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ABSTRACT  

 

Globally, it is expected that arid and semi-arid areas will face increasing frequency of drought 

through the 21st century. Drought is normally attributed to climatic factors. However, humans 

constantly alter hydrologic systems through manipulating and consuming water, which can also 

cause drought. However, human influence on drought, outside of influences on warming-driven 

climate change, is rarely studied. Here, the upper Colorado River Basin (Texas) is studied to 

assess the human influence on drought conditions in a semi-arid basin. An observation-modeling 

framework is used to simulate naturalized runoff conditions which are compared to observed 

data in an undisturbed (little human influence) and disturbed (much human influence) period to 

elucidate human influences on drought. Further, public water storage and supply data are 

incorporated to analyze how human water management may be specifically affecting 

downstream hydrologic drought in the upper Colorado River Basin. Results show that according 

to observed data, drought occurred more often, persisted longer on average, and had a higher 

maximum duration during the disturbed period. Naturalized model output did not predict such 

increases, indicating that human influence is responsible. Water deliveries in the study area were 

found to significantly affect downstream flow and are connected to instances of human-

influenced drought. Results suggest that in order to reduce downstream drought conditions, 

deliveries will likely have to be reduced and that reducing deliveries during periods of low 

rainfall, or during months in which deliveries constitute a large portion of human influenced 

drought severity could be especially helpful in alleviating downstream drought. 
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GENERAL AUDIENCE ABSTRACT 

 

It is expected that many arid climates around the globe will become even experience more 

frequent drought during the 21st century. Drought is a lack of water relative to normal levels and 

has important implications for agriculture, industry, fisheries, water managers, and the broader 

public. Drought is normally attributed to natural factors such as lack of rain or increases in 

temperature. Humans have affected these factors through global climate change, and many 

researchers have focused their efforts on understanding how global warming impacts drought 

conditions. However, humans can also affect drought conditions through water consumption. 

Despite the impact of human water consumption, it is rarely a topic of specific study in relation 

to the occurrence of drought. Here, conditions lacking human influence (i.e. no water 

consumption, land-use change, etc.) are simulated and compared to observed data from a stream 

gage downstream from human intervention, allowing for examination of human influences on 

drought. Public water usage and management data from the Colorado River Municipal Water 

District are also incorporated to allow for more specific understanding of how human influence 

affects drought conditions downstream of reservoir operation and groundwater pumping. Results 

show that drought occurred more often, persisted longer on average, and had a higher maximum 

duration due to human influence. Water usage and management by the Colorado River 

Municipal Water District are connected to and have a role in causing decreases in downstream 

flow and occurrence of drought. Results indicate that demand reductions will likely be needed to 

ensure sustainable water availability and that reducing demand during periods of low rainfall or 

during times of the year in which human water use accounts for larger portions of drought 

severity could be most helpful in lessening downstream drought.
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Chapter 1: Introduction 

As global population and natural resource consumption increase, the pressure to sustain 

resources also rises. Freshwater has become especially pressured worldwide, with billions facing 

water scarcity (Mekonnen & Hoekstra, 2016). Within the United States (U.S.), high stress due to 

limited water supply is nearly exclusive to the western states (Averyt et al., 2013). Recent 

conditions in the Southwest (Figure 1.1) have specifically drawn attention to regional water 

issues stemming from increased demand due to population rise, insufficient management, and 

drought (Fuller & Harhay, 2010; Gleick, 2010; MacDonald, 2010).    

  

Figure 1.1. The southwest U.S. Dark red states are regularly considered as part of the Southwest 

while the bright red states may be considered part of this region and are considered as Western 

states by the U.S. Census Bureau. The striped states are not considered as Western States by the 
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U.S. Census Bureau but are sometimes considered as part of the Southwest. Retrieved from: 

https://en.wikipedia.org/wiki/Southwestern_United_States#/media/File:Southwest_map.png  

During the 20th century, the Southwest experienced increasing trends in both drought severity 

and duration (Andreadis & Lettenmaier, 2006) and further, possibly unprecedented, drying is 

likely to occur in the latter half of the 21st century (Cook, Ault, & Smerdon, 2015). Droughts 

cause a myriad of impacts across the economic, environmental, and health sectors. For example, 

the 2014 drought in California caused billions of dollars of losses in the agricultural sector 

(Howitt, Medellín-Azuara, MacEwan, Lund, & Sumner, 2014), the death of more than 12 million 

trees (Rocha, 2015), and perceived physical and mental impacts to those experiencing the 

drought (Barreau et al., 2017). The 2011 drought in Texas caused more than $7.6 billion in 

agricultural damages alone (Fannin, 2012) and required hundreds of public water utilities to 

institute water restrictions, with one community of approximately 4,000 people facing a water 

shortage (Long et al., 2013). During the period of 2000-2014, flow within the Colorado River 

averaged 19% below the 1906-1999 mean and the primary reservoirs along the river ended the 

period at only 40% capacity, despite starting the period nearly full (Udall & Overpeck, 2017). 

Such continued flow reductions could result in billions of dollars in losses for the states that rely 

on the river as a water source. As evidenced by their critical impacts, studies involving drought 

in the greater Southwest region will be especially important moving forward.  

Drought as a consequence of natural factors has been well documented; the effects of 

temperature, precipitation, evapotranspiration, and climate oscillations/teleconnections are often 

studied within drought analyses (Dilley & Heyman, 1995; Rajagopalan, Cook, Lall, & Ray, 

2000; Vicente-Serrano, Beguería, & López-Moreno, 2010). The effect of human-caused climate 

change on these natural factors is also well studied, leading to projections of future drought 

https://en.wikipedia.org/wiki/Southwestern_United_States#/media/File:Southwest_map.png
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occurrence (e.g. Dai, 2011). Climate change will continue to drive drought conditions in the 

future, likely creating longer and more intense hydrologic deficits (Sheffield & Wood, 2008), 

which will challenge water managers and the public to continue to provide adequate water 

supplies.  

Compounding these natural factors, drought also has various human-specific drivers separate 

from climate change (Van Loon et al., 2016). These include surface and subsurface water 

withdrawals and land use change related to urbanization, agricultural practices, and 

deforestation, which can influence soil moisture and groundwater recharge. To better understand 

the occurrence and pervasiveness of drought, an integration of human systems into drought 

analysis is needed. Unlike climate drivers of drought, social systems have received less attention 

for their role in drought development and persistence. Human influences control water input 

(e.g., water transfers), output (e.g., consumptive use), and storage (e.g., reservoirs), which can 

modify natural drought conditions and even cause drought in the absence of natural drivers (Van 

Loon et al., 2016). Specifically, upstream water management can have severe impacts on 

downstream societies and ecosystems (e.g. Owen, 2017; Petes, Brown, & Knight, 2012; Rood & 

Mahoney, 1990). Upstream water management is vital to sustaining local communities (Mix, 

Groeger, & Lopes, 2016), but it is important to understand and plan for the potential 

consequences on downstream hydrologic conditions. Despite its importance, few studies have 

quantified human influence on drought, resulting in a vital lack of information concerning 

drought propagation and possible mitigation by management.   

The lack of prior studies concerning human influence on drought could be in part due to the 

complexity in assessing human impacts on hydrologic systems. For example, the construction of 

reservoirs and well fields allow for water provision during drought periods but also 



4 
 

simultaneously increases evaporative loss and decreases groundwater levels, which exacerbates 

drought (Van Loon et al. 2016). Water saving measures through appropriate management can 

serve to lessen drought conditions (Maggioni, 2015), but their impacts can be difficult to 

quantify and discern from other variables. Specific links between human action and drought need 

to be examined, as disconnection between human drought drivers and water management can 

lead to economic losses and environmental degradation, while accounting for human influence 

would allow for better functioning economic and environmental systems (Christian-Smith, Levy, 

& Gleick, 2015). A better understanding of how management and use of water affects the 

hydrologic system could greatly bridge a current gap in the understanding of drought 

propagation and provide useful information to water managers for drought impact mitigation.  

It is well understood that the Southwest U.S. faces water challenges that are intertwined with 

human water consumption. However, few studies have explicitly quantified the contribution of 

human influences to drought propagation and separated human influence from natural factors. In 

the Colorado River Basin, previous studies have linked downstream reduced flows and drought 

to upstream water management and reservoir building (Mix, Groeger, & Lopes, 2016; Zhang & 

Wurbs, 2018), but have been limited to either specific drought events or lack specific 

quantification of the human effect on downstream flow independent of other factors. I will 

quantify the human influence on downstream flows and hydrologic drought and separate it from 

climatic factors so that the intensification or alleviation of drought due to human actions can be 

better understood in this area. Further, specific human water management data from a key water 

supply system within the upper portion of the Colorado River Basin of Texas (Figure 1.2) will be 

incorporated to elucidate how the timing and magnitude of water deliveries and storage relate to 

drought in the study region. The upper Colorado River Basin and its management is in many 
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ways representative of water challenges facing other watersheds in the Southwest U.S. and in 

semi-arid and arid regions in general. Therefore, this study is performed with the intention for 

results to be informative for both the immediate study area and other similar watersheds and 

answers the following questions: 1) How do human influences worsen or ameliorate drought 

conditions downstream from human intervention in the upper Colorado River Basin of western 

Texas? 2) What actions might be taken by water managers to reduce or even ameliorate 

downstream drought conditions? 

In addition to previous studies in the basin indicating human influence on drought, there has been 

an observed rapid rise in population and development in the study region with simultaneous 

occurrences of water shortages (e.g. Wilder, 2011). Therefore, the following hypotheses were 

formed: 1) I expect to find human influences altered downstream drought conditions, and 2) I 

expect that water management will be significantly linked to drought conditions and this research 

will be able to highlight specific instances of drought alleviation or intensification directly 

related to water management data. The results will allow for a clearer understanding of when and 

how water management influences drought in the study area, yielding findings that could be 

extrapolated to the southwestern U.S. region and other arid areas more broadly. Results will 

provide useful information for water managers and water users to curb future drought conditions, 

or to ration and store water more effectively. The literature indicates that no such study has been 

performed in the upper Colorado River Basin of Texas, and that there are relatively few studies 

of similar scope across any region. 
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Figure 1.2. The study area which is comprised of an upper portion of the Colorado River Basin 

within the U.S. states of Texas and New Mexico (shaded blue within the inset map).  

Chapter 2: Literature Review 

2.1 Defining Drought 

Before attempting to provide useful insight for drought-related water management, it is 

imperative to define drought. Drought is a regularly occurring phenomenon, but varies in 

magnitude, timing, and position within longer-term trends in the hydrologic record (i.e., an area 

simply becoming more arid), making it difficult to define. At the most basic level, drought is a 

deficit of water relative to normal levels (Sheffield & Wood, 2012), but other definitions are 
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more specific. For example, Palmer (1965) described drought as having distinct temporal 

characteristics, in which water supply in a given area is consistently below climatologically 

expected levels or below appropriate levels to meet demand, generally for months or years at a 

time. Drought is often classified into one of three distinct types: meteorological, 

agricultural/ecological, or hydrological drought. Meteorological drought is characterized by 

below average precipitation during a specific time period of varying lengths; agricultural drought 

is a period of soil moisture deficit that results in reduced crop production and plant growth 

caused by a myriad of factors such as limited precipitation, increased evaporation, and intense 

but less frequent precipitation events, among others; and hydrological drought is defined by 

reduced streamflow in rivers or reduced storage in lakes, reservoirs, or groundwater supplies 

(Dai 2011). Socioeconomic drought, or water supply not meeting demand, can occur as a result 

of one or a combination of these three types of drought, causing consequences for social, 

economic, and environmental systems (Mehran, Mazdiyasni, & AghaKouchak, 2015). The 

proposed study will analyze water availability, or hydrologic drought, which directly relates to 

water available to meet customer demand. Hydrologic drought is also closely tied to water 

management, given its direct relationship with water levels, which managers must monitor to 

assess supply availability.  

2.2 Recent History of Drought in the Southwest 

It has been shown that hydrologic drought in the southwestern U.S. and surrounding areas is 

increasing in frequency and intensity. Andreadis & Lettenmaier (2006) used the Variable 

Infiltration Capacity (VIC) model to simulate soil moisture and runoff over the entire U.S. from 

1925-2003 and mapped associated trends in drought duration and severity. Across the entire 

country, drought trends actually lessened, but within the Southwest, both duration and severity 
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increased significantly, with California and Texas featuring the most widespread increasing 

trends. Detailed analysis of causal mechanisms was beyond the scope of the work of Andreadis 

and Lettenmaier, but others have addressed this topic. Ficklin, Maxwell, Lestinger, & 

Gholizadeh (2015) analyzed drought trends in the U.S. from 1979-2013 using the Palmer 

Drought Severity Index (PDSI) and the Getis-Ord Gi* statistic to identify regions exhibiting 

similar and significant drought trends. A large section of the western U.S., including significant 

portions of southern California, Arizona, New Mexico, and west and central Texas, was 

identified as having a widespread trend toward increasing drought intensity – the strongest such 

signal within the U.S. Easterling et al. (2007) analyzed trends in precipitation and temperature 

over the U.S. from 1950-2006 and compared these with instances of severe and extreme drought 

(PDSI < -3), finding the Southwest had consistently high percentages of area in drought during 

the study period. Temperature increases were found to be the main driver of sustained drought in 

the region, as precipitation actually increased in the Southwest during the study period. Without 

precipitation increases, drought in the area would have been significantly worsened. Udall and 

Overpeck (2017) estimate that temperature increases within the Colorado River Basin were 

responsible for 2.7% to 9% flow declines during the 2000-2014 drought, which represents about 

one-sixth to one-half of the total flow loss. The Intergovernmental Panel on Climate Change 

(IPCC) projects continued surface warming of the planet under all carbon emissions scenarios 

(IPCC, 2014), meaning that an important driver of past drought conditions will most likely 

become more extreme in the future. Studies are already predicting a global trend of drying in arid 

areas due to the increased temperatures associated with human-induced climate change, and the 

American West has been explicitly highlighted as at risk for significant drying (e.g., Putnam & 

Broecker, 2017).   
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2.3 Causal Mechanisms of Drought in the Southwest  

Increases in global air and ocean temperature also affect broader climate-system causal 

mechanisms of drought in the southwest U.S. Long-term and severe drought in the region has 

been repeatedly tied to the La Niña phase of the El Niño-Southern Oscillation (ENSO) and 

negative phase of the Pacific Decadal Oscillation (PDO) (MacDonald et al., 2008; Quiring & 

Goodrich, 2008). Increased radiative forcing has been associated with multi-decadal occurrence 

of the negative phase of PDO and La Niña phase of ENSO simultaneously, which has prompted 

long term and severe drought in the past (MacDonald et al., 2008; Woodhouse, Meko, 

MacDonald, Stahle, & Cook, 2010). Increasing global temperatures are also theorized to increase 

the presence of extreme La Niña events, which lead to more extreme associated weather patterns 

such as the dry conditions experienced by the Southwest (Cai et al., 2015). The Atlantic 

Multidecadal Oscillation (AMO) also has a strong effect on Southwest temperatures and 

associated drought conditions, with a positive AMO phase responsible for approximately half of 

the experienced rise in temperatures in the region (Chylek, Dubey, Lesins, Li, & Hengartner, 

2014). There is some uncertainty in predicting future patterns of the AMO, but presence of its 

positive phase, especially if it co-occurs a with negative phase of the PDO could sustain and 

increase dramatic dry periods in the southwest U.S. (Chylek et al., 2014; Quiring & Goodrich, 

2008). While there is uncertainty in the future nature of climate oscillations, there is evidence 

that higher temperatures could produce more extreme oscillations that promote more severe 

drought and that patterns of these oscillations are likely to continue to produce drought periods in 

the Southwest in the future.  

2.4 Southwest Drought and the Future: Climate Change 
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Given the causal mechanisms behind naturally occurring drought in the region, it is unsurprising 

that the majority of studies focused on future drought trends in the American West predict 

greater drying. Dai (2011) conducted a review of temporal patterns in global drought, examining 

both historical and future trends. Findings showed that the literature and current models suggest 

that aridity is expected to generally increase throughout the 21st century, and the Southwest is 

marked specifically as a region prone to future drying. Other studies use modeling approaches 

integrated with future climate outlooks to estimate drought conditions. Representative 

Concentration Pathways, or RCPs, are often used to represent future climatic conditions by 

projecting climatic response to different levels of greenhouse gas emissions as driven by factors 

like population change, energy use, economic activity, and land use (van Vuuren et al., 2011). 

They are named based on their radiative forcing level (W m-2) by year 2100. For example, 

RCP4.5 represents a medium stabilization scenario of 4.5 W/m2 radiative forcing by 2100, while 

RCP8.5 represents a very high 8.5 W/m2 forcing at century’s end as the result of continued high 

emittance of greenhouse gas emissions. Cook et al. (2015) modeled future drought risk in the 

Southwest and Central Plains of the United States by utilizing GCM output with a physically 

based and potential evaporation-focused version of the PDSI. Results showed an increased risk 

of decadal drought of more than 30% from the base 1950-2000 period to the 2050-2099 period 

based on RCP 8.5, and an ~80% increase in risk for multidecadal drought events. Dai (2013) 

analyzed an array of models predicting future soil moisture and PDSI for the end of the 21st 

century under an RCP 4.5 scenario. He found that large areas of the western U.S. will undergo 

soil moisture decreases of over 10% relative to 1980-1999 conditions and experience mean PDSI 

values that indicate moderate to extreme drought compared to present conditions. Seager and 

Vecchi (2010) predict that drying and drought periods in the Southwest will continue in the 21st 
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century, with both natural variability and anthropogenic drying promoting a climate that may 

never return to the moister periods seen in the latter stages of the 20th century.  

2.5 Drought and Water Management: Case Studies 

Climate-induced drought is a significant driver of water shortages, but this lack of water can also 

be compounded or even created by inefficient water management. During 2016, a major drought 

occurred in the New England region of the U.S. causing sections of the Ipswich River to run dry. 

It is believed that poor water management through lack of water use restrictions was a major 

cause of the severity of the drought and subsequent water shortages (Vickers, 2018), but 

appropriate analysis to verify this theory has not been undertaken. Such analysis could provide 

key insights for future management of the Ipswich River by quantifying the impact of withheld 

water restrictions on drought conditions. It is difficult to apply appropriate management 

techniques when their effectiveness in terms of drought impact has not been quantified.  

In contrast to the previous scenario, a case study by Grant et al. (2013), focused on Melbourne, 

Australia during the Millennium Drought in southeast Australia, highlights more effective water 

management, exemplifying the possible applied contribution of this research. The Millennium 

Drought began in 1997 and lasted over a decade (Grant et al., 2013). In response to the drought, 

a water-transfer project and desalination plant were proposed, but due to public opposition and 

logistical concerns, neither project came online during the drought. In response, the city 

instituted measures to reduce demand, including public education initiatives, water restrictions, 

and changes in water pricing. This reduction, along with an innovative stormwater capturing 

program, helped Melbourne avoid worse consequences from the Millennium Drought by 

lowering per-capita demand by 46% over the drought period and using an average of 10 

GL/month less water compared to pre-drought conditions (Grant et al., 2013). Thus, successful 
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water conservation was achieved without typical supply-oriented solutions. This case study 

shows that less traditional demand reduction measures can greatly reduce impacts of drought and 

alleviate drought conditions.  

Murphy and Ellis (2019) assessed the ability of a modern water resource system in the southwest 

U.S. to handle conditions associated with megadroughts in the paleoclimate record, here defined 

as decadal or longer periods of below average streamflow relative to the long-term median. The 

Salt River Project (SRP) in central Arizona supplies water to the Phoenix area through use of 

several reservoirs and groundwater pumping, with many protocols to reduce water demand 

during periods of shortage. Even when compared to the largest megadrought in the 645-year 

record, the SRP system was theoretically able to maintain reservoir storage above critical levels 

when meeting present customer demand due to reduced delivery protocols. These results 

highlight how well-functioning supply systems can be extremely resilient to drought, even in 

severe cases. However, Murphy and Ellis (2019) note that the present megadrought in the study 

area (as of 2018) could become the new, largest megadrought in the ~700- year historical record. 

This example is in line with the suggestion that stationarity, as it applies to water systems, can no 

longer be assumed due to anthropogenic climate forcing (Milly et al., 2008), highlighting the 

importance of continuing to increase the resilience of water supply systems in the southwestern 

U.S.  

2.6 Methods for Incorporating Human Influence  

Currently, the study of drought prediction and propagation is most often examined as a 

physically based phenomenon driven by climatic variability. Van Loon & Van Lanen (2013) 

assert the importance of differentiating between naturally driven drought and water scarcity, or 

“the unsustainable use of water resources.” Under these definitions, water scarcity involves the 
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human management of water – it can be alleviated or worsened by human action, while drought 

is associated only with natural conditions and can only be adapted to by humans. Van Loon & 

Van Lanen (2013) posit that differentiating between drought and water scarcity can better inform 

water managers in determining how to approach water supply issues. To approach this 

complicated issue, they proposed an observation-modeling framework to differentiate between 

drought and water scarcity. It involves creating a naturalized model that predicts hydrologic 

conditions given no human influence, and then comparing these results to observed data. 

Resultant time series of hydrologic variables can be compared to analyze human effects to the 

hydrologic system. The naturalized time series depicts the hydrologic system as a sole 

consequence of climate, while observed data represent hydrology affected by both drought, land 

use change, and human-induced water scarcity. Comparing the results allows for estimates of the 

relative contributions of human and natural influence, from which further extrapolations can be 

made, given additional data and considerations.   

To illustrate the approach, Van Loon and Van Lanen (2013) performed a case study on the 

Upper-Guadiana catchment in Spain using the proposed framework. The catchment has a history 

of water supply issues and past studies had difficulty in identifying factors contributing to water 

scarcity. As a result, recommendations to improve water supply were vague and lacked useful 

insight. Van Loon and Van Lanen (2013) used the HBV hydrological model, which uses 

precipitation, temperature, and potential evaporation, to estimate an ensemble of discharge and 

groundwater storage levels within the catchment under a naturalized scenario. The model was 

calibrated and validated during an undisturbed period (1960 - 1980) before significant 

consumptive water use occurred in the catchment. Observed data were obtained for the period of 

1980 – 2001, noise or error was added, and these were compared to naturalized model output 
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during the same time period. Initially, observed discharge and groundwater level data were 

compared to model simulated values, showing significantly less available water in the observed 

values compared to the naturalized model. This difference in value (between observed and 

simulated) increased nearly linearly during the disturbed period, meaning there was a near 

constant depletion of water due to human consumption. The second comparison analyzed 

anomalies for observed values and the naturalized simulation. A variable threshold was chosen 

representing the 80th percentile of a monthly duration curve for the undisturbed period, meaning 

that threshold discharge or groundwater levels were met or exceeded 80% of the time for that 

month. Observations and naturalized simulation data were then compared to the threshold 

through time with an anomaly occurring at a time in which discharge or groundwater levels were 

below the threshold. By such analysis, it was determined that observed discharge had much 

longer times under continued anomalous (low) flow than the naturalized simulation, and that 

anomalous groundwater levels were of much greater deviation from the threshold for observation 

data. This indicates that human influence accounted for longer periods of low water supply and 

caused more extreme reductions in water supply overall.  

More explicit incorporation of human management decisions can be used to further attribute 

hydrologic changes to specific human actions or inactions. He et al. (2017) analyzed the human 

contribution to mitigation of drought in California from 1979 – 2014 using the PCR-GLOBWB 

model, which incorporates human water management variables such as reservoir operation, 

irrigation, groundwater pumping, and livestock water demand. The model ran for both a natural 

experiment (no human water management included) and a human experiment (human water 

management included). By accounting for reservoir operation (water deliveries) and estimating 

consumptive water uses, the study not only analyzed differences in drought propagation between 
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the two scenarios, but also attributed these differences to specific human water management 

actions. For example, it was shown that during the severe 2014 drought in California, areas with 

high irrigation (i.e., Central Valley) experienced drought deficit volumes ~50-100% worse than 

under naturalized conditions, while areas with little irrigation and relatively low demand had 

drought alleviated by ~50% due to reservoir releases. The analysis allowed for direct insight into 

the human drivers of drought propagation or alleviation, creating useful knowledge for water 

management.  

Addressing demand along with innovative water reuse measures may be effective in curbing 

drought in the 21st century and beyond. This is especially important for areas such as the 

American Southwest, which is facing increasing drought risk compounded by its natural aridity. 

By analyzing human influence on drought within the American Southwest, potential for 

improving water management can be elucidated. Further analysis could reveal whether the 

currently practiced supply-oriented solutions (reservoir storage and water transfer projects) are 

effective at coping with drought or if more specific demand-reducing solutions would be more 

effective. The proposed research hopes to add to this expanding field of research by using a 

specific watershed and water supply system as a case study that can inform broader aspects of 

water management in the American Southwest. 

Chapter 3: Study Area Development and Background 

Choosing the study area required three main considerations to be met: 1) the area (as well as the 

area downstream) was prone to drought and water stress, 2) there were obtainable hydrologic 

data for an undisturbed and disturbed period (little or no human influence to significant human 

influence), and 3) the presence of accessible water supply data.   
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Due to the large amount of relevant, available data existing for the U.S., a study area search was 

initially focused on the contiguous U.S. Across the country, precipitation generally increases 

from west to east, and so the western U.S. states (Arizona, California, Colorado, Idaho, Montana, 

Nevada, New Mexico, Oregon, Texas, Utah, Washington, Wyoming) were the specific area of 

initial focus. In attempt to find an arid area that has undergone a “disturbance” to its water 

system within the 20th century, population changes were analyzed at the county level in these 

states. Population difference ratios were calculated for each county in the selected states using 

data from the U.S. Census Bureau (retrieved from: 

https://www.census.gov/topics/population.html). The ratios were calculated as the difference 

between 2010 population and 1920 population divided by the 1920 population. This was used as 

a simple means to calculate the relative population change for each county. The years of 1920 

and 2010 were used because 1920 represented the earliest census year in which the county 

boundaries aligned with 2010 county boundaries for all western states, and 2010 represented the 

latest census data availability. An area in west Texas was identified as a potential target due to a 

dense network of counties with high relative population change. Further, west Texas is an arid 

region (Schmandt, North, & Clarkson, 2011) and has experienced recent and notable drought 

(Nielsen-Gammon, 2012). The broader areas of west and central Texas have also dealt with 

water scarcity due to drought (Long et al., 2013), and water demand regularly outpaces supply in 

Texas watersheds (Hoekstra, Mekonnen, Chapagain, Mathews, & Richter, 2012). A large water 

supply entity with available delivery data, the Colorado River Municipal Water District 

(CRMWD), manages and distributes water across significant portions of the high population 

change region. The area was thus deemed to meet all three considerations.  
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The chosen study area is defined by two units. The first being the area serviced by the CRMWD 

(Figure 3.1). CRMWD is a water provider for municipalities and industries across west and 

central Texas that serves more than 600,000 people and supplies water to large west Texas cities 

including Odessa, Midland, and San Angelo (CRMWD, 2019). The supply system is 

characterized by three large reservoirs (Table 3.1) along the Colorado River in Texas and a 

variety of groundwater sources (Figure 3.1), all of which have available water delivery data at a 

monthly timestep. The lakes function as a connected system with a combined capacity of over 

1.2 million acre-feet (~1.48 billion m3) and the ability to supply 115 million gallons (~0.44 

million m3) of water each day (CRMWD, 2019).   

Table 3.1. Information for each reservoir in the CRMWD system, listed in order from furthest 

upstream to furthest downstream. 

Reservoir Year of Construction Capacity (millions of m3) 

Lake J.B. Thomas 1952 247.44 

E.V. Spence Reservoir 1969 638.03 

O.H. Ivie Reservoir 1990 683.78 
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Figure 3.1. The Colorado River Municipal Water District (CRMWD) showing the supply 

system, including its three reservoirs and multiple well fields as well as its supply network. 

Obtained from https://www.crmwd.org/water-sources/. 

The groundwater sources are comprised of Big Spring, Martin County, Snyder, and Ward 

County well fields, which combine to supply an average of only 2 million gallons (~7,570 m3) of 

water per day, or 3 percent of total water supply for the district. The North Ward County Well 

Field was completed in less than 18 months so that the region could avoid water shortages in 

2013, highlighting the recent water issues facing west and central Texas. The well water system 

does have the capacity to pump roughly 45 million gallons (0.17 million m3) of water per day 

during periods of low surface water storage, but such a rate of extraction would likely be 

unsustainable (de Graaf, Gleeson, van Beek, Sutanudjaja, & Bierkens, 2019). 

https://www.crmwd.org/water-sources/
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As stated above, the region has experienced some of the greatest relative population change in 

the country during the 20th century (Figure 3.2). Much of west and central Texas is comprised of 

arid landscapes (Schmandt et al., 2011) and recent droughts have combined with the growing 

population to increasingly threaten assured water supply (Nielsen-Gammon, 2012). Growing 

populations in the area have only increased the considerable water burden on the region. The 

CRMWD system has been especially compromised during recent drought events, with all 

reservoirs experiencing stints well below capacity levels and some with near complete drying 

(Wilder, 2011). Zhang and Wurbs (2018) found that Colorado River flows below the CRMWD 

reservoir system exhibit a changed hydrology as the result of human influence, primarily 

characterized by reduced flows. Mix, Groeger, & Lopes (2016) explicitly cited reservoir 

construction as the main cause of reduced downstream flows during a recent drought period on 

the Colorado River below the CRMWD system. The CRMWD region is an ideal fit for study 

given its fit of the three criteria (drought/arid, pre- and post-population growth water history, 

reliable water supply data). However, the study region cannot be bounded solely by the 

CRMWD region. The hydrologic system in which the CRMWD is situated must be considered.   
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Figure 3.2. Combined population through time for key counties (Ector, Howard, Midland, 

Scurry, Taylor, and Tom Green) that obtain water from the CRMWD. 

The CRMWD exists within an upper portion of the Colorado River Basin in Texas. The 

Colorado River of this study, not to be confused with the more well-known Colorado River 

which flows from the southern Rocky Mountains to the Gulf of California, originates and ends 

entirely within the state of Texas. The river extends over 13,000 km in length and drains an area 

of approximately 103,350 km2, that extends into southeast New Mexico (Britannica, 2014). The 

area of the basin considered in this study is in the western and central areas of Texas and the 

southeast portion of New Mexico. This area may or may not be categorized as part of the 

Southwest in other sources, especially when boundaries are drawn on state lines, as the large area 

and diverse climate found in Texas often causes it to be classified differently. However, in 
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general, both precipitation and runoff-to-rainfall ratios decrease east to west across Texas, 

creating much more arid areas in western Texas (Schmandt et al., 2011). Larkin et al. (1998) 

used a physically based scheme including climatic, land use, and geomorphological variables to 

determine which areas of the country feature Southwestern attributes. Their findings indicate that 

significant portions of central and west Texas as well as eastern New Mexico can be physically 

classified as “Southwest.” Additionally, the aridity gradient of the U.S., historically marked by 

the 100th meridian, is moving eastward (Seager et al., 2018) increasing the amount of area in the 

study region that will exhibit attributes of an arid landscape, which is characteristic of the 

Southwest. Further, several studies cited herein have included Texas or significant portions of 

the study area in their own classifications of the American or North American Southwest. In 

result, this research considers the study area to more similarly resemble the physical nature of the 

American Southwest than any other general region of the country.  

In much of the state of Texas, and particularly in areas farther west, evaporation exceeds 

precipitation, creating an arid or semi-arid climate (Board, 2012). Precipitation within the 

Colorado River basin, as in much of Texas, is typically derived from deep-convective storm 

systems and individual thunderstorm events (Schmandt et al., 2011). This creates a hydrology 

with typically low baseflows and flashy river flows during storm events. River basin hydrology 

in Texas features large amounts of variability on short, seasonal, and yearly scales (Zhang & 

Wurbs, 2018) and surface water supply is rather undependable. U.S. Drought Monitor (USDM) 

time series of drought in both the Upper and Lower Colorado River basins (Texas) show 

frequent and prolonged periods of severe to exceptional drought since the turn of the century 

(Figure 3.3; retrieved from: https://droughtmonitor.unl.edu/Data/Timeseries.aspx).  

https://droughtmonitor.unl.edu/Data/Timeseries.aspx
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Figure 3.3. Percent drought area for the Upper and Lower Colorado River Basin areas in Texas 

in the 21st century. The colors of yellow (abnormally dry), tan (moderate drought), orange 

(severe drought), light red (extreme drought), and dark red (exceptional drought) are used to 

depict the severity of drought. (retrieved from: 

https://droughtmonitor.unl.edu/Data/Timeseries.aspx)  

To accurately assess the impact of the CRMWD water supply system, the overall study area must 

encompass all the area draining to a point downstream of the system. This accounts for all water 

supply use by the CRMWD. A USGS stream gage below the most downstream CRMWD 

reservoir was chosen as the defining drainage point for the study area (Figure 3.4). The overall 

study area is defined by all watershed area that drains to this gage (Figure 1.2).    
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Figure 3.4. The USGS gage (red dot) used to measure observed runoff for the study area and 

O.H. Ivie Reservoir, the most downstream CRMWD reservoir (in purple). 

Chapter 4: Methods 

4.1 Approach  

The first research question (human role(s) in drought evolution) is addressed by analyzing 

observed and modeled runoff from a portion of the Colorado River Basin in west-central Texas 

and southeastern New Mexico during two distinct periods. The first, spanning from January 1916 

to December 1950 represents an “undisturbed” period in which human influence on the system 

was minimal. The second period, from January 1951 to December 2014 represents a “disturbed” 
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period in which water system alteration began and has continued to increase due to the pressures 

of growing human population, land development, and resource consumption. The region’s main 

water supplier is a public water utility with available data on water inflows to its reservoirs, 

water deliveries to its customers from their reservoirs and well fields, and water storage. This 

allows for water management to be linked with variations in the hydrologic system through time. 

Analysis will focus on periods in which hydrologic flow is below a certain threshold defined as 

drought. This will serve to isolate the analysis to defined drought periods.  

The second research question (management insights) will be answered by analyzing human 

influence on water provisions during the disturbed period. It has been shown that water resource 

management can improve or worsen drought conditions (Van Loon et al., 2016); here, certain 

periods of improvement or decline will be identified for study in pursuit of improved 

understanding of how water use and management may have affected available water. Various 

statistical analyses are applied to analyze the connection between factors such as water storage, 

water deliveries, and possible demand reduction measures with the amount of available water 

during drought periods as indicated by downstream flow. Such analysis highlights the 

effectiveness of different water management strategies in relation to drought propagation.  

Findings from both research questions will be especially significant for the region of study but 

should also provide useful information for similar water concerns in other parts of the arid world. 

An ultimate goal of this study is to supply geographically transferable information related to the 

role of human water consumption and management in drought evolution and mitigation. 

4.2 Observation-Modeling Framework 
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This study followed an observation-modeling framework similar to that of Van Loon & Van 

Lanen (2013) but also incorporated human management variables as done by He et al. (2017) to 

analyze more specific human-influenced causes of hydrologic conditions. The approach followed 

the broad method proposed by Van Loon & Van Lanen (2013) by modeling naturalized 

conditions within a hydrologic system. To do this, the model must be calibrated with input data 

from an undisturbed period (i.e., no human influence). After testing the model for accuracy 

during the undisturbed period, the naturalized model can then be run during a future disturbed 

period (human influence) and compared with observed values to provide information on human 

influence on the system. In this project, the naturalized model predicted runoff for a portion of a 

river basin that was compared to observed runoff originating from discharge data at a specific 

gaging station. Both model output and observed data correspond to this specific gage location 

and therefore differences in values reflect human influence (ground water pumping, surface 

water diversions, water impoundment, and other consumptive water use) in the draining area 

above that location. The runoff output from the models and observed data are representative of 

downstream flow which can be used to depict both climate-induced and human-influenced 

downstream hydrologic drought. Implementation of water supply and use data can be used to 

further knowledge regarding human influence by specifically quantifying the influence of human 

water management on the hydrologic system (Van Loon & Van Lanen, 2013). Available water 

supply and use data were related to the difference in value between observed and modeled runoff 

through analysis of water deliveries, reservoir inflows and outflows, and groundwater pumping 

data, allowing for more precise insights into how human water use and management is affecting 

the hydrologic system.   
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Discharge data from the USGS stream gage (Figure 3.4) was used to calibrate the model and 

compare model simulations to observed values, which should depict the human influence on the 

system. USGS gage data does carry uncertainty, but daily discharge data is commonly within 5 

to 10 percent of the true discharge value (USGS, 2006), and USGS gage data is widely used as 

observed data for model comparison purposes (e.g. Arnold et al., 1999; Sharif et al., 2010; 

Teague, Christian, & Bedient, 2013) 

4.3 USGS Gage, Watershed Delineation, and Final Study Area  

As stated, a USGS gage downstream of the CRMWD system was used to finalize the overall 

study area. The downstream gage (Figure 3.4) used for this study is USGS site 08147000 

Colorado River near San Saba, TX (retrieved from: 

https://waterdata.usgs.gov/nwis/inventory/?site_no=08147000). This specific gage was chosen 

because it was the closest downstream gage to the CRMWD system that had a data record 

extending to the early 20th century, which ensured that lengthy disturbed and undisturbed periods 

could be examined. The gage has discharge data in cubic feet per second (converted to m3) 

dating back to November 1915. It is approximately 225 kilometers downstream from the O.H. 

Ivie Reservoir, which is the southernmost component of the CRMWD system. The gage’s 

draining area was determined by generating a flow direction raster from a digital elevation model 

(DEM) that had been resampled to match the grid resolution of relevant climate data discussed 

below. The flow direction raster was then used to delineate the gage’s watershed using ArcGIS 

Pro’s watershed tool with the gage as a pour point. The resulting raster grid represents all the 

cells which flow to the downstream gage. This grid includes 4,444 cells at approximate 4km 

resolution, resulting in a study area of ~71,000 km2 (Figure 1.2).  

4.4 Estimating Monthly Naturalized Runoff (Water Balance Model) 
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Two models were created to estimate monthly, naturalized runoff during the disturbed period in 

the study area. The first is a water balance model predicated on Ellis et al.’s (2008) application of 

the Thornthwaite-Mather climatic water budget model (Thornthwaite & Mather, 1955, 1957). 

The model requires input data of mean monthly temperature, monthly total precipitation, soil 

field capacity, and latitude.   

4.4.1 Model Input Data and Resolution  

Historic mean monthly temperature and total precipitation data were gathered from the 

Parameter-elevation Regressions on Independent Slopes Model (PRISM) dataset (Daly, Neilson, 

& Phillips, 1994) spanning from January 1900 to December 2014 

(http://www.prism.oregonstate.edu/). PRISM data come in a gridded format with a resolution of 

0.0416° of latitude and longitude (approximately 4km).  

The field capacity (FC) of the soil was determined by using the available water capacity (AWC) 

and soil texture classes provided by The Pennsylvania State University (PSU) Soil Information 

for Environmental Modeling Ecosystem Management database (www.soilinfo.psu.edu) (Miller 

& White, 1998), which is derived from the State Soil Geographic (STATSGO) database of the 

Natural Resources Conservation Service. The soil data are originally in the form of geographic 

polygons and were resampled to a raster grid aligned with the PRISM grid cells. Since FC values 

are not contained in the database, AWC values and soil texture classes were used to determine 

FC. AWC represents the difference between the FC and permanent wilting point of the soil, 

which allows for determination of FC given soil texture information. Soil properties of FC and 

AWC ranges for a given soil texture were adapted from Ellis et al. (2008) to produce appropriate 

ranges for all soil textures within the study area. For each soil texture, an AWC/FC ratio was 

computed by dividing the low value for the AWC range and the high value of the FC range as 
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per Ellis et al. (2008). The low AWC value for a given cell was then divided by the ratio 

determined by its texture, resulting in an estimate of FC for each cell. The active soil moisture 

storage layer was defined by the depth to bedrock for each cell, as given by the resampled PSU 

data.  

4.4.2. Methods for Generating Runoff (Water balance Model) 

The methods for generating runoff follow those used by Ellis et al. (2008) and are discussed 

below. There are three main variables that must first be estimated before simulating runoff: 1) 

potential evapotranspiration (PE), 2) monthly soil moisture, and 3) monthly surplus water.   

4.4.2.1 Estimating Potential Evapotranspiration  

The Hamon method for estimating PE (mm mo-1) is given by the equation: PE = 13.97dD2Wt, 

where d is the number of days in a month, D is the mean monthly hours of daylight in units of 12 

hours, and Wt is a saturated water vapor density term, given by Wt = (4.95e^0.062T)/100 where 

T is mean monthly temperature in °C. The Hamon method has previously been used to 

effectively estimate potential evapotranspiration in arid climates (e.g., Ellis et al., 2008; Majidi, 

Alizadeh, Farid, & Vazifedoust, 2015) 

4.4.2.2 Estimating Monthly Soil Moisture  

To estimate monthly soil moisture, actual evapotranspiration (AE) must first be estimated. 

Within the climatic water budget approach, AE is derived as a fraction of PE. When precipitation 

(P) = PE, all P goes to PE, AE = PE, and soil moisture (SM) stays the same. If P > PE, AE = PE 

and if SM is below FC, excess P is used to recharge SM. When SM is less than FC, depletion 

occurs at the rate of AE = PE*(SM/FC). A linear decline in the atmosphere’s ability to extract 

moisture through evapotranspiration corresponding with a linear decline in soil moisture was 
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recommended by Thornthwaite and Mather (1955) after testing several non-linear functions. The 

approach also worked well in simulation of arid climate soil moisture by Ellis et al. (2008).  

4.4.2.3 Estimating Monthly Surplus Water 

Estimation of monthly surplus water occurs during months when soil moisture reaches or is 

already at capacity. Surplus water (S (mm)) is calculated as S = P – PE – R, where P is amount 

of precipitation in mm and R is the amount of moisture needed to recharge the soil to capacity. 

On the way to producing a monthly estimate of runoff from the watershed, the monthly surplus 

value for each cell in the study area is multiplied by the area of the cell to create a volume of 

water. The water volumes from all cells draining to the discharge channel are then summed to 

produce a monthly total volume of excess water for the study area.  

4.4.2.4 Generating Total Runoff 

Surplus water is translated to runoff by assuming that a portion of the water appears at the 

discharge point of the study area (the USGS gage) during the current month, while the remainder 

lags behind and appears in subsequent months. It is suggested that different combinations of 

runoff-carry over combinations are tested to find the best fit for a specific watershed (Mather, 

1978). The model was set up with an original lagged runoff approach with a 50-50 runoff-carry 

over ratio, which means that one-half of the monthly surplus runs off in the current month and 

the other half is added to the surplus water of the next month. Adjustments to the original 50-50 

runoff-carry over ratio were made and are discussed below. 

Within the study area, there are 4,444 PRISM grid cells. For each cell, a runoff value is 

generated for each month by assuming that 50% of the surplus soil moisture appears at the 

discharge point given the lagged runoff approach discussed above. When summed across all grid 
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cells, this creates a total runoff for the study area. This total runoff value is used to compare 

simulated data to observed discharge given by the USGS gage data.  

4.4.2.5 Model Adjustments  

A calibration stage was chosen to be within the “undisturbed” period for the study area. The 

undisturbed period must naturally be comprised of years prior to the construction of Lake J.B. 

Thomas (the first constructed reservoir in the CRMWD system) in 1952. Population numbers for 

counties within the study region were analyzed as an additional check of development with the 

assumption that less population corresponds with less development and therefore a rather 

undisturbed period. Resultantly, the undisturbed period was chosen to be the years of 1916-1950, 

given the still limited population numbers from the 1950 census (Figure 3.2). The calibration 

stage is represented by a subset of this period (1916 – 1944) to allow for a six-year validation 

period used to, in part, evaluate model performance. Numerous model iterations were tested 

against calibration period observed data, resulting in several adjustments to the water balance 

model.   

First, a PE coefficient of 1.4 was applied to the Hamon method calculation. This is a step that 

was expected as it was necessary in previous studies using the same model (Ellis et al., 2008). It 

was observed during initial model runs that when the model produced runoff, values were often 

too high, primarily as a result of an unsatisfactory PE/P ratio. Model-derived PE values were 

compared against lake evaporation data obtained from the Texas Water Development Board 

(TWDB; https://waterdatafortexas.org/lake-evaporation-rainfall) for several areas within the 

study area. The TWDB used pan evaporation station data to create their own estimates for lake 

evaporation and then extrapolated estimates out to 1x1 degree grids for the entirety of Texas 

((TWDB), 2020). PE estimations from model output were compared to lake evaporation 

https://waterdatafortexas.org/lake-evaporation-rainfall
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estimations obtained from the grids, focusing on areas where model grid cells overlapped with 

the point data used to create the 1x1 degree TWDB grids. To compare PE estimations, ratios of 

TWDB lake evaporation estimates to modeled PE estimations were computed for relevant areas 

across all months. Results showed a mean ratio of 1.8, which did not vary significantly across 

months. Lake evaporation estimates should not be expected to provide direct estimates of PE for 

vegetated land cover (Morton, 1986). The high, mean ratio produced by the comparison served 

as justification to test a spread of PE coefficients between 1 and 1.8, with a coefficient of 1.4 

ultimately producing best results.  

Initially, water balance model output yielded many months in which little or no runoff was 

produced. This was likely due to the high mean basin potential evaporation (MBPE) to mean 

basin precipitation (MBP) ratios observed for the study area and the model being unable to 

account for heavy precipitation events that occurred over short periods of time given the monthly 

resolution. These types of events produce more runoff relative to less intense rainfall events as 

they more quickly overwhelm soil infiltration capacity (Liu et al., 2011). As discussed, 

convective storm events which produce high intensity rainfall over short durations are common 

to West and Central Texas (Schmandt et al., 2011). Therefore, with temporal resolution too 

coarse to capture such events, the effect was that moisture produced from the storms was 

averaged over a monthly time scale (effectively supplied to the soil equitably through the month) 

and reduced due to the rather high MBPE to MBP ratios in the study area. To address this issue, 

a direct runoff component was added by “dumping” a percentage of monthly precipitation 

directly into runoff values each month, which is a common procedure for similar water-budget 

runoff models (e.g. McCabe & Markstrom, 2007). These precipitation dump percentages were 

found by taking monthly modeled runoff minus observed runoff for the calibration period. Then 
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all months with positive values (modeled runoff > observed runoff) were dropped, leaving only 

negative differences, which represent months when the model was underestimating runoff. The 

absolute value of these negative differences was divided by the volume of precipitation for that 

month, producing estimates of how much precipitation needs to be dumped to meet the deficit of 

modeled runoff. The median values for each month were taken as the final percentages used to 

dump a portion of monthly precipitation directly into runoff (Table 4.1). 

Table 4.1. Monthly precipitation dump percentages used for the water balance model. 

Month Precipitation dump 

percentage 

Jan 1.70 

Feb 1.81 

Mar 2.04 

Apr 2.84 

May 3.76 

Jun 3.56 

Jul 1.40 

Aug 0.96 

Sep 1.54 

Oct 2.03 

Nov 1.24 

Dec 1.13 

 

Finally, an adjustment was made to the lagged runoff component, which accounts for delay in 

runoff reaching the most downstream point of the study area. Taking median values of modeled 

runoff (using the model with all final components except this step) minus observed runoff 

produced seven months of negative values (modeled < observed) and 5 months of positive values 

(modeled > observed). A monthly mean of runoff deficit was taken from the total modeled – 

observed for the seven months of negative values and a monthly mean runoff surplus was taken 

from the total modeled – observed for the five months of positive values. The surplus mean was 

divided by the deficit mean to generate a mean ideal carryover of 0.1554 or 15.54%. Given this 
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value, the direct runoff for a month is 84.46% and the lagged carryover percent is 15.54%; that 

is, for a given month, 84.46% of the total generated runoff produces that month’s total runoff 

value, while 15.54% is transferred over to the next month’s total runoff.  

4.5 Estimating Monthly Naturalized Runoff (Statistical Model) 

A statistical model fit through a multivariate linear regression was also used to predict monthly, 

naturalized runoff. First, a multitude of single variable linear regressions were run to predict 

monthly observed runoff during the calibration period (1916 – 1944). These variables included 

MBP, mean basin temperature (MBT), MBPE, and past month’s runoff. For each of these 

variables, past month values were also used as predictors of the current month’s runoff. This 

accounted for lagged effects of MBP, MBT, or MBPE on runoff values. After finding significant 

predictors based on single variable regression, various combinations were applied to create fitted 

multivariate models. Models were initially assessed based on their residual standard error and R-

squared values. High performing models were then tested against validation (1945 – 1950) and 

undisturbed (1916 – 1950) period runoff using the correlation coefficient (r) and index of 

agreement (D) statistics as indicators of performance. The best performing multivariate 

combination included 1) the current month’s mean basin temperature (MBT), 2) the current 

month’s mean total precipitation (MBP), 3) the past month’s mean total precipitation (MBPp), 4) 

the past two month’s averaged mean monthly temperature (MBTp2), and 5) past month’s runoff 

(ROp) as an autoregressive term. These variables were used to predict the natural log of observed 

runoff which ensured that the statistical model would never predict negative values and 

resultantly improved performance. To compare with observed data in the disturbed period, the 

inverse of the natural logarithm (e) of statistical model output was taken. Because ROp is an auto 

regressive term, the final multivariate regression model was fitted for the period of 1924 – 1944 
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as 1924 represents the point from which all years had complete monthly runoff data. The years 

of 1919, 1920, 1922, and 1923 all had at least one month of missing observed runoff data and so 

the model could not be properly fitted using data prior to 1924. Model details are shown in 

Tables 4.2 and 4.3.  

Table 4.2 Model-fit statistics for the statistical model. 

Residual Standard 

Error 

Multiple R-squared Adjusted R-

squared 

p-value 

0.7 0.67 0.66 < 2.2e-16 

 

Table 4.3 Regression coefficients for the statistical model variables. 

Variable Regression 

Coefficients 

Intercept 12.7438 

MBT 0.0099 

MBP 0.02517 

MBPp 0.0053 

MBTp2 -0.0412 

ROp 0.2419 

 

4.6 Identification of Drought Thresholds  

There is no universal method for defining hydrologic drought, but there are several commonly 

used methods including various drought indices and the threshold level method (Van Loon, 
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2015). The threshold method is used to quantify hydrologic drought by selecting a hydrologic 

threshold for which values under the threshold represent drought (Van Loon, 2015). The 

threshold is related to a flow duration curve, which plots discharge versus exceedance 

probability. For example, if a discharge of 100 m3 has an 80 percent exceedance, the discharge 

equals or exceeds 100 m3 80 percent of the time. When choosing a threshold, there are several 

considerations: 1) the seasonality of the hydrologic system, 2) the timestep for which a threshold 

will be estimated and 3) the relevance of the threshold to the system. A variable threshold 

(seasonal, monthly, daily) is preferred for representing systems with a climate that is not 

particularly constant (Van Loon, 2015) and hydrologic drought is generally associated with 

longer timeframes (Wilhite & Glantz, 1985). Drought thresholds typically fall within the 70% to 

95% range under the flow-duration curve (e.g., Andreadis, Clark, Wood, Hamlet, & Lettenmaier, 

2005; Fleig, Tallaksen, Hisdal, & Demuth, 2006; Hisdal, Stahl, Tallaksen, & Demuth, 2001; 

Peters, Bier, Van Lanen, & Torfs, 2006; Tallaksen, Hisdal, & Van Lanen, 2009; Wong, Beldring, 

Engen-Skaugen, Haddeland, & Hisdal, 2011). There is no optimal threshold level for a system, 

and selection is ultimately subjective (Fleig et al., 2006). Thresholds can be related to drought 

impacted sectors and systems such as water supply and reservoir operation levels, but often 

drought analysis is used for many sectors with differing water requirements, which makes tying a 

threshold to one sector problematic (Van Loon, 2015).  

Given the monthly timestep of the water budget model to be used in this study, and the 

variability of monthly runoff within the watershed, a monthly variable threshold was used to 

define drought periods. In this study, the threshold to identify drought periods was set at the 80th 

percentile. Therefore, any month or series of months in which runoff does not surpass the 80th 

percentile threshold is considered a drought period for focused study. Drought periods were 
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analyzed for the entire study period, but the threshold is derived from the undisturbed period 

(1916 – 1950). In this way, the threshold represents a naturalized scenario and therefore the more 

recent human impacts on the system are easier to discern. Further, monthly thresholds were 

determined separately for each runoff output, ensuring that over or under estimations of model 

output relative to observed data would not influence the “occurrence” or “severity” of a drought.  

Because droughts are determined by runoff measured or estimated at the point furthest 

downstream in the study area, drought periods are specifically representative of downstream 

hydrologic drought and not necessarily drought of the study area as a whole. If the naturalized 

modeled runoff depicts drought in a given month, it is likely that a significant portion of the 

study area is experiencing drought conditions, but this assumption does not hold for observed 

data. Due to water manipulation and storage, areas upstream of the point of measured runoff 

could be well removed from drought conditions even when downstream runoff indicates severe 

drought. This distinction is important; the drought referred to in this study is an indicator of 

processes occurring upstream (both natural and anthropogenic) but primarily pertains to 

downstream consequences. Therefore, the “drought” discussed in the results below is indicative 

of downstream hydrologic drought relative to the study area.  

4.7 Methods and Data Pertaining to Results and Discussion  

4.7.1 Climate  

PRISM data and model-derived data were used to assess upper Colorado River Basin climate. 

MBP, MBT, and MBPE were computed during the water balance model computations and 

separated into undisturbed and disturbed period monthly means. To analyze the study area’s 

climate on slightly shorter timescales than the two main periods of analysis (undisturbed and 
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disturbed periods), 30-year climate normals of MBP and MBT were computed for the periods of 

1921 - 1950, 1951 - 1980, and 1981 - 2010. The second period beginning in 1951 marks the 

beginning of the disturbed period for the study.  

4.7.2 Model Performance  

Model performance was assessed during the undisturbed period, and included calculations of  

mean, standard deviation, correlation coefficient, index of agreement, logarithmic Nash-Sutcliffe 

efficiency, and mean absolute error. Calculating index of agreement (D) and Nash-Sutcliffe 

efficiency (NSE) is standard practice in many hydrologic modeling analyses as these statistics 

are considered better evaluators of model performance than the more basic measures also 

provided here (Legates & McCabe, 1999). D varies with values from 0.0 to 1.0 and NSE varies 

with values from -Inf to 1.0. Both D and NSE are overly sensitive to extreme values and 

therefore NSE was calculated using the natural logarithm of modeled and observed values (also 

known as logarithmic NSE). Logarithmic NSE reduces sensitivity to extreme values and is useful 

for analyzing model performance during low flows (Krause, Boyle, & Bäse, 2005), with values 

above zero indicating that the model better predicts runoff than observed mean (Legates & 

McCabe, 1999). 

4.7.3 Assessing Runoff  

Because runoff time series are punctuated with many high months of runoff that show as peaks 

and obscure overall trends, a loess smoothing filter was applied to several time series in attempt 

to better show differences and trends in the data. To make the data from each data set (observed, 

modeled) directly comparable, z-scores of runoff values were calculated during the disturbed 
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period. Z-scores were taken from the entire record of data (1916 – 2014) but only shown for the 

disturbed period (1951 – 2014).  

4.7.4 Assessing Drought  

Different characteristics of drought including severity, occurrence, and duration were analyzed 

in the disturbed period. Drought occurs if monthly runoff values for a given month are below its 

associated threshold. Drought severity is determined by the volume of runoff below the threshold 

in each month. Drought duration is determined by the number of consecutive months in which a 

drought occurs.  

Drought severity was analyzed for the entire disturbed period, as well as at a monthly resolution.  

At the monthly resolution, drought severities were standardized relative to each month’s 

individual flow characteristics and the inherent differences in each runoff output. Months with 

lower flows (and drought thresholds) will naturally produce lower total drought severity when 

not standardized, although these droughts could be just as impactful as drought severities of 

greater magnitude in higher flow months. Further, each runoff output gives different volumes of 

runoff and thresholds for each month. To adjust for this, standardized severities were calculated 

relative to each month and each model’s 80th percentile drought threshold. Relative severities are 

obtained by taking any month which is below threshold, subtracting the runoff for that month 

from its associated threshold and dividing by the threshold. For example, if the 80th percentile 

drought threshold for a month was 10 m3 and runoff was 8 m3 for that month, the relative 

severity would be (10-8)/10 or 0.2. Calculating severities in this way drastically changes results 

and provides a more accurate representation of the true magnitude of drought for each month. 

For this reason, relative severities are used to compare drought across months and runoff outputs.  
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Examining time series of observed and modeled runoff and their associated drought thresholds 

depicts quantitative and temporal evolution of drought over time. Observed runoff and drought 

thresholds were plotted for the entirety of the disturbed period, due to the long length of the data 

series and the numerous high peaks in runoff, trends were difficult to discern. Trends become 

more evident when examining runoff and thresholds on a smaller time scale. Therefore, both 

observed runoff and modeled runoff from the statistical runoff were examined over smaller time 

scale. The first and last 10-year periods of the disturbed period where chosen for analysis. The 

first 10-year period contained the highest smoothed value of observed runoff, and the last 10 

years contained the lowest, allowing for a comparison of the runoff – threshold relationship 

during periods of greatly differing observed runoff amounts, which could then be compared to 

modeled data. This step was primarily an example of the kinds of analysis that could be 

undertaken when examining the runoff - threshold relationship, and therefore was restricted to 

just two periods, and the water balance model was not included.  

4.7.5 Assessing Human Influences on Drought in the Disturbed Period 

To more explicitly examine the human influence on drought during the disturbed period, drought 

events were separated into several different types (per Van Loon & Van Lanen, 2013). “Water 

scarcity” events are comprised of months in which observed runoff is below the associated 

drought threshold and naturalized runoff is not. In contrast, natural drought events are constituted 

by months in which both observed runoff and naturalized runoff are below the drought threshold. 

By this separation, water scarcity is a drought occurrence that is solely a product of unsustainable 

use of water resources by humans, which can be affected by water management, and natural 

drought occurs due to natural climate variability. However, droughts that occur naturally are also 

subject to human influence. These droughts can be alleviated or worsened. Here, natural 
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droughts that are worsened by human influence are termed “human-intensified droughts.” These 

events are defined by presence of a natural drought (one of the naturalized models predicts a 

drought) and a more severe drought depicted within the observed runoff record. Because both 

water scarcity and human-intensified drought events are a result of water depletion by humans, 

the combined grouping of these terms is referenced as “human-influenced” droughts. Natural 

droughts can also be alleviated by humans (i.e. drought is predicted by both observed and 

naturalized model output but is worse under modeled conditions). There are instances in which 

human influence fully alleviates drought (naturalized model output predicts a drought event, but 

observed data do not) and partially alleviates drought (naturalized model output predicts a more 

severe drought than observed output). When human influence lessens drought conditions (partial 

alleviation) or prevents them from occurring (full alleviation), these instances are labeled as 

“human-alleviated” drought.  

4.7.6 Incorporating CRMWD Data to Analyze Human Influence on Drought 

Human influences on drought are many and varied, including climate change (Banner et al., 

2010), land-use change (Cook, Miller, & Seager, 2009), and human water consumption (Wada, 

van Beek, Wanders, & Bierkens, 2013). The difference between observed runoff and naturalized 

model runoff encompasses all human influences on the hydrologic system and cannot be 

explicitly separated into specific influences from a modeling standpoint. However, it is possible 

to use available data to incorporate direct estimates of specific human influence on runoff (Van 

Loon & Van Lanen, 2013). Here, the focus is on human water consumption by using water 

delivery, storage, and inflow and outflow data from the Colorado River Municipal Water District 

(CRMWD, 2019).  

4.7.6.1 CRMWD Storage Data 
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Reservoir storage data was obtained from 1954 to 2014, which represents the entire length of 

available data. There are three reservoirs in the CRMWD system – Lake J.B. Thomas (JBT), 

E.V. Spence Reservoir (EVS), and O.H. Ivie Reservoir (OHI). There were missing data for some 

months for each reservoir, and linear interpolation was used to fill gaps and estimate storage for 

these months of missing data. The only reservoir with significant amounts of missing data was 

JBT (192 total months). Both of the other reservoirs only had 2 months of missing data each. 

Reservoir storage was compared and related to runoff during the disturbed period to understand 

its effect on downstream drought.  

4.7.6.2 CRMWD Delivery Data  

Delivery data for all CRMWD sources was obtained from 1962 – 2014, which represents the 

entire length of available data. Similar to storage analysis, delivery data was compared and 

related to runoff during the disturbed period. Because deliveries represent the amount of water 

being consumed in the study area, they were also explicitly analyzed in their relation to drought 

propagation. 

Deliveries show the amount of water used by CRMWD customers during a given month and 

represent a removal of water from the managed system. Although this removal of water will not 

directly coincide with observed runoff because of other factors such as the timing of water 

released from CRMWD reservoirs and other water use in the basin that is not accounted for here, 

it is suspected that monthly water deliveries would still significantly impact downstream flow. A 

Granger causality test (Thurman & Fisher 1988) was used to assess if CRMWD deliveries 

influenced basin runoff. A Granger test measures whether lagged values of a time series, x, 

explains another time series, y, better than lagged values of the time series y explains itself. 

Additionally, standard linear regression was used to assess if current month CRMWD water 
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deliveries are a significant predictor of corresponding runoff. Finally, binomial logistic 

regression was applied to analyze the influence of a current month’s water deliveries on observed 

drought occurrence and water scarcity occurrence.  

The influence of CRMWD deliveries on water scarcity was also examined. The entire period of 

available delivery data was separated into months potentially related to water scarcity via 

CRMWD deliveries and those that are not related. For each model output, these months relating 

to water scarcity were separated from all other months. The resulting two data sets (four total, 

one pair for each model) were compared to assess how monthly means of deliveries vary 

between water scarcity and non-water scarcity periods. These analyses were made only with 

respect to water scarcity and not human-intensified drought, because water scarcity usually 

constitutes a more significant human influence allowing for a clearer distinction of patterns when 

human influence is greatest. Further, because there were so many months in which drought was 

human-influenced (water scarcity + human-intensified), the large number of months deemed to 

be related to human-influenced drought would have perhaps been problematic when comparing 

against a limited amount of “not-related” months.  

4.7.6.3 CRMWD Inflow, Outflow, and Net Flow  

Comparing inflow and outflow from a reservoir system is also beneficial for examining human 

influence. The inflow represents an undisturbed runoff component, while outflow represents the 

disturbed component (e.g. Lorenzo-Lacruz et al., 2010). Inflow to and outflow from the 

CRMWD reservoir system for the time period in which data were available (March 1988 to 

December 2014) were compared. Here, the reservoir system does not represent the entire study 

area, and therefore inflow and outflow are not indicative of human influence across the study 

area, but rather a closer examination of how water is managed within the CRMWD reservoir 
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system. Inflow data were obtained directly from the CRMWD via an open records request. 

Outflow data were taken from USGS gage site 08136700 Colorado River near Stacy, TX, which 

is directly downstream of OHI. Subtracting inflow from outflow allows for estimation of net 

flow through the CRWMD system. Net flow indicates how much water is being taken out of the 

system (i.e. deliveries and storage) relative to the amount of water released, which is aided by 

additional water being added to the system through greater watershed area and other water 

sources.  

4.7.6.4 CRMWD Water Use Reductions and Drought  

To quantify the theoretical CRMWD delivery reduction needed to curb human-influenced 

drought, the mean human-influenced severity was calculated for each month and model output 

and compared to mean total CRMWD deliveries during those same months. The period of 1962 

– 2014, or the period of available water delivery data, was used for analysis. Months which did 

not have human-influenced severity were not included in analysis. Mean human-influenced 

severity represents the severity of observed drought whether it is classified as a water scarcity or 

human-intensified event. For water scarcity events, this means that severity was calculated by 

subtracting runoff in a given month from its associated observed drought threshold. For human-

intensified events, severity was calculated by subtracting observed severity from the respective 

model severity. Human-intensified events are constituted only by months of higher observed 

severity than model severity; therefore, all severity values were positive. Severity values for each 

month were averaged based on the total count of occurrences of human-influenced severity in 

that month. The mean and median ratios were calculated by dividing the total deliveries by the 

human-influenced severity for every occurrence in each month, and then taking the mean and 

median of all ratios for each month. Note this is different than simply using the averaged total 
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deliveries and human-influenced severity. This way the mean ratios better represent the 

deliveries relative to human-influenced severity for each individual occurrence. The ratios serve 

to illuminate the scale of human-influenced severity relative to water use in the CRMWD 

district. Values below one indicate that water use in a given month was less than the volume of 

human-influenced drought severity. Values above one indicate a greater magnitude of water use 

compared to human-influenced severity.  

Chapter 5: Results and Discussion 

5.1 Study Area Climate Characteristics 

Table 5.1 shows climate characteristics of the study area during the undisturbed and disturbed 

periods at a monthly resolution. The presence of a warm, wet (April to October) and a cool, dry 

(November to March) season are evident. Within the wet season, there are two distinct peaks of 

precipitation occurring in May and September for both the undisturbed and disturbed periods, 

with lesser precipitation during the months in between. Other months in the wet season, while 

lower than May and September, still have noticeably higher precipitation than the dry season 

months during both periods. However, mean monthly precipitation did exhibit some changes 

from the undisturbed to the disturbed period. There was a change towards greater precipitation 

during June – September in the disturbed period, indicative of an overall shift towards greater 

rainfall later in the wet season, as April and May experienced less rainfall compared to the 

undisturbed period. Also, there was a greater amount of rainfall on average in the disturbed 

period. MBP increased from the undisturbed to the disturbed period in both the dry (+1.2 mm) 

and wet (+0.7 mm) seasons. Because of both the relatively low amounts of rainfall and lower 

MBPE in the cool, dry season, the increase during this season is of more significance than its wet 

season counterpart.  
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The warmest month of the year for both periods was July, followed by August and then June 

(Table 5.1). July also featured the highest MBPE followed by June and then August. MBPE is 

higher in June because of more hours of sunlight and high temperature compared to August. The 

coolest month of the year for both periods was January, followed by December and then 

February. These months also had the lowest MBPE in the same order. Overall, mean annual 

basin temperature and MBPE changed little across the two periods, but was slightly greater 

during the undisturbed period which is perhaps surprising given other studies of temperature 

change in the broader Southwest (Easterling et al., 2007; Putnam & Broecker, 2017; Udall & 

Overpeck, 2017). Mean temperature during the undisturbed period was 17.38°C compared to 

17.29°C during the disturbed period. Similarly, annual potential evapotranspiration was also 

higher in the undisturbed period (946.14 mm) compared to the disturbed period (942.54 mm). 

Given these basic climate statistics which indicate higher rainfall and lower temperatures and 

MBPE, it is expected that runoff would increase or at least be consistent across the two periods 

of analysis under natural conditions.  

Table 5.1. Monthly mean basin precipitation (mm), temperature (°C), and potential 

evapotranspiration (mm) during the undisturbed period (U_MBP, U_MBT, U_MBPE) and 

disturbed period (D_MBP, D_MBT, D_MBPE). The undisturbed period spans years 1916 – 

1950, and the disturbed period spans years 1951 – 2014. 

Month U_MBP D_MBP U_MBT D_MBT U_MBP

E 

D_MBP

E 

Jan 23.1 19.0 6.2 6.2 23.6 23.4 

Feb 22.4 25.7 9.0 8.5 28.9 27.8 

Mar 24.6 29.3 12.7 12.7 47.3 47.3 

Apr 42.7 34.7 17.4 17.6 71.7 72.6 

May 71.8 66.0 21.7 22.1 108.9 112.0 

Jun 54.5 61.4 26.1 26.0 146.9 146.5 

Jul 45.5 46.0 27.5 27.4 161.3 161.3 

Aug 49.0 56.4 27.2 27.0 143.6 141.3 

Sep 65.2 71.4 23.6 23.2 100.0 93.9 

Oct 51.9 49.5 18.3 17.9 60.8 59.3 
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Nov 22.6 27.1 11.5 11.7 32.9 33.4 

Dec 23.2 21.0 7.4 7.1 24.2 23.7 

Total 496.4 507.5 17.4 17.3 946.1 942.5 

 

Monthly temperature normals further elucidate the rather small change in temperature through 

time (Table 5.2). Five of the highest normals occur in the 1921-1950 period. Higher temperatures 

have been experienced in the latest 30-year period over the cool, dry season (Nov - Mar), but are 

absent from warmer months except for May. April, June, and July were warmest during the 

1951-1980 period, but by only a small margin. Two-sided t-tests were used to determine if there 

was significant difference between any of the temperature normal periods. Results showed no 

significant difference between any periods when testing all data and when breaking periods into 

dry and wet season temperatures. Higher temperatures can enhance drought risk, especially in 

summer months (Cai et al., 2015; MacDonald et al., 2008; Quiring & Goodrich, 2008; 

Woodhouse, Meko, MacDonald, Stahle, & Cook, 2010), but the lack of a warming trend again 

signals that drought conditions would be unlikely to worsen under natural conditions in the 

disturbed period.  

Table 5.2. Monthly 30-year temperature normals (°C) for 3 different periods in the study area. 

Darker shades of red indicate greater mean temperatures relative to each month. 

  

 

Contrary to temperature, the 30-year monthly precipitation normals have shown notable 

variability (Figure 5.1). The most recent period (1981 – 2010) featured the highest amount of 

precipitation on average (43.2 mm) followed by the 1921 – 1950 period (41.7 mm) with the 

lowest mean occurring in the 1951 – 1980 period (40.0 mm). This aligns with precipitation 
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patterns observed across the broader Southwest region (Easterling et al., 2007) and West and 

Central Texas more specifically (Easterling et al., 2017). All periods show the distinct wet and 

dry season which were also present when dividing years into the undisturbed and disturbed 

period. The two wettest months of the year for the first two periods are May and September. In 

the first period, May was the wettest month of the year, followed by September. In the second 

period, these months switched. However, in the most recent period, June becomes the wettest 

month, followed by May, and then September. This increase in June precipitation from the 1951 

– 1980 period (51.02 mm monthly mean) to 1981 – 2010 period (69.67 mm monthly mean) was 

found to be significantly different via a two-sided t-test. September rainfall is also lower in the 

1981 – 2010 period, compared to its predecessors. This lesser amount of rainfall in September 

was not apparent when only looking at the undisturbed and disturbed periods because September 

had much higher rainfall during the first 30-year normal period in the disturbed period (1951 – 

1980). Though the difference is not as large, it is worth noting that the 1981 - 2010 period also 

had the lowest amount of May rainfall of the three, perhaps signaling a shift towards lesser 

precipitation during the historically wettest months of the year. Finally, the most recent period is 

characterized by greater rainfall during much of the cool, dry season (Nov - Mar), which has 

been previously observed as a significant trend in the area (Easterling et al., 2017). A two-sided 

t-test found that the difference between dry season precipitation between the 1981 – 2010 period 

(27.34 mm monthly mean) and the 1951 – 1980 period (19.97 mm monthly mean) was 

significant at the 0.05 level. The cool, dry season has been warmer than average during this same 

period (Table 5.2), which is believed to be driving more extreme precipitation events during the 

winter season (Easterling et al., 2017), which could have led to this significant increase. When 

breaking-down climate into the undisturbed and disturbed period, the trend of increasing rainfall 
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during the cool, dry season was apparent, but temperature increases were not prominent. This 

indicates that a warming, dry-season temperature is of greater magnitude on more recent time 

scales and could be a significant climatic trend moving forward. Finally, normals analysis 

suggest that runoff would be likely to increase or stay relatively constant in latter periods, 

echoing the analysis of disturbed versus undisturbed period climate.  

  

Figure 5.1. Monthly 30-year precipitation normals (mm) for 3 different periods in the study area. 

 

5.2 Drought Thresholds, Undisturbed Period Runoff, and Model Performance 

Table 5.3 displays the mean monthly runoff (Figure 5.2) and monthly drought thresholds (Figure 

5.3) for observations and runoff estimates during the undisturbed period. Drought thresholds do 
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not necessarily correlate with runoff as some months may experience less (more) overall runoff 

that it is more (less) consistent runoff, which could lead to higher (lower) drought thresholds than 

expected by mean runoff alone. The rather large difference in thresholds between the different 

runoff outputs during certain months justifies the use of separate thresholds for each runoff 

output. For example, the water balance model has much higher thresholds during the months of 

May and June than other outputs. Using observed output thresholds to predict drought for water 

balance model output would lead to a significant underestimation in drought occurrence and 

severity in those months.  

Highest mean monthly runoff occurred in May for all runoff outputs with lows occurring in 

December for the observed and statistical model runoff and August for the water balance model. 

This is somewhat expected given the area’s climate. May is one of the wettest months of the 

year, while December is one of the driest and follows another extremely dry month in 

November. August is one of the driest months and hottest months of the year and follows another 

dry and hot month in July. Both July and August have relatively low MBP (relative to other wet 

season months) and high MBPE. Given the water balance model’s reliance on MBPE – MBP to 

predict runoff, it is not surprising that it alone simulates August as the lowest month of runoff. 

Greatest, relative discrepancies between outputs are seen during the winter months when the 

water balance model over-predicts runoff. July is an outlying month of extremely high observed 

runoff compared to modeled outputs. This is primarily due to the presence of one month, July 

1938, which had anomalously high runoff. There are historical reports of significant flooding in 

the Upper Colorado basin during this month due to extreme rainfall during a 10-day stretch in 

late July (Breeding & Dalrymple, 1944). Both models failed to predict comparable amounts of 

runoff, likely due in part to their monthly timestep which cannot explicitly account for runoff 
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associated with heavy rains over condensed periods which overwhelm infiltration capacities of 

the soil. Additionally, stream gages are less accurate during high flow periods (Hamilton & 

Moore, 2012), which may have caused inflated observed runoff values. Excluding this month, 

the mean monthly observed runoff drops from 170.81 to 101.96 millions of m3, which is much 

closer to modeled output.  

Table 5.3. Mean monthly runoff and drought thresholds (in millions of m3) for all runoff outputs 

during the undisturbed period. Drought thresholds are in parentheses. 

Month Observed Statistical Model Water balance 

Model 

Jan 39.13 (13.36) 36.13 (20.65) 85.04 (14.39) 

Feb 39.72 (15.23) 43.79 (19.55) 83.26 (6.61) 

Mar 44.36 (14.81) 47.82 (24.78) 53.95 (15.56) 

Apr 141.41 (23.96) 116.91 (30.16) 146.81 (38.85) 

May 273.79 (69.67) 242.53 (63.90) 257.17 (131.57) 

Jun 170.16 (50.52) 179.31 (57.14) 172.61 (106.01) 

Jul 170.81 (10.25) 88.68 (28.76) 70.58 (43.08) 

Aug 55.3 (6.57) 87.67 (22.94) 45.12 (25.44) 

Sep 185.72 (22.09) 257.34 (20.10) 209.28 (29.73) 

Oct 139.28 (19.15) 135.62 (20.76) 259.06 (36.42) 

Nov 47.72 (12.06) 36.4 (16.44) 70.51 (16.91) 

Dec 36.51 (10.05) 30.96 (14.83) 64.29 (8.86) 
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Figure 5.2 Mean runoff by month (in millions of m3) for all runoff outputs during the 

undisturbed period.  
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Figure 5.3 Monthly drought thresholds (in millions of m3) for all runoff outputs during the 

undisturbed period.  

 

Figure 5.4 displays smoothed runoff for the entire undisturbed period for all runoff outputs. 

Large deviation in smoothed output is generally driven by one-month events of large observed – 

modeled difference. Figure 5.5 makes these events evident. The month of July 1938 is clearly 

present as an underestimation by both models. There are other months where one or both models 

deviated significantly from observed runoff, but most months show much smaller error. Even 

when runoff declined in the last decade of the undisturbed period, model output remained fairly 

accurate with mean absolute differences less than 46 million m3 for both models. 
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Figure 5.4 Smoothed monthly runoff (millions of m3) during the undisturbed period for all runoff 

outputs.   



54 
 

 

Figure 5.5 Observed – modeled runoff difference during the undisturbed period for both models.  

 

Model performance was assessed without the anomalous month of July 1938 (Table 5.4). The 

statistical model produced better overall annual results compared to the water balance model 

across all performance statistics, except for standard deviation. Both models performed 

particularly well in the months of March, April, June, and September. Months with extreme 

MBP values produced some of the poorest model performance (Figure 5.6; Figure 5.7), which 

could have resulted from events similar to the floods of July 1938, in which large amounts of 

rainfall fell in short bursts, producing large amounts of runoff relative to precipitation that were 

not predicted by the models while running at a monthly time step. Standard deviation statistics 

depict that both models predicted greater annual runoff variation than the observed, relative to 
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their respective means. This perhaps indicates an over-sensitivity to certain input variables. 

Annual MAE was also somewhat high, with values equaling 67% and 73% of mean annual 

runoff for the statistical and water balance model, respectively. However, as shown, the greatest 

error is often during months of high rainfall, which are less likely to be drought months and 

therefore less likely to be relevant for most analyses in this study. Further, due to uncertainty in 

observed stream gage data (USGS, 2006) and the climate data used to inform the models (Daly 

et al., 2008), there will be inherent error. According to logarithmic Nash-Sutcliffe efficiency (ln 

NSE), the models performs poorly during some months, with notably the poor water balance 

model performance in winter months being most notable. However, the global ln NSE is 

sufficient for both models, and annual co-variability (correlation) and agreement (index of 

agreement) are reasonable for both models, indicating satisfactory performance for the purposes 

of this study.  

Table 5.4 Model evaluation statistics for monthly runoff during the undisturbed period using 

observed (O) data and predicted (P) data from both the Statistical and Water balance model. 

Included are the mean (Mn), standard deviation (SD), correlation coefficient (r), index of 

agreement (D), logarithmic Nash-Sutcliffe efficiency (ln NSE), and mean absolute error (MAE). 

Associated MBP values are also included. *Annual statistics exclude data from years without full 

monthly data (1919, 1920, 1922, 1923, and 1938). 

      Mn_P Mn_O SD_P SD_O r D ln 

NSE 

MAE MBP 

 
(millions of m3) (millions of m3) 

  
 (millions 

of m3) 

(mm) 

Statistical Model 
     

 
  

Jan 36.41 39.13 21.05 41.62 0.63 0.7 0.41 20.95 22.99 

Feb 41.3 39.72 26.72 33.84 0.76 0.86 0.40 16.53 20.69 

Mar 47.02 44.36 34.67 43.41 0.85 0.91 0.49 17.21 24.66 

Apr 112.15 141.41 254.98 241.04 0.95 0.97 0.56 57.91 41.38 

May 247.12 273.79 487.8 305.04 0.57 0.68 0.47 177.31 73.14 

Jun 182 170.16 248.69 179.46 0.77 0.85 0.52 94.45 54.37 

Jul 80.44 101.96 70.8 146.76 0.51 0.58 0.35 70.66 43.91 

Aug 89.27 55.3 154.53 67.16 0.67 0.64 0.34 53.61 49.23 

Sep 262.71 185.72 812.79 403.27 0.94 0.85 0.66 149.86 64.88 
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Oct 106.11 139.28 182.68 230.79 0.58 0.73 0.66 89.19 47.48 

Nov 34.47 47.72 29.02 90.29 0.45 0.42 0.55 27.9 21.61 

Dec 31.58 36.51 20.65 32.91 0.73 0.8 0.62 15.99 24.45 

*Annual 1182.1 1136.94 1403.7

9 

860.45 0.78 0.82 0.42 766.75 477.12 

Global 107.21 112.37 309.65 233.83 0.69 0.80 0.62 71.06 41.00 

          

Water balance model 
     

 
  

Jan 86.63 39.13 153.81 41.62 0.41 0.35 -0.25 56.2 22.99 

Feb 74.37 39.72 125.11 33.84 0.7 0.5 -0.25 50.36 20.69 

Mar 53.31 44.36 63.75 43.41 0.71 0.79 0.44 25.38 24.66 

Apr 141.06 141.41 301.71 241.04 0.95 0.96 0.50 64.82 41.38 

May 261.12 273.79 355.82 305.04 0.49 0.66 0.43 169.27 73.14 

Jun 172.85 170.16 106.59 179.46 0.73 0.78 0.43 80.32 54.37 

Jul 68.97 101.96 31.78 146.76 0.52 0.38 0.21 76.09 43.91 

Aug 45.41 55.3 31.62 67.16 0.73 0.72 0.35 33.37 49.23 

Sep 212.97 185.72 706.69 403.27 0.93 0.89 0.64 116.41 64.88 

Oct 206.07 139.28 460.93 230.79 0.85 0.81 0.68 114 47.48 

Nov 68.04 47.72 119.29 90.29 0.31 0.46 0.38 53.44 21.61 

Dec 66.99 36.51 107.31 32.91 0.65 0.51 0.10 43.93 24.45 

*Annual 1357.64 1136.94 1381.6

1 

860.45 0.75 0.8 0.46 825.89 477.12 

Global 121.68 112.37 294.94 233.83 0.67 0.79 0.51 79.20 41.00 
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Figure 5.6 MBP vs absolute difference (millions of m3) between statistical model and observed 

runoff during the undisturbed period.  
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Figure 5.7. MBP vs absolute difference (millions of m3) between water balance model and 

observed runoff during the undisturbed period. 

 

5.3 Runoff and Drought in the Undisturbed and Disturbed Periods  

Downstream flow dropped noticeably during the disturbed period (Figure 5.8; Table 5.5) despite 

climatic conditions that would suggest higher water availability. Mean monthly observed runoff 

was 59% less during the disturbed period (46.37 millions of m3) compared to the undisturbed 

period (112.37 millions of m3). All months had less mean runoff in the disturbed period except 

for February. The wet season (April – October) had especially drastic reductions in runoff on 

average (Table 5.5), with some months having more than two-thirds less runoff during the 

disturbed period compared to the undisturbed period. This trend of decreasing runoff is not 
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predicted by either model; the statistical and water balance models predicted a 3% (107.21 to 

110.28 millions of m3) and 23% (121.68 to 149.99 millions of m3) increase in mean monthly 

runoff, respectively. The predicted increases are the result of a climate in the disturbed period 

that was wetter on average and had little change in temperature compared to the undisturbed 

period. This indicates that human influences caused downstream flow to decrease by more than 

half despite trends in climate that would lead to expected increases in runoff. Thus, human water 

consumption is of far greater influence on downstream flow than climate variability during the 

disturbed period. 

 

Figure 5.8. Observed runoff (millions of m3) for the entire period of study with log 

transformation applied to the y-axis. The red vertical line depicts the beginning of the disturbed 

period.  
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Table 5.5. Monthly mean runoff (million of m3) during the undisturbed and disturbed periods. 

Month Undisturbed Period 

Runoff (millions of 

m3) 

Disturbed Period 

Runoff (millions of 

m3) 

Jan 39.13 31.11 

Feb 39.72 43.71 

Mar 44.36 42.51 

Apr 141.41 49.84 

May 273.79 125.47 

Jun 170.16 96.88 

Jul 170.81 42.35 

Aug 55.3 27.82 

Sep 185.72 56.06 

Oct 139.28 65.99 

Nov 47.72 31.91 

Dec 36.51 29.49 

  

5.4 Runoff and Drought During the Disturbed Period 

Figure 5.9 shows smoothed runoff for each output during the entire study period, clearly showing 

a distinct deviation of modeled values from observed shortly after the start of the disturbed 

period. Figure 5.10 shows smoothed z-scores of runoff during the disturbed period, which further 

elucidate differences between observed and modeled data. During the early years of the disturbed 

period (until ~1960), z-scores show that observed runoff was greater than both naturalized model 

outputs. In the following years, the modeled runoff time series diverge from the observed runoff 

time series and maintain greater amounts of runoff for the majority of the period. Z-scores show 

that there is one more period in the early 1990s when observed runoff nears the values of 
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modeled runoff, but this period is brief and observed values then quickly fall well below 

naturalized model values. That observed runoff is consistently lower than the naturalized 

scenarios indicates human influence caused a net removal of water from the system. Water 

balance and statistical model output is similar, though the water balance model generally predicts 

more runoff than its counterpart (Figure 5.9). This is primarily caused by certain months in 

which the water balance model predicts very large amounts of runoff which caused greater peaks 

in the data even with the smoothing filter. Observed runoff drops precipitously around the turn of 

the 21st century – a trend that is not reflected in the naturalized models until 2006. Texas 

experienced severe drought in 2006 and again in 2011 (Venkataraman, Tummuri, Medina, & 

Perry, 2016), and based on naturalized model output, these were at least partially climate 

induced. In particular, 2011 featured extremely low precipitation (Nielsen-Gammon, 2012) and 

the downstream flow of the upper Colorado River Basin had not recovered as of December 2014, 

according to observed data and naturalized model output. Overall, even when naturalized models 

predict lower amounts of runoff, observed values are nearly always significantly below modeled 

output and predicted rises in runoff output by the naturalized models are usually not reflected in 

observed runoff. The only exception is when examining z-scores at the beginning of the 

disturbed period, where higher observed z-scores are partially the result of the much lesser 

values present in the latter years of the disturbed period. Overall, the lesser amount of observed 

runoff compared to model output results in a much higher incident of drought during the 

disturbed period for observed runoff.  
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Figure 5.9. Smoothed runoff (millions of m3) for each runoff output for the entire study period. 

Red dotted line indicates beginning of disturbed period. 
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Figure 5.10. Smoothed z-scores of runoff for each runoff output during the disturbed period.  

Figure 5.11 displays a cumulative sum of drought severity (volume below drought threshold) for 

each of the three runoff time series. Observed severity is more than double water balance model 

severity and more than triple statistical model severity. Again, the significant decrease in 

observed runoff around the turn of the century is noticeable, with around 40% of total observed 

drought severity during the disturbed period occurring after the year 2000.  
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Figure 5.11. A cumulative sum of drought severity (millions of m3) during the disturbed period 

for all runoff output. 

 

Figure 5.12 shows total drought severity by month, which represents the summation of volume 

of water below threshold for each month, showing each month’s contribution to total severity. As 

discussed, total severity can be misleading because of variances in drought thresholds between 

different runoff outputs and months. Figure 5.13 shows the total relative drought severity, which 

provides a more accurate representation of the true magnitude of drought during each month.  
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Figure 5.12. Total drought severity (millions of m3) by month during the disturbed period for all 

runoff outputs. 
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Figure 5.13. Total relative drought severity by month during the disturbed period for all runoff 

outputs.  

Without standardizing, the months of July and August seem to have very low severity, and in 

July, the water balance model actually predicts greater severity than observed data. However, 

once standardized, these months show greater severity, and observed severity is much greater 

than either case of modeled severity. Observed runoff data yield greater relative drought severity 

than both modeled outputs across all months. May and September are the months of highest 

observed relative severity, which are also the months of greatest observed runoff. Conversely, 

December is the month of least observed relative severity. In general, observed relative severity 

is higher through the warm, wet season compared to the cool, dry season. This is likely due to an 
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increased human influence resulting from generally higher rates of water use during that 

accompany warmer temperatures (e.g. Akuoko-Asibey, Nkemdirim, & Draper, 2013; Hansen & 

Narayanan, 1981). The statistical model also predicts a greater mean relative severity through the 

wet season compared to the dry season, though not as pronounced as given by observed data. In 

contrast, the water balance model yields a greater mean relative severity during the dry season. 

Combined, these results indicate that human influence increased relative drought severity across 

all months and had more influence during the warm, wet season than during the cool, dry season. 

The water balance model predicts greater relative median severity than observed output during 

the month of January (Figure 5.14). This is the only instance of either model predicting a greater 

relative severity than observed output. The water balance model generates higher median 

severities than the statistical model through the dry season, while neither model consistently 

predicts greater severity throughout the wet season. While observed output generally yields 

greater median relative severity compared to model output, the difference between observed and 

modeled data is not as extreme compared to total relative severity.  
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Figure 5.14. Median relative drought severity by month during the disturbed period for all runoff 

outputs. 

This is possibly explained by a higher number of occurrences of observed drought compared to 

modeled drought occurrences (Figure 5.15). Observed output yields significantly higher amounts 

of drought occurrence across all months, some of which are likely smaller drought events that are 

solely a result of human influence, thus somewhat lowering the observed relative median values 

discussed above, although not to the point of becoming less than modeled relative median values. 

In total, observed runoff produced 368 drought months, which equates to 48% of all months 

during the disturbed period, meaning the study area was in drought nearly one-half of the time. 

Comparatively, the statistical and water balance model predicted 177 and 164 drought months, 
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respectively (Table 5.6). Human influence was then responsible for more than one-half of all 

drought months in the disturbed period, creating a much higher frequency of drought in the 

disturbed period. Observed drought occurred most often in May and September, also the months 

of greatest relative drought severity. This echoes a more general pattern. For observed output, 

months of higher drought occurrence typically had higher total relative severity, indicating that 

most months did not experience a multitude of extremely large or small drought events that 

skewed total relative severity; drought occurrence largely influenced total relative severity. The 

water balance model also depicted a strong correlation between drought occurrence and relative 

severity, but the statistical model had a more varied relationship.  

 

Figure 5.15. The amount of drought occurrences by month for all three runoff outputs.   
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The largest difference between observed and modeled drought occurrences was in September. 

Observed drought had ~30 more occurrences compared to naturalized drought in September. 

December and January had much more similar numbers of drought occurrences for observed and 

modeled output and these months also featured more similar numbers for total relative severity 

between the water balance model and observed output and had similar median relative drought 

severity across all outputs. Although there are outlying cases of small and large drought events 

that greatly added to drought severity in a given month, the number of drought occurrences was a 

good predictor of overall relative severity for the observed and water balance model outputs. 

Because the observed output yielded many more drought occurrences than modeled output, it 

seems that human influence increased the number of drought events and that this was primarily 

responsible for the associated increases in relative drought severity.  

Not only did droughts occur more often, but they also persisted longer (Table 5.6). The mean 

length of drought doubled during the disturbed period for observed runoff. In contrast, the 

naturalized models yielded similar drought durations during both periods. Similarly, mean 

months in drought per year more than doubled for observed runoff during the disturbed period 

while staying relatively constant for naturalized runoff output. The maximum length for months 

in drought increased for all runoff outputs from the undisturbed to disturbed period. Observed 

runoff featured the greatest increase (from 8 to 18 months), and the naturalized models showed 

modest increases (4 to 7 for the water balance model; 5 to 7 for the statistical model).  

Table 5.6. Mean and maximum length of drought, total months in drought, and mean months in 

drought per year for each runoff output during the undisturbed and disturbed periods. 
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Period Series Mean 

length 

(months) 

Max 

length 

(months) 

Total 

months in 

drought 

Mean months in 

drought per year 

Undisturbed Observed 1.92 8 88 2.51 

Undisturbed Water balance 1.46 4 84 2.40 

Undisturbed Statistical 1.87 5 90 2.57 

Disturbed Observed 3.86 18 368 5.75 

Disturbed Water balance 1.65 7 164 2.56 

Disturbed Statistical 1.88 7 177 2.77 

 

Due to human influence, there was greater drought severity across all months and greater 

drought occurrence for every month in the disturbed period. Further, the mean drought duration 

was more than double for observed runoff compared to either model. Median relative drought 

severity was also greater for all months under observed runoff output, except for January in 

which the water balance model predicted greatest median severity. Although median relative 

drought severity was almost universally greater under observed output, the difference between 

observed and modeled output was less severe than other measures. This is explained by droughts 

which were solely caused by human influence (i.e. would not have occurred according the 

naturalized models) being less severe than droughts which occurred under both modeled and 

observed output. Monthly drought severity occurring only due to human influence was around 3 

million m3 less than severity of drought events present in both observed and modeled data. These 
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results are somewhat intuitive; it is expected for naturally occurring droughts to be more severe 

if humans are still consuming water.  

Figure 5.16 shows monthly observed runoff and drought thresholds during the disturbed period. 

It is evident that runoff is more often below the drought threshold in the latter years of the 

disturbed period, but it is difficult to discern further insight due to the long length of the 

disturbed period. The runoff - threshold relationship for observed and statistical model output 

during the first 10 (Figure 5.17) and last 10 (Figure 5.18) years of the disturbed period were 

compared to elucidate trends on a smaller time scale. During the first 10 years, observed runoff 

was often well above the drought threshold, though there were still periods of drought (Figure 

5.17); total severity during the first 10 years was 640.42 million m3. In comparison, statistical 

model total severity during the first 10 years was 306.00 million m3, with most severity accruing 

during the first half of this ten-year span. Interestingly, observed runoff was greater than 

statistical model runoff during this period (Figure 5.9; Figure 5.10) but the lack of consistent 

flows above threshold level meant there was still more than double the amount of drought 

severity under the observed output. Observed runoff had more months of high flows, but these 

were interspersed with months of greater severity compared to statistical model output. During 

the last 10 years, observed runoff was consistently below the drought threshold, especially after 

2008 (Figure 5.18); total severity during the last 10 years was 1,466 million m3. This was more 

than double the amount of severity compared to the first 10 years of the disturbed period and 

reiterated the trend of decreasing runoff (i.e. downstream flow) and more drought during the 

latter years of the disturbed period. During the last 10 years, statistical model runoff was higher 

and more often above drought threshold; severity was 233.28 million m3, which is more than 6 

times less than observed severity. This contrast shows that the large declining trends in runoff 
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and increases in drought severity during the last 10 year period were not expected under 

naturalized conditions. 

Figure 5.16. Monthly observed runoff and observed monthly drought thresholds during the 

disturbed period (both in millions of m3).  
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Figure 5.17 Monthly runoff and monthly drought thresholds (both in millions of m3) during the 

first 10 years of the disturbed period for the observed (upper panel) and statistical model (lower 

panel). Log y-axis is applied. 
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Figure 5.18 Monthly runoff and monthly drought thresholds (both in millions of m3) during the 

last 10 years of the disturbed period for the observed (upper panel) and statistical model (lower 

panel). Log y-axis is applied. 

Both time series of observed data depict runoff with many numerous peaks dispersed with 

periods of lower flows. This is likely a reflection of the large runoff events that are precipitated 

by strong storms in the region. It could also be a result of releases of water from reservoirs that 

may at times be related to large influxes of water from storm events but could also occur 

independently of precipitation events. In either case, runoff is quite low, near or below the 

drought threshold for much of the time, until a large flux of water moves through the system, 

temporarily curbing drought conditions. However, during the first 10 years of the disturbed 
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period, the larger runoff events were generally of greater magnitude compared to the last 10 

years, and these greater influxes of water were likely more beneficial in replenishing the basin’s 

ecohydrological systems. Further, base runoff levels were higher during the first 10-year period. 

Even if runoff was relatively low during the early period, it was not as dramatically reduced as 

during the last 10-year period. The lack of base runoff periods above drought threshold and much 

smaller peak events put a much greater strain on the ecohydrological system during the latter 

years of the disturbed period. This comparison highlights an expected lowering of downstream 

flow occurring after an increase in capacity of the CRMWD system with the addition of E.V. 

Spence and O.H. Ivie Reservoirs. Further, climatic drought conditions in the last 10-year period 

intertwine with the increased capacity (and water consumption) to produce greatly reduced 

downstream flow that is much more often below drought threshold. 

The first and last 10-year periods represent examples of analysis that could be performed for the 

entire period and are used here primarily to showcase this possible approach for further analysis. 

Observed runoff and thresholds can be examined independently or in relation to modeled output 

and modeled thresholds.  

5.5 Human Influences on Drought in the Disturbed Period 

Human influence on drought during the disturbed period was further examined via the different 

types of drought events (water scarcity, human-intensified, partially alleviated, and fully 

alleviated) defined by the relationship between modeled and observed drought.  

5.5.1 Water Scarcity  

For the water balance and statistical models, there were 228 and 217 total months of water 

scarcity, respectively (Figure 5.19). Given the 368 total months of observed drought, this equates 
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to 62% and 59% of drought in the disturbed period to be the result of water scarcity according to 

each model. Both models predict the highest frequency of water scarcity in the month of 

September and the least in December. The predictions of water scarcity occurrences by each 

model were extremely similar, except for the month of February in which the water balance 

model predicted 7 more occurrences than the statistical model.   

  

Figure 5.19. Water scarcity occurrences by month for both naturalized models during the 

disturbed period. 
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Because water scarcity occurrence is directly dependent on observed drought occurrence, relative 

water scarcity occurrences, or water scarcity occurrences divided by total observed drought 

occurrence is also shown for each month (Figure 5.20). For example, the water balance model 

predicted 15 occurrences of water scarcity for the month of January which had 33 total months of 

observed runoff below the observed drought threshold. The relative water scarcity is then 15/33 

or 0.46. The water balance model yielded a ratio of 0.9 for the month of February, predicting that 

nearly all drought events were caused by water scarcity. However, the statistical model only 

yielded a value of 0.66. Even when accounting for relativity, September maintained its status as a 

month of higher water scarcity with values of 0.72 and 0.75 for the water balance and statistical 

models, respectively. The winter months of December and January, as well as May, had 

noticeably lower relative water scarcity – natural factors at least partially caused droughts more 

often than not. Overall, there was not a large spread in relative water scarcity values meaning 

that human influence on drought was similar across all times of the year excluding December, 

January, and May.  
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Figure 5.20. Relative water scarcity occurrences by month for both naturalized models during the 

disturbed period. 

5.5.2 Human-Intensified Drought 

To gain a more robust understanding of human-influenced drought, the occurrence of drought 

due to both water scarcity and human-intensified drought, which together make up all human-

influenced events, was analyzed. Drought was predicted by both observed runoff and statistical 

model output in 151 months. Of these 151 months, 118 had higher severity under observed 

runoff and were classified as human-intensified droughts. Similarly, drought was predicted by 

both observed runoff and water balance model output in 140 months, though only 87 of these 
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were human-intensified droughts. In total, of the 368 observed drought months, 315 (86%) were 

human-influenced (water scarcity + human-intensified) according to the water balance model, 

and 335 (91%) were human-influenced according to the statistical model. Figure 5.21 shows the 

total amount of occurrences of human-influenced drought events by month for each model (i.e. 

water scarcity + human-intensified drought; when humans caused or made drought conditions 

worse), and Figure 5.22 shows the relative amount of such occurrences for each model. Under 

both model outputs, the highest total occurrences of human-influenced months occur in 

September and May, and the lowest occur in July and August. This differs compared to only 

counting the occurrences of water scarcity (when human influence was the sole cause of runoff 

being below the drought threshold). May was tied for the third and fifth highest occurrences of 

water scarcity under the statistical and water balance model, respectively, but moves to second 

for both when including human-intensified droughts. July and August both had low numbers of 

human-intensified droughts which placed them much lower in the ranking of human-influenced 

droughts compared to water scarcity occurrences. May and December both had high amounts of 

human-intensified droughts which raised their standing in the human-influenced occurrences 

rankings. Both models predict that all drought occurrences in the month of February were 

human-influenced (Figure 5.22). The statistical model also predicts that all September drought 

occurrences were human-influenced. Overall, across both modeled outputs, a large share of 

drought events was either entirely caused or made worse by human influence. Of all drought 

events, only the months of January and July had less than 75% of drought occurrences influenced 

by humans according to the water balance model. For the statistical model the only such month 

was August.  According to either model, more than 85% of all drought events were either caused 

or increased in severity by human influence. This again shows the sheer magnitude of human 
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influence on the upper Colorado River Basin’s runoff and occurrence of drought downstream of 

the reservoir and well system. Without human influence, drought propagation downstream would 

be significantly lessened.  

 

Figure 5.21. Number of occurrences by month of human-intensified drought and water scarcity 

for each model during the disturbed period.  
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Figure 5.22. Monthly number of relative occurrences of human-intensified drought and water 

scarcity for each model during the disturbed period. 

 

5.5.3 Human-Alleviated Drought 

Certain months characterized by lower human-influenced droughts possessed greater occurrence 

of human-alleviated droughts (when human influence lessened drought severity). In Figure 5.22, 

the proportion of droughts that were human-alleviated can be measured by subtracting each 

month’s relative occurrence of human-influenced drought from 1. For example, the month of 

November had a relative human-influenced drought occurrence of 0.76 for the water balance 
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model, which yields a relative occurrence of 0.24 or 24% for human-alleviated drought. In 

contrast to the hundreds of months in which water scarcity or human-intensified drought 

occurred, there were only 18 (water balance model) and 19 (statistical model) months of full 

human-alleviated drought and 53 (water balance model) and 33 (statistical model) months of 

partial human-alleviated drought (Figure 5.23). This resulted in 71 and 52 total months of 

human-alleviated drought according to the water balance and statistical models, respectively. 

Both models identify January as the month with highest occurrence of drought alleviation, and 

January is also the month with lowest mean PE, which may allow for greater reservoir releases 

downstream. Even so, there were still far more occurrences of water scarcity in January than 

alleviation. Thus, human influence did not alleviate drought more often than it caused drought 

for any month. July and August also featured higher amounts of alleviation, and this also 

corresponded to relatively lower amounts of human-influenced drought compared to other 

months. While human influence in these months still represented a net-worsening of drought 

conditions, several drought events were effectively lessened or prevented from occurring in these 

hot summer months, which also typically feature higher demand. It is also interesting that 

September, the month of highest occurrence of human-influenced drought, had some of the 

lowest occurrences of human-alleviated drought for both model outputs. Upstream human water 

usage and storage consistently caused drought in this month, while drought alleviation was 

extremely rare. Perhaps some dynamic of the rather high frequency of drought alleviation in July 

and August caused there to be a less likely chance of alleviation in the following month of 

September. Overall, human-alleviated drought was rare, but most commonly occurred in 

January, July, and August.   
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Figure 5.23. Monthly number of occurrences of human-alleviated drought (both full and partial) 

for each model during the disturbed period. 

Model error or sensitivity could cause over or under representation for all estimations of human 

influence. However, the number of human-influenced drought events is extremely large 

compared to the entirety of drought events and it is unlikely that model error would produce such 

a widespread attribution of human influence to drought across all time scales and months. 

Additionally, months of human-alleviated drought are relatively few. The results conclude that 

human influence has led to an intensification of drought in terms of occurrence, severity, and 

duration during the disturbed period. 

5.6 Direct Incorporation of Human Influence  
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CRMWD reservoir and groundwater sources, as well as the combined surface and groundwater 

total deliveries, are shown in Figure 5.24. The three surface water reservoirs function as a single 

storage system, in which water is typically released to the reservoir furthest downstream. Storing 

more water in one reservoir decreases the surface area of water exposed to evaporative processes 

(Kohli & Frenken, 2015). Unfortunately, evaporation data were not available for most years 

within the study period and therefore were not included in the analysis, but it is possible that 

water was primarily stored in a single reservoir at most times in order to decrease water losses to 

evaporation. This dynamic is shown in the storage time series for each reservoir (Figure 5.25). 

The JBT reservoir was the first to come online in 1952, initially providing all surface water 

storage for the district. Then when the EVS reservoir was constructed in 1969, the majority of 

water was allowed to pass through JBT so that EVS became the primary storage unit. This 

process was repeated when the OHI reservoir came online in 1990, so that the furthest 

downstream reservoir is always the primary unit for surface water storage.  

5.6.1 Storage 

The total reservoir storage for the CRMWD system is shown during the period of available data 

(1954 – 2014; Figure 5.26). Mean total surface water storage from 1954 – 2014 was 328 million 

m3, or more than 6 times the mean monthly runoff during the same period (53.8 million m3), and 

more than 3 times the mean monthly runoff during the undisturbed period (112.4 million m3).  

When comparing observed runoff to total surface water storage at a monthly time scale, runoff is 

only 26% of storage on average, and the median ratio is even lower (7%). In other words, the 

CRMWD reservoirs are consistently storing amounts of water that are well above the amount 

needed to replenish downstream flow to above drought levels. 
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There is a general pattern on the scale of a decade, or slightly longer, of rise and fall in total 

storage. Interestingly, this pattern seems to be independent of precipitation, which do not have 

such a decadal rise and fall. Therefore, other factors must be responsible for such patterns. 

Reservoir construction feeds into the decadal patterns. After the construction of EVS and OHI 

reservoirs, storage temporarily increased before falling back to lower levels. Storage levels 

increased to a maximum just over 1 billion m3 after the construction of OHI, which is similar in 

magnitude to the mean annual runoff for the entire study area during the undisturbed period, and 

nearly double the mean annual runoff during the disturbed period.  At the end of the study period 

(2014), storage was relatively low and often below mean annual runoff for the disturbed period. 

More recent data through 2019 do suggest a strong rise in storage (CRMWD, 2019), but levels 

have still not reached the maximum that occurred immediately after the construction of OHI and 

the drastic decrease in storage occurring in the late 1990s and first 14 years of the 21st century is 

noteworthy.   
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Figure 5.24. All sources of water supply and their monthly deliveries (millions of m3) for the 

CRMWD from 1962 to 2014. Types of source (ground, surface, and total) are differentiated by 

color and individual sources are differentiated by line type.  
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Figure 5.25. Water storage (millions of m3) within each reservoir in the CRMWD.  
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Figure 5.26. Total monthly reservoir storage (millions of m3) for the CRMWD system for the 

period of available storage data (1954 – 2014). The red, vertical lines indicate the addition of 

E.V. Spence (Jan 1969) and O.H. Ivie (Sep 1990) reservoirs to the CRMWD storage system.  

5.6.2 Deliveries  

Beginning with the first year of available data in 1962, water deliveries show an increasing trend 

(Figure 5.27; Figure 5.28), coinciding with population growth and development in the region. 

This trend continued until the beginning of the 21st century when water deliveries slowly started 

to diminish before falling dramatically around 2011. The CRMWD made significant cuts to the 

allotment of water to its member municipalities during this period as response to the 2011 

drought (Husby, 2011; Nielsen-Gammon, 2012) and it appears these cuts continued through most 
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of the remaining study period and resulted in a slight increase in storage (Figure 5.26). This 

response to drought and the following years of lessened deliveries could be a strong strategy 

moving forward, especially if population continues to grow in the area.   

Figure 5.27. Total monthly water deliveries (millions of m3) for the Colorado River Municipal 

Water District from 1962 to 2014. Both raw and smoothed data are shown. 
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Figure 5.28.  Smoothed water deliveries (millions of m3) for the CRMWD from 1962 to 2014 

separated into surface water, groundwater, and total deliveries.  

Water deliveries were greatest during the warmer months of the year with a mean monthly 

maximum in July of 7.48 million m3 (Table 5.7). The minimum monthly mean of 3.86 million 

m3 occurred in February. Total deliveries (all sources combined) average 5.5 million m3 per 

month during the period of available data (1962 - 2014). During that same period, total observed 

runoff averaged 46.4 million m3 per month; CRMWD deliveries were nearly 12% of total 

monthly runoff for the entire study area. Further, the mean (median) difference between 

naturalized and observed runoff during the 1962 – 2014 period was 103.6 (34.6) and 63.9 (21.9) 

million m3 for the water balance and statistical model, respectively. Although these differences 
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include model error, they are large and are undoubtedly influenced by the 5.5 million m3 mean 

deliveries per month made by the CRMWD, as well as the storage required to help supply those 

deliveries. Because CRMWD deliveries constitute such a large amount of water use in the study 

area, their effects on runoff were examined.  

Table 5.7. Mean monthly total deliveries of water (millions of m3) from the CRMWD during the 

period of available data. 

Month Mean Deliveries 

(millions of m3) 

Jan 4.17 

Feb 3.86 

Mar 4.87 

Apr 5.59 

May 6.4 

Jun 6.85 

Jul 7.48 

Aug 7.27 

Sep 5.92 

Oct 5.30 

Nov 4.37 
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Dec 4.23 

 

Using a Granger causality test, it was determined that water deliveries of 1 and 2 months prior 

significantly predict the current month’s runoff. Additionally, standard linear regression shows 

that current month CRMWD water deliveries are a significant predictor of corresponding runoff. 

This suggests that CRMWD water deliveries are significant influencers of the amount of runoff 

in the basin for up to two months after deliveries are made. Further, binomial logistic regression 

was applied to analyze the influence of a current month’s water deliveries on observed drought 

occurrence and water scarcity occurrence (Table 5.8). Surface water and total water deliveries 

are significant predictors of all three water shortage scenarios, indicating that CRMWD water 

use is an influencer of drought and water scarcity in the basin.   

Table 5.8. P-values for binomial logistic regressions of CRMWD water sources predicting 

drought or water scarcity occurrence. Significant values are bolded.  

Source Observed 

Drought 

Water Scarcity - Water 

balance model 

Water Scarcity - 

Statistical Model 

Big Spring 0.004 0.112 0.106 

Martin County 0.044 0.952 0.962 

Snyder 0.157 0.043 0.021 

Ward County 0.014 0.656 0.998 
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Groundwater 

Total 

0.001 0.271 0.39 

Lake J.B. Thomas 0.022 0.012 0.018 

E.V. Spence 

Reservoir 

0.077 0.245 0.335 

O.H. Ivie Reservoir 0.004 0.394 0.289 

Surface Total 4.73E-12 4.27E-06 6.41E-08 

Combined Total 6.81E-13 9.36E-06 3.81E-07 

 

5.6.3 Relating Deliveries to Water Scarcity  

Deliveries during months related and not related to water scarcity were examined. Because 

deliveries were found to be significant predictors of runoff up to two months prior, months in 

which water scarcity occurs and the two preceding months are labeled as water scarcity related 

and can be separated from months without this distinction. For example, if the water balance 

model predicted water scarcity in July of 1965, then May, June, and July of 1965 would be 

selected as months in which CRMWD deliveries could be related to water scarcity. For each 

model output, these months relating to water scarcity were separated from all other months. 

Figure 5.29 shows mean monthly total CRMWD deliveries for months related and not related to 

water scarcity.  
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Figure 5.29. Mean monthly total CRMWD water deliveries (millions of m3) for months relating 

to water scarcity and months not related to water scarcity. Each model yields slightly different 

results given their unique predictions of water scarcity months. The water balance (statistical) 

model is displayed by the dashed (solid) line. 

Unsurprisingly, mean water deliveries during water scarcity were higher across all months for 

both models, excluding the month of June which had nearly identical deliveries according to the 

statistical model. The discrepancy was largest during some of the hottest months of the year (July 

- September) and relatedly, September was the month of most water scarcity occurrences for 

both model outputs. This may indicate that substantially higher water usage than average in 

September, or other hot periods, may result in highly increased risk for water scarcity.   
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The same comparison of months related and not related to water scarcity was also made for 

precipitation (Figure 5.30). Because water scarcity occurrence shows when non-natural factors 

are responsible for pushing runoff values below drought threshold level, it is not necessarily 

expected that precipitation means should vary across the two scenarios. However, precipitation 

was generally lower in months related to water scarcity, meaning that lower precipitation could 

be another risk factor for water scarcity occurrence. Although precipitation may be lower than 

average for a given time, demand and delivery of water may not, which could drive reductions in 

available water. This is exemplified by the month of September which had high water deliveries 

and low precipitation during water scarcity months. Given that September was a high month of 

water scarcity occurrence, it seems plausible that higher than average CRMWD water deliveries 

paired with lower rainfall are a significant risk factor for human induced droughts. Instituting 

water restrictions based on rainfall in the area could then be helpful in curbing instances of water 

scarcity. For example, if rainfall in a given month or time period is a certain percent below 

normal, water deliveries could be restricted until rainfall again increases in order to alleviate 

instances of water scarcity downstream. Because water deliveries become more crucial during 

dry periods (e.g. Zilberman et al., 2002), this does not mean that deliveries should be held lower 

relative to average, but rather restricted as much as possible. Reservoirs and groundwater are in 

place to provide water during times of need, but this does not necessarily require water to be 

delivered independently of current climatic conditions. Reducing the amount of unnecessary 

water use during dry periods has been shown to be especially helpful in curbing drought (e.g. 

Grant et al. 2013) and could be relevant for the Upper Colorado River Basin.  
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Figure 5.30. Monthly averages of mean basin precipitation (mm) for months relating to water 

scarcity and months not related to water scarcity. The water balance (statistical) model is 

displayed by the solid (dashed) line. 

5.6.4 Inflow and Outflow of the CRMWD Reservoir System  

Figure 5.31 shows net flow (runoff into JBT minus runoff out of OHI) through the CRMWD 

reservoir system. Net flow is largely positive until the turn of the century. This corresponds with 

a relative increase in observed runoff during the same period (Figure 5.10). OHI came online in 

1990 and was quickly filled near capacity via water sent through the CRMWD reservoir system; 

it was during this period (~1990 – 2000) that primary water storage was transferred from EVS to 
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OHI (Figure 5.25). Deliveries were also growing during this period (Figure 5.28), and it seems 

there was enough available water to sufficiently meet demand so that substantial amounts of 

water could also be released. Net flow of water then begins to level out compared to inflow 

around the year 2000, with some months of large negative outflow values (Figure 5.31). Before 

May 1995 (the approximate beginning of a period marked by many large, negative net flow 

months), net flow averaged 7.9 million m3. After May 1995, the amount drops to -0.32 million 

m3, a difference of 8.2 million m3. Around this same time, near the turn of the century, storage, 

deliveries, and observed runoff also decrease (Figure 5.26; Figure 5.28; Figure 5.10), indicating a 

relative lack of available water in all respects. These dynamics show how interconnected the 

reservoir system is to the study area’s overall water availability. The reduction in deliveries 

during this period represents a form of water conservation, achieved through water delivery 

restrictions by the CRMWD (Husby, 2011) or possible demand reductions or increased water use 

efficiency by CRMWD water users (CRMWD, 2019b). This conservation seemed to prompt 

slight increases in storage (Figure 5.26) in the last years of the disturbed period, perhaps 

signaling an encouraging trend illustrating the positive effects of delivery reductions. 

Net flow was quite high during the initial period in which OHI was built and became the main 

storage reservoir. It seems there was enough water to keep the reservoir at a high volume, and 

still send more water out of the system than was coming in, but the other reservoirs were not 

filled during this period. It is worth noting that data are missing for JBT for the majority of this 

period, but it appears that storage volume stayed low during the missing data period. OHI is 

situated approximately at the confluence of the Concho and Colorado Rivers, and thus receives a 

significant influx of water that is not captured by the inflow gage above JBT. This is likely why 

net flow remained high during the initial period after OHI was constructed, despite the lowering 
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of the other reservoirs. However, if more water could have been stored in JBT or EVS during 

this time of relative surplus, the increasing drought of the following years (~2000 – 2014) could 

have been somewhat alleviated. Because OHI is below the confluence of another large river, it is 

even more significant that net flow decreased so significantly during the latter stages of the 

disturbed period and became negative on average after May 1995. The combined volume of 

water entering OHI from the Concho and Colorado Rivers was often unable to replace the water 

being initially taken out of the Colorado after it entered the CRMWD system. This speaks to an 

apparent unsustainable dynamic of water use and availability in the region that is explicitly tied 

to human water consumption and exacerbated by the natural drought events of the early 21st 

century.  
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Figure 5.31. Net flow (millions of m3) from the CRMWD reservoir system from 1988 – 2014.  

The dynamics of the CRMWD system after OHI came online are indicative of the CRMWD 

approach through its history and highlight some of the problems facing water managers in the 

study area. Figure 5.31 shows inflow, outflow, and water deliveries for OHI after it became 

operational in April of 1990. Deliveries from OHI did not begin until March of 1995. During the 

first years of operation, there were many instances of relatively large inflow and outflow. While 

some large inflows of water have persisted through the period of study, outflows from OHI have 

become much smaller and are almost always below the amount of water delivered from OHI to 

CRMWD customers. The reservoir has not reached capacity since before the turn of the century 

(Figure 5.25) and because OHI has been the main reservoir used for storage since its 
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construction, managers have likely not been able to release large volumes of water from the 

reservoir because of lacking storage. Although some months bring enough water to replenish 

OHI’s storage, there has not been enough water to warrant large releases of water from the 

reservoir for some time, which has resultantly decreased downstream flows and increased the 

hydrologic drought measured in this study.  

 

 

Figure 5.32. Monthly deliveries, inflow, and outflow of water (millions of m3) for OHI beginning 

after it began operation in April of 1990.   
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Because EVS is upriver of OHI, the outflow from EVS is directly related to the inflow of OHI. 

However, outflows from EVS constitute a very small amount of total inflow for OHI (Figure 

5.33). During this period, mean monthly outflow from EVS was 0.76 million m3 and mean 

monthly inflow to OHI was 10.5 million m3; EVS outflow was only 7% of OHI inflow. 

Deliveries from EVS average 1.37 million m3 during the same time period. This suggests that the 

CRMWD did not have significant amounts of water to spare from the two upstream reservoirs in 

the system, causing OHI’s supply to be reliant on the Concho River and any additional runoff in 

the Colorado River basin below EVS. This observation highlights a potential reason for the 

CRMWD’s water supply strategy. As their upstream supplies have been pressured by less 

available water and higher demand, they have moved storage downriver in attempt to take 

advantage of greater total watershed area and previously unused sources like the Concho River. 

This is likely a necessary step, but there is a limit to how far the CRMWD can feasibly advance 

their facilities downstream as pumping water further distances and creating another reservoir or 

well fields would be extremely costly (Famiglietti, 2014; Knapp, Weinberg, Howitt, & 

Posnikoff, 2003; Zarfl, Lumsdon, Berlekamp, Tydecks, & Tockner, 2015). Additionally, creation 

of another reservoir would further disrupt the ecohydrology of the Colorado River (Poff et al., 

1997). However, because inflow to OHI has shown a decreasing trend since it first began filling, 

it will likely be imperative to either develop further means of storing or providing water or to 

reduce deliveries. Deliveries have been reduced in more recent years (Figure 5.28), which puts 

less strain on the system, but total storage is still declining (Figure 5.26). The CRMWD does 

have groundwater sources of supply that are used in times of water shortage (CRMWD, 2019), 

but there are limits to how much water they can supply  (CRMWD, 2019; 

https://www.crmwd.org/wp-content/uploads/2019/03/WCDC.pdf). Further, groundwater 

https://www.crmwd.org/wp-content/uploads/2019/03/WCDC.pdf
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pumping will ultimately fail to limit the type of water scarcity examined in this study, which 

represents the effects of upper basin water use on the availability of water for users and 

ecosystems downriver. It is known that groundwater pumping in arid and semi-are environments 

is often not sustainable (Kundzewicz & Döll, 2009), and areas within the upper Colorado River 

Basin have already shown significant declines in groundwater since the 1930s (Chaudhuri & Ale, 

2014). Groundwater depletion can lead to degradation of water systems, including lower water 

quality (Konikow & Kendy, 2005), loss of riparian vegetation (Stromberg, Tiller, & Richter, 

1996), and depleted flow in rivers and streams (Harou & Lund, 2008). It then seems imperative 

that the increasing drought experienced in the study area is met primarily by delivery reduction, 

instead of supply augmentation. 
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Figure 5.33. Monthly inflow of water to O.H. Ivie Reservoir compared to monthly outflow of 

water from E.V. Spence Reservoir after OHI came online (both in millions of m3).  

5.6.5 Water Use Reductions and Drought  

Table 5.9 compares CRMWD deliveries to human-influenced drought severity. Results are taken 

only from months of human-influenced drought; other months were not included in this analysis. 

During occurrences of human-influenced severity, deliveries generally correlated with 

temperature (i.e. warmer months had higher deliveries). This is representative of water deliveries 

more generally (Table 5.7). July and August were the months of highest deliveries across both 

model’s months of human-influenced severity. These months also had some of the highest mean 
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and median ratio of deliveries to severity, meaning that water use was often significantly higher 

than drought severity during those months. December, January, and February had the lowest 

delivery means across both models, but also featured somewhat high mean and median ratios of 

deliveries to human-influenced severity. This indicates that mean human-influenced severity for 

these months was relatively low. Droughts were often not as severe during these months, so that 

even with lower water use, delivery to severity ratios remained high. For both models, mean 

ratios were always higher than median ratios, indicating that outlying extreme cases of either 

high water use or low severity caused mean values to rise. There were seven and eight months of 

mean ratios above one for the statistical and water balance model, respectively. These numbers 

dropped to five for the median ratios for each model output. The amount of values above one 

indicates that deliveries were of greater magnitude than human-influenced drought severity a 

significant amount of the time. CRMWD water deliveries often being greater than the magnitude 

of human-influenced drought severity underscores the impact CRMWD water users have on 

downstream flow.  

Any water saved by reducing CRMWD deliveries could theoretically be passed downstream to 

alleviate drought conditions, though such releases will likely require some form of regulation or 

legislation (e.g. Kendy et al., 2017). Obviously, it is unrealistic for an entire month’s mean 

deliveries of water to be passed downstream, but for certain months with very high ratios 

(January, March, July, August, December), reducing deliveries and sending some of that saved 

water downriver could have a large impact in lessening human-induced severity. For other 

months in which severity is much greater than deliveries, reducing demand would have a lesser 

direct impact, but would still improve overall conditions. Reducing demand in any month would 

allow for more water to be saved which could eventually pass downriver and lessen drought 
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severity. So, while these numbers indicate months in which deliveries seem to be compromising 

downstream flow, delivery reductions do not necessarily have to be focused during these months. 

Rather, efforts to release more water during the months of higher human-influenced severity 

would be helpful, whether water is saved during that same month, or during another period.  

May and June had the highest mean human-influenced severity by far for each model output. 

May also had the highest number of occurrences of human-influenced severity for each model. 

Deliveries from the CRMWD system constituted a relatively small amount of this severity 

compared to other months indicating that the CRMWD may not be the party most responsible for 

human-influenced severity during these months. The CRMWD, while the largest water supplier 

in the upper Colorado River Basin, is not the sole user of water in the area, and water 

consumption outside of their control is contributing to drought severity at all times, and 

especially for certain time periods like the months of May and June. As this time period marks 

the start of the wet season in the area, it is likely that much water is consumed for agricultural 

purposes as the growing season begins (USDA, 2019). Although other users like agriculture and 

industry are adding to the human-influenced severity, they do not have the same capability to 

control water releases like the CRMWD. Upstream water management can serve as an effective 

buffer against drought by storing water during times of surplus that can be used to replenish 

water in the areas they service when drought occurs (e.g. Dettinger & Anderson, 2015; He, 

Wada, Wanders, & Sheffield, 2017), but this storage of water upstream ultimately leads to less 

water flowing downriver over time and an overall increase in downstream hydrological drought 

conditions. By saving water in months of higher rainfall and less relative severity such as August 

and September, the CRMWD could potentially release greater amounts of water downstream 

during the months of highest severity (May and June), and ultimately decrease some of the most 
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severe downstream drought conditions. However, reductions in water use will likely be needed 

across all time scales to curb drought severity, and these reductions need to be taken on not only 

by the CRMWD, but by other water users that also consume large amounts of water in the upper 

Colorado River Basin. As long as there are still relatively low amounts of available water, it will 

be unlikely that the CRMWD would be able to release large amounts of water downstream even 

if they adopted strategies which further helped save water during periods of surplus. If basin-

wide reductions are not made, it is unlikely for sustainable releases of water from the CRMWD 

system to be possible, and still these releases will likely need to be prompted by measures that 

institute mandatory releases of water to appease environmental standards or instream flow rights 

(e.g. Gillilan & Brown, 1997). Despite the challenges, water releases for instream flow purposes 

and environmental benefit can be extremely beneficial for ecosystems and societies downstream 

(e.g. Kendy et al., 2017), and releases can be made possible through water management 

adjustments, sometimes even without increases in available water (Porse, Sandoval-Solis, & 

Lane, 2015). 

 Table 5.9 The number of months of human-influenced drought, mean total deliveries, mean 

human-influenced severity, and ratios of deliveries to human-influenced severity for the period 

of 1962 – 2014. 

Month Count Mean Total Deliveries 

(millions of m3) 

Mean Human-

Influenced Severity 

(millions of m3) 

Mean (median) 

Ratios 

  

Statistical Model 
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Jan 20 4.63 3.63 3.47 (1.81) 

Feb 22 4.32 6.39 1.02 (0.65) 

Mar 22 5.23 4.41 4.18 (1.21) 

Apr 30 5.90 11.81 0.75 (0.46) 

May 35 7.16 37.52 0.33 (0.19) 

Jun 28 7.29 25.75 0.53 (0.26) 

Jul 21 8.04 3.64 4.17 (2.86) 

Aug 16 8.19 3.48 3.24 (2.87) 

Sep 34 6.63 11.39 0.90 (0.61) 

Oct 25 5.95 9.43 0.82 (0.63) 

Nov 21 5.06 4.74 1.65 (0.95) 

Dec 16 5.05 2.66 4.82 (2.30) 

Water balance model 
   

Jan 17 4.53 3.76 3.23 (1.46) 

Feb 22 4.32 6.59 0.90 (0.70) 

Mar 23 5.23 3.90 6.42 (1.28) 

Apr 26 5.87 11.67 0.73 (0.48) 
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May 35 7.11 30.78 0.83 (0.20) 

Jun 26 7.09 27.73 0.47 (0.24) 

Jul 18 8.19 3.80 4.36 (2.77) 

Aug 17 8.22 3.20 3.99 (3.00) 

Sep 33 6.62 10.90 1.01 (0.62) 

Oct 23 6.12 8.59 1.06 (0.63) 

Nov 17 5.31 5.03 2.56 (0.86) 

Dec 16 4.95 2.63 17.67 (2.27) 

 

Chapter 6: Summary and Conclusion 

In this study, both a water balance model and a statistically-based model was used to predict 

naturalized runoff during a period of disturbed hydrology in Texas’ upper Colorado River Basin. 

The model outputs were compared to observed runoff data. Results showed that mean 

downstream flow in the study area decreased by more than half from the undisturbed to disturbed 

period. Further, naturalized models predicted an increase in downstream flow during the 

disturbed period due to favorable climate conditions. The occurrence of drought under each 

runoff output for both the undisturbed and disturbed periods was analyzed. Results showed that 

drought occurred more often, persisted longer on average, and had a much higher maximum 

duration under observed output during the disturbed period compared to the undisturbed period. 

In contrast, naturalized model output showed fairly similar results between the two periods. 
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Resultantly, observed drought conditions suggested a severity more than double either model 

output during the disturbed period. Further, the rate of drought severity increased through time 

with about 40% of observed severity occurring after the start of the 21st century. While models 

predict some increases in naturalized drought during the same timeframe, especially during the 

notable 2011 Texas drought (Nielsen-Gammon, 2012), they are not on the same magnitude as 

observed drought. This discrepancy between drought occurrence, duration, and severity is shown 

to be the result of human water use and management. According to this analysis, human water 

consumption accounted for more than half of water losses during drought in the disturbed period 

and increased the likelihood of drought occurring by nearly as much.  

The occurrence of drought due to human influences was specifically examined by labeling such 

occurrences as either water scarcity (drought induced solely through human influences) or 

human-intensified drought (drought a consequence of natural factors but worsened due to human 

influence). The majority of drought in the disturbed period was due to water scarcity, and when 

accounting for human-intensified drought, more than 85% of all drought events were “human-

influenced” in the disturbed period according to either model. The months of May and 

September featured notably high amounts of human-influenced drought, while January, July, and 

August featured the lowest amounts. Similarly, these three months had the highest occurrences 

of human-alleviated drought (drought events that were either prevented or lessened due to human 

influence). However, human-alleviated drought occurred much more rarely according to both 

model outputs. Human-influenced drought events were more than 4 and 6 times more likely to 

occur than human-alleviated events according to the water balance and statistical model, 

respectively. Undoubtedly, human water consumption and management had a large influence on 
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drought propagation during the disturbed period, and it primarily served to increase drought 

conditions. 

It is possible to use water supply data to specifically account for human influences on drought 

conditions (He et al., 2017; Van Loon & Van Lanen, 2013). Available water storage and delivery 

data from a large public water utility within the study area was used to assess its contribution to 

the propagation or alleviation of drought conditions. The CRMWD supplies water to industry, 

mining, rural, and municipal customers, including more than 600,000 residents across its 36-

county area (CRMWD, 2019). From 1962 – 2014, deliveries averaged 5.5 million m3 per month, 

or approximately 12% of the study area’s mean runoff over the same period. Mean deliveries per 

month generally correlated with mean monthly temperature, with users requiring more water 

during hotter times of the year. Deliveries generally increased through the disturbed period until 

periods of significant drought after the start of the 21st century, which prompted the CRMWD to 

reduce deliveries to its customers. Storage and delivery dynamics were connected. Storage 

reached a maximum after OHI came online in the 1990s before increasing demand and drought 

combined to severely decrease storage. As deliveries have lessened in recent years, it seems that 

storage has begun to make a slight recovery. However, this has not led to a reduction in drought 

conditions.  

Water deliveries of the current month and up to two months prior significantly affect 

downstream flow and are connected to instances of human-influenced drought. On average, 

deliveries were significantly higher during months related to water scarcity. Further, lower than 

average precipitation paired with higher deliveries may be a significant risk factor for causing 

water scarcity. The statistical model predicted that deliveries of water consistently accounted for 

nearly 30% of the mean difference between naturalized runoff and observed runoff. The greatest 
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deliveries of water from the CRMWD occurred in July and August on average, which likely 

caused September to be the month of greatest human-influenced drought occurrence. However, 

the months of May and June had the highest total drought severity during the disturbed period, 

and while CRMWD deliveries were higher than average during these months, there were likely 

other significant contributors (e.g. agriculture; USDA, 2019) to the large drought severity totals. 

Because the CRMWD only accounts for a portion of the water use in the study area, it is 

impossible to provide a completely holistic attribution of human water consumption to the 

increasing drought during the disturbed period, but the CRMWD does represent a significant 

influence that has been accounted for here.  

Due to the demand pressures and recent periods of severe drought, net flow through the 

CRMWD system has become negative on average since the turn of the 21st century. Deliveries 

from OHI have also been consistently greater than its release of water downstream during this 

time period, causing a lack of available water downriver which has contributed to the increasing 

drought analyzed here. Although demand had been reduced by allotment restrictions put in place 

by the CRMWD, a complete recovery of neither downstream flow nor the CRMWD’s storage 

supplies had been attained by the end date of our analysis. Despite the inherent negative 

consequences of altering a river basin’s hydrology, the CRMWD system is undoubtedly 

necessary to support its customers. Water storage in the CRMWD reservoirs enables a buffer 

against natural dry periods that allows for consistent water deliveries to water users. At times, 

this causes vast increases in drought severity, occurrence, and duration downriver. However, if 

the water needed to curb drought downriver was constantly being released, there would be 

substantially less reliable supply for human users of CRMWD water. This represents a common 

crux of water management in the Southwest. By storing water in large reservoirs, human systems 
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are safeguarded during times of drought as deliveries can continue at a normal level because 

water is saved from being “lost” downstream. However, the environment and communities 

downstream can be negatively affected by this approach, as storing water upstream removes 

volume from their natural downstream flows. It is an imperfect system that stems from broader 

unsustainable development and consumption (Reisner, 1993), but it is also necessary.   

As natural drought is likely to increase across much of the Southwest (e.g. Cook et al., 2015) and 

west and central Texas population continues to grow, it will be necessary for the CRMWD to 

continue to secure reliable water provisions for its customers. The past approach has been to 

build reservoirs further and further downriver in order to take advantage of a larger watershed 

area and other large water sources like the Concho River and to buffer these reservoirs with 

additional groundwater pumping facilities. However, this approach may not remain ideal as 

building another reservoir would be costly and perhaps not feasible because downriver areas are 

only farther from the CRMWD customers. Further, groundwater pumping is often unsustainable 

and requires its own cost of development. The use of CRMWD water often accounts for large 

proportions of human-influenced drought severity in the region. Thus, an approach that reduces 

demand or reduces water loss is ideal. There are examples of such effective strategies in arid 

areas (e.g. Grant et al., 2013) that include water restrictions, water recycling, and innovative 

water storage. In the latter years of the study period, the CRMWD curtailed water allotment, 

which seemed to help water supplies recover. However, there was no noticeable increase in 

downstream flow during these years. The most recent available storage data (which are outside 

the time period of this study) indicates further recovery of water storage in the CRMWD. 

Eventually this could also lead to a recovery of downstream flow in the basin as well, but 

reductions in demand and water saving measures will likely need to be enacted to continue this 
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trend moving forward. Because the CRMWD is not representative of all users of water in the 

study area, reducing consumptive water use by other large entities like agriculture and industry, 

which were not specifically studied here, will also be necessary to reduce drought propagation. 

There was a significantly changed hydrology within the upper Colorado River Basin from the 

defined undisturbed (1916 – 1950) to disturbed (1951 – 2014) period. Results identified some 

particularly severe periods of drought in the disturbed period and highlighted the seasonal and 

monthly time scales that contribute to drought most severely. Other findings highlight specific 

scenarios (e.g. low precipitation with high water deliveries) that create human-influenced 

drought and identify seasonal and monthly time scales in which drought conditions have become 

most prevalent due to human influence in the disturbed period. By using publicly available data 

from a large water supplier in the basin, direct incorporation of a significant portion of the 

human influence within the study area was possible and its relation to drought conditions was 

assessed. The results show that the CRMWD significantly affects downstream flow in the upper 

Colorado River Basin and that its removal of water from the region has frequently affected 

drought conditions, most often in a negative manner. This analysis provides results that could be 

used to inform water management within the study area moving forward and more broadly 

depicts the issues surrounding water consumption in this semi-arid environment.  

To improve upon this research in the future, further direct incorporation of human water 

management is recommended. This can be accomplished through direct incorporation of human 

water management variables in the modeling framework (e.g. He et al., 2017) or through more 

robust and strict accounting of all forms of water management within the study region (Van 

Loon & Van Lanen, 2013). Additionally, focusing analysis on smaller time scales could allow 

for easier use of models which run on a shorter time step (e.g. days), which could improve model 
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accuracy (Kavetski, Fenicia, & Clark, 2011). Studying a smaller watershed area could also be 

more useful in providing direct and pertinent information to water users in a specific area. It 

becomes increasingly difficult to apply specific recommendations to actual water users as study 

area scale grows. In this study, recommendations are made pertaining to CRMWD water use, but 

because the overall study area encompasses water users outside the CRMWD district, 

recommendations are of limited scope pertaining to the entire study area, and water use 

dynamics outside of the CRMWD district could alter the applicability of recommendations. 

Findings from this study are still relevant but are subject to some generality because of scale. 

Finally, the observation-modeling framework recommended by Van Loon and Van Lanen (2013) 

and applied here, can be used within any watershed or basin that has obtainable hydrologic and 

climatological data. The specific models and methodology used are flexible and can be adjusted 

to fit specific areas and research questions of interest. 

While this study specifically focused on the upper Colorado River Basin in west and central 

Texas and southeastern New Mexico, the implications are applicable to the southwest U.S. and 

other global semi-arid and arid areas. It has been shown that the Southwest has experienced 

increasing drought severity through the 20th and early 21st centuries (e.g. Andreadis & 

Lettenmaier, 2006;  Ficklin, Maxwell, Letsinger & Gholizadeh, 2015; Udall & Overpeck, 2017) 

and that this trend is likely to continue in the future (Cook et al., 2015; Dai, 2011; Dai, 2013; 

Seager & Vecchi, 2010). Further, arid areas across the globe are likely to experience increased 

drought conditions due to climate change (Cook, Smerdon, Seager, & Coats, 2014). Therefore, it 

will be critical for more resources to be placed in combatting drought to ensure water provisions 

for a growing global population and the ecohydrological systems that depend on sufficient water 

availability. Currently, the majority of studies on drought focus on natural factors, but 
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incorporation of human influence on drought can help attain a greater understanding of drought 

dynamics in water scarce areas (Van Loon et al., 2016), in result providing useful information to 

water managers, scientists, and others. Finally, as human activity has become the most profound 

influence on the global environment (Lewis & Maslin, 2015), a broader range of studies 

examining all aspects of human influence and alterations of the environment will be increasingly 

relevant as we strive to coexist with nature and each other in an increasingly human-altered 

world.  
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