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Abstract 
 

Whether at the scale of a small watershed or a large multinational basin, it has become common 

practice for water managers to use ensembles of projections to plan for hydrologic change. Better 

understanding these ensembles can help improve the design of future hydrologic modeling studies. 

In this dissertation I will describe three uses of hydroclimate ensembles to support water resource 

planning efforts. In Chapter 2 I present a large ensemble of hydrologic climate change projections 

for the Columbia River basin within the hydroclimatically diverse Pacific Northwestern United 

States and Canada (PNW). I show how methodological decisions in the modeling process 

variously affect the projections of change depending on hydroclimatic regime and metric of 

interest. In Chapter 3 I delve deeper into the PNW to examine the impactful metric of changes in 

floods, determining how dominant flood generating processes will evolve under climate change. I 

also calculate first-order sensitivities of high flows to changes in climate. In Chapter 4, I apply the 

lessons learned from the first two studies, conducted within the transboundary Columbia River 

basin, to transboundary rivers around the world. I present a study identifying hot spots of changes 

in water availability and hydropolitical risk for over 80 rivers (esp. transboundary rivers) around 

the world as projected by results from the Coupled Model Intercomparison Project Phase 6. 

Finally, I present how the findings from this dissertation can contribute to improved hydroclimate 

impacts assessments.  
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Chapter 1         INTRODUCTION 

 

1.1. BACKGROUND 

Climate change is extremely likely to alter critical freshwater resources (Asadieh & 

Krakauer, 2017; Gleick, 1989; Hoegh-Guldberg et al., 2018). Accordingly, the climate science 

community has devoted a great amount of effort toward investigating the projected impacts of 

climate change on hydrology. Countless studies agree that climate change is very likely to intensify 

the water cycle, creating a “the rich get richer” cycle in which wet areas become wetter and dry 

areas become drier (Stocker et al., 2013). These changes, combined with increased temperatures, 

are very likely to alter hydrology, including a loss of snowpack (Arnell, 1999), changes in the 

timing of snowmelt periods (Musselman et al., 2017), and an intensification of hydrologic extreme 

events (Kundzewicz et al., 2014). Climate change will have a significant, consequential impact on 

water resources. 

 The science driving the hydrologic climate change projections has grown sufficiently 

robust that water resources managers are increasingly willing, and in many cases eager, to 

incorporate climate change information into their planning efforts (Megdal et al., 2017). Indeed, it 

has become widespread for governments, ranging in size and complexity from small municipal 

water districts to multinational coalitions, to incorporate hydrologic climate impacts assessments 

into water resources planning (Bernardini et al., 2012; Kirchhoff et al., 2015). However, merely 

reporting projections of hydrologic change is insufficient to bridge the gap between hydroclimate 

impacts science and practice (Turnhout et al., 2013). 

When converting the abstract science of hydroclimatology into the application of water 

resources engineering and planning, we apply real world constraints to physical findings. This 
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combination means that for scientific findings to be actionable, they must satisfy a number of 

criteria from the practitioner community (Vano et al., 2018). For example, the hydroclimate 

community has established that numerical land surface models can produce a wide spread of 

projections of hydrologic impacts. As a result, a water manager with limited resources would value 

a better understanding of how to tailor their hydrologic impact study to their specific questions of 

interest to reveal the uncertainty within the projections. A deeper understanding of the science and 

uncertainty within hydrologic projections supports the development of improved future impacts 

assessments. 

This dissertation aims to strengthen the understanding of hydroclimate impacts studies, 

through robust analyses of scientific methods and large hydrologic climate change ensembles. 

These findings will be of use to both scientists and practitioners interested in engaging in 

hydrologic climate change research.  

 

1.2.  RESEARCH OBJECTIVES AND OVERVIEW 

This dissertation improves our understanding of hydrologic climate change impacts to support 

water resources planning. Specifically, the dissertation answers the following questions: 

1) How do model decisions affect projections of hydrologic climate change impacts? 

2) How will climate change impact the magnitudes and causes of high streamflow events in 

headwaters basins?  

3) Can we identify hot spots of changes in water availability in international river basins at 

risk of hydropolitical tension? 
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The first two studies described in this dissertation are based upon an existing dataset of 

ensemble hydrologic climate change projections (Chegwidden et al., 2017). This dataset, driven 

by results from the Coupled Model Intercomparison Project Phase 5 (CMIP5; Taylor et al., 2012), 

provides streamflow projections for 400 locations across the hydroclimatically diverse Columbia 

River Basin in the Pacific Northwestern United States and Canada. Chapter 2 evaluates key metrics 

of changes in streamflow at these locations. Using the analysis of variance (ANOVA) statistical 

technique I disentangle the ensemble to determine which methodological choices have the 

strongest influence on changes in the projections. In Chapter 3 I delve deeper into the particularly 

consequential topic of floods and determine how flood generating processes are likely to be altered 

by climate change. I then apply methods similar to those of Vano et al. (2015) to derive first-order 

sensitivities of high flows to changes in annual climate. Lastly, inspired by the multinational status 

of the Columbia River, I take the lessons from Chapters 2 and 3 and apply them to multinational 

rivers across the globe. Using an ensemble of results from the CMIP6 experiment (Eyring et al., 

2016) I assess projected changes in water availability within multinational basins. I focus on 

comparing changes between upstream and downstream countries sharing a basin. I summarize the 

results by combining the projections with documented assessments of hydropolitical risks (De 

Stefano et al., 2010). 

Throughout the dissertation I work with ensembles of hydrologic projections. These 

ensembles are constructed through permutations of different elements of the impact modeling 

chain (Bosshard et al., 2013) or output directly from multiple GCMs from the CMIP project. I 

emphasize the models’ and findings’ strengths and limitations to promote trust and uptake within 

the planning community. In summary, this dissertation supports the development of rigorous 

hydroclimate impact science to support resilient water resource planning. 
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Chapter 2  HOW DO MODELING DECISIONS AFFECT THE 

SPREAD AMONG HYDROLOGIC CLIMATE CHANGE 

PROJECTIONS? 

 

This chapter is published in the journal Earth’s Future. © American Geophysical Union. Used 

with permission. The supplemental material for this chapter is provided in Appendix A. 

 

Chegwidden, O., B. Nijssen, D. Rupp, J.Arnold, M. Clark, J. Hamman, S.-C. Kao, Y. Mao, P. 

Mote, M. Pan, E. Pytlak, and M. Xiao, 2019: How do modeling decisions affect the spread among 

hydrologic climate change projections?. Earth's Future, doi:10.1029/2018EF001047. 

 

2.1. INTRODUCTION 

Robust analysis of hydrologic climate change requires an understanding of the spread 

among the projections of the estimated impacts. To quantify and assess this spread, the field of 

hydrologic projection has moved away from single simulation or small ensemble studies of future 

traces. Instead, it is increasingly popular to create large ensembles representing an array of possible 

hydrologic futures (Addor et al., 2014; Bosshard et al., 2013; Dobler et al., 2012; Finger et al., 

2012; Harding et al., 2012; Hattermann et al., 2018; Lafaysse et al., 2014; Mendoza et al., 2015; 

Mizukami et al., 2016; Prudhomme & Davies, 2009; Vidal et al., 2016; Wilby & Harris, 2006). 

The string of models used to create these ensembles has been termed the “impact modeling chain” 

(Bosshard et al., 2013). These chains consist of a series of sequential modeling steps which ingest 

climate information and produce estimates of hydrologic impacts. An example of one such chain 

(the one implemented for this paper) is shown in Figure 2.1. Each step in the chain requires the 

selection of a model from a variety of modeling options. By implementing multiple options for 



 

 

 

5 

every modeling decision, we can investigate the ways in which modeling decisions affect our 

projections. 

 

Figure 2.1 The study described in this paper consisted of four model decision points represented 
by the boxes above. Every permutation of the bulleted list of modeling options was evaluated to 
create the study’s ensemble.  
 

Using ensemble approaches to assess the impact of model choice is well established. 

Hawkins and Sutton (2009, 2011) attributed uncertainty in regional temperature and precipitation 

projections to choices of global climate model (GCM), representative concentration pathway 

(RCP), and internal variability (IV). The choice of hydrologic model implementation has been 

shown to have a strong influence within the hydrologic modeling impact chain in a variety of 

smaller basin studies (Addor et al., 2014; Jung et al., 2012; Najafi et al., 2011; Wilby & Harris, 

2006), though Chen et al. (2011) found relatively smaller influences of hydrologic model choice 

compared to the choice of GCM. Hatterman et al. (2018) investigated the relative contributions of 

steps of the impact modeling chain on changes in streamflow across nine river basins across the 

globe. They found that the largest determinants of spread in changes in mean and high streamflow 

Representative	
concentration	
pathway	(RCP)

• RCP	4.5
• RCP	8.5

Global	climate	
model	(GCM)

Meteorological	
downscaling	
method

Hydrologic	
model	set-up

• CanESM2
• CCSM4
• CNRM-CM5
• CSIRO-Mk3-6-0
• GFDL-ESM2M
• HadGEM2-CC
• HadGEM2-ES
• Inmcm4
• IPSL-CM5A-MR
• MIROC5

• Bias-corrected	spatial	
disaggregation	
(BCSD)

• Multivariate	adaptive	
constructed	analogs	
(MACA)

• Precipitation	Runoff	
Modeling	System	
(PRMS)

• Variable	Infiltration	
Capacity	(VIC)	model
• P1	calibration
• P2	calibration
• P3	calibration
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volumes are GCM and RCP, but that changes in low flows were more likely driven by hydrologic 

model choice. However, their analyses did not extend to the effect of hydrologic model 

parameterization and did not account for IV. Addor et al. (2014) noted the potential benefits of 

conducting an uncertainty analysis across many diverse basins or a larger domain but acknowledge 

the computational constraints of an analysis of that scale. In summary, while comprehensive 

studies are common within smaller basins, it is difficult to obtain large-scale experiments that 

allow for consistent comparisons across modeling decisions.  

In this paper, we conduct an experiment across a large and hydroclimatically diverse 

region: the Pacific Northwest of North America (PNW, Figure 2.2). We analyze an ensemble of 

future hydrologic scenarios using multiple options for four modeling decisions (see Figure 2.1). 

By combining every option from each decision in a factorial experiment we created 160 different 

possible hydrologic futures for the region (Chegwidden et al., 2017). We also explicitly account 

for the role of internal variability, or the natural fluctuations of the earth system which deviate 

from an externally-forced long-term trend. Lafaysse et al. (2014) and Alder and Hostetler (2018) 

emphasize the importance of this line of analysis, though it has otherwise often been neglected in 

hydrologic impacts studies.  



 

 

 

7 

 

Figure 2.2 The study domain is shown above classified by Köppen-Geiger climatic region. 
Streamflow locations are shown as black dots.  

 

Anthropogenic climate change and its hydrological impacts in the PNW have been 

extensively studied (Elsner et al., 2010; Schnorbus et al., 2014; Werner et al., 2013).  Abatzoglou 

et al. (2014) have noted that anthropogenic climate change has already caused statistically-

significant increases in temperature during the second part of the 20th century across the PNW. 

The changes, and their associated observed impacts on hydrology (Casola et al., 2009; Hidalgo et 

al., 2009; Mote et al., 2005, 2018; Stoelinga et al., 2010) are projected to continue during the 21st 

century (Rupp et al., 2017).  
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In this paper, we specifically use the term “spread” as opposed to “uncertainty” to 

emphasize that our ensemble is a subsample of the true distribution of all possible future scenarios. 

As a result, our numerical results are specific to our ensemble. Nevertheless, by incorporating 

multiple modeling options and conducting our analyses across a hydroclimatically diverse domain, 

we aim for our spread to capture much of that uncertainty space and thus make our findings more 

generally applicable. 

Understanding the spread among projected changes is of critical interest given the 

extensive management of the Columbia River. These infrastructure projects are used for flood risk 

management, hydropower generation, irrigation water needs, recreation, and navigation. The dams 

also impact fish and ecosystem services, with notable relevance to First Nations. Further, because 

the basin straddles the border between the United States and Canada, the projected streamflow 

impacts have particular political significance. The two nations signed the Columbia River Treaty 

in 1964 outlining how the river would be managed and operated economically (U.S Army Corps 

of Engineers, 2012). In 2013 the Columbia River Management Joint Operating Committee 

(RMJOC) called for research to investigate climate change impacts for the Columbia River through 

the end of the 21st century, in part to inform the ongoing regional and international management 

of the river for the 21st century. Our study responds to these interests, with particular emphasis on 

the spread among the projected changes. 

This paper answers two main questions: 

(1) How does model spread depend on choice of evaluation metric and location? The diversity 

of climatic regimes and 150-year temporal extent of our study aid in answering this 

question. 
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(2) What effect do our modeling choices have on projections of hydrologic change? The 

factorial construction of this ensemble allows us to draw robust conclusions about the 

contribution of methodological choices to the spread among projections.  

 

2.2.  METHODS 

2.2.1 Study domain 

 We conducted our study over the Columbia River Basin (drainage area 668,000 

km2) in the PNW as well as the United States (US) coastal Pacific Ocean drainages (Figure 2.2). 

The Pacific Northwest is characterized by contrasting climatic regimes. The western slopes of the 

Cascade and Olympics Mountains in the Pacific coastal drainages experience moderate 

temperatures and receive some of the highest precipitation in North America, more than 6000 mm 

annually (see the left panels of Figures A1.1 and 2.3). Conversely, some locations in the interior 

of the Columbia Basin receive an average of less than 100 mm annually. The Columbia Basin is 

bounded to the east and north by the cold, moist Rocky Mountains. Historically, precipitation 

within the mountainous regions has been winter-dominant, causing the region’s hydrology to be 

snowmelt-driven.  
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Figure 2.3 Historical mean annual precipitation (left), changes by the 2080s (center) and the 
spread around those changes (right) according to all 10 GCMs for RCP 8.5. 
 

 

2.2.2 Historical datasets 

 A gridded meteorological forcing dataset (1/16th degree, ~6 km; Livneh et al., 2013) 

encompassing the PNW domain was used as a basis for meteorological bias-correction and two of 

the four hydrologic model calibrations. Reference streamflow data was taken from the “no 

regulation, no irrigation” (NRNI) streamflow dataset (RMJOC, 2017) which provides time series 

at 190 sites throughout the Pacific Northwest for the water years (WY) 1928-2008 (a water year 

in the western US is the period from October 1 in the previous year through September 30 of the 

current year). The NRNI dataset removes the effects of regulation, irrigation, and reservoir 

evaporation from measured streamflow, and can be used as a proxy for naturalized streamflow to 

support hydrologic model calibration. 

 

2.2.3 Methodological choices 

2.2.3.1 Representative concentration pathways (RCPs) 

 We selected climate simulations from the repository compiled by the Coupled Model 

Intercomparison Project Phase 5 (CMIP5; Taylor et al., 2012). For this study, we used the RCPs 
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corresponding to a high emissions scenario (RCP 8.5) and a midrange mitigation emissions 

scenario (RCP 4.5) as described in Taylor et al. (2012). As in Addor et al. (2014) we chose to 

include the RCP as another modeling choice to investigate how global changes affect local 

hydrology. 

 

2.2.3.2 Global climate models (GCMs) 

 We selected ten GCMs (Figure 2.1) for this study by ranking each model’s ability to best 

reproduce a variety of observed metrics over the historical period within the Pacific Northwest 

(Rupp et al., 2013). We further based our GCM selection on their ability to represent mesoscale 

atmospheric dynamics, which we assessed by evaluating 500 hPa heights in the control 

simulations. 

 

2.2.3.3 Meteorological forcing downscaling methods (DSMs) 

 Two statistical DSM techniques were used to downscale each of the twenty RCP/GCM 

combinations to the 1/16th degree (~6 km) grid resolution. The bias correction, spatial 

disaggregation (BCSD, Wood et al., 2004) method was implemented at the monthly time step. The 

multivariate adaptive constructed analogs (MACA) approach was implemented at the daily time 

step as described in Abatzoglou & Brown (2012). The Livneh et al. (2013) dataset from 1950-

2005 was used as the reference for the bias-correction step of the DSMs. The resulting statistically-

downscaled GCM data include control simulations (1950-2005) and climate change projections 

(2006-2099). 
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Table 2.1 Descriptions of the four hydrologic models (columns) referenced in the rightmost 
column of Figure 2.1.  
 

 

 

2.2.3.4 Hydrologic model implementations 

 The downscaled CMIP5 meteorology was used to force four distinct hydrologic model 

implementations (Table 1). All hydrologic modeling was conducted on the same 1/16th degree grid 

with results available at a daily time step from 1950-2099. Two different hydrologic model codes 

were used in this project: the Variable Infiltration Capacity (VIC; Liang et al., 1994) model and 

the Precipitation Runoff Modeling System (PRMS; Leavesley et al., 1983). Both are process-

based, energy balance models. The VIC model code included a newly-developed glacier model 

(Hamman & Nijssen, 2015) which uses a volume-area scaling relationship (Bahr et al., 1997) to 

estimate the areal coverage of a glacier within a grid cell. When the areal coverage of the glacier 

exceeds the area allocated to a given elevation zone, the model moves ice to lower, warmer 

elevation zones enabling glacier melt. We used three unique VIC implementations, each with 

independently derived parameter sets, denoted as P1, P2, and P3. Each VIC simulation was 

initialized with a 255-year spin-up run to allow for sufficient initialization of the glacier model. 

VIC-P1 PRMS-P1 VIC-P2 VIC-P3

Calibrated	

parameters

b
i
,	depth	of	soil	layers

2	and	3,	Ksat,	Nijssen

et	al.	(2001)	

parameters	D1,	D2,	D3

slowcoef_sq,	sat_threshold,	

pref_flow_den,	

gwflow_coef,	ssr2gw_rate,	

snowinfil_max,	soil2gw_max,	

soil_moist_max

See	Oubeidillah et	al.	

(2014)

See Mizukami	et	al.	

(2017)

Calibration	

methodology

Inverse	calibration Inverse	calibration Lumped basin	calibration Calibrated	parameter

transfer	functions

Reference	

meteorological	

dataset

Livneh et	al.	(2013) Livneh et	al.	(2013) Daymet (Thornton	et	al.,	

1997)

Livneh et	al.	(2013)

Reference	

streamflow

dataset

No-regulation, no-

irrigation	flows	

(RMJOC,	2013)

No-regulation, no-irrigation	

flows	(RMJOC,	2013)

USGS	WaterWatch

gauges	at	monthly	

timestep (Brakebill et	al.,	

2011)

Hydro-Climate	Data	

Network	basins	

(Newman	et	al.,	2014)	
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The PRMS simulations involved a 20-year spin-up. Within this paper, “hydrologic model” (HM) 

will refer to the combination of model code and parameter set. Historical performance of the four 

HMs is displayed in Figure A1.2. 

 The VIC-P1 and PRMS-P1 implementations (Table 1) were developed specifically for this 

study. For both implementations, we calibrated model parameters in the Columbia Basin upstream 

of Bonneville Dam and the Willamette River Basin. We selected the NRNI streamflow timeseries 

at 60 sites to create a spatially-distributed set of runoff timeseries using the approach detailed in 

Pan et al. (2013). Each grid cell in the VIC-P1 and PRMS-P1 HMs was then calibrated 

independently. We implemented the shuffled complex evolution calibration method (Duan et al., 

1993) maximizing the weekly Kling-Gupta Efficiency (KGE) statistic for WY 1992-2001 (Gupta 

et al., 2009). For coastal drainages we used parameters from a previous Columbia River climate 

change study (Hamlet et al., 2013) for VIC-P1. We developed the non-calibrated soil parameters 

for the PRMS-P1 implementation by merging the State Soil Geographic Database (STATSGO) 

for the United States portion of the domain and the Canadian Soil Survey (Soil Classification 

Working Group, 1998) and followed methods recommended in the PRMS documentation to 

develop PRMS parameters (USGS, 2009).  

The VIC-P2 implementation used the same vegetation parameter sets as those used in VIC-

P1, but with soil and snow band parameters as described by Oubeidillah et al., (2014). The 

simulated runoff at each HUC8 subbasin was calibrated to USGS WaterWatch runoff at the 

monthly time step using the Daymet meteorological forcing dataset (Brakebill et al., 2011; 

Thornton et al., 1997), in contrast to the other three set-ups which used Livneh et al. (2013). 

Parameters were used as-is except for the area upstream of Hungry Horse Dam which was 

calibrated to NRNI for that gage to improve model performance for that subbasin. 
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 The VIC-P3 implementation used the same vegetation and snow band parameters as VIC-

P1, but with a soil parameter set developed using the multiscale parameter regionalization (MPR) 

method (Mizukami et al., 2017). Instead of the traditional parameter calibration, this technique 

calibrates the parameters of transfer functions that relate soil and landscape properties to model 

parameters for a subset of a domain. The transfer functions can then be used domain-wide to 

estimate model parameters outside of the calibration basins. Transfer function parameters were 

calibrated at a daily time step for unimpaired or Hydro-Climate Data Network basins and applied 

to the continental U.S. to produce spatially-consistent parameters for the entire domain (Newman 

et al., 2014).  

 

2.2.4 Streamflow routing 

Modeled runoff fields were routed to 396 sites throughout the domain (see streamflow 

locations in Figure 2.2; Chegwidden et al., 2017) using the RVIC routing model (Hamman et al., 

2017), a source-to-sink model based on the Lohmann et al. (1996) routing model. The same routing 

set-up was used for all simulations. It does not account for any water management (e.g. reservoirs 

or withdrawals) and the resulting streamflows (and our ensuing analyses) do not address 

uncertainties related to water management modeling or operations. 

 

2.2.5 Analysis of variance 

We focused our analyses on spreads in projected changes in streamflow and assessed how 

model decisions and internal variability contribute to those spreads. We compared streamflow for 

a 30-year control period (the “1980s”, consisting of WY 1970-1999) with a 30-year future period 

(“2080s”, WY 2070-2099). For each of these periods, we calculated three streamflow metrics: 1) 
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centroid of timing, defined as the day of the water year when 50% of the annual flow volume has 

passed a streamflow location, 2) annual volume, and 3) annual minimum 7-day flow. We examined 

the change signals as opposed to the future values themselves to control for systematic differences 

in the model set-ups. We calculated the change signal for each ensemble member independently 

and thus created a 160-member ensemble of projected change signals from the 1980s to the 2080s. 

We used this ensemble of projected changes in streamflow to evaluate the impact of 

methodological choices on those projected changes. We developed a methodology inspired by 

previous uncertainty analysis studies (e.g. Alder & Hostetler, 2018; Bosshard et al., 2013; Hawkins 

& Sutton, 2009) but we highlight that our methods (1) focus on changes in 30-year means and (2) 

explicitly account for internal variability. 

To estimate internal variability, we assumed each metric responds linearly to the radiative 

forcing in a given RCP.  Specifically, for each annual time series (1950-2099) of each metric and 

streamflow location, we fitted a linear model x = af + b , where x are the predicted annual values 

of the metric, f are the annual values of radiative forcing corresponding to the respective RCP, a 

and b are the fitted coefficients. We used the residuals e of the fit to estimate the internal variability 

of a change in 30-year mean.  See Section S2 in the Supporting Information for a detailed 

description.  

We used analysis of variance (ANOVA) to assess the impacts of methodological choices 

on the spread of the projections of change in the 30-year means from the fitted time series x(t). Our 

final variance analyses can be summarized as 

TV = 	IV + MV                                                                (1) 
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where TV is the total variability in a change projection, IV is the internal variability of the projected 

change, and MV is the model variability defined as 

 MV = 	RCP+ GCM+ DSM + HM+ GCM:RCP+ HM:GCM + 	Residual (2) 

where RCP, GCM, DSM, and HM are the portions of variance explained by the corresponding 

methodological choices. (Note that “Residual” in Equation (2) is distinct from residual e used to 

estimate IV). The interaction terms “GCM:RCP” and “HM: GCM” were the dominant terms in the 

residual error in the variance. We lumped other interaction terms into the residual term in Equation 

(2) to preserve degrees of freedom within the ANOVA analysis. 

 

 

2.2.6 Climate classifications 

 We applied ANOVA at every model grid cell in the domain. The grid cells were grouped 

according to the updated Köppen-Geiger classification scheme (Peel et al., 2007) based on the 

monthly temperature and precipitation data from Livneh et al. (2013) for the historical period 

1970-1999. Over 99% of grid cells were classified into eight climate regions (Figure 2.2). The 

remaining <1% of the grid cells were excluded from the analyses for simplicity. 

 

 

2.3. HYDROLOGIC IMPACTS OF CLIMATE CHANGE AND PROJECTION SPREAD 

Snow accumulation and melt are the dominant drivers of the hydrologic cycle in the 

Columbia River basin. As temperature increases and snow presence decreases, the role of snow 

storage will diminish. In this section, we briefly review the dominant climate change impacts on 

the hydrology of the Columbia River Basin but focus our analysis on the spread within the 
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ensemble of projections. The projected changes in hydrologic variables are in overall agreement 

with previous work in the PNW (Elsner et al., 2010; Hamlet et al., 2013). 

 
Figure 2.4 For fifteen elevation zones shown in (a), the distribution of modeled snow water 
equivalent (SWE) for the 1980s (b), the 2080s using RCP 8.5 (c), and the difference (d). In the last 
three panels, boxes and whiskers indicate minimum, median, and maximum values, and the 
interquartile range. 

 

2.3.1 Changes in snowpack in the Pacific Northwest 

For our snow analyses we only considered areas where snow accumulation and melt are an 

important hydrologic process, which we defined as grid cells with more than 50 mm of annual 

maximum snow water equivalent (SWE) during the historical period. The elevation profile of these 

areas is shown in Figure 2.4a. The areas between 1000 and 1800 m are projected to experience the 

highest losses of maximum SWE, with median decreases of 150 mm by the 2080s (RCP 8.5). The 

spread in the changes is largest for elevations between 1000-1400 m (Figure 2.4d). The spreads 

are narrower at the lowest and highest elevations because little snow is present at low elevations 
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and winter temperatures remain below freezing at high elevations despite anthropogenic warming. 

 

Figure 2.5 The date of median annual maximum SWE for the 1980s is shown in panel (a). The 
ensemble (RCP 8.5) median change in the date of peak SWE by the 2080s is shown in panel (b). 
The standard deviation (measure of spread) of the distribution of projected changes in date of 
peak SWE is shown in panel (c). 

 

The median date of annual maximum peak SWE for the 1980s as simulated within the 

ensemble is shown in Figure 2.5a and the median change in the date of peak SWE is shown in 

Figure 2.5b (RCP 8.5). While annual maxima of peak SWE occurred historically in March, for 

much of the domain the date of peak SWE is projected to occur approximately 20 and 40 days 

earlier by the 2080s. The standard deviation of the projected changes in peak SWE date is shown 

in Figure 2.5c and can be interpreted as a measure of the ensemble spread. The greatest spread in 

change in peak SWE date occurs on the western side of the Cascades and the Olympic mountains. 

These areas lie in the transient snow zone and already experience significant mid-winter melt 

episodes during the historic period.  

 

2.3.2 Annual streamflow changes and model agreement 
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Figure 2.6 Changes (from control to future periods) in mean seasonal streamflow volumes for 
locations throughout the domain for winter (DJF), spring (MAM), summer (JJA), and fall (SON) 
are shown in the left panel. The right panel shows the model agreement on the direction of 
streamflow change. Streamflow location marker sizes are scaled by the mean annual historic NRNI 
flow. 

 

Annual streamflow volumes are projected to increase at all locations in the domain. This 

is consistent with a general increase in precipitation across the PNW (Figure 2.3). Changes in 

seasonal streamflow between the control and future periods are shown in the left panel of Figure 

2.6 for winter (December, January February), spring (March, April, May), summer (June, July, 

August), and autumn (September, October, November). Streamflow is projected to increase at all 

locations in winter and spring. Summer streamflow is, on average, projected to decrease owing 

predominantly to an earlier shift in snowmelt onset accompanied by a reduction in summer 

precipitation and increases in evaporation due to higher temperatures. Changes in streamflow 

across the basin are further discussed in RMJOC (2018). 

We analyzed the ensemble to determine the level of agreement regarding streamflow 

increases or decreases between the control and future periods (four right panels in Figure 2.6). 



 

 

 

20 

Ensemble agreement has been shown to be a good summary indicator of overall ensemble behavior 

(Melsen et al., 2017). Green colors indicate that the ensemble generally agrees that streamflow 

will increase, while purple colors indicate a decrease. Lighter colors indicate disagreement among 

the ensemble members.  

Models agree that streamflow will increase at almost all locations in winter and decrease 

at almost all locations in summer. Models agree that spring streamflow will increase for most 

locations as a result of the earlier shift of the snowmelt peak. Model agreement is smallest during 

autumn. The most notable disagreement is along the Snake River in the southeast of the study 

domain in the autumn where 110 ensemble members project increases and 50 project decreases. 

While percentage changes in streamflow are smallest in autumn, late summer/early autumn is also 

a critical period for many locations so small streamflow changes could still significantly impact 

water users. 

 

2.4. CONTRIBUTION OF METHODOLOGICAL CHOICES TO ENSEMBLE SPREAD 

In this section, we will evaluate the spread within the ensemble projections of hydrologic change 

in different regions and determine how methodological choices impact the spread.  

 

2.4.1 Streamflow seasonality for the Columbia River Basin  

 Mean-monthly hydrographs for the 160-member ensemble for the Columbia River at The 

Dalles (red marker in Figure 2.2) are shown in Figure 2.7. Every line in the spaghetti plot represents 

a single ensemble member for a given 30-year period. The grey traces in Figure 2.5a represent the 

1980s climatological period. Within the historic period the streamflows lie close to the NRNI 

reference flow (shown in black), indicating good skill of the modeling set-up in reproducing the 
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historic reference flow. 

 

Figure 2.7 Ensemble seasonal hydrographs for the Columbia River at The Dalles. The basin area 
is highlighted in red in the inset map. Each trace represents a different ensemble member. Panel 
(a) shows the historical 1980s climatological period including the no-regulation, no-irrigation 
reference flow in black. Panels (b) and (c) show the projected streamflow by the 2080s, grouped 
respectively by RCP choice and HM choice.  
 

 

The traces in Figures 2.7b and 2.7c are identical but are highlighted differently to show the 

effect that methodological choice has on streamflow projections. In Figure 2.7b, the ensemble is 

grouped by emissions scenario. In Figure 2.7c, the ensemble is grouped by HM. By the 2080s, the 

RCP 4.5 simulations show the snowmelt-related streamflow peak in either May or June whereas 

RCP 8.5 simulations peak a month earlier. Furthermore, the RCP 8.5 simulations show large 

increases in winter streamflow. By the 2080s, the spread in simulations widens, particularly in the 

winter months when shifts from snow to rain regimes differ among the models.  

Comparing groupings in Figure 2.7c, PRMS-P1 simulations show the greatest sensitivity 

to the changed climate of the 2080s, as they exhibit the greatest increases in winter streamflow. 

VIC-P1 and VIC-P3 simulations exhibit shifts in the peak toward April and May but VIC-P2 shows 

the least sensitivity to the changing climate. 

 



 

 

 

22 

2.4.2 Impact of modeling decisions on ensemble’s distribution of centroid shift 

 The shift in centroid of timing is an indicator of overall changes in streamflow timing. The 

full ensemble’s distribution of changes in the centroid of timing (from control to future periods) 

for the Columbia River at The Dalles is shown in Figure 2.8. The Gaussian kernel density estimate 

(KDE) of the full ensemble is shown in the black line in every panel of Figure 2.8. The projected 

timing shifts range from zero to 60 days earlier. The KDE of timing shifts is decomposed according 

to three different methodological choices: RCP (Figure 2.8a), GCM (Figure 2.8b), and HM (Figure 

2.8c). The effect of DSM choice is not shown as the distinction between BCSD and MACA had 

minimal impact on the timing shift for this location. Choice of RCP has a large impact on the 

timing shift at The Dalles, with a mean timing shift of 19-days earlier for RCP 4.5 and 35-days 

earlier for RCP 8.5. The timing shifts grouped by GCM are also markedly distinct, with differences 

between some GCMs as large as between RCPs. PRMS-P1 was associated with the largest changes 

in centroid of timing while simulations from VIC-P2 showed the smallest shift. 

 

 

 

Figure 2.8 Distribution of the full ensemble’s projected changes (1980s to 2080s) in centroid of 
timing for streamflow of the Columbia River at The Dalles, Oregon. The black line represents the 
full ensemble of projected changes and is identical in all three panels. In each panel the distribution 
is decomposed into simulations sourced from different methodological options. The distribution is 
separated according to (a) RCP choice, (b) GCM choice, and (c) HM choice. 
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2.4.3 Contribution of each modeling component to ensemble spread  

 The ANOVA quantifies the contribution of each modeling choice to the spread in changes. 

The pie charts in Figure 2.9 show, for 12 locations throughout the domain, how much each 

modeling choice, as well as internal variability, explains changes in different metrics: centroid of 

timing (Figure 2.9a), annual volume (Figure 2.9b), and low flows (Figure 2.9c). The size of each 

pie is proportional to the total variance in that metric at that location. Overall, choice of RCP drives 

the spread in the change in timing, choice of GCM contributes most toward the spread in the 

change in volume, and choice of HM explains most of the spread in change in the magnitude of 

the low flows.  

 

  

Figure 2.9 ANOVA results for the change in three metrics between the 1980s and the 2080s. The 
portion of variance of the change explained by each methodological choice is shown for selected 
sites of interest.  The size of each marker is scaled by the standard deviation of the ensemble for 
that metric and location. 
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Figure 2.10 highlights the dominant driver of the spread in the change for all metrics at all 

locations in the domain. For downstream locations, RCP tends to be the dominant contributor to 

the spread in timing shift (Figure 2.10a). The choice of GCM is the dominant contributor to the 

spread among locations in the Upper Columbia, the Willamette, and small coastal drainages in 

Washington State.  

Changes in annual volume (Figures 2.9b and 2.10b) are largely controlled by the choice of 

GCM, given annual volume’s dependence on precipitation. The control of GCM on volume change 

is strongest along the Snake River where GCMs show a large spread in precipitation changes 

(Figure 2.2). In contrast, when the spread of projected precipitation change is small, as along the 

mainstem of the Columbia above the confluence with the Snake River, HM choice is most relevant 

to explaining the spread. 

 

 
Figure 2.10 The dominant contributor to the variance of the projected changes in three metrics 
from the 1980s to the 2080s: (a) change in centroid of timing, (b) change in annual streamflow, 
and (c) change in low flows. Marker sizes are scaled by the mean annual historic NRNI flow. 
 

The spread in changes in low flows (Figures 2.9c and 2.10c) are largely explained by choice 

of HM. The low flow period in the domain occurs typically in the drier early autumn when snow 
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and soil moisture stores are depleted. Because changes in low flows are driven by soil processes 

as opposed to precipitation, and each HM had distinct soil parameter datasets (VIC 

implementations) or different process representation (VIC versus PRMS), the baseflow from each 

model varies widely. The exception to this relationship appears in the Snake where the diversity 

among precipitation projections overrides low flow generation so that changes in low flows are 

controlled more by GCM than HM. 

 

2.4.4 Generalizing results by climatic region 

We conducted the ANOVA for the runoff from every grid cell in the domain and averaged 

the results across each of the eight climate regions (Figure 2.11). The averaging gives every grid 

cell equal weight, regardless of its contribution to the streamflow of the basin. In this way, we see 

how each region responds, but do not expect the results to agree with those conducted at 

streamflow locations which aggregate across upstream area, thus favoring grid cells with greater 

runoff contributions. We leverage the diversity of the domain to elucidate general patterns linking 

hydroclimatic regime, metric of interest, and model spread to inform future hydroclimate impacts 

studies. 
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Figure 2.11 The ANOVA results grouped by climatic region are shown above. The relative size of 
each color band denotes how much each methodological choice explains the spread in the change 
in each region.  
 

2.4.4.1 RCP choice impactful for timing in areas susceptible to large changes in snowpack 

 As seen in Figure 2.11a, mid-elevation cold areas (Dfc) comprise the region affected most 

by RCP choice for the change in timing. The Dfc region is also projected to experience 

significantly larger losses in snowpack according to RCP 8.5 as compared to RCP 4.5 (Figure 2.3), 

meaning that the choice of RCP would have a pronounced impact on the resulting changes for 

these regions. The same relationship does not apply to the lower elevation Dfb regions which are 

expected to lose nearly all of their snowpack by the 2080s making the choice of RCP less important 

for those regions (Figure 2.11a). 

 

2.4.4.2 Choice of HM more important in water-limited regimes 

 When evaporative and baseflow processes account for a larger portion of the water balance 

(whether in low flow periods or in arid locations), the choice of HM becomes a more impactful 

decision, in agreement with Vidal et al. (2016). The dominance of HM in the change in low flows 

seen in Figures 2.9c and 2.10c is again evident across climatic regime (Figure 2.11c). Choice of 
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HM was the dominant driver of the change in centroid of timing for arid sections of the domain 

(Figure 2.11a). Across all climatic regimes, GCM-HM interactions contributed more to the spread 

in the low flow metric than to the other two metrics. 

 

2.4.4.3 GCM choice and IV more important for energy-limited regimes 

 The majority of the streamflow in the Pacific Northwest originates in energy-limited 

environments, as seen by the overlap of the high-precipitation areas in Figure 2.3 and the cold, wet 

regions (Dfc, Dfb) in Figure 2.2. In these regions, changes in precipitation are strongly correlated 

with changes in annual streamflow volumes. Choice of GCM is a much larger contributor to 

change in precipitation than is RCP. Thus, the choice of GCM is the dominant contributor to spread 

in annual volume, as confirmed by Figure 2.10b. 

 The impact of GCM choice is enhanced when the GCMs lack consensus about the 

projected changes in precipitation, which aligns with findings from Melsen et al. (2017). For 

example, in the Willamette River Basin, precipitation is projected to increase between 2 and 5%, 

but with a standard deviation of about 5% (Figure 2.2). Thus, some GCMs project increases in 

precipitation and others decreases. This same region is the basin with the most disagreement on 

the direction of change in annual streamflow (Figure A1.3). Accordingly, the choice of GCM 

accounted for about 50% of the total spread in projections for the Willamette River Basin, with IV 

and GCM-RCP interactions accounting for nearly the entire remainder. 

 IV is more important (and sometimes becomes the dominant contributor to the spread) 

when precipitation changes are the most significant driver. For example, across the three metrics, 

IV is most important for changes in annual streamflow. Further, IV is more important for the 

temperate coastal regions in the domain (Csb and Cfb in Figure 2.11), even for changes in centroid 
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of timing, where rain- (as opposed to snow-) dominance results in a strong dependence of centroid 

of timing on changes in precipitation rather than temperature. The IV contribution is smaller for 

our results than those reported by Alder and Hostetler (2018), who used a shorter 11-year averaging 

window instead of our 30-year averaging window. 

 

2.4.4.4 Changes in annual streamflow explained most by GCM selection 

  Figures 2.9b and 2.10b show that the choice of GCM along with its interaction with RCP 

account for the largest portion of the spread in projections of change in annual volume for this 

ensemble. This is particularly true in the temperate regions of the domain (Csb and Cfb) where 

choice of HM has negligible impact. In these regions, the runoff ratio is so high that, with 

precipitation as the main driver, GCM and its interaction with RCP account for nearly the entire 

spread in the projected changes. 

 

2.4.4.5 Choice of DSM did not explain spread for the regions and metrics studied 

 The difference between the two statistical DSMs (BCSD and MACA) was not an important 

contributor to the spread in these metrics or domains. Choice of DSM contributed most to the 

spread in projections of changes in annual volume in the arid, smaller basins of the domain, in 

agreement with Jiang et al. (2018). However, this paper does not address extreme high flows where 

the two statistical DSMs are expected to differ more substantially in their projections of 

precipitation changes given that the two techniques were implemented at different time steps: 

BCSD at monthly and MACA at daily. Nevertheless, our ensemble did use the same 

meteorological dataset for training both DSMs and, as Alder and Hostetler (2018) note, the training 

dataset can have a strong influence on projected changes in snowpack. We acknowledge that DSM 
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choice might have contributed more to ensemble spread had our modeling chain included 

additional DSMs (e.g. additional statistical techniques or dynamical downscaling). This is 

supported by the work of Gutmann et al. (2014) who evaluated differences among a large number 

of statistical downscaling methods and established particularly strong impacts on precipitation 

estimates.  

 

2.4.4.6 Residual most relevant in water-limited situations 

 The spread is most explained by the residual when water is limited, either by climate (i.e. 

arid regions) or by our analysis focusing on low flows. For example, in Figure 2.11c we see that 

the residual is one of the strongest contributors to low flows at the gridcell level. In some of the 

smaller arid basins of the southeastern domain the residuals even become the dominant contributor 

to the spread (Figure 2.10c). 

 

2.5. CONCLUSIONS 

Our findings about hydrologic changes in the PNW in response to climate change are 

generally consistent with other studies (Elsner et al., 2010; Hamlet et al., 2013). However, the 

spread among the projections is considerably wider as a result of expanding the number of 

modeling options used to create the ensemble. While the ensemble projects decreasing peak SWE 

throughout the domain, the spread among those projections is widest in mid-elevation areas where 

changes are projected to be greatest. Further, the ensemble is in good agreement that Canadian 

portions of the basin are likely to retain a large part of its snowpack through the end of the 21st 

century. This shift in snow retention has significant implications for international agreements 

regarding water resources planning. The ensemble agrees overwhelmingly that winter streamflows 
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will increase across the domain. There is also overwhelming agreement that summertime 

streamflows will decrease. Most disagreement exists in projections of autumn streamflow, 

especially in smaller tributaries. The disagreement in these locations highlights that there is 

generally less consistency among projections of climate change impacts on smaller upstream areas. 

Our analyses offer guidance for future hydrologic climate impacts studies. The extent to 

which each modeling decision contributes to the spread in projections of change depends on both 

location and metric of interest. Choice of RCP is most impactful when enhanced snowmelt will 

affect the region or metric. For situations in which the GCMs disagree about changes in 

precipitation, and in particular in energy-limited environments, GCM selection is most important. 

Choice of HM is a larger contributor for situations in which soil processes are more active (e.g. 

low-flows, arid environments). The dominance of the residual in water-limited situations 

necessitates further work involving the ways that modeling components interact. This is of 

particular interest given the acute stresses that these low-flow periods have upon water users and 

ecosystems.  

Our findings are largely robust to the internal variability in the system. Overall, the role of 

IV is strongest when precipitation is a driving factor, moderate when temperature is the driving 

factor, and smallest when the HM is the driving factor. Nevertheless, for the 30-year period over 

which we calculated our metrics, model variance exceeds that of IV. Thus, modeling choices have 

a greater impact on our results than the natural variability in the system. As Hawkins and Sutton 

(2009) note, the portion of variance contributed by IV is irreducible since it comes from the natural 

climate system. On the other hand, the model variance highlights areas where model refinement 

could improve hydrologic projections of climate change impacts.  
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These findings can inform future modeling efforts by leading to a select set of 

recommendations. While increasing the number of ensemble end members improves the 

understanding of the spread in projections, based on our results it may be possible to tailor a future 

study to the questions of interest. One could emphasize analysis and resources within the model 

decision step which accounts for the most spread in the ensemble for any metric of interest. For 

example, for adequately understanding climate change impacts on low flows, it may be an efficient 

use of resources to evaluate how and why hydrologic models differ in their sensitivities of changes 

in low flows. Within this domain and this ensemble, the influence of DSM choice was negligible 

compared to that of GCM choice, but we only investigated two statistical DSMs and thus likely 

underestimate DSM contribution to model spread. Therefore, it may be useful to shift efforts 

toward incorporating more GCMs into an ensemble, particularly in areas with high runoff ratios 

where changes in precipitation will be the driving factor determining metrics like changes in 

annual volume.  

To best aid water resources preparedness, it is critical that modeling efforts capture the most 

representative range of possible outcomes. Given perennial computational restraints, we might 

derive more confidence in future projections by emphasizing model diversity at steps in the chain 

most relevant for our research questions. 
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Chapter 3 CLIMATE CHANGE ALTERS FLOOD 

MAGNITUDES AND MECHANISMS IN CLIMATICALLY-

DIVERSE HEADWATERS ACROSS THE NORTHWESTERN 

UNITED STATES 

This chapter is in review for publication in the Environmental Research Letters. © IOPscience. 

Used with permission. The supplemental material for this chapter is provided in Appendix B. 

 

 

Chegwidden, Oriana S., Rupp, David E., and B. Nijssen, 2020: Climate change alters flood 

magnitudes and mechanisms in climatically-diverse headwaters across the northwestern United 

States. Environmental Research Letters, in review.  

 

3.1. INTRODUCTION 

The hydrology of river systems is expected to change under projected human-caused 

changes in air temperature and precipitation. Changes to high flows are of particular interest since 

they can lead to damaging flooding events (Smith & Katz, 2013). A large body of literature 

assesses how high flows have changed in magnitude in observational records (Mallakpour & 

Villarini, 2015; Matti et al., 2017; Yuan et al., 2018) as well as their response to projected climate 

change (Bürger et al., 2011; Knighton et al., 2017; Köplin et al., 2014; Mandal & Simonovic, 2017; 

Mantua et al., 2010; Taye et al., 2011; Vormoor et al., 2015). A growing number of studies 

recognize the importance of incorporating upstream metrics and processes (e.g. temperature, 

snow-rain partitioning, soil moisture) into their assessments of changes in high flow magnitudes 

(Davenport et al., 2020; Wasko & Nathan, 2019; Wasko & Sharma, 2017; Yan et al., 2019) and 

the relative prevalence of different flood generating processes (FGPs; e.g. Berghuijs et al 2016, 
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2019). However, these studies were all based on the observational record which has limitations for 

extrapolating under a changing climate. First, applying historic relationships may not hold under 

a future climate that differs markedly from the observed climate. For example, Diffenbaugh (2020) 

showed that extrapolation based upon even the most recent historical records can be tenuous. 

Second, the dominant FGPs may change in an altered climate, particularly when warming causes 

a substantial change in precipitation phase. No study to date has explicitly calculated sensitivities 

of high flows, classified according to their dominant FGP, to changes in climate. Our study 

responds to the grand challenge posed by Sharma et al. (2018) calling for a better understanding 

of the impacts of precipitation changes on floods.  

Modeling studies can address changes in the FGP, allowing for a process-based analysis of 

projected changes in high flows. For example, Musselman et al (2018) examined changes in the 

rain-on-snow (ROS) FGP across the western U.S. due to projected climate change and calculated 

the change in ROS-generated rain and snowmelt water available for runoff. However, they 

highlighted as potential future work the use of a hydrologic model to account for the role that soil 

plays in changing high flows. Sharma et al (2018) also encouraged further evaluation of the role 

of the soil column in mediating extreme runoff, particularly under climate change.  

This paper aims to understand how climate change will impact both the prevalence of 

different FGPs and the magnitude of high flows generated by these FGPs. Furthermore, this paper 

seeks to quantify the “sensitivity” of extreme streamflow generated by distinct FGPs to changes 

in climate. The streamflow response to changes in temperature or precipitation has been called 

“sensitivity” (Milly et al., 2018; Nijssen et al., 2001; Vano et al., 2012) or “scaling” (Wasko & 

Sharma, 2017). In this paper we will use the term “sensitivity.” Sensitivities are easy-to-interpret 

estimates of the response of a chosen variable (in our case streamflow) to climate change. Vano et 
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al. (2015) applied the sensitivity approach to annual streamflow across the Pacific Northwest 

(PNW). Their study provided first-order approximations of hydrologic impacts to aid in scenario 

selection for decision making. These model experiments did not evaluate sensitivities of extreme 

high flows. Expanding the sensitivity approach to encompass extreme events can aid in climate 

change planning for water resources management.  

All analyses are based on a large ensemble of climate change projections to provide a more 

robust analysis of changes in extreme events (van der Wiel et al., 2019). Previous studies detail 

how modeling choices can strongly affect climate change projections of mean streamflow values  

(Addor et al., 2014; Alder & Hostetler, 2019; Chegwidden et al., 2019; Velázquez et al., 2013). 

Here we use multiple modeling set-ups to better understand the effect of modeling decisions on 

high flows.  

Our study covers a variety of hydroclimatic regions in the Columbia River Basin (Figure 

3.1), which allows for the assessment of the effect of projected changes on different dominant 

FGPs. There is also a strong socioeconomic motivation for studying the Columbia River Basin, 

which is intensely managed by a variety of stakeholders with often competing interests. 

Operationally, the system of dams in the region prioritizes flood risk management under 

international treaty obligations that are under renegotiation at the time of this writing (Bankes, 

2012).  

3.2. METHODS 

The methods here are built on Berghuijs et al (2016), Vano et al (2012, 2015), Musselman 

et al (2018), and Curry and Zwiers (2018). Berghuijs et al (2016) classified extreme flow events 

as originating from snowmelt, extreme precipitation, or excess soil moisture. We used similar 

flood classifications as Berghuijs et al (2016). Unlike their methods that related mean timing of 
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floods to mean timing of upstream processes, we linked individual high flow events to upstream 

hydrologic conditions at or before each specific event. We based our classifications on a set of 

hydrologic simulations distributed across headwater basins and evaluated how these classifications 

change under climate change. We classified high flows according to their FGP, anticipating that 

different FGPs might respond differently to changes in climate. 

 

3.2.1. Base dataset 

We used a large ensemble of hydrologic and climate change simulations for the Pacific 

Northwestern United States spanning the years 1950 to 2099 (Chegwidden et al., 2017) as our base 

dataset. As described in Chegwidden et al (2019) and River Management Joint Operating 

Committee (RMJOC; 2018), the simulations represent a multi-model ensemble of hydrologic 

projections, which is useful for representing uncertainty in projections of the hydrologic response 

to climate change (Bosshard et al., 2013; Vano et al., 2018; Velázquez et al., 2013; Vormoor et 

al., 2015). The climate projections from two representative concentration pathways (RCPs; mid-

range greenhouse gas concentrations, RCP 4.5; high concentrations, RCP 8.5) and 10 global 

climate models (GCMs) were selected from the Coupled Model Intercomparison Project Phase 5 

(Taylor et al., 2012). Climate data were downscaled to the spatial resolution of the hydrologic 

models (~6 km) using the Multivariate Adaptive Constructed Analogs (MACA) downscaling 

method (Abatzoglou & Brown, 2012). The four hydrologic models include three implementations 

of the Variable Infiltration Capacity model (i.e. VIC-P1, VIC-P2, VIC-P3) and one 

implementation of the Precipitation Runoff Modeling System (PRMS-P1). The resulting 

hydrologic simulations do not account for changes in land use or landcover, which can influence 

hydrologic extremes (Blöschl et al., 2007; Bronstert et al., 2002; Hurkmans et al., 2009). Further 
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details on the construction of the dataset can be found in the Supplementary Materials Section 

S2.1.  

Most analyses to date have used gridded runoff fields taken directly from climate or 

hydrologic model simulations without routing this runoff through a stream network. We used 

routed streamflow instead to assess the aggregate impact at locations in the stream network. We 

analyze headwaters basins (most smaller than 4500 km2 and all smaller than 10,000 km2) because 

floods in small basins likely result from a single dominant FGP. Although, our results are based 

on unregulated flows and do not account for local channel and floodplain hydraulics, the findings 

can still aid in informing future management.  

3.2.2. Study domain 

We conducted our study across 21 headwater basins located in a variety of hydroclimates 

within the Pacific Northwestern United States (PNW, see Figure 3.1). Broadly, this region is 

characterized by winter-dominant precipitation (Hamlet et al., 2013). The precipitation falls on 

regions of complex topography and temperature regimes, creating a spectrum of snow-rain 

partitioning across the region. The range of hydroclimates creates a variety of ways in which snow 

mediates the timing of runoff in the region. 

As a representative sample, we distributed the 21 headwaters basins among three different 

hydroclimatic regions: (1) temperate: seven basins in lowland, historically rain-dominant regions, 

(2) transition: seven basins on the leeward side of the Cascade Range, characterized as basins 

where precipitation is projected to transition from snow to rain under climate change, and (3) 

montane: seven high-elevation basins in the Rocky Mountains where snow is generally less at risk 

under a changing climate (Chegwidden et al., 2019; Hamlet et al., 2013). 
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Figure 3.1. The 21 headwater study basins.  

 

3.2.3. Classifying annual maxima by flood generating process (FGPs) 

Our analyses focus on annual maximum flow (AMF) from 1951-2099. We calculated AMF 

as the highest daily flow to occur in any given water year (WY, October 1 – September 30). We 

specifically selected AMF as opposed to other high flow metrics to create a single value for each 

year in the study period. As if often done in the literature, we will use the term “flood” when 

discussing high flow, although we recognize that a river’s AMF will not necessarily exceed its 

banks. Bankfull flow can be approximated by the one- to two-year return flow, and so the AMF is 

reasonably representative of flood stage.  
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We based our FGP classification generally on Berghuijs et al (2016) but modified the 

classification scheme to better suit our objectives. We determined the FGP directly for each AMF 

event, which is in contrast to Berghuijs et al (2016) who inferred FGP by aligning the mean timing 

of streamflow events with the mean timing of precipitation and snowmelt events. Determining the 

FGP accounts for potential changes in upstream climate and hydrologic states, which is important 

in a climate change study. 

We first collated the AMFs with their corresponding basin-average states and processes 

(i.e. precipitation and snowmelt) for each model simulation during the period (1950 –2099). We 

then classified each AMF according to its dominant FGP via a decision tree. The definitions of 

each FGP and the classification tree are outlined fully in Section S2.3. The FGP classes were: (1) 

Precipitation driven, (2) snowmelt driven, (3) Rain-on-snow (ROS) driven, (4) Other. We limited 

our analyses to a small number of classes to create a sufficiently large sample size for each 

classification in our sensitivity analysis (Section 2.4). While many hydrologic events result from 

a diversity of upstream processes (e.g. rain-on-snow at high elevations combined with rain at low 

elevations), we identified a single, dominant FGP for each high flow event. Accordingly, we 

selected small headwater basins so that a single upstream FGP was likely to be dominant. We then 

identified how these FGPs changed under climate change. 

For regional analyses, we calculated the portion of events for all simulations at all sites in 

each region caused by each FGP for each year. This paper does not focus on the “Other” class as 

it played a minor role overall in our study basins. 

 

3.2.4. Calculating sensitivities 
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Vano et al (2012) estimated sensitivities of annual streamflow to changes in annual 

temperature and precipitation. We instead estimated sensitivities of high flows to changes in 

annual temperature and precipitation and took the additional step of calculating sensitivities of 

high flow conditional upon their FGPs.  

For each location, we calculated the ensemble’s projected sensitivities to changes in annual 

temperature and precipitation according to the methods described in Section S2.4 of the 

Supplementary Materials. Changes in climate were calculated as changes in mean annual 

precipitation and temperature between the control (WY 1970-1999; “1980s”) and future (WY 

2070-2099; “2080s”) periods for the area upstream of each streamflow location for the years 

classified by each FGP.  

We purposefully base our analyses on annual changes in temperature and precipitation for 

three reasons. First, we want to provide a first-order understanding of the sensitivity of high 

streamflow to climate change to support stakeholders with limited access to computing resources 

or costly modeling studies. These first-order understandings also align well with the existing 

sensitivity literature which is often with respect to mean annual changes. A similar approach was 

used by Curry and Zwiers (2018) to investigate linear relationships between high flows and 

hydroclimate predictors based on the observational record. Second, we reiterate the reasoning of 

Curry and Zwiers (2018) that the annual precipitation signal is less variable than the daily extremes 

and thus the sensitivity approach is more robust when calculated upon the annual values.  

 

3.3. RESULTS AND DISCUSSION 

3.3.1. High flows will increase in magnitude with smaller subbasins experiencing larger 

increases 
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As detailed in Queen et al (in review), AMFs are projected to increase across the PNW at 

almost all locations under any scenario, in general agreement with (Tohver et al., 2014). Projected 

changes in AMFs from all 396 streamflow locations in the Chegwidden et al (2019) ensemble are 

shown in Figure A2.1 in the Supplementary Materials. As AMF magnitude (and, by proxy, basin 

size) decreases, the increases in AMF grow larger. The contrast between small and large basins 

aligns with the suggestion from Sharma et al (2018) that extremes will intensify more strongly in 

headwater basins. The significance of headwaters basins as being most susceptible to changes in 

flooding further motivates our focus on smaller basins in this study.  

 

 
Figure 3.2 Changing proportion of annual maxima daily flow (AMF) attributable to each flood 
generating process under RCP 8.5. Proportions shown represent fractions of all AMFs from 30-
year windows (centered on the year shown in the plot) across simulations from 10 GCMs and 4 
hydrologic models from seven headwaters basins in each study region.  
 

3.3.2. High flows will shift from snowmelt-driven to precipitation-driven 

Snow accumulations are projected to decrease throughout the 21st century with projections 

of increased temperatures (Chegwidden et al., 2019; Elsner et al., 2010; Gergel et al., 2017; Hamlet 

et al., 2013). Accordingly, the overall role of snow in the hydrology of extreme events is projected 

to diminish, thus affecting the distribution of FGPs.  
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Changes in dominant FGP over time demonstrate the changing role that different processes 

play in the generation of AMF (Figure 3.2). Figure 3.2a shows that in the 20th century AMFs in 

temperate basins were mostly precipitation driven, with about 25% caused either by snowmelt or 

rain-on-snow (though mostly snowmelt). By the 2080s under RCP 8.5, ROS-driven AMFs nearly 

disappear and snowmelt-driven AMFs account for only about 5% of the total.  

The transition basins will experience a large shift from snowmelt to precipitation-driven 

AMFs (Figure 3.2b). In the 20th century, precipitation is responsible for only 13% of AMFs but by 

the end of the 21st century it is responsible for 50% of AMFs. Transition basins also experience a 

small reduction in the frequency of AMFs caused by ROS (23% to 18%). When compared to the 

results for RCP 4.5 shown in Figure A2.2, we see that emission mitigation has its greatest impact 

in transition basins, where mitigation could reduce the share of precipitation-driven AMFs from 

50% to 35% by the 2080s.  

Our findings contrast with those of Musselman et al (2018) who found that, based on one 

set of simulations from one high-resolution climate model, ROS incidence would decrease at low 

elevation basins in the PNW but increase in higher elevation basins. In our study, we see a near 

disappearance of ROS AMFs in the temperate (lower elevation) region, and a small decrease in 

higher elevation regions (Figure 3.3c), likely owing to the overall reduction in snow presence. 

Besides climate model differences, a key distinction between our studies is that the analysis here 

addressed all FGPs but only for AMF, while Musselman et al (2018) investigated ROS events only 

but for all event magnitudes. Changes in smaller magnitude ROS events are not captured by our 

analyses, which focus on the mechanisms behind the largest events. 

As noted in the Introduction, the choice of hydrologic model can substantially impact 

model results. Figure 3.3 shows the proportion of AMFs triggered by each of the three major FGPs 
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for each of the three hydro-climatic regions and separated by hydrological models. The control 

and future (RCP 8.5) periods are shown with open circles and filled triangles, respectively. 

Simulations from every GCM-hydrologic model-headwater basin permutation are then plotted on 

the ternary graphs. The results from the four different models are shown in different colors, with 

the marginal distributions of control (dashed lines) and future (solid lines) displayed along the axes 

of the ternary diagrams. The mean behavior of the four different hydrologic model results is shown 

in the differently colored bold circles and triangles with connecting lines.  

Generally, the hydrologic models agree on their patterns of shifting from snow-driven to 

precipitation-driven AMF, as seen by the shift of every circle (control) toward the lower right part 

of the plot for its corresponding triangle (future) in the mean. Nevertheless, we note several 

nuances. First, there can be a large spread in the FGP partitioning depending on the region. For 

example, in the montane region while the means of the different hydrologic models are very tightly 

clustered, the spreads of the simulations are wide. The transition region shows the greatest 

hydrologic model diversity, with PRMS behaving markedly differently from the three VIC 

implementations with more precipitation- and ROS-driven AMFs at the expense of snowmelt 

events.  

We also note that hydrologic model can have a strong impact on the attribution of the 

process causing the AMF. For example, in every region the PRMS implementation consistently 

exhibits fewer snowmelt and ROS AMFs in favor of precipitation-driven events. This is a result 

of a simpler elevation representation in PRMS compared to VIC which allows for high elevation 

snowfall in regions of complex topography. As another example, the VIC-P1 simulations in the 

temperate region show more snowmelt-driven AMFs, due to a less flashy hydrograph in those 

simulations, decreasing the peak of the precipitation events causing the snowmelt peak to be the 
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year’s highest event. Broadly, however, the relative behaviors of the models are preserved under 

climate change: the relative positions of each marker on the ternary plot is consistent in control 

and future periods. For example, the PRMS simulations show less snow in all regions in the control 

period and continue to in the future.  

 
Figure 3.3. Partitioning of annual maximum daily flows for the control (1980s) and future (2080s; 
RCP 8.5) by their respective flood generation processes. Every marker represents a different 
(GCM-hydrologic model-headwater basin) permutation, with the larger markers indicating the 
median of each hydrologic model’s simulations. The marginal distributions of those markers are 
shown along the axes. The marginal distributions were smoothed using a Gaussian kernel density 
estimator. 
 

3.3. Projected changes in high flows: Precipitation-driven high flows will increase in 

magnitude more than snowmelt-driven AMFs  

The changes in AMF for each FGP and their relationship to changes in climate are plotted 

in the scatter plots of Figure 3.4. Each row corresponds to a different hydro-climatic region and 

each column corresponds to a different FGP. Every dot represents, for each (ensemble member-

hydrologic model-basin) combination, the mean change in temperature and precipitation along on 

the x-and y-axes, respectively, between control (1980s) and future (2080s) periods, with dots 

colored by the corresponding change in AMF magnitude. The mean changes in AMF for each 

FGP/region combination are shown in the upper left bar chart. 
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Grouping all hydro-climatic regions, precipitation-driven AMFs show the largest increases 

in flow magnitude, ranging between 29% and 36%. Increased AMF magnitude and increases in 

annual precipitation are connected because precipitation-driven AMFs are the result of fast-

response runoff. With increased precipitation, soils become increasingly saturated, promoting fast-

response flow so an individual precipitation event will be converted preferentially into runoff. 

ROS-driven AMFs show the smallest changes in magnitude (between -9 and +10%), likely 

because smaller snowpacks counteract the influence of elevated soil moisture that increases the 

magnitude of precipitation-driven AMFs. 

Changes in snowmelt-driven AMFs depend highly on the hydroclimatic regime: while in 

the transition and montane regions we see average increases of 12% in magnitude, in temperate 

regions, AMFs increase by 33%. We can explain this difference using the same logic of the 

interpretation of the precipitation-driven AMFs above. The general pattern for a snowmelt-driven 

event includes a period of elevated soil moisture due to the melting of an upstream snowpack. 

Then, for any year’s AMF to satisfy the classification of snowmelt-driven, elevated streamflow 

due to snowmelt must follow a (series of) precipitation event(s) or warm period triggering intense 

melt. Because snow plays a smaller role in the temperate region, the AMFs are more likely caused 

by precipitation events, and thus the sensitivities of the temperate snowmelt-driven AMFs behave 

more similarly to the precipitation-driven floods. The snowmelt-driven floods in the transition and 

montane regions experience less of the influence of elevated precipitation and show smaller 

average increases in AMF (~12%).  
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Figure 3.4. The dependence of changes in annual maximum daily flow on changes in mean annual 
temperature and precipitation between the control and future period. Columns show floods from 
different FGPs. Rows indicate different study regions. Every dot corresponds to a different climate 
forcing (RCP-GCM) permutation for a different streamflow basin. Isolines indicate a linear 
regression from Equation (3) with coefficients for temperature (b1) and precipitation (b2) shown 
in plot titles. Plots only shown in which regressions had an R2 of greater than 0.3. The mean change 
of all region/FGP combinations is shown in the upper left bar chart. 

 

3.4. Sensitivities of high flows to changes in climate: Up to 2% increase in flood magnitudes 

in response to 1% increase in annual precipitation 
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The contours on the panels of Figure 3.4 reflect the multilinear regression of changes in 

AMF (Δ𝐴𝑀𝐹)	on changes in mean annual temperature (Δ𝑇) and annual precipitation (Δ𝑃)	 

 Δ𝐴𝑀𝐹 = 𝛽? + 𝛽@Δ𝑇 + 𝛽A∆𝑃. (3) 

The coefficients 𝛽@and 𝛽A for each FGP/region combination (see Figure 3.4 panel titles) represent, 

respectively, the relative increase in AMF magnitude given a 1 °C increase in annual temperature 

and a 1% increase in annual precipitation. The contours in each panel represent the linear 

combination of the response in AMF magnitude over a range of changes in temperature and 

precipitation from Equation 3. As a simple linear regression, Equation 3 ignores interactions 

among predictor variables and non-linearities in the response of AMF to changes in climate, but 

aids in interpretability of the coefficients 𝛽@and 𝛽A. 

Sensitivities are positive for annual precipitation for all FGPs and regions. The region/FGP 

combinations with higher changes in AMF magnitude also have higher sensitivities. For example, 

precipitation-driven events in montane regions (average increase 28%; upper left panel) show a 

high flow sensitivity (𝛽A) of 1.67 %/% (bottom left panel) compared to the 1.40 %/% sensitivity 

of ROS-driven AMF in montane regions (which only increase on average by 9%). We note that 

the temperature sensitivity is more variable across FGPs and regions, with the strongest coefficient 

being -2.0 % / °C. Because the units of changes in temperature [°C] and precipitation [%] are not 

directly comparable, we cannot say that one scenario is “twice as sensitive to changes in 

precipitation as changes in temperature.” Nevertheless, we can conclude that increases in annual 

precipitation show a much stronger relationship with increases in AMF than changes in annual 

temperature. Comparing the slopes of the contours between panels in Figure 3.4 allows us to see 

whether changes in AMF are more strongly related to temperature for one FGP compared to 

another, or in one hydroclimate compared to another. 
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Changes in mean climate explain, at most, 49% of the variance in changes in AMF (as seen 

by the R2 values in Figure 3.4), leaving the majority of the variance unexplained. Still, we are able 

to derive useful first-order relationships between changes in high flows and changes in mean 

climate. For example, the sensitivity approach explains ~40% of the variance in montane regions 

and changes in snowmelt events. We also find that annual precipitation change is a stronger driver 

of changes in AMF than changes in annual temperature. For example, the montane region shows 

almost no temperature sensitivity, potentially because AMFs occur during wet, cold times of the 

year when ET is low and the changes in temperature are not sufficient to cause a large change in 

precipitation phase. The two sensitivity regressions with the strongest temperature components 

(see precipitation-driven events in temperate and transition basins) have among the lowest R2 of 

those studied. The one example of a relationship with a stronger temperature sensitivity and an R2 

above 0.3 is snowmelt events in temperate basins.  

3.4.  CONCLUSIONS 

While AMFs are projected to increase almost universally across the Pacific Northwest, 

there are distinct differences among flood generating processes (FGP). With reductions in snow, 

temperate and transition zones will experience AMFs which are precipitation-driven instead of 

snowmelt-driven. These precipitation-driven events show the greatest sensitivity in their 

magnitudes with changes in climate and will on average be 35% higher in magnitude. The 

reasoning behind this higher sensitivity is intuitive: precipitation-driven floods originate from fast-

response runoff which has less opportunity to be delayed by other mediating processes like 

infiltration or evapotranspiration and sublimation. This supports Wasko and Nathan (2019) who 

found that while soil moisture trends can affect less extreme high flow events, higher flow events 

(including AMF) are mainly controlled by precipitation changes. By the end of the 21st century, 
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ROS events will likely have greater magnitudes but will have a smaller role in controlling AMFs 

because of a reduced prevalence of ROS. The patterns of shifts from snow to precipitation-driven 

dominance are largely robust across hydrologic models, though the ability of the models to 

represent sub-grid scale snow processes, such as multiple elevation zones within each model grid 

cell, influences the rate of this shift. We also show that a simple linear regression of changes in 

high flows against changes in mean annual temperature and precipitation can explain about 40% 

of the variance in the high flow changes. This suggests that a simple linear relationship can provide 

a first-order analysis of changes in high flows. Further, because of the interpretability of the linear 

regression framework, we can deduce sensitivities of flood magnitudes ranging between 1 and 2% 

increases for every 1% increase in annual precipitation. We believe that these are the first published 

numerical estimates of flood magnitude sensitivity to changes in annual climate and contribute 

toward the grand challenge posed by Sharma et al (2018). 

Finally, a comparison of the differences between the changes in prevalence of each FGP 

of RCP 4.5 and RCP 8.5 climate scenarios shows the potential for climate change mitigation to 

limit the risk of increased high flows. Based upon these analyses, a warmer world will experience 

increased precipitation-induced flooding, which also shows a greater sensitivity to changes in 

climate. This finding presents two interrelated benefits of emissions mitigation: (1) we mitigate 

flood risk by preserving snowmelt-triggered floods which (2) have a lesser sensitivity to the 

warming that does occur.  
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Chapter 4 CLIMATE CHANGE HOT SPOTS OF WATER 

STRESS AND HYDROPOLITICAL CONFLICT  

This chapter is in preparation to be submitted to Nature Climate Change. The supplemental 

material for this chapter is provided in Appendix C. 

 

Chegwidden, O. S., N. Cristea, and B. Nijssen 2020: Climate change hot spots of water stress 

and hydropolitical conflict. Nature Climate Change, Manuscript in Preparation. 

 

4.1. INTRODUCTION 

Anthropogenic climate change is very likely to alter timing and volumes of water availability in 

basins around the world and to impact water resources (Arnell, 1999; Schewe et al., 2014; 

Vörösmarty et al., 2000). Anticipating these changes will help society sustainably adapt by 

implementing conservation measures, building water reuse infrastructure, considering additional 

storage capacity, and building alliances among users of the same water source (Vano et al., 2018).  

 

Three hundred and ten large basin in the world straddle at least one international border 

(McCracken & Wolf, 2019). Many of these international basins have experienced hydropolitical 

discord ranging from treaty disagreements to outright military conflict (De Stefano et al., 2010; 

TFDD, 2016). Future changes in available freshwater from these basins have the potential to strain 

international relations (De Stefano et al., 2017). To mitigate risks from this threat, the United 

Nations recommended collaborative water management in their sixth Sustainable Development 

Goal (United Nations, 2016). 
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The earth science modeling community has focused extensive research efforts on projecting water 

availability under climate change. Many studies have assessed changes in precipitation as a proxy 

for changes in water availability (Trenberth et al., 2003, 2014). While this kind of analysis may 

suffice at locations far upstream in a basin, water resources are not always local, with rivers 

potentially impacting downstream communities thousands of kilometers from the source 

precipitation. Further, while precipitation delivers water to the land surface, water availability is 

ultimately determined by an interplay of land surface processes including evapotranspiration, snow 

processes, and runoff. Accordingly, it is necessary to analyze not just changes in precipitation, but 

changes in runoff, as some studies have begun to do (Cook et al., 2020; Ukkola et al., 2020). 

Spatially-distributed runoff from the land surface is subject to two key overlapping geographic 

boundaries: (1) basin boundaries that determine via which river runoff is conveyed from land to 

oceans and (2) political boundaries that divide the river according to national borders. Both 

geographic boundaries are relevant to determining how changes in runoff might impact future 

hydropolitical tension. A handful of hydropolitical studies have assessed the susceptibility of river 

basins to climate change (Best, 2019; Farinosi et al., 2018; De Stefano et al., 2017). However, their 

analyses did not achieve the spatial specificity necessary to account for international, subbasin 

differences in hydrologic responses and upstream/downstream connections. Further, no 

hydropolitical analysis has been performed on an ensemble of climate change projections, which 

has been shown to be critical for a robust assessment of climate change impacts (Vano et al., 2018). 

With the release of results from the Coupled Model Intercomparison Project Phase 6 (CMIP6; 

Eyring et al., 2016) the global climate modeling (GCM) community has provided a rich source of 

hydrologic climate impacts information. The number and sophistication of GCMs has grown, 

providing a diversity of ways of representing the land surface and its hydrologic sensitivity to 
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changes in climate. Model choices can have a large influence on the projected changes in 

hydrology (Addor et al., 2014; Chegwidden et al., 2019; Clark et al., 2016; Prudhomme & Davies, 

2009; Vano et al., 2018). Analyzing the large ensemble of projections from CMIP6 supports robust 

hydrologic impact assessments. This is of critical importance, particularly since early results 

indicate that CMIP6 has a higher climate sensitivity indicating a wider range of possible climate 

impacts in the 21st century (Zelinka et al., 2020).  

 

Accordingly, this paper will address two key questions: 

(1) According to runoff estimates from CMIP6, how will climate change impact water 

availability through the 21st century? 

(2) How are these projected changes overlaid on existing hydropolitical tensions? 

 

With this study we aim to highlight regions meriting more localized study using finer resolution 

climate projections and well-calibrated hydrologic modeling. We do not intend to provide 

projections of changes in hydrology for planning purposes. We restrict our analyses to surface 

water availability and do not address water quality, water demand, or water management, all of 

which greatly influence practical water availability. However, this analysis is intended to represent 

a broad study of the water quantity as expressed through changes in water availability. Given that 

deteriorations of water quality (Whitehead et al., 2009) and increasing demand (Kummu et al., 

2016) are likely to exacerbate access to water, we see our results as a lower bound of potential 

risks. Water management may alleviate some challenges of water availability for some countries, 

but can also elevate hydropolitical tensions, as discussed in this study. We also showcase the use 
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of the Pangeo data sharing and analysis architecture which was used for all analysis in this study 

(Eynard-Bontemps et al., 2019). 

 

4.2. METHODS 

We assessed runoff from 22 different GCMs as part of the Coupled Model Intercomparison 

Project Phase 6 (CMIP6; Eyring et al., 2016). Given the more limited availability of daily runoff 

data, we decided to use monthly-averaged runoff (i.e. 12 values per year) as the variable of interest. 

To test the robustness of the methods using monthly runoff, we evaluated the metrics on a subset 

of the GCM runoff data which were available at both monthly and daily timesteps. We found that 

the differences between monthly-averaged and 30-day running means were negligible (not shown).  

 

4.2.1 Runoff metrics of interest 

In this study we investigated the change in a variety of metrics which characterize the mean 

state and variability of the hydrology of every pixel in the global domain. We used the following 

metrics as measures of hydrology, all based upon the monthly averaged runoff.  

• Mean annual runoff [m/year] – This metric was used to measure the overall water 

availability in a basin. From a hydrologic perspective, ignoring water reuse or groundwater 

extraction, changes in this quantity are a hard cap on the total amount of water available to 

basin water users annually. 

• Hydrologic range (Rh) of monthly runoff [-] – This metric was used to represent how 

dynamic a river system is and is defined as follows: 

𝑅D =
@
E
∑ GHIJKLMN,JPQGRSJ(LMN,J)	

∑ LMN,JUV
JWU

X
Y                             (1) 
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Runoff (RO) was analyzed for every year y at the monthly timestep (m=1,2,..12) resulting in 12 

values for each year. The maximum and minimum monthly runoff were selected for each year y 

(i.e. evaluated across the m dimension) and then scaled by the annual sum of runoff for that year. 

Those values were then averaged across each period of length N=30. 

Each metric was calculated as an average of each of the historical (1986-2015) and future 

(2070-2099) climatological periods. For the analyses shown here, all changes in metrics were 

calculated as differences between the future and historical periods. Changes between historical and 

future periods were reported as percentage differences (%) for annual mean and absolute 

differences [-] for hydrologic range. Thresholds for “no change” for annual mean were +/- 10% 

and for Rh were +/- 0.05. Otherwise, the changes were labeled as “increase” or “decrease”. 

 

4.2.2 Basin spatial averaging analyses 

We conducted analyses for two different kind of polygon areas: river basin polygons and 

basin-country-unit (BCU) polygons. We used basin polygons from The World Bank (The World 

Bank, 2017). BCUs were constructed as follows: each river basin area was overlaid onto a map of 

national boundaries (“Countries WGS84,” 2015). Each basin was then divided according to the 

boundaries of the member nations within that basin into its different national components called 

basin-country units (BCUs;  De Stefano et al., 2017). 

Basin-mean or BCU-mean hydrologic indices were calculated by spatially-averaging the 

gridded monthly runoff to a single timeseries for each polygon. We highlight that we use averaged 

runoff and do not route the streamflow. This is defensible since the travel time for runoff across 

even the largest basin is shorter than one month. GCMs were not regridded to a common grid 

before conducting the spatial averaging. All spatial mapping from grid to basin or BCU polygons 
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was conducted using the native GCM grid to preserve each individual GCM’s response within 

each BCU polygon. Some polygons for certain BCUs were too small to cover an entire gridcell. 

For these cases, the single GCM gridcell closest to the centroid of the BCU was assigned to that 

BCU. 

 

4.2.3 Use ERA5-Land Reanalysis as reference dataset 

 The ERA5-Land reanalysis product (Copernicus Cilmate Change Service (C3S), 2020) 

was used to determine the basins’ runoff ratios in Figure 4.2. For this, the gridded monthly runoff 

and precipitation from 1986-2015 was spatially averaged to produce a single value of runoff and 

precipitation for each basin. The ERA5-Land product was also used as a reference dataset for 

ground-truthing of the annual runoff (Figure S1) and hydrologic range (Figure S2) metrics as 

calculated across CMIP6.  

 

4.2.4 Upstream/downstream analyses for international basins 

Of the 86 basins analyzed in Figures 4.1 and 4.2, 30 were selected for analysis within an 

international basin context. We selected the basins by first including those that were marked as 

“high risk” according to De Stefano et al. (2017) and then adding other international basins to 

provide at least three basins on every continent other than Australia. 

By qualitative visual analysis, we assigned every BCU to a node in a tree network for each 

of the 30 international basins. Each BCU node is connected to a single downstream BCU. The 

most downstream BCU is considered the outlet BCU and has no downstream countries. Each BCU 

can have multiple immediate upstream countries and upstream BCUs are considered recursively 

(e.g. every upstream BCU is considered upstream of the outlet BCU).  
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The hydrologic analyses were then conducted across each BCU separately. For example, 

the hydrologic response of the Brazilian portion of the Amazon was calculated by conducting a 

spatial average of all gridcells from each GCM falling within both Brazil and the Amazon 

polygons.  

For each of the 22 GCM results, the change in each BCU was calculated and then classified 

as follows. The change in mean annual runoff was classified as an “increase” or “decrease” if it 

changed by +/- 10%. A change in hydrologic range was classified as an “increase” or “decrease” 

if it changed by +/- 0.05. Otherwise, the BCU was determined to receive “No change”. Then, the 

change in each BCU was compared with the changes in upstream or downstream BCUs. Each 

pairwise connection was then assigned to one of the boxes in the matrix detailed in the upper left 

of Figure 4.3. For example, within a given basin as determined by a given GCM, an increase in an 

upstream BCU with a decrease in a downstream GCM would be added to the lower left of the 

matrix. This analysis was conducted on every upstream/downstream connection for each GCM in 

a given basin. 

Then, the counts in each cell of each matrix were normalized such that the total of the 

matrix cells sums to 1. Thus, we present a single matrix for each metric for each transboundary 

basin, describing the portion of upstream/downstream connections in each basin with different 

orientations of projected hydrologic changes. The matrices describing four basins for each metric 

are shown in Figure 4.3, with the full set of 30 transboundary basins shown in Figures S1 and S2.  

 

4.2.5 Integration with hydropolitical risk dataset 

 Hydropolitical risk information was acquired from the Transboundary Water Assesment 

Programme’s (TWAP) River Basin online data portal on April 16, 2020 (UNEP-DHI, 2016). The 
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risk indicator “Hydropolitical tension” (TWAP Risk Indicator 11 in the Summary Indicator 

spreadsheet) was used for the analyses of existing hydropolitical tension in Figure 4.4. Basin 

populations for Figure 4.4 were also derived from the TWAP basin database. 

 

4.3. RESULTS AND DISCUSSION 

4.3.1 Most basins will be wetter with more variable water 

We analyzed changes in area-averaged surface water (“runoff”) for international basins around the 

world based on results from the shared socioeconomic pathways (SSP) 5-85 from CMIP6, which 

offers continuity with the RCP 8.5 scenario from CMIP5(O’Neill et al., 2016; Taylor et al., 2012). 

The SSP 5-85 scenario represents unmitigated emissions for the 21st century with a high level of 

competition among nation states. O’Neill et al. (2016) recommend prioritizing this scenario for 

impacts assessments. 

 

We conducted our analyses of water availability in basins because rivers aggregate upstream 

responses. From an engineering perspective, runoff generated just outside of a basin boundary is 

irrelevant for inhabitants inside that basin. Simultaneously, as an example, while the headwaters 

of the Nile are thousands of miles from downstream Egypt, what occurs in these headwaters is 

relevant for downstream users. Thus, it is critical to assess hydrologic changes within the context 

of basin areas. Using monthly runoff estimates from the outputs of 22 global climate models (those 

for which monthly runoff was available at time of analysis) forced by the SSP 5-85 scenario, we 

assessed how water availability will change in a selection of 86 large basins around the globe (as 

defined by having a basin area covering at least 10 GCM gridcells according to the 1°x1.25° 

resolution CESM2 GCM grid).  
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We assessed changes in spatially-averaged mean annual runoff and hydrologic range. In this paper 

we define the metric of “hydrologic range”, Rh, to represent the overall dynamism of the seasonal 

runoff cycle in a basin. As a unitless quantity, it is the difference between the maximum and 

minimum basin-averaged runoff as a fraction of the total annual runoff. For example, an Rh-value 

of 1 would mean that all runoff occurs in a single month, while an Rh-value of 0 indicates that 

runoff is constant throughout the year. Together, these two metrics provide a general understanding 

of the seasonal cycle of a basin’s water resources. Changes in these two metrics might require a 

re-evaluation of current water management practices, as decreases in annual mean runoff suggest 

potential water shortages and increases in hydrologic range indicate increased floods and droughts 

and/or may require additional storage capacity. For both annual runoff and hydrologic range, the 

results of changes within a basin are spatially-averaged so as to weight changes in wetter portions 

of the basin more strongly than drier portions of the basin. See the Methods section for complete 

details on how to replicate this study. 

 

4.3.2 Europe, the Americas, and southern Africa are hot spots 

Median changes in annual runoff and hydrologic range are shown in Figure 4.1. The median 

historical (average of 1985-2015) runoff estimates are shown in the left panel of each figure. 

Runoff is higher in the tropics, aligning with the intertropical convergence zone, where runoff can 

exceed 2 m per year.  
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Figure 4.1 Mean annual runoff ([m/year]; top row) and hydrologic range ([-], bottom row).  
Baseline (mean of 1986-2015) shown on left with median projected change from 22 GCM models 
in the CMIP6 project (SSP 5-8.5) by the end of the 21st century (on right mean 2070-2099).  
 

The response of basins by the end of the century varies throughout the world but certain spatial 

patterns arise. Runoff is projected to increase in Central Africa, the high latitudes and southeast 

Asia and projected to decrease in South America, North America and Europe. These changes in 

runoff fall largely within the +/-25% range, excepting the endorheic Lake Chad basin where the 

ensemble projects a doubling of runoff. This basin is very arid and thus a large percentage increase 

in runoff does not necessarily indicate a great increase in amount of water.  

 

Areal averaged hydrologic range 2000s 

Annual areal averaged runoff 2000s 
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4.3.3 Hydrologic range decreases in the Arctic  

The historical representation of the hydrologic range within the 22 GCMs is shown in the bottom 

left of Figure 4.1, with the projected changes by the end of the 21st century in the bottom right. 

High latitudes and cold mid-latitude basins see a distinct decrease in their hydrologic range by the 

end of the 21st century. This is a direct result of a lengthening of the Arctic summer resulting in a 

longer hydrologically active season with diminished snow cover (Dankers & Christensen, 2005). 

With a smaller snow influence under a warmer climate we see distinctly less dynamic river systems 

in cold basins, aligning with other studies of Arctic rivers (Dankers & Christensen, 2005). 

Elsewhere, particularly in tropical basins, we see increases in the hydrologic range. This is likely 

a result of the intensification of the hydrologic cycle resulting in elevated precipitation intensity 

and an increasingly intense monsoon (Ha et al., 2020; Kutzbach, 1981; Xin et al., 2020). 
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Figure 4.2 Full ensemble of changes in basin mean annual runoff (top, [%]) and hydrologic range 
(bottom, [-]). Dots are located vertically at the median of the ensemble, with the ensemble 
interquartile range represented by a grey vertical line. Dots are located horizontally according to 
their basin-averaged runoff ratio according to the ERA5-Land reanalysis product, with moisture-
limited basins toward the left of the plots. The size of the dot corresponds to the total annual 
volumetric runoff from the basin and the color indicates the basin areally-averaged runoff from 
ERA5. The 30 basins with the highest annual runoff are labeled. 
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4.3.4 Changes in runoff are less certain in drier climates 

All of the analyses above were of median changes in runoff from an ensemble of 22 GCMs. While 

there are patterns in the ensemble’s median response, the interquartile range can be quite large. In 

Figure 4.2, we see the interquartile range of percentage changes in annual runoff (top) and 

hydrologic range (bottom) for each of the river basins in Figure 4.1. Each basin is represented by 

a dot, its color indicating the mean basin-averaged temperature (as determined by the ERA5-Land 

(Copernicus Cilmate Change Service (C3S), 2020)) and its size representing the total basin runoff 

(basin area × annual area-averaged runoff). The horizontal location of each basin represents its 

runoff ratio (the fraction of annual precipitation which results in runoff), which indicates how 

efficiently the basin produces runoff from its input precipitation. We see that basins to the left in 

the plot show much larger error bars, indicating a high sensitivity of hydrology in dry, moisture-

limited basins.  

 

4.3.5 Most basins respond uniformly across national boundaries 

Rivers in international basins flow across international borders. A variety of regional changes can 

affect hydropolitical tension such as changes in water demand or tensions arising from non water-

related factors. In this analysis we assess changes in water resources within each country subregion 

within a transboundary basin (basin-country unit; BCU). The upstream/downstream orientation of 

the hydrologic response of different BCUs can be consequential. For example, tension-inducing 

changes (in this paper defined as a decrease in annual mean runoff or an increase in hydrologic 

range) in an upstream country will affect downstream countries, though not the reverse. Further, 

increased flood risk (represented here by an increased hydrologic range) in an upstream country 

might be eased by passing high water to a downstream country. On the contrary, increased water 
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scarcity (as represented by decreased annual mean) in an upstream country cannot be eased by a 

downstream country. 

 

We calculated median hydrologic changes of the GCM ensemble in each BCU, assign those 

changes to either an “increase”, “decrease”, or “no change” category, and then compare changes 

between upstream/downstream countries (described in greater detail in the Methods section). We 

then assigned the changes from each upstream/downstream pair of BCUs to one of the nine boxes 

in the change matrices shown in the upper left of Figure 4.3. The position within the box 

corresponds to the change within each of the upstream/downstream pairs. The resulting matrices 

explain the overall orientation of projected changes in hydrology in the study basins. The key for 

the matrices in Figure 4.3 provides a qualitative explanation of what the overall changes could 

cause (e.g. if both upstream and downstream countries experience increases in hydrologic range, 

management of high flows could become more difficult leading to flooding). We expect that 

responses in the comparison matrices would cluster along the diagonal from lower left to upper 

right with the upstream and downstream BCUs responding similar. Deviations from the diagonal 

cells suggest potential challenges of international negotiation or conflict. 

  



 

 

 

63 

  

A
nn

ua
l m

ea
n

H
yd

ro
lo

gi
c 

ra
ng

e
Ba

si
n-

w
id

e 
in

cr
ea

se
“M

or
e 

w
at

er
”

M
ek

on
g,

 N
ile

, I
rra

w
a

d
d

y,
 

Za
ire

, J
ub

b
a

-S
he

b
el

le
,  

G
a

ng
es

-B
ra

hm
a

p
ut

ra
, N

ig
er

, 
In

d
us

, U
ru

gu
a

y

“M
or

e 
va

ria
bl

e 
hy

dr
og

ra
ph

”
A

m
a

zo
n,

 R
hi

ne
, E

ss
eq

ui
b

o,
 

Irr
a

w
a

d
d

y,
 S

a
lw

ee
n,

 S
a

n 
Ju

a
n,

 S
en

eg
a

l, 
Pa

ra
na

, 
D

a
nu

b
e

Ba
si

n-
w

id
e 

de
cr

ea
se

“L
es

s 
w

at
er

”
A

m
a

zo
n,

 C
ol

or
a

d
o,

 O
rin

oc
o,

 
M

a
rit

sa
, S

a
n 

Ju
a

n,
 V

a
rd

a
r, 

Tig
ris

-E
up

hr
a

te
s, 

D
a

nu
b

e,
 

Es
se

q
ui

b
o,

"F
la

tte
r h

yd
ro

gr
ap

h”
O

b

Fi
gu

re
 4

.3
  C

ar
to

on
 e

xp
la

in
in

g 
up

st
re

am
/d

ow
ns

tre
am

 c
on

ne
ct

io
n 

m
at

ric
es

 in
 u

pp
er

 le
ft.

 L
oc

at
io

ns
 in

 th
e 

m
at

rix
 c

or
re

sp
on

di
ng

 to
 

ad
ve

rs
e 

ch
an

ge
s a

re
 h

ig
hl

ig
ht

ed
 in

 re
d.

 M
at

ric
es

 fr
om

 fo
ur

 sa
m

pl
e 

ba
si

ns
 fo

r e
ac

h 
hy

dr
ol

og
ic

 c
ha

ng
e 

m
et

ric
: a

nn
ua

l r
un

of
f (

to
p 

tw
o 

ro
w

s)
 a

nd
 h

yd
ro

lo
gi

c 
ru

no
ff

 (b
ot

to
m

 tw
o 

ro
w

s)
. C

el
ls

 a
re

 c
ol

or
ed

 d
ar

ke
r b

lu
e 

to
 in

di
ca

te
 a

 h
ig

he
r p

ro
po

rti
on

 o
f t

ha
t b

as
in

’s
 e

ns
em

bl
e 

ca
te

go
riz

ed
 in

 th
at

 c
el

l. 
M

ap
s o

f c
ha

ng
es

 in
 b

as
in

s a
re

 sa
m

e 
as

 th
os

e 
in

 F
ig

ur
e 

2.
 S

um
m

ar
y 

ta
bl

e 
at

 lo
w

er
 le

ft 
ca

te
go

riz
es

 b
as

in
s w

ith
 

st
ro

ng
 a

gr
ee

m
en

t o
f c

ha
ng

es
 in

 u
ps

tre
am

/d
ow

ns
tre

am
 c

on
ne

ct
io

ns
. 

 



 

 

 

64 

Four highlighted change matrices for each of the metrics are highlighted on the right side of Figure 

4.3, annotating the maps in the same figure (see Figures S1 and S2 for the change matrices for all 

basins). The darkest blue cells correspond to the most common combinations among all BCUs in 

a basin and among all 22 GCMs. The CMIP6 ensemble projects that decreases will occur in both 

upstream and downstream countries within the Amazon and Danube basins. This homogeneity is 

in contrast to the Tigris-Euphrates basin and the Zambezi, where some downstream BCUs show 

projected increases in annual mean. Within the Zambezi those increases coincide with increases 

in upstream basins. However, within the Tigris-Euphrates, some downstream countries show 

increases while the upstream decreases.  

 

Figure 4.3 bottom right shows the same analysis for hydrologic range. Some basins exhibit 

increases both upstream and downstream (the Rhine) or decreases both upstream and downstream 

(the Ob). The former would qualitatively suggest increased flood risk, while the latter indicates a 

flatter hydrograph with reduced chances of flood. The Mekong shows upstream nations exhibiting 

higher increases in the hydrologic range than downstream BCUs, which show “no change”. This 

pattern would suggest that downstream countries could perhaps shoulder some of the increased 

hydrologic range upstream. The Senegal shows a more varied response, generally filling the 

“increase” squares of the comparison matrix.  

 

Any basin with a large portion of their upstream/downstream connections in the red boxes are 

worthy of further study. While this coarse resolution of study doesn’t provide actionable estimates 

of change, it can be useful for highlighting regions worthy of additional study.  
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4.3.6 Identifying hot spots of hydropolitical tension risk 

The Transboundary Water Assessment Programme (TWAP) conducted a comprehensive 

analysis of the risks of hydropolitical tension in transboundary basins globally (UNEP-DHI, 2016). 

Their analysis combined information about (1) current vulnerability (as measured via lack of 

treaties or collaborative multinational relationships) with (2) documented future plans of large 

scale dam and water diversion projects (TFDD, 2016). The resulting numerical scale indicates the 

level of potential hydropolitical tension risk. 

Figure 4.4 Portion of upstream/downstream connections from the full GCM ensemble which show 
adverse changes in hydrology. Location horizontally indicates the prevalence of projected 
decreases in annual runoff (prompting water scarcity) and location vertically indicates prevalence 
of increases in hydrologic range (prompting flood risk). Circle sizes scale with basin populations 
and colors indicate risk of hydropolitical tension as determined by the Transboundary Water 
Assessment Programme.  A risk of 1 (purple) indicates a largely collaborative transboundary basin 
and 5 (red) indicates a basin with a high risk of internal conflict. If a basin falls within a red shaded 
portion of the plot, at least half of its ensemble of upstream/downstream connections are projected 
to experience an adverse hydrologic change (e.g. either a decrease in mean runoff or an increase 
in hydrologic range). If a basin falls within the upper right red portion, it is expected to experience 
less annual runoff with a higher hydrologic range.  
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In Figure 4.4 we combine the hydropolitical tension risk metric from the Transboundary 

Water Assessment Programme’s (TWAP) with our analyses of projected changes in hydrology to 

identify transboundary hot spots. The location of each circle represents the portion of each basin’s 

BCU pairs that is projected to experience adverse changes in hydrology (change in hydrologic 

range versus change in annual mean). The color of each basin’s circle represents the TWAP 

hydropolitical risk score. For example, the Essequibo, Maritsa, Orinoco, San Juan, and Vardar 

basins all have high risks of hydropolitical tension. They also all show projections of decreased 

annual runoff and a more variable seasonal hydrograph. The increases in hydrologic range suggest 

a greater need for water management to regulate streamflow. Decreases in annual volume would 

impose an additional strain on the system, threatening water scarcity. 

Meanwhile, the Song Hong, Saigon, Salween, and Irrawaddy Rivers also have high risks 

of hydropolitical tension but results from CMIP6 suggest that these basins will experience 

increases in hydrologic range and not decreases in annual runoff. Relatively safe spots also emerge 

from Figure 4.4: some medium-risk basins (e.g. the Indus and the Uruguay) are not at risk of 

adverse hydrologic change. These basins may, as a result, warrant less focused assessment from 

the standpoint of hydropolitical tension. 

For all but seven of the basins studied, the hydrologic range is projected to increase in a 

majority of the ensemble of BCU pairs. In other words, it is very likely that most of the basins 

studied will experience a greater need for water management in the future due to an increased 

hydrologic range. Moreover, these changes are likely to occur in regions with high risks of 

hydropolitical tension, potentially exacerbating that tension in the future. As an additional 

aggravating factor, we note that some of these basins, notably the Vardar and San Juan, are 

highlighted by the TWAP program as being highly dependent economically on water (see Figure 
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S5 in supporting materials). The complicating factor of economic dependence could further elevate 

risk of tension.   

Finally, we highlight that some basins (notably in southeast Asia) are expected to 

experience increased hydrologic range with increased annual runoff. In contrast to the adverse 

hydrologic changes we discussed above which promoted water scarcity, this combination of 

projected responses could exacerbate flood risk. These hot spots of flooding are worthy of finer 

scale hydrologic and reservoir modeling which better capture the spatiotemporal scales applicable 

for flood risk. 

 

4.4. CONCLUSIONS 

This study established hot spots of hydrologic change, and then contextualized those 

changes within existing risks hydropolitical tension. Using CMIP6 we revealed robust signals of 

adverse changes in hydrology. Most basins are projected to experience elevated total surface water 

accompanied by an increase in hydrologic range. Arctic river basins are a notable exception where 

the seasonal cycle of runoff is likely to dampen due a longer Arctic summer and reduced role of 

snow. 

 Combining potential changes in hydrology with existing potential risk reveals areas that 

are likely to experience exacerbated hydropolitical tension. Of note are European as well as Central 

and South American basins where increases in hydrologic range and decreases in total runoff are 

overlaid on existing high risks of tension. Several high-risk basins in Southeast Asia are expected 

to experience increases in hydrologic range.  

 We stress that our findings reveal patterns of changes, without providing actionable 

estimates for any one basin. Rather, we recommend that our results provide guidance of regions 
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worthy of more rigorous hydrologic climate impacts analyses. With enough lead time, actionable 

estimates of hydrologic change could support collaborative planning efforts, thereby reducing the 

risk of hydropolitical conflict. 
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Chapter 5 CONCLUSIONS AND RECOMMENDATIONS 

5.1. CONCLUSIONS 

This dissertation used ensembles of hydrologic climate change projections to evaluate 

changes in hydrology in multinational river basins around the world. Beginning in the Pacific 

Northwestern Columbia River, I conducted two rigorous hydrologic climate change assessments 

to better understand the nuances of a state-of-the-art hydrologic climate change ensemble. I then 

leveraged the most recent iteration of global climate model results to conduct a global analysis of 

changing water availability in transboundary basins. It is my intention that the findings from this 

last study (Chapter 4) will cycle back to inspire additional studies like those in Chapters 2 and 3 

within other multinational river basins. 

The findings of the dissertation, which answer the questions outlined in the introduction, 

are summarized in brief below. In Chapter 2 I evaluated the influence of modeling decisions on 

results from a large ensemble of hydrologic climate change projections. I found that in matters of 

timing and volume, climate projections (i.e. GCM and emissions pathways) were the most 

influential choices. In contrast, when assessing changes in low flows, the choice of hydrologic 

model can greatly influence projections. In Chapter 3, I dove deeper into the hydrologic climate 

change impacts within headwaters basins of the Pacific Northwest. I classified mechanisms 

causing flood events in the future and confirmed the diminishing role of snow as a flood generating 

process. I also calculated a first order sensitivity of high flows in headwaters streams to changes 

in climate, determining that increases of each 1% in annual precipitation can elicit up to ~1.4% 

increase in annual flow magnitudes. In Chapter 4 I expanded the hydrologic climate change 

analyses to the global scale, assessing impacts to runoff from multinational river basins. We 

identified hot spots of elevated hydropolitical risk worthy of more rigorous climate change study 
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as was done for the Columbia River Basin (Chegwidden et al., 2017; Hamlet et al., 2013; River 

Management Joint Operating Committee (RMJOC), 2018). 

Throughout this dissertation I have showed spreads among climate projections of water 

resource availability and change. I note consistently that those spreads are wider in more arid 

regions. The consistency of this finding supports the claim that arid regions pose a more 

challenging environment for water resources planning. I stress that there are still examples in the 

literature of climate studies using only one model, but the material in this dissertation provides a 

strong warning against using single model studies. At the same time, I acknowledge that water 

resource planning agencies are often understaffed and under resourced. The findings in this 

dissertation address that challenge. Through the dissertation I have shown that it is possible to 

distill large modeling studies into useful, useable scientific findings and smaller, more translatable 

pieces of information, whether through supporting scenario selection (Chapter 2), developing 

cheaper, simpler flood relationships (Chapter 3), or by prioritizing future studies (Chapter 4). 

 

 

5.2. RECOMMENDATIONS 

Findings from this dissertation suggest that there is more work to be done in understanding 

model ensembles. All three chapters in this dissertation used model ensembles equally weighting 

each ensemble member. Other studies have incorporated clever schemes to weight each ensemble 

member according to its ability to replicate historical observations (Hawkins & Sutton, 2011). 

Such a weighting scheme could be useful in further hydrologic impacts work. Nevertheless, there 

persists one assumption at the root of the climate change analyses I present here. The hydrology 

models used in Chapters 2 and 3 were calibrated on the historical record and are assumed to 
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provide meaningful sensitivities for changes in climate. A fruitful area of research would be in 

probing the question of whether this assumption holds: are land surface model calibrations based 

upon the historical record appropriate for use under a different climate? 

Chapter 4 presents an example of a push to begin using runoff fields directly from GCMs. 

Along with a handful of others, this approach is still in its nascent stages. Lehner et al (2019) 

propose one method of constraining runoff sensitivities using regional streamflow observations. 

Alternatively, expanding the results from Chapter 4 to include multiple ensemble members from 

different initial conditions from GCMs could provide a method of understanding sensitivities to 

different climates. Regardless, a rigorous assessment of hydrologic land surface representations 

within GCMs would support the use of hydrologic outputs moving forward. Lastly, Chapter 4 

suggests a number of high-risk basins and regions each worthy of its own hydrologic climate 

change impacts assessment.  

This dissertation brings to light a contrast between the wealth of resources available to 

study basins in richer parts of the world (e.g. the Columbia River Basin) compared to basins in 

regions with fewer resources (e.g. the Zambezi River Basin). This dissertation aims to resolve 

some of those challenges in resource availability and access. Chapter 2 provides guidance to 

stakeholders with fewer resources who might not be able to afford to evaluate a large ensemble of 

climate change projections. Chapter 3 provides a back-of-the-envelope assessment of changes in 

high flows based only on changes in climate, a shortcut without running a computationally 

expensive hydrologic model. And lastly, Chapter 4 highlights basins around the world where 

projected adverse changes in hydrology coincide with hydropolitical risk. In a world of limited 

computational resources, these findings might never come to light. I hope that these findings will 
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support, in particular, planning by communities which may not otherwise have the resources to do 

so. 
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Appendix A. SUPPLEMENTAL MATERIALS FOR CHAPTER 2: HOW DO 

MODELING DECISIONS AFFECT THE SPREAD AMONG 

HYDROLOGIC CLIMATE CHANGE PROJECTIONS?  

S1 Figures 

We include below a select number of supplementary figures which are referenced in the paper.  

 
Figure S1. Mean annual air temperature for the 1980s (1970-1999) (left), changes by the 2080s 
(2070-2099) (center) and the standard deviation of the change (right) for the ensemble based on 
RCP 8.5. 
 

 
Figure S2. Historical performance (based upon weekly KGE compared to NRNI) of each of the 
four hydrologic models for the period WY 1960-2008, excluding the calibration period of WY 
1992-2001. The grey area indicates the calibration domain. The sizes of the circles correspond to 
the mean annual streamflow during the 1960-2008 period. Circles only appear at locations for 
which NRNI exists for validation comparison. 
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Figure S3. Projected changes in annual streamflow volumes (left) and agreement on the 
sign of change in streamflow at all streamflow locations in the domain. The sizes of the circles 
correspond to the mean annual streamflow during the 1960-2008 period. 
 

S2 Detailed Methodology 
Internal variability (IV) represents the natural fluctuations in the climate system 

independent of anthropogenic forces. Internal variability can cause any projected change in a 

variable (e.g. change in annual streamflow in the 2080s compared to the 1980s) to be either 

intensified or dampened. The model variability (MV), on the other hand, refers to the spread 

among simulations created by different modeling decisions. Together, these components 

comprise the total spread or TV. Thus,  

 

																																																𝑇𝑉	 = 	𝑀𝑉 + 	𝐼𝑉                                                               (S1) 

 

 Hawkins and Sutton (2009) and Alder and Hostetler (2018) achieved the separation of IV 

and MV by fitting a fourth order polynomial to the annual timeseries of temperature, 

precipitation or runoff. However, as discussed at the end of this section, our analyses reveals that 

the fourth order polynomial may not be appropriate for streamflow. Instead, we offer the 
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methodology described below, which uses a regression on the anthropogenic climate forcing 

itself. 

 

Abatzoglou et al. (2014) argue that the responses of temperature and precipitation to 

anthropogenic forcing can be represented as a linear function of the anthropogenic forcing itself 

as long as the changes in the anthropogenic forcing are not very large. We propose that this 

assumption may be reasonable for streamflow responses as well. One variable used to quantify 

the anthropogenic forcing is the additional (compared to preindustrial levels) radiative forcing at 

the tropopause. Here, we develop a linear regression that represents the impact of the forcing (i.e. 

global mean radiative forcing) on a hydrometeorological variable of interest (i.e. streamflow). 

The predictions from this linear fit of streamflow to radiative forcing form a smoothed time 

series that represents changing streamflow through the 21st century without the internal 

variability component. We evaluate the spread among the different fitted model timeseries to 

calculate MV in equation (S1). The spread among the mean residuals from those fits represents 

the IV term in equation (S1). In doing so, we separate IV and MV. The MV term is then further 

decomposed via ANOVA into the separate components of variability owed to each model 

decision as follows: 

 

 𝑀𝑉	 = 	𝑅𝐶𝑃 + 𝐺𝐶𝑀 + 𝐷𝑆𝑀 +𝐻𝑀 + 𝐺𝐶𝑀: 𝑅𝐶𝑃 + 𝐺𝐶𝑀:𝐻𝑀 + 	𝑅 (S2) 

 

The GCM:RCP and GCM:HM each denote the variance explained by the choice of one of the 

modeling components dependent on the choice of the other. For example, the GCM:RCP term 

denotes the effect of the choice of a specific GCM when RCP is specified. R denotes the 

residual, which is the sum of the remaining interaction terms (e.g. RCP:DSM, RCP:GCM:HM, 

etc.). The steps are further detailed below. 

 

We linearly regressed the metric of interest, Xm,t, against changes in radiative forcing. We 

performed all analyses below for every streamflow location independently. Each metric Xm,t, e.g. 

annual streamflow, was calculated for each water year t (October 1-September 30) for each 

individual projection m (nm=160). Annual streamflow was calculated as the mean streamflow. 

The centroid of timing was calculated as the day of year when half of that water year’s 
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streamflow had passed a gage. The low flow annual values for each water year t were calculated 

as the minimum 7-day flows for each year.  

 

The metric of interest, Xm,t, was regressed upon the annual timeseries of global total 

anthropogenic radiative forcing from the relevant RCP (i.e. the streamflow simulations from 

RCP8.5 were regressed upon the radiative forcing timeseries from RCP8.5). Radiative forcing 

values were downloaded from http://www.pik-potsdam.de/~mmalte/rcps/index.htm (see also 

Meinshausen et al., 2011). An example for this step is shown in Figure S4.   

 
Figure S4. Example regression of annual streamflow against global radiative forcing. Every 

metric was regressed upon global mean additional radiative forcing at the tropopause as specified 

by the RCPs. 

 

This regression was used to remove the temporal fluctuations due to natural variability. 

The projections thus take the form 

 

𝑋c,d = 𝑥c,d + 𝜀c,d	                                                   (S3) 
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where xm,t denotes the fit for each model m and timestep t, and e denotes the residual from those 

fits for each model timeseries. An example of this fit is shown in Figure S5.  

 

 
Figure S5. Example streamflow timeseries of the annual mean streamflow (black solid) with 

different smoothed fits. The regressions upon radiative forcing as well as (for comparison) a 4th-

order polynomial are shown in blue and orange, respectively. The mean for the 2080s (2070-

2099) is shown in the dashed lines for each trace. The future and reference periods are shaded in 

gray. The distances between the black and blue dashed lines are combined for all traces to 

calculate IV. 

 

The internal variability is calculated by using the 𝜀c,d residuals term from each of the 160 

different model fits from Equation S3. Since our paper focuses on changes in 30-year means, we 

calculate the extent to which IV impacts changes in the 30-year means. We begin by calculating 

the mean for each period as: 

 

𝑥̅hijklm,c = @
Xn
∑ 𝑥d,cdopqrst                                          (S4) 
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where nt for our case is 30, and period is either reference (1970-1999) or future (2070-2099). 

The quantity xt,m is expressed in units of m3/s for annual streamflow and low flows and units of 

days for the centroid of timing. 

 

 The MV in Equation S1 is then calculated according to the variance in the change of 

𝑥̅hijklm,c between the reference and future time periods. We want to stress that the study 

assesses the variances of changes in the means as opposed to the means themselves. For the 

relative changes (annual streamflow and low flow), we calculated MV as: 

 

𝑀𝑉 = 	𝑣𝑎𝑟c x
y̅z{n{qp,JQy̅qpzpqp|}p,J

y̅qpzpqp|}p,J
∗ 100%�                            (S5) 

 

where varm() is the variance across models m. 

 

For absolute changes (centroid of timing), we calculated MV as: 

 

𝑀𝑉 = 	𝑣𝑎𝑟cK𝑥̅��d�ji,c − 𝑥̅ji�ijiX�i,cP                             (S6) 

 

The IV component of Equation S1 is calculated based upon the 30-year mean residuals 

from the fits denoted by:  

 

𝜀c̅,hijklm = ∑ @
Xndopqrst 𝜀c,d	                                         (S7) 

 

where et,m is expressed in units of m3/s for annual streamflow and low flows and units of days for 

the centroid of timing. 

 

For relative changes (annual streamflow and low flow), we calculated IV as: 

𝐼𝑉	 = 	 𝑣𝑎𝑟c x
��J,z{n{qpQ��J,qpzpqp|}p

y̅J,qpzpqp|}p
∗ 100%�                           (S8) 
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and for absolute changes (centroid of timing), we calculated IV as 

  

																				𝐼𝑉 = 	𝑣𝑎𝑟c(𝜀c̅,��d�ji − 𝜀j̅i�ijiX�i)	                                (S9) 

  

The IV estimates derived from these expressions are used to estimate the contribution of IV to 

the spread in projected changes in 30-year means. 

 

Because the internal variability is calculated upon the mean residuals of the fits and the 

ANOVA is conducted upon the means of the fits, we are able to then sum the two sources of 

variance into a total spread TV as in equation (S1). We can then compare the relative 

contributions of IV and MV to the total spread. 

 

 Finally, we highlight and motivate two deviations in our analyses from the Hawkins and 

Sutton (2009) method. First, we chose to use the regression method shown in Figure S4 as 

opposed to the 4th-order polynomial suggested by Hawkins and Sutton (2009). In Figure S5 we 

compare the radiation regression (blue) and the fitted 4th-order polynomial (orange). The 4th-

order polynomial underestimates the IV for annual streamflow changes, as seen by the smaller 

difference between the dashed orange and black lines as compared to the dashed blue and black 

lines. We decided to use the fits based upon the radiation regression as opposed to the 4th-order 

polynomial to best capture the potential contribution of IV to TV. 

 

 Second, we calculated IV differently from the methods described in Hawkins and Sutton 

(2009). They focused their IV analyses on residuals from fits of temperature to a 4th-order 

polynomial. They calculated the IV as the weighted multimodel mean variance across the entire 

annual timeseries of residuals from the fit. Thus, they assumed the variance to be constant 

through time. In this study, we were specifically interested in the influence of model decisions on 

projected changes in a future 30-year window from a reference 30-year period. Thus, our 

analyses of MV were specific for the 1980s to 2080s comparison. To preserve consistency 

between the IV and MV analyses, we decided to base the IV analyses upon the same time 

periods.  
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Appendix B. SUPPLEMENTAL MATERIALS FOR CHAPTER 3: CLIMATE 

CHANGE ALTERS FLOOD MAGNITUDES AND MECHANISMS 

IN CLIMATICALLY-DIVERSE HEADWATERS ACROSS THE 

NORTHWESTERN UNITED STATES 

S1 Figures 

 
Figure S1. Changes in annual maximum streamflow (AMF) between the 1980s and the 2080s 

for RCP 4.5 and RCP 8.5 for every basin and simulation in the ensemble. The horizontal axis 

represents the magnitude of the AMF in the control simulation. Boxes represent the interquartile 

ranges and the whiskers represent the minima and maxima. Some extreme changes extend 

beyond plot boundary with the largest change at 280% for RCP 8.5, for basins with 50-100 m3 s-1 

historical annual maximum streamflow. 
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Figure S2. Changing proportion of annual maxima streamflow attributable to each flood 

generating process under RCP 4.5. Proportions shown represent fractions of all events from 30-

year windows (centered on the year shown in the plot) across simulations of seven headwaters 

basins in each study region (temperate, transition, and montane) and using 10 GCMs and 4 

hydrologic models per headwater basin 

 

S2.1 Streamflow dataset 

We used the Chegwidden et al (2017) dataset consisting of both routed streamflow (at 

~400 point locations along the channel network) and gridded hydrologic data (e.g. spatial fields 

of snow water equivalent and other hydrologic variables). The methodology, model performance, 

and spatiotemporal domain of this dataset are described in detail in Chegwidden et al (2019) and 

River Management Joint Operating Committee (2018). The outlet names and locations for the 

basins used in this study are displayed in Table S1. 

We used two representative concentration pathways (RCPs), ten global climate models 

(GCMs), and four hydrologic models to account the influence of modeling decisions on 

projected climate change impacts. As noted in Queen et al (in revision), the choice of hydrologic 

model can influence the projected sensitivity of extreme events, which motivated our decision to 

use multiple hydrologic models. The VIC simulations include sub-grid elevation information, 

with each 1/16 ° gridcell including 5 elevation zones to represent the distribution of temperature 
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with elevation within each gridcell. The PRMS simulations use a single elevation for each 

gridcell. VIC also distributes snow into the separate elevation zones whereas PRMS assumes 

snow is uniform across the gridcell.  

The GCMs were selected based upon their historical performance over the Pacific 

Northwest as described in Rupp et al (2013) and River Management Joint Operating Committee 

(2018). While the Chegwidden et al (2017) dataset included results from two meteorological 

downscaling methods, we only used results based on the Multivariate Adaptive Constructed 

Analogs (MACA) downscaling technique. We excluded the simulations based upon the bias-

corrected spatial disaggregation (BCSD) technique due to the documented superiority of MACA 

in simulating extreme precipitation (Abatzoglou & Brown, 2012).  

 

S2.2 High flow selection 

Streamflows were analyzed based on a water year (WY) basis (a WY is the period from 

October 1 in the previous calendar year through September 30 of the selected calendar year). For 

every year between WY 1951 and 2099, the maximum daily streamflow was identified for each 

individual basin and model simulation.  

We considered several different streamflow metrics and selected the annual maximum 

daily flow (AMF) for four reasons. First, selecting the AMF is a simple, easily-reproducible way 

to ensure that events are independent. Second, many of the key findings in our study are based 

on temporal analyses in which we compare the evolution of processes from 1951 through 2099 

(e.g. Figure 2). This analysis requires a continuous record of streamflow statistics, which the 

AMF provides. Selecting the top-n flow events for a climatological period would not provide 

that continuous record. Third, by selecting one event from each year, our sample sizes are 

consistent across climatological periods, basins, and models. Fourth, because we are comparing 
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changes in high flows to changes in annual temperature and precipitation, selecting the AMF 

from each year allows us to make a more thorough analysis of the behavior of high flows across 

the full climatological period.  

 

S2.3. Classification decision tree 

After calculating the AMF timeseries for each hydrologic scenario (each 

RCP+GCM+hydrological model combination), the “flood generating process” (FGP) was 

identified for each AMF. The classification tree is sequential, so each AMF is tested for each of 

the classifications in order (e.g. if it fulfills the conditions of the first step it will not be tested for 

the following steps). Each AMF receives a single classification, identifying the dominant process 

driving that single event. We recognize that the upstream hydrology is complex and varied and 

any given high flow event can result from a combination of hydrologic processes. However, the 

intention of this classification tree is to identify the single dominant process.  

Thus, we classified each AMF using the following procedure. Spatial fields for each 

hydrometeorologic variable (e.g. precipitation, temperature, snow water equivalent) for the 

upstream areas of each of the basins were areally averaged to produce a basin-mean daily 

timeseries. The basin-mean quantities were paired with the streamflow at the corresponding 

basin outlet and fed into the following decision tree: 

1) Extreme precipitation driven: If a single-day precipitation event within the top 99th 

percentile for that year occurred within four days before that WY’s AMF. The four-day 

time window allows for a travel time from the event to the outlet. The 99th percentile 

criteria allowed us to include a large precipitation event that was not the absolute 

maximum precipitation event, but still was the dominant driver of the flow event. Note 
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that this differs from the criteria of Berghuijs et al. (2016) which looked for either the 

annual maximum single-day precipitation event or the annual maximum seven-day 

precipitation series.  

2) Rain on snow event: If snow was present in the basin (>10 mm SWE averaged over the 

basin) at the time of a rain event (>10 mm basin-averaged in one day; classified as rain if 

basin-averaged temperature was > 0 °C) in the four days previous to the AMF and 

snowmelt accounted for greater than 20% of the sum of precipitation and snowmelt in 

that period. This definition is based upon Musselman et al (2018). 

3) Snowmelt: If snow was present in the basin (>10 mm basin-averaged) and the snowpack 

reduced by at least 10% in the week previous to the AMF but the AMF did not qualify as 

an extreme precipitation or rain on snow event. For this classification we used a week as 

opposed to four days to allow more time for snowmelt to enter the soil column. 

4) Other: All other remaining events after the previous three classifications proved false. 

These are events which cannot be neatly classified as driven by any of the three processes 

outlined above. 

 

As a first order check of our classifications, we see that in the three domains analyzed in 

this study, the apportionment of the different FGPs aligns with the classifications shown in 

Berghuijs et al (2016) for the PNW for the historical period. The exception for their study 

domain is the presence of what Berghuijs et al (2016) call “soil moisture excess” as an FGP at 

about one quarter of the sites, particularly in the temperate region. While we do not use the “soil 

moisture excess” classification, its incidence in Berghuijs et al (2016) aligns approximately with 

the incidence of the “Other” category in our results. 
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S2.4. Sensitivity calculations 

The AMF for each individual hydrologic time series was classified according to the 

methods detailed in Section S2.2. For each climate scenario (n=20 given 2 RCPs and 10 GCMs), 

the AMF were then classified according to their FGP and grouped together (e.g. all precipitation-

generated floods were collected for a single timeseries). For each FGP, basin, and hydrologic 

model (f, b, and h respectively in in Equation (S1)), the group of classified AMF from control 

(WY 1970-1999) and future (WY 2070-2099) periods (represented as t) were averaged as 

follows: 

𝐴𝑀𝐹�,d,�,D = 	
@

X�∗XN
∑ ∑ 𝐴𝑀𝐹�,d,�,D,�,YY�                                   (S1) 

where b is the number of basins in each region, y is the number of years, and s is the number of 

simulations (in our case 20 representing permutations of two RCPs and ten GCMs). A different 

𝐴𝑀𝐹�,d,�,D is calculated for each region r (e.g. temperate). The AMF timeseries from every 

individual RCP-GCM-hydrologic model ensemble member is treated separately because the 

same year’s simulation from a given model setup might result in the AMF being classified 

differently. 

We then paired the change (future – control) in each 𝐴𝑀𝐹�,d,�,D to the change in annual 

temperature and precipitation corresponding to that basin and hydroclimate setup. Changes in 

climate were calculated as changes in annual average precipitation and temperature between the 

control and future periods for the area upstream of each of the streamflow locations for the years 

classified by each FGP. Changes in temperature are expressed as absolute changes (ºC) while 

changes in precipitation and streamflow are expressed as relative changes (%). The change in 

streamflow for each ensemble member from the control to the future period was then related to 
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that ensemble member’s change in temperature and precipitation to create surfaces (i.e. contours; 

see Figure 4) showing the sensitivity of each classification of streamflow events to changes in 

temperature and precipitation. 

We then calculated the change in AMF for each region r and FGP according to: 

𝑐ℎ𝑎𝑛𝑔𝑒j,� =
1
𝑛�
	�

𝐴𝑀𝐹��d�ji,j,�,� − 𝐴𝑀𝐹�lXdjl�,j,�,�
𝐴𝑀𝐹�lXdjl�,j,�,�

∗ 100%	
�

																										(S2) 

Equation (S2) weights all basins equally regardless of basin size. The calculation is repeated for 

each combination of three regions and three FGPs to create the nine mean change values in the 

upper left of each of the nine panels in Figure 4.  

 

Table S1: List of streamflow locations used in this study 

Location Name Region Latitude (°N) Longitude (°E) 

Green Peter Temperate 44.46875 -122.53125 

Clackamas River above Three Lynx Creek Temperate 45.09375 -122.09375 

Little Klickitat River near Wahkiacus Temperate 45.84375 -121.03125 

Fern Ridge Temperate 44.09375 -123.28125 

No. Santiam River below Boulder Creek near 

Detroit 

Temperate 44.71875 -122.09375 

Hood River Temperate 45.65625 -121.59375 

Kalama River near Kalama Temperate 46.03125 -122.78125 

Chelan Transition 47.84375 -120.03125 

Rimrock Reservoir on Tieton River Transition 46.65625 -121.09375 

Ashnola River near Keremeos Transition 49.15625 -119.96875 

Wenatchee River near Plain Transition 47.78125 -120.65625 

Pasayten River above Calcite Creek Transition 49.09375 -120.53125 

Twisp River near Twisp Transition 48.40625 -120.21875 

Cle Elum River at Cle Elum Reservoir Transition 47.28125 -121.09375 
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Fording River at the mouth Montane 49.90625 -114.84375 

South Fork of Flathead River at Hungry Horse 

Dam 

Montane 48.28125 -113.96875 

West Fork Bitterroot River near Conner Montane 45.71875 -114.28125 

Clark Fork at Deer Lodge Montane 46.40625 -112.71875 

Jackson Lake Inflow Montane 43.84375 -110.59375 

Hoback River near Jackson, WY Montane 43.28125 -110.65625 

Salt River above reservoir near Etna, WY Montane 43.09375 -111.03125 

 

Table S2: List of Global Climate Models (GCMs) used in this study. 

Global Climate 

Models 

Modeling Center (Country) 

CanESM2 Canadian Centre for Climate Modelling and Analysis (Canada) 

CCSM4 National Center for Atmospheric Research (United States) 

CNRM-CM5 Centre National de Recherches Météorologiques / Centre Européen de 

Recherche et Formation Avancée en Calcul Scientifique (France) 

CSIRO-Mk3-6-0 Commonwealth Scientific and Industrial Research Organization in 

collaboration with Queensland Climate Change Centre of Excellence 

(Australia) 

GFDL-ESM2M NOAA Geophysical Fluid Dynamics Laboratory (United States) 

HadGEM2-CC365 Met Office Hadley Centre (additional HadGEM2-ES realizations 

contributed by Instituto Nacional de Pesquisas Espaciais) (United 

Kingdom) 

HadGEM2-ES365 

inmcm4 Institute for Numerical Mathematics (Russia) 

IPSL-CM5A-MR Institut Pierre-Simon Laplace (France) 

MIROC5 Atmosphere and Ocean Research Institute (The University of Tokyo), 

National Institute for Environmental Studies, and Japan Agency for 

Marine-Earth Science and Technology (Japan) 
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Appendix C. SUPPLEMENTAL MATERIALS FOR CHAPTER 4: CLIMATE 

CHANGE HOT SPOTS OF WATER STRESS AND 

HYDROPOLITICAL CONFLICT 

 
Figure S1 Biases in annual runoff from CMIP6 ensemble for global basins compared with runoff 
from ERA5-Land reanalysis product. Comparison for the period 1985-2015 for the 22 GCMs 
available. 
  



 

 

 

100 

 

 
 

Figure S2 Biases in hydrologic range from CMIP6 ensemble for global basins compared with 
hydrologic range from ERA5-Land reanalysis product. Comparison for the period 1985-2015 for 
the 22 GCMs available. 
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Figure S3. Matrices showing upstream/downstream pairs of changes in mean annual runoff 
between the control period (1986-2015) and the future period (2070-2099). Four of these 
matrices were shown in Figure 4 in the main manuscript. 
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Figure S4. All matrices showing upstream/downstream pairs of changes in hydrologic range 
between the control period (1986-2015) and the future period (2070-2099). Four of these 
matrices were shown in Figure 4 in the main manuscript. 
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Figure S5. Same as Figure 4 in main manuscript except that color bar indicates, for each basin, 
the riparian nations’ economic dependence on water resources. Red (dependence=5) indicates a 
greater dependence on water resources and purple (dependence=1) indicates a lower dependence. 
 

 


