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Many river basins will likely face higher hydrologic variability, including extreme floods and 
droughts, due to climate change, with economic and political consequences. Water treaties that 
govern international basins could face non-compliance among riparians and inter-state tensions 
as hydrologic variability increases.  Accurate monitoring of water resources is essential to cope 
with these fluctuations in flow.  This paper demonstrates a simple yet robust procedure—the 
Basist Wetness Index—to predict gauge station (actual water resources) measurements of surface 
wetness values derived from satellite data (for 1988-2013) and empirically derived flow 
distributions in two international river basins: Zambezi and Mekong. The paper further 
undertakes an economic analysis (applied to the Mekong), which identifies not only the 
economic costs and losses due to extreme flow events, but likewise showcases the benefits 
countries could potentially reap should they be able to make use of such flow data in real time. 
An illustrative application, using the wetness data and socio-political data, is also performed to 
highlight the utility of the procedure for research in the field of conflict and cooperation over 
water. The paper concludes that satellite data modeled with gauge station flow can help reduce 
the uncertainty inherent in negotiating international water issues. Moreover, the satellite 
observations can provide near real time monitoring of water resources, and provide valuable lead 
time for impending droughts and floods. Thus, the approach presented in the article can assist 
policy makers to devise more efficient and cooperative institutional apparatus. 
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Assessing the Economic and Political Impacts of Climate Change on International 
River Basins using Surface Wetness in the Zambezi and Mekong Basins 

 
1. INTRODUCTION 

Climatic conditions have a direct impact on the hydrology of a river basin.  Climatic change will 

most likely affect the variability of river flows and have a variety of additional impacts on the 

hydrologic cycle (Jury and Vaux 2005; Miller and Yates 2006).  The change in flow variability 

will affect populations that will no longer be able to plan water availability and supply trends 

(Milly et al. 2008).  Changes will not be uniform and each region will experience either increases 

or decreases in river discharge compared with present observations (Palmer et al. 2008).   

Hydrologic variability creates a significant challenge especially for countries sharing 

international river basins. Unanticipated high or low flow events may lead to flooding damage, 

severe drought, destruction of infrastructure, water resource conflicts and/or fatalities. These 

events can give rise to economic shocks and political tensions such as armed conflict (Drury and 

Olson 1998; Nel and Righarts 2008; Hendrix and Salehyan 2012). In the context of inter-state 

relations, political tensions or other types of water-related events may unfold even in basins 

where mitigating institutions (like water treaties) have been negotiated. In other words, climate 

change could increase the probability of flow below treaty specifications and expectations, 

leading to non-compliance and consequent political tensions between riparians. 

 Consequently, when designing water agreements or appending an outdated one, water 

negotiators need to forecast the distribution of water flow, in order to design the effective treaty. 

Having high quality flow data will also determine the appropriate treaty stipulations and 

institutional mechanisms that can deal with future challenges. Real time data can also provide 

policy makers and researchers with the ability to predict extreme weather events, and address 

their economic impact on an existing treaty or shared river basin.  

Flow estimation models are already available to policy analysts. However, they require 

improvement to increase the accuracy of the results, and expand their utility. This paper 

contributes to the growing literature of methodologies to monitor and predict water resources, by 

introducing the Basist Wetness Index (BWI) to the context of international river basins. The 

methodology predicts natural runoff distributed across the basin by using sub-basin stream flow 

information and remotely sensed information to estimate the basin level run-off.  The paper 
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begins by contextualizing the discussion of the BWI in the recent literature on institutional 

capacity. It then delves into the mechanics of the Index with comparison to other methodologies 

and application to the Zambezi and Mekong. The paper then discusses the utility of the BWI for 

both economic and institutional analysis as well as research in conflict and cooperation over 

freshwater. 

2. THE SOCIO-POLITICAL CONTEXT: UNCERTAINTY, SECURITY, AND INSTITUTIONAL 

CAPACITY 

Although flow variability and related extreme events have already been observed across river 

basins, climate change is predicted to change flow rates and/or increase variability, as well as 

climate-driven natural disasters (Dai et al. 2009; Milly et al. 2008). One of the most forceful 

characterizations of the links between climate change and flow variability came out of a 2008 

Technical Report of the Intergovernmental Panel on Climate Change, claiming that increased 

precipitation intensity and variability will increase flooding and drought in many areas, which 

will affect food stability, water quality, as well as exacerbate many forms of water pollution 

(Bates et al. 2008: 3-4). Such environmental changes could also aggravate political tensions, 

increasing the vulnerability of certain regions, and present substantial challenges to water 

infrastructure and services (Vörösmarty et al. 2000: 287; Kabat et al. 2002: vii; IPCC 2007: 49). 

Empirical studies have begun to investigate the utility of particular institutional mechanisms 

across a large number of treaty observations (Dinar et al. 2012; De Stefano et al., 2012). 

Perhaps even more important than addressing changing flow under climate change is 

predicting the flow variability in near real time. In fact, treaty mechanisms and stipulations are 

most efficiently negotiated and devised when reliable data are available (McCaffrey 2003; 

Turton 2003; Drieschova, Giordano and Fischhendler 2008). In this manner, negotiators and 

policy makers are able to make educated decisions pertaining to which mechanisms and 

stipulations to include mitigating conflicts and effectively sharing water resources. 

Consequently, this would allow policy makers to anticipate possible shocks or extreme events 

and design appropriate solutions.  

 

 

3. EXISTING RUN-OFF ESTIMATION METHODOLOGIES 
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Applications of remote sensing to hydrology have improved dramatically over the past decade. 

Motivated by global risk analysis, approaches by Peduzzi et al. (2009) and Herold and Mouton 

(2011), for example, produced global maps of estimated flood areas derived from the link of the 

gauge observations to globally available remote sensing data, using Geographic Information 

Systems (GIS). In addition, existing methods that assess global climate change can also be used 

to estimate run-off, by calculating the percent change from a long-term normal. These 

predictions are then compared to the expected values provided by the Intergovernmental Panel 

on Climate Change (IPCC) General Circulation Model(s) (e.g. Palmer et al. 2008). All of these 

methods present operational challenges. First, global models tend to be complex and require 

many inputs that are not readily available; therefore they must be interpolated or derived from 

other variables. Second, global models are useful for global comparisons of basins; however 

policy work on specific treaties benefit greatly from basin specific analyses and applications. 

Third, the lack of timely (near real time) input data frequently limits updates, which in turns 

restricts many of these models from being used in a monitoring and mitigation capacity.    

In contrast, the Basist Wetness Index (BWI) is based on globally consistent data that is 

available in near real time.  The historical extent of the data (24 years) allows for an effective 

base period to calibrate regional relationships between the available water to local river 

discharge (Basist et al. 2001; Blankespoor et al. 2012).  Moreover, the BWI integrates a 

multitude of factors: rainfall, snowmelt, evapotranspiration rates, soil infiltration rates, and 

irrigation into a single useful variable to predict river discharge.  In addition, the real time 

availability of the data under almost all sky conditions allows one to continuously update the 

models for monitoring and mitigation activities across regions and national boundaries.  

4. METHODOLOGY FOR MODELING SURFACE WETNESS WITH FLOW 

4.1 Surface wetness (BWI) 

Considering the challenges of global models, we demonstrate a simple yet robust procedure to 

predict gauge station flow measurements from surface wetness values derived from satellite data 

by basin. We utilize the BWI as a surface wetness index that ranges from zero, which represents 

no water detected near the surface, to a percentage of the radiating surface that is liquid water. 

Therefore the range goes from 0 to 100, where 100 means the entire surface is liquid water 

(Basist et al. 1998).  This index is derived from a linear relationship between channel 



5 

measurements (Equation 1), where a channel measurement is the value observed at a particular 

frequency and polarization (i.e. the Special Sensor Microwave Imager—SSM/I observes seven 

channels). 

ܫܹܤ    [1] ൌ ߝ∆ · ௦ܶ ൌ ሾߚ ܶሺݒଶሻ െ ܶሺݒଵሻሿ  ଵሾߚ ܶሺݒଷሻ െ ܶሺݒଶሻሿ, 

where the change of emissivity (Basist et al. 2001), Δε, is empirically determined from global 

SSM/I measurements, Ts is surface temperature over wet or dry land, Tb is the satellite brightness 

temperature at a particular frequency (GHz), υn (n=1, 2, 3) is a frequency observed by the SSM/I 

instrument, β0 and β1 are estimated coefficients that correlate the relationship of the various 

channel measurements to observed surface temperature at the time of the satellite overpass. 

Specifically, the greater the wetness value is, the larger are the differences between the observed 

surface temperature and the observed channel measurements.   

4.2 Precipitation and BWI in relation to runoff 

Since both precipitation and BWI are important determinants of runoff, models of precipitation 

and BWI are calculated in order to compare the accuracy and level of significance of both types 

of predictor models. We hypothesize that the BWI model has a higher accuracy to predict flow 

observed from a gauging station than those based on a global precipitation model. The 

hypothesis is based on the realization that runoff is compounded by many factors, such as 

snowmelt, soil texture, irrigation, vegetation, solar isolation, relative humidity, and wind speed. 

All these factors are difficult to measure separately and they vary spatially from in situ 

observations. Moreover, the lack of reliable precipitation data can be a major constraint in many 

regions of the world. Given that the satellite captures the spatial structure of liquid water, the 

BWI is able to integrate all the above factors into one observation at each grid point (Basist et al. 

2001).  

In this paper, we compare geo-referenced information of the BWI against precipitation 

over an area upstream of the gauging station. The GIS allows for the spatial delineation of the 

upstream area, using HydroSHEDS (Lehner et al. 2008) for a model of flow accumulation and 

direction. HydroSHEDS is a dataset in the public domain of conditioned Shuttle Radar 

Topography Mission (SRTM) elevation data (90m resolution) that used a series of processing 

steps that alter the elevation values in order to produce a surface that drains to the coast (except 

in cases of known internal drainages). Flow accumulation and flow direction grids (30 arc 
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seconds) were downloaded at: http://gisdata.usgs.net/Website/HydroSHEDS/viewer.php and are 

available at: http://hydrosheds.cr.usgs.gov/dataavail.php.  Since impoundments and/or diversions 

affect the amount and timing of water reaching the gauge, we used GIS to display the geo-

referenced dam data upstream of gauge stations, and exclude upstream watersheds with large-

scale obstructions (e.g. dams) on the basin.  

4.3 Estimation of Precipitation and runoff functions 

Two models relating the flow to the current and past BWI values are presented for each of the 

two basins.  We regress the BWI values on the gauging station runoff per month (Equation 2) 

where ܳሺௐூሻ is the discharge at a station for month m, and n is number of previous months or 

lag months. 

[2]    ܳሺௐூሻ ൌ ݃ሺ݀ሻ, 

where ݀ ൌ
∑ ௐூష

సబ


. 

We investigate whether the lag periods improve the statistical correlation of the BWI and 

the gauging station runoff.  Lagged runoff values are the average of the concurrent and the 

previous month(s). We suggest that the size, vegetative cover, soil type and topography of the 

catchments strongly influence the duration of the lag.  In addition, snowmelt “captures” the 

accumulated precipitation and delays the flow, until the melting inside the snow pack “releases” 

the water, which can further increase the lag time. Moreover, since the BWI and precipitation 

model are based on one average value to represent the total area of accumulation, the size, slope 

and land surface characteristics all impacts the lag time.  

Similar to Equation [2], we regress precipitation, P, of the basin on the gauging station 

runoff per month (Equation 3).  

[3]    ܳሺሻ ൌ ݂ሺ݀ሻ, 

where ݀ ൌ
∑ ష

సబ


. 

The models developed in this study assume natural flow upstream of a gauging station. 

The physical model relates the water accumulated upstream to the magnitude of water received 

at the gauging station.  Also, due to the spatial resolution of the satellite, it was best to restrict the 
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study areas to be inland, which is at least 30 Kilometers from a large body of water, where the 

coastal boundary does not introduce noise in the results. Finally, with regards to the hydrological 

cycle, the basin must contain significant inter- and intra-annual variability of flow, in order to 

effectively use statistical relationships in the analyses.  

4.4 Estimating probabilities of extreme flow events 

Given the flow outputs from the flow and precipitation models, the Probability Distribution 

Function (PDF) describes the likelihood for an amount of flow to occur at a given time. This 

distribution makes it possible to provide statistics on the likelihood of low and high flow within a 

treaty basin. All parameters have been estimated, assuming a gamma distribution derived from 

the sample L-moments (Hosking 1990) using functions in the “lmomco” package (Asquith 2007) 

in the statistical software R (R Development Core Team 2008).  In addition, the “lmomco” 

package is used to create 90% confidence intervals for the BWI derived from a Monte Carlo 

simulation.  This PDF gives estimates for both low- and high-flow. Applying the PDF, a 

theoretical estimation of runoff can provide a probability of low flow, and, in the case of specific 

water requirements, this probability can be extended to estimate the probability of treaty non-

compliance.  

5. ASSESSING THE PERFORMANCE OF THE MODEL 

5.1 Basin selection 

The foundation of a defensible model has several necessary requirements that apply to the 

selection of gauge and satellite data (Table 1 includes a summary of these criteria and references) 

in order to select the basins. First, we refer to one of the leading datasets on international river 

basins, the Transboundary Freshwater Dispute Database (TFDD), which reports on 276 

international river basins. Second, since this analysis focuses on the natural (unimpeded) flow 

model, watershed areas upstream of impoundments were excluded from the selection of 

calibration basins. The universe of unregulated international basins with available gauging 

station data is summarized for each watershed in the HydroSHEDS database using GIS.  This 

includes dam location data (Food and Agricultural Organization on Africa Dams 2006; Meridian 

Global Dam Database 2006; and hydro power plants (CARMA 2009). In addition, the Global 

Lakes and Wetlands Database (Lehner and Döll 2004) identifies areas of large bodies of water 

(which usually have impoundments) within the international river basins. Basins with no geo-
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referenced dams upstream are loaded into Google Earth (version 5.2.1.1329) for further visual 

inspection of impoundments (where available, geo-referenced aerial photos are utilized). Third, 

we searched for available runoff data, from 1988 to present, in order to identify periods with 

records that overlapped with the over 24 years of the SSM/I instruments. Finally, basin size was 

another criteria. Particularly, the minimum basin size is 50,000 Km2 so as to have a sufficient 

number of observations and adequate variation from the BWI to effectively identify the 

relationship between the satellite and gauge observations. 

5.2 The Basins 

We selected two international river basins that met the requirements of the model and had 

sufficient socio-economic and political data to draw on for application purposes: the Mekong and 

Zambezi.  These basins represent two different scales of river length (4,350 km and 2,574 km) 

and basin areas (788,000 km2 and 1,390,000 km2, respectively).  These basins have a critical role 

in the socio-economic development of the riparian states including: food, water, transportation, 

electricity, natural resources, and cultural identity. Treaties govern both basins (TFDD 2008). 

Annex Table A1 summarizes and compares river basin statistics including: geographic and 

socio-economic variables. Estimates of relative changes (%) in water flows (km3 yr -1) between 

1960 and 1990 for the two selected basins compared to 2050s (Palmer et al. 2008) suggest a -

1.0% for the Mekong and -12.6% for the Zambezi.  Due to the constraints of obtaining natural 

flow data, the sample areas are upstream sections of the river and represent nearly a quarter of 

the entire watersheds in their respective basins.  

Data pertinent for the investigation of these two basins is derived from the Global Runoff 

Data Centre (GRDC), which provides available monthly time-series gauging station data in 

international river basins (approximately 3,500 stations). While the GRDC is the source of 

comprehensive data on global gauging station data, it should be noted that the data are available 

in limited time periods and the distribution of gauge data is not available across all countries; 

gauges are mainly located on main stem rivers in middle and high-income countries. For the 

comparison of the BWI and precipitation basin models, precipitation data are derived from the 

CRU 3.0 Global Climate dataset (2010), including data from 1901 to June 2006 (Mitchell and 

Jones 2005). These data have a spatial resolution of 0.5 degree. In the comparison of the Lower 
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Mekong Basin flow estimates and precipitation, PRECipitation REConstruction over Land 

(PREC/L) (Chen et al. 2002) provides contemporary precipitation data. 

5.3 SSM/I derived surface wetness data description 

The BWI uses observations from the Special Sensor Microwave Imager (SSM/I).  It is a seven-

channel passive microwave radiometer operating at four frequencies (19.35, 22.2, 37.0, and 

85.05) and each channel has dual-polarization (except at 22.235 GHz which is V-polarization 

only). The frequencies flown on the SSM/I are used to dynamically derive the amount of liquid 

water near the surface.  Data are available from 1988 to present with the exception of some 

months in 1990 and 1991 (due to unresolved errors during that period from a failure in one of the 

satellite instruments). 

5.4 Calibration of the runoff models 

Linear and non-linear relationships are tested for the best fit between the independent variable 

and the dependent variable: the BWI and the flow, respectively.  In order to account for the lag 

between the time when the water was received in the upper basin and the time it takes for the 

water to reach the downstream gauge, we performed several lagged relationships, realizing that 

the duration of the lag would depend on the basin’s size, topography, soil type, and land-use.  

The lag occurs at monthly time steps. In other words, the BWI values were the average of current 

and previous month(s) values, and these were regressed against river flow data from a particular 

month.  The results section highlights the best-lagged linear or non-linear relationships obtained 

from this process for both BWI and precipitation. 

6. RESULTS 

6.1 General model 

This analysis includes tests of the accuracy, significance, and explanatory power of the 

precipitation and BWI models for each basin (Annex Tables A2, A3, and Table 2). The BWI has 

a superior lagged relationship, based on the Kinematic wave moving throughout the river basin. 

The accuracy of this relationship increased in the section where wetness values and gauge values 

were at the low end of their spectrum, which indicates that the wetness values can accurately 

measure the occurrences of low flow events. The lag in this area demonstrates the period of time 
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that it takes for a prolonged dry period to translate into reduced flow downstream, or conversely, 

how long it will take for excessive precipitation to reach the gauge station downstream.  

6.2 Model results by basin 

6.2.1 Zambezi 

The two estimated quadratic equations in x, following [2] and [3], for the Zambezi, are presented 

in Table 2 (two left columns). In comparing the models, the Zambezi BWI flow model (Table 2) 

has higher accuracy and significance (F-test) than the Zambezi precipitation model. The BWI 

model flow signature is clearly curved; it has a quadratic signature of high wetness values and 

extreme flow.  High BWI values display considerable heteroscedasticity (from the studentized 

Breusch-Pagan test), which implies that numerous factors impact the high rate of flow past the 

gauge.  In contrast, low BWI values (less than 1) contain a high confidence that the flow will be 

near the base flow. As a result, the BWI can be a quantitative indicator for periods and 

frequencies of flow associated with limited water – of particular relevance to obligations and 

commitments agreed upon in international water treaties.  Due to its quadratic nature and no 

observations of wetness values below 0.5, the intercept is not realistic. Flow of 1.0 is around 300 

m3/s averaged across a month at the gauging station.   

The relationship of the gauge reading and BWI has a gamma distribution, i.e. there is a 

much higher probability that flow will occur in the low rate, however, the vast majority of the 

water moving through the basin occurs in the limited periods of high flow. Using the gamma 

distribution, this probability of predicted flow (BWI = 1.0) occurs approximately 25% of the 

time. Therefore, for the Zambezi River at the Katima Mulilo station, approximately 25% of the 

time the flow is less than 300 m³/s averaged over the month (Figure 1.1-1.5, Annex Figure A1.1-

A1.4). 

Since a strong correspondence between the wetness and gauge values is present, the 

wetness anomalies can be used to identify the probability of various levels of flow.  In areas 

where there is skill in predicting the wetness levels, it can represent the functional form of the 

probability distribution, and help derive the return period of extreme events. The return period is 

a statistical measurement, denoting the average recurrence interval over an extended period of 

time. Predictive accuracy and high significance levels in the models also substantiates its value 

as a real time monitoring tool. 
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6.2.2 Mekong 

The two estimated quadratic equations in x, following [2] and [3], for the Mekong, are presented 

in Table 2 (two right Columns).  The Mekong BWI flow model has nearly the same accuracy and 

significance as the Mekong precipitation model. The best correspondence occurred with a two-

month lag in both models.  The best explanatory model has a non-linear relation. It also implies 

that predicted flow below 1,215 cubic meters per second (around BWI = 1.0) is less frequent, 

since it occurs less than 25% of the time (Figure 2.1-2.5, A2.1-A2.4). Similar coefficients for 

both the linear and non-linear terms, which associate water near the surface with runoff, imply 

substantial robustness between each other. These results demonstrate the potential for applying 

the wetness values to river discharge in more generic applications across a broader range of river 

basins. The findings below further support this claim.  

6.3 Predicting runoff from currently available monthly BWI: Zambezi Case  

Since the SSM/I instrument is currently operational, it is possible to use the fitted model to 

predict recent runoff from monthly wetness values, beyond the calibration period. Due to the 

high accuracy and significance of the model, along with the longer period of record for the 

Zambezi, we chose to explore the ability of the BWI to predict seasonality, low flow (e.g. 

droughts), and high flow events (e.g. floods). This analysis was used to explore the utility of the 

model in serving as an early warning indicator.   

The model for both river basins captured the seasonality of flow over their period of 

record.  The Zambezi model identified and predicted a flood in 2010, which according to the 

model is slightly higher than the extreme flood of 2004 (Figure 3). Figure 4 displays the BWI 

anomaly for April 2010 in the Zambezi basin, where western Zambia has a large area that 

appears extremely wet, less than 5% of the time it is wetter (extremely wet anomalies are shown 

in purple). Floods on the Zambezi occur when heavy rains fall on the wetlands in Angola and 

Zambia. The water flows downstream and gets backed up at the Mambova fault. The river 

expands over the flat floodplain behind the fault until the waters meet the channel cut by the 

Chobe River in the south. During the annual flood, the buildup of water from the Zambezi River 

overcomes the Chobe, and water begins to flow south into Lake Liambezi. At the height of the 

flood, water occasionally flows directly into Lake Liambezi from the Zambezi River through the 
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Bukalo Channel, as it did on May 8, 2010, which is the same month the BWI predicted the 

highest flow (NASA 2010).  

These findings demonstrate that the model can be used to emulate intra and inter-seasonal 

flows.  Furthermore, findings illustrate the potential application of the BWI to predict extreme 

events in numerous basins around the world; when a model linking flow to the BWI is 

established. 

7. USE OF BWI FOR ECONOMIC AND INSTITUTIONAL ANALYSIS 

How can the results of the flow probability be utilized for policy purposes? We first discuss a 

framework to incorporate economic considerations for dealing with flows above and below 

normal (the long-term mean flow level that is the basis of the treaty). We then demonstrate how 

the data derived from the BWI not only helps estimate economic costs and losses due to extreme 

flow events but how such data could also assess the economic benefits states could reap should 

they be able to make use of such flow information in real time. This particular framework is 

applied to the Mekong and builds on Dinar A. (2009) and Houba et al. (2013). Due to space and 

readily available modeling framework that can be adjusted and applied for the Mekong, we 

demonstrate the application of the use of BWI for economic analysis using only the Mekong 

case.  Future work will develop a model for the Zambezi and perform the same procedures. 

International river basins, governed by treaties, are especially vulnerable if the treaties are 

connected to rigid institutions for the allocation of the basin water among the riparian states and 

the various sectors that use the water.  This can be addressed, using a much broader set of 

options than those available through the treaty.  The concept of ‘strategic alliances’ is proposed 

as the basis for a cooperative arrangement to address the impact of climate change on the 

stability of treaties.  Finding a partner riparian with which to share the risk of a variable water 

supply is a strategic decision.  To realize the need for strategic alliances the state has to assess 

the risk to the treaty, in terms of the flow probability. The flow probability is derived from the 

BWI calculations as demonstrated in the previous sections. 

 Assume a basin that is shared by N riparian states. Each state has different water 

resources it may use on its territory, in addition to the shared basin.  The water in the basin is 

allocated between the N riparian states, based on an existing treaty that was previously signed 

between these states.  As is the case in most treaties, water is allocated in a fixed proportion 
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between the riparians (Wolf et al. 1999, Kilgour and Dinar, 2001). Water is used for joint 

projects (e.g., hydropower production, environmental flows), and/or used unilaterally on each 

riparian territory (e.g., for irrigation, hydropower, urban supply).  For our discussion it is not 

important how water is used beyond the allocation stage.  For simplicity, assume that only 

annual flows are the subject of the allocation. 

 Once a riparian state is faced with a given allocation, investments (infrastructure and 

domestic allocations among sectors) are made and the entire water system is designed to meet 

the given allocation.  Changes to the original basin allocation are difficult to accommodate by the 

riparian states in the short run because they necessitate altering fixed infrastructure assets and 

regulations, both of which are associated with high costs.  Therefore, flow variability may pose 

harm to the basin riparian states.  In the following sections we propose a framework that utilizes 

the estimated flow probability to assess possible arrangements among the riparian states, based 

on their relative advantages.  We start with a deterministic world to establish the relationships we 

need, and then move to the stochastic world, using the BWI probabilities. 

7.1 A deterministic world 

Assume that annual flow in the shared basin is F (km3/year) and that the treaty allocates this flow 

in full between the N riparian states (environmental flows are not assigned any allocation).  Since 

treaties refer to long term annual flows, FF  , where F  is the long-term mean annual flow in 

the shared basin.  Let fi be the annual allocation of water in the shared basin to riparian i, iN; 

Ff
Ni

i


 .  Each riparian then allocates the water internally/domestically among competing uses 

(sectors, regions), using their own criteria.  Let d
ijf , j=1, 2, …, J; J={households and industry, 

hydropower generation, irrigated agriculture, fishery}, be the internal use of state i’s allocation 

from the shared basin, with Niff
J

j
i

d
ij 



;
1

; where d stands for domestic allocation.  Assume 

that water production functions for each use are known in each riparian state.  Each riparian state 

has a payoff function from its internal use of its basin allocation, given the treaty parameters that 

are based on the long-term mean flow NiFfh
J

j

d
ij

i
ji 



,)|(
1

 .   
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Assume further that each riparian state has also other resources of, say, capital (x) and 

water (w) that are outside the shared basin and are used for economic activities in regions other 

than the shared basin.  The production functions of these resources are also known, and the 

state’s payoff function is Niwxku
J

j

d
ij

d
ij

i
ji 



,),(
1

.  A state is a rationale decision maker and 

maximizes its payoff over its own resources.  Therefore, a state payoff (C) is:  

[4]   NiwxkFfhMaxC
J

j

d
ij

d
ij

i
j

d
ij

i
ji  



,),()|(
1

  

Subject to: 

[4a] Niff
J

j
i

d
ij 



;
1

, 

[4b] NiXx d
i

J

j

d
ij 



,
1

, 

[4c] NiWw d
i

J

j

d
ij 



,
1

. 

 For simplicity assume that only these constraints are considered in the optimization 

problem of state i. 

The basin riparian states have incentives to cooperate.  The treaty among the riparian 

states is one type of cooperation, which is based on agreement of a formula to allocate the flow 

in that basin between them.  The basin-wide profit B is: 

[5]  
 


Ni

J

j

d
ij

d
ij

i
j

d
ij

i
j wxkFfhMaxB

1

),()|(  

 Subject to: 

[5a] 



N

i
i Ff

1

 

[5b] Niff
J

j
i

d
ij 



;
1
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[5c] NiXx d
i

J

j

d
ij 



,
1

 

[5d] NiWw d
i

J

j

d
ij 



,
1

. 

 For simplicity, assume that only these constraints are effective in the optimization 

problem of the basin and various cooperative agreements between subsets of states in the shared 

basin. Note that it would be straightforward to define the payoffs of cooperation for any coalition 

of states Nn  , where n includes a subset of all the riparians N of the shared basin, and perform 

cooperative game theoretic analyses as advocated in e.g. Dinar A. (2009) 

 The model in [5]-[5d] suggests that F , X, and W are the resources that affect the 

potential payoff in the basin.  Remember that F  is a joint resource while X and W are resources 

owned individually by each riparian state.  In case the treaty only partly covers the basin, as is 

the case in our application to the Mekong, then F  refers to the treaty and X and W to resources 

outside the treaty. In the case where the main issue in the treaty is the shared basin flow, F , 

then, in most cases, if not in all known treaties, the riparian states cooperate only over the water 

resources that flow. 

7.2 Introducing Flow Variability Considerations 

Assume that flow in the domestic basins is deterministic, (by deterministic flow we mean a flow 

distribution that is below a given variance) and that the flow in the international basin is variable. 

(The analysis is similar in the case that domestic basins face variability too, but is easier to 

demonstrate with only the shared basin facing variable flow.)  Let the flow variability be 

represented by a probability of occurrence of a state of nature (flow level) that is expressed as a 

departure from the annual mean, F .  We measure variability by  , which has a probabilistic 

distribution calculated from the BWI analysis earlier in the paper and   ത obtains values acrossܨ

the range of flow in the basin over time. When the flow greatly exceeds the long-term mean 

annual value F , it may lead to damage or loss from floods and the inability to capture all the 

water.  When the flow is much below F  there is damage from crop loss, restricted water 

resources, treaty conflict, as well as energy underproduction. Therefore, h, the damage from 

variable flow, can be approximated by an U-shaped function of  .   
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The basin-wide profit B is now: 

[6]  
 


Ni

J

j

d
ij

d
ij

i
jij
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j wxkfhMaxB
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 Subject to: 
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[6c] NiXx d
i

J

j

d
ij 



,
1

 

[6d] NiWw d
i

J

j

d
ij 



,
1

, 

and various cooperative agreements between subsets of states in the shared basin. 

 As mentioned for the deterministic case, , for any coalition of states Nn  , where n 

includes a subset of all the riparians N of the shared basin, one can define the expected payoff of 

cooperation, denoted as ),,( 
 Nnk

k
Nnk

kn WXFs  . Then, for the grand coalition N 

 BWXFs
Nk

k
Nk

kN 


),,( .  

 Following Just and Netanyahu (1998), and due to the basin-level externalities resulting 

from the variation in water supply, 
 





 Nn ss

.  This will drive the basin riparians to seek 

solutions resulting from water supply variations in partial coalitions rather than the grand 

coalition.  They must then rely on resources that exist outside the basin that may also be subject 

to variable water supply conditions.   

7.3 Application to the Mekong Basin 

We present here a modified version of the empirical model used in Houba et al. (2013). The 

interested reader can find the original model equations and specifications in the Online 
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Appendices A and B of Houba et al. (2013). While Houba et al. (2013) was interested in 

demonstrating how non-cooperation or cooperation might evolve in the year 2030, we focus in 

this analysis on the implications of the distribution of the BWI expressed over the range of flow 

probabilities as measured at the gauging station Chiang Saen in Thailand.  We extrapolate 

benefits from a given vector of flows at Chiang Saen on the main stream Mekong (this 

extrapolation is substantiated later in the article) with estimated probabilities, and rainfall in the 

Lower Mekong Basin (LMB) tributaries. Finally, these probabilities are used to calculate the 

expected value of basin benefits under various climatic scenarios. 

7.3.1 Description of the model 

The model is based on a simplified hydrological structure of the basin with water flow from the 

upper Mekong Basin (China) to the LMB and the distinction between the mainstream and 

tributaries in the LMB. The LMB is further subdivided into the Tonle Sap and the Delta 

(estuary), as seen in Figure 5. 

Basin-wide water availability is determined by water flow from China to the LMB, 

through Chiang Saen gauging station, and by precipitation in the tributaries of all LMB states. 

Water uses are aggregated in each sub region of the model into (1) industry and households, (2) 

hydropower generation, (3) irrigated agriculture, and (4) fisheries. Navigation is not included due 

to the fact that many parts of the basin are unnavigable. Water quality is measured in terms of 

salinity in Houba et al. (2013). In this paper we assume that salinity impacts fishery and irrigated 

agriculture.  Hydropower generation is considered to be an in-flow user. 

Unlike in Houba et al. (2013), we do not allow the model to consider investment in new 

dams and new irrigation. We refer to the existing dams and the existing irrigated area on the 

Mekong mainstream and tributaries. According to Houba et al. (2013) the building costs of 

existing dams and irrigation infrastructure are sunk.  The existing dams in China are all built in 

the mainstream of the Mekong, as a cascade of reservoirs, while all existing dams in the LMB 

are located on its tributaries. This difference will affect the way water flow is modeled. 

Therefore, we refer to the current situation (data from 2010), and fluctuations in water flow and 

precipitation that affect economic performance of the basin economy. A reservoir on tributary A 

cannot reuse water from a dam on tributary B and vice versa. But water entering the first 

reservoir of a cascade can be reused and stored, over time, in all downstream reservoirs. 
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The model is a static one, with an annual setup, represented by two seasons (wet and dry) 

and several locations in the basin (UMB, LMB, mainstream, tributaries, Tonle Sap, and Delta). 

The original model was calibrated by Houba et al. (2013) to conditions in 2010. All 

modifications introduced in this paper comply with the original calibration. The water inflow for 

the mainstream of the LMB consists solely of the outflow received from China. Reservoirs/dams 

are filled in the wet season and the water is used during the dry season. During the wet season 

the Mekong water in UMB (China) can be used for industrial and household activities, fish 

production, storage (subject to evaporation) for use in the dry season, and non-consumptive 

hydropower generation.  In addition to the wet season water use activities, dry season water use 

activities include also irrigation. While the mainstream LMB is modeled similarly to the UMB 

(China), it does not take into consideration water use by industry and households. Water flow in 

the tributaries of the LMB is due mostly to precipitation in the LMB region. Existing dams on 

tributaries are modeled in a similar way as was described for China’s mainstream dams. In the 

wet season, the outflow from mainstream UMB and tributary dams inundates wetlands and the 

Tonle Sap, nurturing fish reproduction, and flushing salinity in the estuary (Delta).   

Following Houba et al. (2013) the benefit, cost and loss functions in the model are 

quadratic, with the benefit function being concave (same as the flow parameters in the BWI 

model) and the cost and loss functions being convex to the origin. Benefit functions were used 

for industry and households, hydropower generation, irrigated agriculture, and fisheries. These 

functions are straight forward and can be found in Houba et al. (2013). The value function of the 

Tonle Sap and Delta/Wetlands assumes that all fishery production concentrates in that lake and 

surrounding wetlands. Salinity losses are modeled only in the LMB agricultural sector. The 

volume of water that enters the Tonle Sap and then flows out into the Delta wetlands is a linear 

function of the flow in the river in the dry and wet seasons (Houba et al., 2013). 

7.3.2 Applying the BWI to the Mekong Economic Model 

The geography/hydrology of the Mekong is such that the Upper Mekong and the Tributaries of 

the Lower Mekong produce the main inputs of water into the basin.  Flow from the Mekong 

upper basin was calibrated to the BWI, by using gauge values at Chiang Saen. This regression 

equation is used as a hydrological model. Even though the upper and lower basins have 

appreciably different geographies, sizes, and rainfall: nonetheless, we applied the upstream  
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hydrological model to the lower basin. Our assumption in doing so is that the BWI signal is 

designed to detect liquid water from all sources, and measures the percentage of the surface that 

is liquid water. Therefore, we can still use the calibrated flow model to detect that amount of 

water moving through the lower basin. Our hypothesis is that BWI values, which are a measure 

of liquid water near the surface, are a robust signal and the model parameters could effectively 

transcend different geographies.  

There was the possibility of shifting the intercept, since the lower basin is appreciably 

larger, and therefore its base flow should be higher. However, we wanted to minimize any 

tuning, in order to test the robustness of the model. Therefore the following change was made; 

the lag was reduced from two to a one month accumulated lag, which would allow for better 

integration of the flow from the upper basin reaching the lower basin. This, in turn, would allow 

us to model the flow as one kinematic wave.   

In order to weigh the basin by magnitude of water moving through the entire basin, the 

upper and lower basins were weighed in terms of their area (the large lower basin is a much 

larger area, and therefore higher weights). This allowed us to calculate the integrated flow from 

the upper and lower basins into one combined flow value for the two basins.  Since the upper 

basin has a two-month lag, the first two months of 1988 and 1992 were set to be missing. A 

simple interoperation technique could easily and effectively be applied, since the beginning in 

the year is not a critical period of flow, however we did not apply it in order to minimize 

assumptions. 

The average flow was derived from the BWI values and the model parameters over the 

period of record, in terms of cubic meters/second. We converted the flow from cubic 

meters/second to cubic kilometers/year.  The final number is 424 cubic kilometers, which is 

reasonably close to the independent assessments of annual mean flow on the Mekong, which 

range from 410 (Houba et al., 2013) to 475 (Mekong Water Commission 2009). To keep our 

economic optimization comparable with previous work we express water in cubic kilometers per 

year rather than in cubic meters per second (1 cubic meters per second = 0.031556926 cubic 

kilometers per year). 

We were very encouraged by the fact that the flow numbers derived through the BWI 

wetness values were congruent with the expected flow values. Equally important, the monitored 
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variation of flow from month to month, and year to year was accurately captured by the BWI 

values. For example, the major flood of 2000 was clearly identified and the BWI provided a one-

month lead time to the magnitude of the flood, allowing time to mitigate its consequences. 

Equally important, the major drought of 2010 was also identified and once again the BWI 

provided an early warning about the magnitude of the drought, allowing critical time to mitigate 

its consequences. These findings clearly show the robustness of the flow model, and its utility to 

measure inter-annual variability, the cumulative density function of flow probability, and the 

standard deviation of flow over a record of 25 BWI values. 

We performed a similar analysis using precipitation inputs to predict mean annual flow 

for the Mekong. Specifically, we used the flow model parameters derived from the upper basin 

and applied them to the LMB, in order to determine integrated flow for the River as a whole. The 

calculated flow based on rainfall is 359, while the BWI provided a value of 424 cubic kilometers 

per year (i.e. the BWI value is much closer to the consensus of the mean annual flow). The 

results for the LMB tributaries are presented in Annex Table A4. This result was surprising, 

since the precipitation model had a slightly better explanatory power of flow in the upper basin. 

We interpreted this finding as demonstrating the robustness of the wetness index, and the ability 

to apply the model in areas outside of the region where they are calibrated. Consequently, we use 

the BWI flow predictions in our application of the LMB tributaries for the economic model 

(Table 3). 

7.3.2.1 The Assumptions in the Economic Model 

We assume that the water availability in the wet and dry season in the Mekong can be 

approximated as a ratio of 7:1 (Houba et al., 2013, based on Ringler et al., 2004).  We apply this 

ratio to the annual flows of both the mainstream UMB in China and the tributaries of the LMB.  

We use data from 2010 (which was a major drought year) for economic values and for water 

availability in the LMB tributaries (Houba et al., 2013: Table 1, Pg. 100). We use the BWI 

values reported earlier (Annex Table A3) to simulate the flow variability in the Chiang Saen 

gauging station. The mean flow of 2,416 m3/sec and the standard deviation of 1534 are converted 

to 76.271 km3/year and 48.408 km3/year, respectively, to conform to the units in Houba et al. 

(2013). Having a mean flow value very close to the one used by Houba et al. (2013), 80.126 

km3/year, allows us to use the calibrated values of that model.  For the LMB tributaries we use 
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the previously estimated mean and SD of 429.623 and 84.087 km3/year, respectively, which was 

very close to that used by Houba et al. (2013), which is 410.650 km3/year. 

 The performance of the economies in the Mekong Basin is simulated under four water 

flow scenarios that span over the range of flow values observed/simulated and their calculated 

probabilities suggested by the BWI.  Due to the skewed flow distribution in the Chiang Saen 

(Figure 2.4) and in the LMB tributaries (Annex Figure A3) we refer to flow values of the mean: 

plus and minus 1SD and 2SD.  The corresponding flow levels of the UMB and LMB tributaries 

and their probabilities (taken from Annex Figure A2.3 and Annex Figure A3, respectively) are 

presented in Table 3.   

 Another modification to the application by Houba et al. (2013) that we implemented is to 

model the LMB as having weak governance only.  Weak governance means that the riparian 

countries are not well organized and do not obey the regulations imposed by the Mekong River 

Commission (MRC).  This is a good representation of the present situation in the LMB, where 

for example (the Economist, 2013) Laos, with financial support from Thailand, in need for 

electricity, is constructing  the first (Xayaburi Dam) of nine big dams. This unilateral action in 

the LMB goes against the MRC, which is powerless to block the unilateral action of Laos. 

Altough there are strong protests from important Commission members, Cambodia and Vietnam.  

7.3.2.2 Results of the Economic Model 

We ran four scenarios, following the pairs (ܽ; ܾ, ݅ ൌ1,…,4) of flow values we derived from 

Table 3, which correspond to distribution of the flow in both the UMB and the LMB tributaries.  

As can be seen from Table 3, the distribution of the LMB tributaries flow is much more skewed 

towards lower values (drought) than the flow of the UMB. Detailed results are presented for the 

case of mean flows only (See Annex Table A5 for results representing all flow range). 

Table 4 presents the water balances for both regions at the wet and dry seasons.  As is 

apparent from Table 5, the net welfare generated in the UMB is $2.656 billion and that of the 

LMB is $6.663 billion, annually.  Of the net welfare produced annually in the UMB, hydropower 

comprises 31%, irrigation 45%, fisheries 9% and households and industry 15%.  For the LMB 

the values are 3%, 27%, 41%, and 30%, respectively. Table 5 also suggests that the damage from 

salinity due to seawater intrusion in the LMB is 0 for mean flow or above mean flow runs.  

However, losses of $3.133 billion are encountered in the LMB in the case of the below mean 
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flow run.  It appears that the LMB is much more sensitive to flow fluctuations than the UMB.  

This is also apparent from Figure 6. Both high and low levels of flow have a negative impact on 

net welfare of the basin. Such difference in sensitivity to flow level by the LMB could be taken 

into account in future negotiations over a possible basin-wide agreement. 

Using the probabilities in Table 3 and the net benefits in Figure 6 we calculated the 

expected total basin net benefit value at $6.359 billion.  This figure represents only 68% of the 

basin-wide net benefits ($9.313 billion) that was estimated under the mean flow.  Having the 

flow distribution information (as provided by the BWI) allows the basin riparians to reconsider 

arrangements that will secure their economies rather than face significant losses under extreme 

flow situations. 

8. USE OF BWI FOR RESEARCH ON CONFLICT AND COOPERATION OVER WATER 

In addition to its economic applications, analysts and academics can use the BWI to further 

explore the relationship among water, conflict, and cooperation. To date, scholars in the so-

called field of hydro-politics have largely used national measures of water availability per capita 

as well as precipitation and drought indices to explore how physical water scarcity affects inter-

state conflict (Toset et al. 2000; Hensel et al. 2006; Gleditsch et al. 2006). A similar 

methodology has been used by scholars investigating inter-state cooperation over water 

(Brochmann and Hensel 2009; Tir and Ackerman 2009; Dinar et al. 2011). Most recently, 

scholars have also considered the role of water flow variability across time on hydro-political 

relations between states (e.g. Dinar et al. 2010; Dinar et al. 2012; De Stefano et al. 2012).  

Given some of its advantages the BWI provides another measure of flow that scholars 

can utilize in their socio-political studies. In particular, the data provided by the BWI befit recent 

calls by scholars for better measures of “dynamic scarcity,” which make better use of satellite 

imagery and meteorological data, to account for time-varying measures of water availability 

(Buhaug et al. 2008). 

Specifically, various studies currently use the TFDD Basins at Risk (BAR) events dataset 

to make particular arguments about conflict and cooperation over water as reflected in countries’ 

water-related cooperative/conflictive exchanges and interactions (Wolf, Stahl & Macomber 

2003; Yoffe at al. 2004; Stahl 2005). Application of the BWI can be used to ascertain how 
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physical phenomenon (such as droughts and floods) interacts with political, economic, and social 

variables.   

To demonstrate the utility of the BWI for the type of socio-political research discussed 

above, we investigate the relationship between extreme events and water-related political events. 

In particular we explore how floods and droughts (identified by the BWI) are specifically related 

to BAR score values. Annex Table A6 documents variability from the mean water flow per 

month (m3/second per month) for the period April 1988 through December 2005 for the Zambezi 

and April 1988 through December 1993 for the Mekong (we could not find consistent data for 

other years in the two basins). We then use the data from the BAR dataset to count the number of 

water-related complaint events and provide their associated BAR score per each month for which 

they exist.  Annex Table A6 also presents the months for which we were able to match the water 

flow and the BAR data.  Past research suggests that the higher the difference between the long-

term flow in the river (which is the basis for the treaty allocation) the more conflictive (or less 

cooperative) behavior would be detected among the riparian states (Stahl, 2005).  Therefore, we 

estimate the correlation between the event that took place in a given month and the level of water 

flow during that month.  

To do that we regress the BAR score on the change in water flow from the mean, 

separately for the Zambezi and for the Mekong.  We obtained a correlation of -0.35 for the 

Zambezi and a correlation of -0.71 for the Mekong. We ran a linear Poisson regression to 

estimate the effect of flow variability on the BAR score (a count variable).  We could not find a 

significant difference between the Zambezi and the Mekong (a dummy for the Mekong and 

Zambezi was insignificant).  

The results of the regression of the BAR values and flow variability are presented in 

Table 6.  The right panel presents an equation that attempts at distinguishing between the 

Zambezi and the Mekong by introducing a dummy variable for the basin.  The left panel presents 

an equation that doesn’t distinguish between the basins. The flow variability coefficient is 

negative and significant.  The results (left panel) should be interpreted as follows: a change of 

+1000 m3/s per month (floods) of flow from the mean reduces the BAR scale by 0.765 units.  A 

change of -1000 m3/s per month (drought) increases the BAR scale by 0.765 units.  These results 

are similar to the finding in Dinar et al. (2011) where a positive correlation was found between 
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water scarcity levels and cooperation in the range of scarcity values, which are observed in 

bilateral treaties. 

Although only utilized for illustrative purposes and representing a very small sample of 

basins, these results indicate that reduced flow from the mean induces more (extensive) 

cooperative behavior while an increased flow from the mean induces less (extensive) cooperative 

behavior. The focus is on cooperative events (rather than conflictive events) because all BAR 

events associated with these two basins, observed within the time frame under consideration, 

were largely cooperative, and the average BAR score for the two basins was thus positive. More 

generally, this illustrative exercise demonstrates that the BWI data may be used as another 

measurement of variability, extreme events, and/or scarcity in socio-political research on water, 

conflict, and cooperation.   

9. CONCLUDING DISCUSSION 

The natural runoff data derived from the BWI for the years 1988-2013 (and subsequently 

onward) can provide similar, and more accurate, measurements of flow variability data, 

compared to other predictive indices: such as precipitation. The BWI may be used to assess the 

historical and future impact of flow variability on international river basins. In river basins that 

are already governed by international treaties, policy makers may likewise use the data to assess 

the impact of flow variability on international river basin treaty stability or use the data to 

negotiate appropriate treaty mechanisms to deal with the expected variability, which may result 

in devastating extreme events. Such preparedness is crucial if countries wish to mitigate the 

economic, social, and political effects of flow variability.  

The determination of water distribution and overall water supply variability must be 

based on the supply entering the basin. In particular, results from this paper demonstrate that the 

BWI and precipitation runoff models did have a highly significant explanatory power of down-

stream gauge measurements. However the BWI model has higher accuracy and significance 

levels compared to the precipitation model in the Zambezi, while a negligible difference exists in 

the Mekong. Moreover, the accuracy of the BWI increased under low flow conditions, which 

reveals its utility for drought monitoring.  This allows it to serve as an independent measure of 

risk, along with the probability of occurrence. Specifically, the BWI-based model accurately 

predicted the magnitude of floods a month or two in advance. It accomplished this result by 
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measuring the magnitude of water entering the watershed upstream, and combines the 

measurements with the inflow in the lower basin. This could be a valuable tool for monitoring 

and mitigating the adversity associated with impending extreme events in the lower basin, where 

the majority of the impact is usually experienced.  

Building on the results from this study, future work will refine the methodology and 

applications. Specifically, the methodology can be extended beyond the stringent set of 

assumptions presented in this paper, thereby allowing policy makers to monitor flow in regulated 

rivers. In addition, analogues from the gauge data currently available can be developed. This 

could allow one to appropriately apply the model parameters to local BWI data and to a target 

basin.  We demonstrate the robustness of the model parameters, by successfully applying the 

model parameters developed for the upper basin to the entire river basin.  This analogue 

approach would allow the analysts to obtain the relative distribution of flow, thereby comparing 

the probability distribution of extreme events in the analogue and target basins.  Future work will 

also seek to derive systematic flow data for the entire spectrum of 276 international river basins 

that are often under investigation in cross-national hydro-political studies. The utility of such 

data is already apparent in application to studies in conflict and cooperation over shared river 

resources.  
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Table 1: Selection of river basins criteria and catchment upstream of gauging station data source. 
 

Parameter Data source 
No impediments to natural flow 
upstream 

FAO Africa dams; Meridian Global Dam Database 
(2006); and power plants - CARMA 
(www.carma.org) 

Gauging station data: location, 
discharge, and year (minimum of 4 in 
between 1988-2009) 

Global Runoff Data Centre 

Greater than 30 Km from major water 
bodies 

Global Lakes and Wetlands Database (2004) 

Sufficient amount of rain for detection SSM/I 
International River Basin Transboundary Freshwater Dispute Database 

(TFDD, 2008) 
Catchment area upstream of gauging 
station is as large as possible to 
provide many observations and 
degrees of freedom for the modela 

15 second accumulation and flow direction grids 
(HydroSHEDS, 2006) 

 
aNote: The selection is based on an area greater or equal to 50,000 km2 
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Table 2: Parameters of the BWI and Precipitation models for both basins: Mekong and Zambezi.  
In parentheses are t-values. *** (p<0.01); ** (p<0.05); * (p<0.10). 
 Zambezi Mekong 

 BWI model Precipitation 
model 

BWI model Precipitation 
model 

Dependent Variable ܳሺௐூሻ ܳሺሻ ܳሺௐூሻ ܳሺሻ 

Intercept 

879.74 

(160.82) *** 

199.78  

(112.90) * 

750.647 

(900.148) 

720.17 

(235.94) ** 

Linear term 

-1736.24   

(245.87) *** 

6.19   

(2.83) ** 

-773.145 

(1318.125) 

11.86 

(7.23)  

Quadratic term 

1150.84 

(84.47) *** 

0.0196  

(0.0134) 

1236.598 

(445.610) ** 

0.0972  

(0.0424) ** 

Lag time (months) 2 2 2 2 

Observations 198 194 44 44 

DF 195 191 41 41 

RMSE 453.00 820.9 647.5 561.8 

R² 0.832 0.456 0.831 0.873 

F-test  

483.4 *** 

(2 and 195 DF) 

80.07 *** 

(2 and 191 DF) 

101.1 *** 

(2 and 41 DF) 

141 *** 

(1 and 41 DF) 

Stud. Breusch-
Pagan 

38.43 *** 

(on 2 DF) 

51.19 *** 

(on 2 DF) 

6.32 ** 

(on 2 DF) 

13.31 *** 

(on 2 DF) 
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Table 3: Flow Data in the UMB and LMB as Calculated by the BWI 

Description km3/year m3/sec Cumulative 
Probability 

Probability 

a. Flow at Chiang Saen (UMB coming from China) 

a1: Mean – 1 SD 27.863 882 0.117 0.117 

a2: Mean 76.271 2,416 0.588 0.471 

a3: Mean +1 SD 124.679 3,950 0.862 0.274 

a4: Mean + 2 SDs 173.087 5,484 0.961 0.099 

b. Flow of LMB Tributaries 

b1: Mean – 1 SD 345.536 10,949 0.414 0.414 

b2: Mean 429.623 13,614 0.576 0.162 

b3: Mean + 1 SD 513.710 16,278 0.710 0.134 

b4: Mean + 2 SD 597.797 18,943 0.809 0.099 

 

Table 4: Water Balances (km3/year) for mean flows at UMB and LMB tributaries 

Variable 

UMB 
Wet 

Season 

UMB 
Dry 

Season 

LMB 
Wet 

Season 
LMB Dry 

Season 
Inflow water 66.737 9.534 375.920 53.703 
River flow from upstream   60.522 7.151 
Water availability 66.737 9.534 436.442 60.854 
Stored water totala 5.474  12.888  
H&I water use 0.741 0.529 1.895 1.352 
Outflow water from dams 60.522 13.565 421.659 69.735 
Irrigation  6.414  6.579 
River flow to Tonle Sap   86.950 -86.950 
River flow to down/estuaries 60.522 7.151 334.709 150.107 
Hydropower water totalb 69.226 74.912 60.003 42.860 
Notes: aWater is stored on main river in UMB and on tributaries in LMB.  

 bHydropower is produced on main river in UMB and on tributaries in LMB. 
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Table 5: Economic Performance of UMB and LMB for Mean Flow (Billion USD/Year) 

 UMB 
Wet+Dry 
Seasons 

LMB  
Wet+Dry 
Seasons 

Net Welfare 2.656 6.663 
Aggregated Economic Value 2.656 6.663 
Econ Value Households & Industry 0.408 1.957 
Econ Value Fishery 0.241 2.728 
Econ Value Irrigation 1.193 1.772 
Econ Value Hydro Main 0.815  
Econ Value Hydro Tributaries  0.206 
Aggregated Economic Costs  0.000 
Costs Saltwater Intrusion  0.000 

 
 

Table 6: Estimated Poisson relationship between BAR scores and level of flow variability 

Independent Variable 
Equation with no basin dummy Equation with basin dummy 

BAR Score BAR Score 
Flow variability -0.000765 

(-2.43)*** 
-0.0008455 
(-2.45)*** 

Basin Dummy 
(Zambezi=1; Mekong=0) 

 .262296 
(0.82) 

Intercept 0.759385 
(4.91)*** 

0.564156 
(1.93)** 

Pseudo R-Square 0.0927 0.1007 
Log Likelihood -39.286 -38.941 
LR Chi Square 8.03*** 8.72*** 
Observations  22 22 
**indicates a coefficient significant at 5%; *** indicates a coefficient significant at 1% or less 
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Figure 1.1: Average of all flow (m³/s per month. y-
axis) and wetness index (index. x-axis) in sample 
catchment area of the Zambezi river basin in a 
nonlinear regression.   

 
Figure 1.2: Predicted (m³/s per month. x-axis) versus 
calculated average flow (m³/s per month. y-axis) in 
sample catchment area of the Zambezi river basin from 
BWI model.  

 
Figure 1.3: Observations in years (x-axis) and the residuals (m³/s per month. y-axis) of the Zambezi river basin 
BWI model. SSM/I data are not available from mid-1990 through 1991. Thus no residuals are in the figure for 
that time period and the two month lag. 
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Figure 1.4: Cumulative Distribution of Flow using a 
gamma distribution  (percent. y-axis) and flow (m³/s 
per month. x-axis) of the Zambezi river basin 
sample area 

 

 
 
 
 

Figure 1.5: Map of Zambezi basin (grey) with 
the selected gauge data (point). international 
border (line). and respective catchment 
(hatched) 
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Figure 2.1: Average of all flow (m³/s per month. y-
axis) and wetness index (index. x-axis) in sample 
catchment area of the Mekong river basin in a 
nonlinear regression.  

 
Figure 2.2: Predicted (m³/s per month. x-axis) 
versus calculated average flow (m³/s per month. 
y-axis) in sample catchment area of the  Mekong 
river basin from BWI model. 
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Figure 2.4: Cumulative Distribution of Flow using a 
gamma distribution  (percent. y-axis) and flow (m³/s 
per month. x-axis) of the Mekong river basin 
sample area 

 
Figure 2.5: Map of Mekong basin (grey) with 
the selected gauge data (point) and respective 
catchment (hatched).  
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Figure 2.3: Observations in years (m³/s per month. x-axis) and the residuals (m³/s per month. y-axis) of 
the Mekong BWI river basin model. 
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Figure 3 : The Zambezi values of runoff (m³/s per month, y-axis) and time (month / years--, 
January 1988 through June 2012) display seasonality with both the predicted flow from the 
period of record (with observed gauging station data) (blue) and the predicted values from the 
Zambezi runoff BWI model after the period of record (red) (see Equation 4). Missing values are 
due to the lack of reliable SSM/I data. 
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Figure 4: Surface Wetness Values for a section of the Zambezi River: April 2010, where .00--.05 

(red) means that less than 5% of the time is it this dry, 45-.55 (white) is the expected normal soil 

moisture, and .95-1.0 (purple) means less than 5% of the time is it this wet 
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Figure 5: Simple Representation of the Mekong River Basin Used in Our Model (Modified from 

Houba et al., 2013). 

Note: We exclude Burma from the analysis because of it’s negligible share of water and land in 

the basin 

 

 

Figure 6: Net Benefits in the Mekong Basin as a Function of Flow Distribution (M=Mean; 

SD=Standard Deviation)  
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ANNEX: BACKGROUND DATA AND RESULTS OF FLOW AND ECONOMIC 

ESTIMATES 
Table A1: Selected river basins have a range of physical and socio-economic characteristics 

 Mekong Zambezi 
Length (km) 4,350 2,574 
Area (km2) 787,836 1,390,000 
Population density / km2 71 21 
Populationa 55,800,000 28,800,000 
Treaty with water quantity Yes Yes 
River basin organization Mekong River 

Comission 
Zambezi River Authority 

Riparians China, Burma, 
Thailand, Laos, 
Cambodia, and 
Vietnam 

Zambia, Angola, Namibia, Botswana, Zambia, 
Zimbabwe, and Mozambique, 

Snowmelt No No 
aNote: Population statistics based on Landscan 2000 estimates summarized by basin (TFDD, 

2008). 

 

Table A2: Geographic results of BWI and Precipitation models for Mekong and Zambezi 
Details MEKONG 

BWI 
MEKONG 
PRECIPITATION

ZAMBEZI 
BWI 

ZAMBEZI 
PRECIPITATION 

Sample area 
(km2) 

189,000 189,000 334,000 334,000 

Basin area 
(km2) 

787,836 787,836 1,390,000 1,390,000 

Sample area of 
basin (%) 

24.0 24.0 24.0 24.0 

 

Table A3: Descriptive statistics of variables used in regression  
Variable Unit Mean Std. Dev. Min Max Obs. 
MEKONG  (1988-1990) at Chiang Saen 

Precipitation 
mm per 
month 

74.29 59.61 3.98 202.12 23 

Wetness value Index 1.230 0.684 0.289 2.392 23 

Lagged runoff 
m³/s per 
month 

2416.93 1534.41 802.71 5404.19 23 

ZAMBEZI  (1988-1990, 1994-2006) at Katima Mulilo 

Precipitation 
mm per 
month 

83.62 72.68 0.10 268.07 173 

Wetness value Index 1.370 0.630 0.410 2.670 173 

Lagged runoff 
m³/s per 
month 

1003.42 1120.09 146.53 5256.37 173 
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Table A4: Results of Lower Mekong Tributaries Flow Calculations Rainfall and Flow 

calculations based on BWI in LMB Tributaries. 

Year Rainfall (Km3) Flow (Km3) 
1979 301.084445 NA 
1980 392.831077 NA 
1981 381.8161629 NA 
1982 294.385959 NA 
1983 358.2334431 NA 
1984 355.3723794 NA 
1985 357.9630596 NA 
1986 368.0809781 NA 
1987 326.9547246 NA 
1988 353.0855861 NA 
1989 341.5750116 515.4447234 
1990 372.8781699 NA 
1991 328.0012951 NA 
1992 310.5509467 NA 
1993 301.3852506 514.9135076 
1994 417.9367671 408.539243 
1995 365.8844119 434.2016602 
1996 378.5017076 471.8194131 
1997 367.9229839 467.2052945 
1998 331.4261658 344.7851164 
1999 427.3069798 477.8853247 
2000 441.9473195 654.7337927 
2001 412.7670741 517.4847902 
2002 396.7713065 474.3423858 
2003 236.7260552 412.9405296 
2004 350.2866533 432.8349133 
2005 365.8467925 383.1037304 
2006 369.7856857 422.1853208 
2007 382.3513013 409.8763471 
2008 333.3496104 373.2878833 
2009 383.4698011 351.0495111 
2010 349.9857498 278.3056003 
2011 414.7262144 365.7305637 
2012 332.2178019 311.4288574 

MEAN 358.9237903 429.6237385 
SD 42.27545292 84.08739645 

Source: Authors’ calculations 
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Table A5: Net Benefit Calculations for various flow values in the Mekong Basin (Billion $) 
 Mean - 1SD Mean Mean + 1SD Mean + 2 SD 

UMB LMB UMB LMB UMB LMB UMB LMB 

27.863 345.536 76.271 429.623 124.679 513.710 173.087 597.797 

Net Welfare Created 2.376 3.222 2.656 6.663 2.544 6.445 2.313 6.336 

Aggregated Economic 
Value 

2.376 6.355 2.656 6.663 2.544 6.445 2.313 6.336 

Econ Value Households & 
Industry 

0.408 1.957 0.408 1.957 0.408 1.957 0.408 1.957 

Econ Value Fishery 0.128 2.772 0.241 2.728 0.167 2.077 0.082 1.109 

Econ Value Irrigation 1.193 1.421 1.193 1.772 1.193 2.206 1.193 3.065 

Econ Value Hydro Main 0.647  0.815  0.776  0.629  

Econ Value Hydro 
Tributaries 

 0.205  0.206  0.206  0.206 

Aggregated Economic 
Costs 

 3.133  0.000     

Costs Saltwater Intrusion  3.133  0.000     

Source: Authors’ calculations. 
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Table A6: Flow change from mean and BAR codes. 

Month/year 
Flow (change from mean) 
m3/s per month 

River 
basin* BAR 

Apr-92 50 1 4 
May-92 0 1 4 

Jul-92 -250 1 1 
Aug-95 -625 1 6 
Apr-97 -20 1 4 
Aug-97 -480 1 4 
Jan-98 240 1 0 

May-98 -20 1 1 
Jun-98 -20 1 2 
Jul-98 -125 1 0 

Aug-98 -490 1 0 
Mar-01 210 1 4 
Oct-02 1125 1 1 
Sep-03 1050 1 1 
Jul-04 -250 1 4 

Aug-88 2550 0 0 
Jan-90 0 0 1 
Feb-90 50 0 1 
Feb-93 -760 0 3 
Mar-93 -600 0 4 
Apr-93 -600 0 2 
Jul-93 -250 0 4 

*Note: 1=Zambezi; 0=Mekong.  
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Figure A1: LMB Tributaries Flow Probabilities (cubic meter per second)-The upper panel is the 

Distribution Function and the lower Panel is the Cumulative Distribution Function. 
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Figure A1.1: Average of estimated flow (m³/s per 
month. y-axis) and precipitation (mm per month. x-
axis) in sample catchment area of the Zambezi river 
basin in a nonlinear regression.  

Figure A1.2: Predicted flow (m³/s per month. x-axis) 
versus calculated average flow (m³/s per month. y-
axis) in sample catchment area of the Zambezi river 
basin from the precipitation model. 

 
 

Figure A1.3: Zambezi Probability Distribution of 
Flow using a gamma distribution  (percent. y-axis) 
and flow (m³/s per month. x-axis) of the Zambezi 
river basin sample area.  

Figure A1.4: Zambezi PDF plot of 90% 
confidence intervals generated from a Monte-
Carlo simulation (n=1000). Log10 (Confidence 
interval) on the y-axis and non-exceedance 
probabilities. Green is the upper bound of the CI 
and red is the lower bound of the CI. 
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Figure A2.1 : Average of all flow (m³/s per month. 
y-axis) and precipitation (mm per month. x-axis) in 
sample catchment area of the Mekong river basin in 
a nonlinear regression. 

 

Figure A2.2 : Predicted flow (m³/s per month. x-axis) 
versus calculated average flow (m³/s per month. y-
axis) in sample catchment area of the Mekong river 
basin from precipitation model. 

 

 
Figure A2.3: Probability Distribution of Flow using 
a gamma distribution  (percent. y-axis) and flow 
(m³/s per month. x-axis) of the Mekong river basin 
sample area 

 
Figure A2.4: Mekong PDF plot of 90% 
confidence intervals generated from a Monte-
Carlo simulation (n=1000). Log10 (Confidence 
interval) on the y-axis and non-exceedance 
probabilities. Green is the upper bound of the CI 
and red is the lower bound of the CI. 
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