
	SEM
	SEMmax *





	0.24
	0.08
	0.25
	0.09
	0.07
	0.90
	0.67
	0.91







Notes: PCA: Principal Components Analysis, SES: SESindex, FA: Factor Analysis, BoD: Benefit of Doubt, RBoD: Robust Benefit of Doubt, RF: RandomForest, SEM: SEM-PLSPM, * SEMmax: SEM-PLSPM estimation for maximum R2 with 25 isolated indicators.
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