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ABSTRACT 

 

Historical changes in hydroclimatic characteristics in four Lower Colorado River sub-

basins are examined using the Mann-Kendall test for trends and Kendall‟s tau-b test for 

statistical association to better understand the processes taking place in these arid watersheds.  

During the historical record of 1906-2007, in general, temperatures have increased and 

streamflows have decreased while there has been no change in precipitation.   Streamflow was 

found to have statistical association with annual maximum temperatures, El Nino/Southern 

Oscillation (ENSO) and the Pacific Decadal Oscillation (PDO).  Using this knowledge, two-year 

and five-year streamflow predictions are made using climate data to force a statistical model.  

We find no predictive skill at the two-year range but significant (α =.05) predictive skill in two 

of the basins at the five-year range.  The dominant climate predictor for the Paria River Basin is 

ENSO and for the Little Colorado River Basin it is temperature.  
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1 INTRODUCTION 

 

1.1 Goal of Research 

 The goal of this research is to actively respond to the needs of decision makers and 

stakeholders in the water resource management community, particularly the Bureau of 

Reclamation, by assessing the ability to use a statistical model to predict streamflow 2-5 years 

into the future in four small tributaries to the Colorado River that have historically been 

overlooked due to their perceived inconsequential contribution of water for beneficial use to the 

Southwest population.  Trends in hydroclimatic variables and the relationships between these 

variables are used as building blocks in the construction of a mid-range streamflow prediction 

model and also serve to inform the water resource management community about changes and 

dynamics occurring in these basins. 

 

1.2 Relevance of Present Study to Colorado River Management 

The Colorado River is the life source to approximately 30 million people living in the 

southwest.  The entire Colorado River Basin (CRB) is divided into the upper and lower basins.  

Wyoming, Utah, Colorado, and New Mexico make up the Upper Colorado River Basin (UCRB) 

states and Nevada, Arizona and California compose the Lower Colorado River Basin (LCRB) 

states.  Modern man‟s management of the river became official in the 1922 Colorado River 

Compact where it was agreed that flow in the Colorado River would be divided equally between 
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the UCRB and the LCRB. Seven and a half million acre feet (maf) or 9.25 billion cubic meters 

(BCM) annually were to be allocated to both basins.  In 1928 the Boulder Canyon Project Act 

laid out the lower basin states‟ allocations in rigid quantities giving 4.4 maf (5.43 BCM) to 

California, 2.8 maf (3.45 BCM) to Arizona, and 0.3 maf (.37 BCM) to Nevada.  In 1948 the 

Upper Colorado River Basin Compact specified by percentage how the upper basin would share 

its water.  Mexico solidified her apportionment in the 1944 Mexico Water Treaty for 1.5 maf 

(1.85 BCM). 

To meet all obligations a total of 16.5 maf (20.35 BCM) must be available for delivery on 

an annual average over any 10 period.  To date flows in the Colorado River have been sufficient 

to satisfy conditions of the Colorado River Compact. (Christensen et al., 2004).  This, however, 

has only been made possible by the enormous amount of storage infrastructure constructed over 

the past decades to capture and store surplus water during wet years to later be made available 

during dry years.  This strategy has been revealed to be limited when confronted with persistent 

drought such as what has been seen in the southwest since 2000.  The two largest storage 

reservoirs along the river system have buffered the impacts of the drought.  At the beginning of 

2000 Lake Powell
1
  was at near-full capacity of 97% (Bureau of Reclamation, 2011).  By 2004 

Lake Powell capacity had dropped to 29.7% (Bureau of Reclamation, 2007b.)  In 2011 capacity 

percentages were at 53.1% for Lake Powell (Bureau of Reclamation, 2001). 

                                                           
1
 Lake Powell water levels are a reflection of climate conditions whereas Lake Mead water levels are a reflection of 

human management of water resources released from Lake Powell. 
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Despite partial recuperation of the reservoirs, the effects of climate change are expected 

to increase water management dilemmas in the Southwest if temperatures and evapotranspiration 

increase as expected.  Researchers predict a decreased runoff of 10-30% over the next 90 years 

(Christensen et al., 2004; Christensen and Lettenmaier, 2007, Nash and Gleick, 1991, 1993).  

The concept of stationarity, where natural systems fluctuate within a fixed range of variability, is 

now questioned by many researchers and water managers (Milly et al., 2005).  Recent drought 

conditions have made it clear that the range of variability measured in gage records is no longer a 

valid reference for what can be expected in the future (Meko et al., 2001; Woodhouse, 2001).  

This is validated by paleoclimate research, based off of tree rings in the CRB, that reveals that 

severe 20
th

 and 21
st
 century droughts are overshadowed by pre-instrumental droughts that have 

occurred less than 200 years ago (i.e. the 1840s drought) (Woodhouse and Lukas, 2006). With 

projected increases in municipal demand, changes in land use, and elevated recognition of 

instream requirements for recreation and ecosystem health coupled with uncertainty of future 

water availability conditions due to climate change, improving hydroclimatic predictions with 

significant lead time to make operational changes is essential in aiding water managers and 

stakeholders with the allocation of this stressed resource. 

 

1.3  Coordinated Operation of Lake Powell and Lake Mead.    

To date flows in the Colorado River have been sufficient to meet the aforementioned 

obligations, in part because upper basin states do not use their full allocation.  It was not until the 
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period of 2000-2007 when Colorado River  

inflows into Lake Powell dropped 

to the lowest seen in instrumental record 

during any 8-year period (Bureau of 

Reclamation, 2007a) that it became evident 

that there was need of defining how the 

river would be operated in a time of 

drought. 

In 2007, the seven U.S. states in the Colorado River Basin (CRB) agreed to a set of 

interim guidelines that addresses the coordinated management of Lake Mead and Lake Powell 

and adopts mechanisms to mitigate water shortages.  This document is known as the Colorado 

River Interim Guidelines for Lower Basin  

Shortages and the Coordinated Operations for Lake Powell and Lake Mead.  This 

document will stay in effect until December 31, 2025, unless modified prior to this date. The 

interim guidelines offer two primary strategies for improved river management.  First, storage 

balancing criteria for the two reservoirs and shortage triggers signaling delivery cuts were 

established.  Second, a set of mechanisms called Intentionally Created Surplus (ICS) and 

Developed Shortage Supply (DSS) was designed to provide flexibility within the water delivery 

system to lower basin states (California, Arizona, and Nevada) and to increase storage elevations 

in Lake Mead through water conservation measures. 

Condition 
Lake Mead 

Elevations (ft) 
Action 

Shortage 

1,050 - 1,075 
Delivery Cut – 

333,000 af/y 

1,025 – 1,050 
Delivery Cut – 

417,000 af/y 

< 1,025 
Delivery Cut – 

500,000 af/y 

Normal 1,075 – 1,145 Normal Delivery 

Surplus > 1,145 

Deliveries based 

on categorization 

of surplus type 

Table 1: Lake Mead operational conditions 
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 The likelihood of shortages in the lower basin are much higher than the upper basin since 

all three lower basin states have already or are close to total consumption of their individual 

entitlements.   Because of this, the coordinated operation of the reservoirs focuses on the lower 

basin delivery source, Lake Mead, but also identifies when the standard operating releases of 

8.23
2
 maf per year from Lake Powell would be overruled.   

Before the development of the operational rules encompassed in the guidelines, “water 

users in the Lower Division states who [relied] on Colorado River water [were] not…able to 

identify particular reservoir conditions under which the Secretary would reduce the annual 

amount of water available for consumptive use from Lake Mead... nor [were] users able to 

identify the frequency or magnitude of any potential future annual reductions in their water 

deliveries” (Bureau of Reclamation, 2007b).  To remedy this situation the seven states defined 

the delivery actions that ought to take place should the reservoir drop to certain elevations.   

The elevation of Lake Mead is projected through End-of-Water-Year (EOWY) forecasts 

made annually by the Secretary of Interior. Table 1 provides a summary of the general conditions 

that signal operational modes for water delivery from Lake Mead.  “Normal” conditions exist 

when reservoir levels at EOWY are predicted to be between 1,075-1,145 ft.  “Shortage” 

conditions exist at any elevation below 1,075 ft.  Under these conditions there are three trigger 

                                                           
2
 The 8.23 maf per year released from Lake Powell is composed of 7.5 maf per year for the Lower Basin States plus 

half of Mexico‟s allocation .75 maf per year and less .02 maf per year which Arizona receives directly in the Upper 

Basin (7.5 + .75 - .02 = 8.23). 
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elevations where the junior lower basin states of Arizona and Nevada take voluntary delivery 

cuts.   

The serious effect that delivery cuts would have on Arizona and Nevada has spurred 

these states to think creatively about how water can be stored and conserved within state 

boundaries.  It has also heightened the importance of understanding the nature of Colorado River 

tributaries in the lower basin and how they may potentially contribute to overall water 

availability in the LCRB.   

For many years contributions from tributaries to the mainstream Colorado River in the 

lower basin were largely ignored.  There are two main reasons for this.  First, stream flow 

contributions from the lower basin tributaries to the mainstream Colorado River are minor in 

comparison to those generated from the upper basin.  Approximately 90% of Colorado River 

streamflow is generated from the upper basin in the high elevation areas of Colorado, Utah, 

Wyoming, and New Mexico.  Second, by law lower basin states have the right to appropriate and 

use tributary flow before the tributary co-mingles with the Colorado River. This was determined 

in Arizona v. California in1963 by the Supreme Court.  Lower basin states do not have to report 

tributary consumptive uses to the Bureau of Reclamation, the federal agency that manages the 

Colorado River, nor do they have any obligation to allow tributary flow to reach the Colorado 

River.  In fact, flow from the Arizona tributaries: Gila, Salt and Verde, rarely reaches the 

mainstream Colorado River.  Only the Paria, Little Colorado, Virgin, and Bill Williams Rivers 

consistently provide some water contribution to the mainstream Colorado River.   
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While the contribution from these tributaries is small in comparison to Lake Powell 

releases, the quantity of water that enters the mainstream Colorado River from these tributaries 

can push reservoir conditions into greater surplus or more severe shortage. The ability to predict 

above or below average contributions from these four tributaries, particularly those that 

discharge between Lake Powell and Lake Mead, would provide foresight about reservoir 

conditions and allow Colorado River water managers and LCRB states to prepare should 

delivery cuts or surplus water be expected.    

 

1.4 Southwest Climate 

 Colorado River is one of the most highly managed rivers in the world (Jacobs et al. 

2005).  This has been borne out of a need to manage the extreme water supply variability. The 

variability seen in southwest streams and rivers is a consequence of their geographical location.  

The LCRB sits under a quasi-permanent subtropical high-pressure ridge, called the eastern 

Pacific subtropical high.  In this region dry poleward-moving air sinks resulting in arid, clear 

conditions for most of the year.  Moisture reaching the region is brought by two climatically 

unrelated atmospheric dynamics.  In the summer (July through mid-September), a monsoon 

season can develop where convective thunderstorms release high volumes of water in usually 

intense but brief rainstorm events.  In the winter (November through mid-April), middle latitude 

and subtropical jet streams can bring Pacific Ocean moisture to the region in multi-day frontal 

storms.  These storms are less intense than the monsoon but given their long duration significant 



16 
 

amounts of moisture can be released.  As noted by Garfin et al. (2007), the fact that the LCRB is 

situated on the periphery of atmospheric dynamics and ocean moisture sources that have the 

potential to bring moisture to the region can help explain why it is arid and why it can experience 

high interannual precipitation variability.   

 Oceans are the source of moisture brought to land.  They are also a vast storage for 

thermal energy.  In comparison to the atmosphere, the ocean absorbs and releases heat slowly.  

Sea surface temperatures (SST) inhibit or enhance the amount of moisture in the air and how and 

where it is transported.  It is well agreed upon that hydroclimatic variability in the western 

United States is related to low-frequency variability in oceanic and atmospheric conditions, 

which are normally indexed using SSTs or related atmospheric pressure anomalies (McCabe et 

al. 2007).  What is not agreed upon is what area of the ocean‟s surface is the most influential in 

annual to multidecadal climate variability.  For the southwest there are three primary SST indices 

(Figure 1) that appear to influence interannual precipitation patterns; El Nino Southern 

Oscillation (ENSO), Pacific Decadal Oscillation (PDO), and the Atlantic Multidecadal 

Oscillation (AMO). 
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Figure 1: (Top) ENSO timeseries fluctuating every few years, (Middle and Bottom) PDO and 

AMO fluctuating on decadal time scales, 1906-2007  

 

The Southern Oscillation (SO) is a large-scale atmospheric pattern that is characterized 

by an east-west sea surface pressure gradient that spans the tropical Pacific.  The strength of the 

SO affects SSTs such that a weak pressure gradient is associated with above average SST in the 

equatorial waters off of South America (Trenberth, 1976).  These conditions are termed El Niño.  

Visa versa when the pressure gradient is strong resulting in below average SST in the eastern 

Pacific this is called La Niña.  The combination of pressure and temperature components is 

known collectively as ENSO (Trenberth, 1997).  ENSO has a period that varies between 2-10 

years, but on average an El Niño event occurs every 3 to 7 years, although instrumental and 
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paleoclimate records indicates long-term variations in this recurrence interval (Garfin et al. 

2007). ENSO‟s greatest impact on the Southwest is its effect on winter precipitation patterns 

where El Niño events bring extremely wet or dry winters (Cañon et al. 2007) but La Niña events 

usually result in warm dry winters (Cañon et al., 2007; Kiladis & Diaz, 1989). 

 The PDO (Mantua and Hare, 2002) has also been shown to effect precipitation patterns in 

the western United States when Northern Pacific Ocean SSTs are above or below average. 

(Barlow et al. 2001; Hidalgo and Dracup 2003; Sheppard et al. 2002).  The PDO is a 

multidecadal pattern that shifts between cool and warm phases approximately every 20-30 years.  

It is defined as the leading principal component of northern Pacific Ocean monthly SST 

variability poleward of 20  ۫  N latitude. The PDO and ENSO climate patterns appear to be related 

spatially and temporally (Sheppard et al. 2002; Mantua et al. 1997) and it is generally accepted 

that the tropical and North Pacific regions are coupled in some manner, although the dynamics of 

this are not fully understood (Zhang and Levitus 1997; Zhang, 1998).  What this means for the 

Southwest is that when the PDO is in a positive (warmer than average) phase there tends to be 

stronger El Niño events and weaker La Niña events.  When PDO is in a negative (cooler than 

average) phase La Niña events are stronger and El Niño events are weaker (Gershunov & Barnett 

1998).  Meko and Woodhouse (2005) observed that for the upper CRB droughts in instrumental 

gage records do not display any consistent relationship with ENSO or the PDO, and so it is 

difficult to infer either as a causal mechanism for above or below average precipitation. Using 

the Variable Infiltration Capacity Model (VIC) that partitions a watershed‟s various storage 
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components, Hurkmans et al. (2009) found that in the CRB precipitation, soil moisture, and 

discharge are all related to ENSO whereas groundwater variance is most highly correlated with 

PDO.     

 Within the North Atlantic Ocean originates a pattern of low-frequency variability that has 

been identified as the AMO (Delworth and Mann, 2000).  This pattern oscillates between above 

and below mean surface temperatures on a time scale of roughly 60-80 years.  While the physical 

mechanisms are not fully understood, it is believed to be related to the thermohaline circulation.  

A number of researchers have shown it to be influential on temperature and precipitation patterns 

in North America and Europe (Enfield et al. 2001; Gray et al. 2003, 2004; Sutton and Hodson 

2005). In an attempt to understand how PDO and AMO simultaneously influence Upper 

Colorado River flow, McCabe et al. (2004) found that when AMO is negative and PDO is 

positive high flows generally occur.  On the contrary, when AMO is positive flows are low 

regardless of the sign of PDO.   

 Forecasting streamflow in the sub-basins of interest is complicated by the fact that three 

of the four sub-basins (Paria, Little Colorado, and Virgin) lie within a region where climate shifts 

from a more ENSO driven response in the southern portion of the CRB to a more PDO 

influenced climate in the northern portion of the CRB. 

 



20 
 

1.5 Hydroclimatic Prediction  

Intrinsic to the occupation of water management is the requirement to anticipate water 

supply availability into the future.  This future may be three months, three years, or three decades 

ahead.  One approach in assessing potential hydrologic behavior in the future is to examine 

historical records looking for trends and ranges of variability.  Climate change, increasing 

population, and shifts in land use are all factors which can alter hydroclimatic response within a 

basin.  

For the western U.S. the majority of streamflow originates as snowfall in high 

mountainous regions.  Climate change has prompted a significant amount of research focused on 

western mountain watersheds. Hydrologic modeling studies suggest that estimated increases in 

cool season temperatures associated with rising global greenhouse gas concentrations could alter 

the hydrologic cycle (e.g., Hamlet and Lettenmaier 1999; Knowles and Cayan 2002; Lettenmaier 

et al. 1999; Mote et al. 2003; Stewart et al. 2004). For the entire CRB, Hamlet et al. (2007) 

found an increasing trend in both precipitation and temperature over the past century.  Ellis et al. 

(2009) found in the LCRB an increasing trend in mean annual air temperature over the past 

century with a significant incline between 1977 and 2006.   For annual precipitation, they 

observed a slight overall increase during the past century, however, between 1977 and 2006 there 

is a significant declining trend.  In addition, they found that these trends were more significant in 

the LCRB than for the UCRB.  McCabe et al. (2007) observed that for the UCRB, streamflow 

has been declining over the instrumental record.  Streamflow in the LCRB appears to be 

javascript:popRef2('i1520-0442-20-8-1468-Hamlet1')
javascript:popRef2('i1520-0442-20-8-1468-Knowles1')
javascript:popRef2('i1520-0442-20-8-1468-Lettenmaier1')
javascript:popRef2('i1520-0442-20-8-1468-Lettenmaier1')
javascript:popRef2('i1520-0442-20-8-1468-Mote2')
javascript:popRef2('i1520-0442-20-8-1468-Stewart1')
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snowmelt dominated only 50% of the time.  Using LCRB streamflow data for 57 years 

Frassnacht (2006) found that peak flows in five LCR sub-basins occur during all months of the 

year except for May and June.  In LCR sub-basins mean streamflow appears to be influenced by 

shifts in sign in PDO, AMO, or PDO & AMO climate indices, whereas, streamflow means stay 

relatively stationary during the 25- to 30-year positive or negative phases of PDO and AMO 

(Thomas, 2007). 

Associating trends in precipitation and temperature with trends in streamflow itself can 

be difficult (Lettenmaier et al., 1994).  There are confounding factors from anthropogenic 

influences that cannot always be separated out of natural variability seen in streamflow (Bierkens 

et al., 2008).  However, a typical approach in predicting streamflow is to use hydroclimatic 

variables that are believed to be related to the streamflow.  Woodhouse and Lukas (2006) caution 

that climate relationships observed in the 20
th

 and 21
st
 centuries are too short to base assumptions 

about future streamflow variability.  The fact that the instrumental record for AMO and PDO is 

barely longer than one full period for either index means that we do not know if the relationships 

between SST indices variability and hydroclimatic variability will remain the same into the 

future.  On the other hand, these SST indices appear to introduce persistence into hydroclimatic 

systems.  This offers potential to predict streamflow variability multiple years into the future. 

The relationship between climate variables (precipitation and temperature) and 

streamflow show such variability that forecast skill has been too low to be considered reliable for 

practical use to water managers (Hartman, unpublished), particularly at multi-year projections.  
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However, there are a number of forecasting methods that continue to be developed.  One of the 

most common methods, and the one used in this study, is to use climate indices as regression 

predictor variables.  In the western U. S., this approach is primarily based off of a deterministic 

understanding of snowpack melt and the ensuing streamflow (Hartman et al, 2002).  Forecasting 

water supply in a probabilistic manner is gaining popularity as it quantitatively indicates a level 

of uncertainty and allows the water manager to make risk-based decisions.  The use of ensembles 

is another prediction method that tries to take into account the uncertainty that enters into a 

forecast in a dynamical system.  With this method rainfall-runoff models take an ensemble of 

historically observed climatic conditions and combine them with current river basin conditions to 

demonstrate a range of possible streamflow conditions (Lindenmeyer, 2006).  While all of these 

methods have shown skill at a seasonal scale, the skill at a multi-year range remains insignificant 

for practical use.   
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1.6 Description of Study Sites 

Water contributions from the lower CRB into the mainstem Colorado River come from 

four basins; Paria, Little Colorado, Virgin/Muddy and Bill Williams (Figure 2). All four basins 

are considered arid where the majority of the watershed is drained by intermittent streams that 

only flow during rain or snowmelt and are dry for the remainder of time. Of the standard average 

15.2 maf of Colorado River streamflow the four basins contribute approximately 8% 

(Christensen and Lettenmaier, 2007).  

The headwaters of the Paria 

drainage basin are in the upper CRB 

(Utah) characterized by high 

plateaus of fine-grained Mezosoic 

shale and sandstone.  Around the 

Arizona border the river has carved 

down the sandstone layers to form a 

steep narrow canyon that it flows 

through until it empties into the 

mainstem Colorado River one mile 

above Lees Ferry, the dividing point 

between the upper and lower 

Colorado River basins.  The 

Figure 2: Entire Colorado River Basin, study site basins 

shaded in dark orange 
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contribution from this river is considered to be a portion of the Upper basin delivery of 7.5 maf 

to the lower basin.  The Paria River drains 1,410 square miles that range in elevation from 4,000 

– 10,200 ft.   Average annual rainfall is around 13 inches a year and average annual temperatures 

are approximately 50.50 F  ۫ .  Annual average contribution to the Colorado River varies but on 

average is only around 21,000 ac-ft.  Once in a while the tributary is capable of producing large 

flash floods and contributing significant volumes of water as seen in 1980 when the total annual 

volume of water was recorded at 47,283 ac-ft. The United States Geological Survey (USGS) 

streamflow gage at the confluence of the Paria has been in continuous operation since 1924.  

Streamflow values were extended back to 1906 using statistical methods in 2006 (Lee and Salas, 

2006). 

The Little Colorado River drains a large part of northeastern Arizona and a portion of 

western New Mexico.  Total drainage area for this basin is 26,972 square miles.  Total drainage 

area captured by the stream gage (USGS 09402000) used in this study is slightly less at 26,459 

square miles.  Until 1990, this was the most downstream gage on the Little Colorado River with 

a continuous record since 1947.  The record has been extended back to 1906 through statistical 

methods (Lee and Salas, 2006).  Rainfall increases with elevation moving from the northern 

region of the watershed that receives 6-8 inches per year to the higher elevation in the south 

receiving around 30 inches per year.   The lowest point in the basin is at 1,300 ft where the Little 

Colorado River joins the Colorado River.  The highest elevation in the basin is Humphreys Peak 
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at 12,633 ft.   Average annual flow is 17,800 ac-ft but this can range widely from 10,200 ac-ft in 

2000 to 816,000 ac-ft in 1973.  Average annual temperature for the basin is 50.50 F  ۫ . 

Much of the streamflow in the Virgin River originates in the high country of 

southwestern Utah from spring snowmelt.  The river also drains a small portion of northwestern 

Arizona and sizable portion of western Nevada.  The gage station, 09415000, near Littleton, 

Nevada upon which this research is based has a drainage area of 5,090 square miles; however the 

entire river basin is approximately 30,000 square miles.  This gage station is used because for 

many years it was the most downstream gage on the Virgin River.  While newer gages have been 

introduced along the reach between Littlefield and Lake Mead the BOR continues to use the 

Littlefield gage to be consistent with historical practice (Russel Callejo, BOR Civil Engineer, 

personal communications).  This gage station has a continuous record back to WY 1930.  

Streamflow values before this year were extended by the Colorado State University through 

statistical methods back to WY 1906 (Lee and Salas, 2006).  The topography of the basin is 

varied with mountainous terrain reaching elevations of 10,500 feet above sea level at the 

headwaters and changes in look between plateaus, mesas, canyons, and valleys until it empties 

into Lake Mead at around 1000 feet above sea level. Average annual flow is 172,000 ac-ft but 

ranges greatly from year to year.  Average rainfall across the basin is 13 – 14 inches but ranges 

between 35 inches at the headwaters to 4 -6 inches in the lower portions of the watershed.  

Average annual temperature for the basin is 51.45 F  ۫ . 
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The Bill Williams River basin is the southernmost watershed of the four.  The geology of 

the basin is not sandstone dominated like the other three but straddles a north-west trending belt 

of Precambrian-age ore-rich granitic and volcanic rocks. It drains into Lake Havasu, a reservoir 

downstream from Lake Mead.  It drains approximately 5,393 square miles all within the state of 

Arizona although the gage station, 0942600, used in this study has a somewhat smaller drainage 

area of 4,633 square miles.  A continuous record was available from WY 1940 through WY 

2007.  Lee and Salas (2006) extended the record back to 1906 through the combination of 

statistical methods and records from a retired streamflow gage at Planet, AZ (USGS 09426500).   

The gage station is located below Alamo Dam.  Before the dam construction in 1968 the Bill 

Williams River was a perennial stream but now flow is controlled by dam releases.  Average 

annual flow is approximately 100,000 ac-ft.  The tallest feature in the watershed is Hualapai 

Peak, in Hualapai Mountain Park, at 8,417 feet, and the lowest point within the watershed is at 

450 feet, where the Bill Williams discharges into Lake Havasu. Average annual rainfall for the 

basin is 15 inches per year with the southeastern portion receiving the highest amount of rainfall 

and the western portion where it discharges into Lake Havasu receiving the least.  Average 

annual basin temperatures are around 51 F  ۫ . 

 

1.7 Study Design 

With this study we focus on four sub-basins of the Colorado River that are located in the 

LCRB.  The initial steps of this research required a basic understanding of hydroclimatic trends 
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and relationships during the instrumental record.  Trends in precipitation, minimum, mean, and 

maximum temperature and streamflow were identified using the Mann-Kendall test. 

The Mann-Kendall test (see Apendix A for full mathematical explanation) is a non-

parametric statistical test commonly used to detect changes in climatic and hydrologic time 

series data.  This test is well suited for detecting trends in climate and hydrological time series 

that are often skewed and contain outliers since it is a function of the ranks of observations rather 

than their actual values (Yue et al., 2002a; Kumar et al., 2009).  The resulting test statistic is 

distribution-free. A distribution-free test such as the Mann-Kendall has the advantage over 

parametric trend tests, such as regression analysis where the data distribution is assumed to be 

Gaussian and whose power is reduced when the data does not follow this distribution (Yue et al., 

2002b).  Assumptions with this test are that the data is independent and random.  Autocorrelation 

in the data has been shown to overestimate the trend significance (Yue et al., 2002b; Hamed and 

Rao, 1998).   

It was of interest in this study to identify hydroclimatic variables statistically associated 

with streamflow in each of the four basins.  It is a common practice to use values of a known 

associated hydroclimatic variable to predict future streamflow.  As noted by Hamed (2009) “a 

strong observed association between variables does not necessarily imply that a causal 

relationship exists between the variables”. Regardless, Hamed goes on to say that, “when a 

causal relationship is believed to exist but the strength and mathematical details of which are not 

well understood, assessing the significance of linear correlation between the involved time series 
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through statistical means becomes a necessary step in building linear models, in order to ensure 

their predictive ability”. 

Following Hamed‟s logic, the Kendall‟s tau-b test was used to assess the strength of 

statistical associations of streamflow and the hydroclimatic variables mentioned above plus three 

SST indices, ENSO, PDO, and AMO.  As with the Mann-Kendall test, Kendall‟s tau-b test is 

distribution-free; therefore, the data distribution does not have to be Gaussian.  Tau-b is a 

measure of correlation between two observed time series.  The advantage of Kendall‟s tau-b test 

is that it allows for the transformation of the rank correlation coefficient, tau-b, to a z-value 

(Abdi, 2007).  The z-value is easy to understand since it corresponds to a point in a normal 

distribution describing the number of standard deviations the correlation of two time series is 

from the expected value. 

 Those variables with statistically significant association with streamflow were input into 

a predictive statistical model to forecast sub-basin streamflow 2 and 5 years into the future.  

Forecasts were made over an observation period of 1963-1998. 
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2. METHODOLOGY 

2.1 Data 

Streamflow records were obtained from the Bureau of Reclamation‟s table of naturalized 

flows (Bureau of Reclamation, 2010).  Due to the fact that lower basin states do not have to 

report consumptive uses of tributary water, streamflow values used cannot be considered to be 

true naturalized flow but are primarily a combination of gage flow records collected by the 

USGS and statistical hindcast results commissioned by the BOR. 

The lack of having naturalized flows means that streamflow trend results include 

anthropogenic influences. It also means that predictions are based off of the assumption that 

anthropogenic influences will not change in the future.  While this may not be ideal, it should be 

pointed out that the volume of water reaching the Colorado mainstream is the quantity of interest 

to BOR water managers and in this sense any trends in the unnaturalized flows are in reality 

what is and has been available for use within the Colorado River management system. 

Streamflow values were the limiting time series for this study as the extent of the record is from 

1906-2007. 

Spatially distributed monthly precipitation and temperature data was obtained from the 

PRISM (Parameter-elevation Regressions on Independent Slopes Model, 

ftp://prism.oregonstate.edu/pub/prism/us/grids/ ) climate mapping system.  The dataset covers the 

coterminous United States and uses point data and a digital elevation model (DEM) to generate 

gridded estimates of monthly and annual hydroclimatic parameters.  The climate data are 

ftp://prism.oregonstate.edu/pub/prism/us/grids/
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provided on a 4-kilometer (km) by 4-km grid.  Data is updated monthly and is available from 

1895 to the present.  

Two indices for El Nino/Southern Oscillation (ENSO) were considered: Nino3.4 index 

(Trenberth, 2000), which is calculated from the tropical Pacific region of 5 N-5 S 170-120 W 

and the Global-SST ENSO index(JISAO, 2010), which is calculated from the average SST 

anomaly equatorward of 20-degrees latitude (north and south) minus the average SST poleward 

of 20-degrees.  These two indices were selected since they included the entire observational 

period of 1906-2007.  The results section of this document will only show those results from the 

use of the Global-SST ENSO index as it was found that the Nino3.4 index did not provide 

valuable information for streamflow prediction.   

 The Pacific Decadal Oscillation index (Mantua and Hare, 2002) is derived as the 

leading PC of monthly SST anomalies in the North Pacific Ocean, poleward of 20N.  The 

average monthly SSTs are available from 1900-2010.  The Atlantic Multidecadal Oscillation 

index (Enfield, 2001) is calculated from North Atlantic temperatures from 0 to 70N. 

 

2.2 Preparation of Data 

Data from each time series was selected for the common period of water year 1906-2007, 

with the water year beginning September 1 and ending in August 31.    Basin scale annual values 

were calculated for each time series removing undesired seasonal effects that could affect trend 

and forecast results when applied on a multi-year scale.  For discharge this simply required 
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summing monthly volumetric discharge values for each basin into one total annual water year 

sum.  For precipitation and temperature a shape file for each drainage area was created from the 

National Hydrography Dataset Plus (http://www.horizon-systems.com/NHDPlus/HSC-

wthCO.php ).  Using this shape file, a mask was then created by overlaying the shape file on top 

of a PRISM monthly data file and converting all PRISM grid cells that fell inside of the shape 

file to ones and all that fell outside of the shape file into zeros. This mask file was then used to 

extract a monthly spatial average of precipitation and temperature data.  This was done by 

multiplying the mask with each month of PRISM data to obtain a monthly average over the 

entire basin for both precipitation volume and temperature. Annual averages were then simply 

calculated by summing precipitation for each water year and averaging temperatures over each 

water year.  For each of the climate indices, ENSO, PDO, and AMO, the means of the water year 

monthly averages were used to compute an annual average.  

For trend and statistical association testing the annual averages were directly used.  

However, when using hydroclimatic variables for making streamflow predictions the values were 

converted to z-scores by subtracting the population mean and dividing by the standard deviation. 

 

2.3 Mann-Kendall Trend Test 

The Mann-Kendall trend test (Mann, 1945; Kendall, 1955) was applied to streamflow, 

precipitation, and min/mean/max temperature data for each of the four basins of interest to 

observe trends over the full observation record.  The full observation record is from 1906-2007.  

http://www.horizon-systems.com/NHDPlus/HSC-wthCO.php
http://www.horizon-systems.com/NHDPlus/HSC-wthCO.php
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The Mann-Kendall trend test was not applied to the SST indices since the values used are already 

detrended, hence no trend is present. 

Before the Mann-Kendall trend test could be applied with certainty of the results five 

assumptions of the test were examined. 

1) Time series must have a continuous distribution 

All the time series have a true zero with an interval of real numbers in its range. 

2) Data is free of seasonality 

All time series are annual sums or averages 

3) Free of long-term persistence or the Hurst phenomenon.   

Existence of either can lead to a reduction in the significance of trends.  By applying the 

Mann-Kendall test there exists the opposing assumption that indeed there is long-term 

persistence.  There is bias towards erring on a reduced significance of a trend then on an 

exaggeration of the significance of a trend. 

4) Spatial and temporal independence.   

A positive autocorrelation overestimates the significance of trends and a negative 

autocorrelation underestimates. 

Each time series is free of statistically significant autocorrelation once the trend is 

controlled for in temperature variables.  It was found that the trend itself introduces an 

element of autocorrelation.  When the trend is removed either through an autoregressive 

process or through a linear extraction then the time series does become a set of 
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independent residuals with no autocorrelation however, this defeats the purpose of 

applying the Mann-Kendall test.  Therefore, the trend was not removed in any of the 

temperature time series. 

A full mathematical explanation of the Mann-Kendall test for trends can be found under 

Appendix A. 

 

2.4 Kendall’s Tau-b Test 

The Kendall‟s Tau-b (Kendall, 1938) test is a non-parametric statistical test that is used to 

measure statistical association between a bivariate population, X and Y.  The distribution of the 

variables does not affect the power of the test due to the fact that the test statistic, tau-b, is a 

measure of rank correlation, or concordance, between the two variables.   

The Kendall‟s Tau-b test was applied to streamflow (X) and one of 7 hydroclimatic 

variables (Y).  The hydroclimate variables were precipitation, min/mean/max temperature, 

ENSO, PDO, and AMO.  To ensure that the trend itself did not influence the results of the test 

each time series was detrended prior to the application of the test.  Again the common period of 

1906-2007 was used.   

A full mathematical explanation of Kendall‟s Tau-b test can be found under Appendix A. 
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2.5 Forecasting. 

 2.5.1 Model.  

The predictive model developed utilizes annual streamflow observations from the Paria, 

Little Colorado, Virgin, and Bill Williams Rivers along with multiple climate indices and data 

time series from 1906 to 2007 (102 years) as input to the model. Since the goal is to forecast 

streamflow within the range of two to five years, it is desirable that the streamflow drivers 

selected exhibit some degree of internal persistence and theoretical if not physical association 

with streamflow.  

 

Assumptions are: 

1) PDO and AMO represent true sea surface temperature variations that oscillate over long 

periods. 

2) ENSO is a permanent phenomenon. 

3) Streamflow and climate data have been collected and reported accurately over the full extent 

of the observed record. 

4) Anthropogenic impact on streamflow will not change significantly over the two to five‐yr time 

window in which the forecasts are made. 
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2.5.2 Model Structure. 

Figure 3 is a conceptual diagram of the model structure. The general structure is basically 

an input‐output model where the state space is occupied by two prediction methods which evolve 

over each time step based upon the input rather than the prior state value. The results of the two 

methods are combined using a weighting parameter.  The optimum method combination is 

determined using the Nash Sutcliffe Efficiency Measure where the skill for each weighting 

combination is found at each time step as compared with the observed streamflow values.  For 

this model no initial states are assumed. 

To address issues of collinearity between input 

climate variables, the model was designed so that 

information from two correlated variables could be 

used.  For example ENSO and PDO are correlated at 

an r =.66 (Table 2).  To use these variables together in a multiple regression model would violate 

the assumption of independence.  In this model both ENSO and PDO data can be fed into the 

model into two separate prediction methods which each produce a streamflow prediction.  The 

model then combines these predictions by assigning a weight to each to produce the final 

streamflow forecast. 

 

Table 2: SST Correlation Matrix 

 
ENSO PDO AMO 

ENSO 1     

PDO 0.660979 1   

AMO 0.046232 0.062926 1 



36 
 

 
 

Figure 3: Conceptual model 

 

2.5.3 Model Equations. 

2.5.3.1 Quadratic and Linear Regression Method. 

All input time series are first smoothed with a 2-yr and 5‐yr running mean. These running 

means are then converted to z-scores. The regression coefficients are found by regressing 2-yr or 

5‐yr lagged streamflow on individual or a combination of climate variables. These coefficients 

are then applied to their respective quadratic or linear equations. These coefficients are then used 

to predict streamflow into the future. 

The quadratic equation is: 

             
    (1) 

 

and the linear equation is:  

 

           (2) 
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where Y is the predicted streamflow, beta represents the regression coefficient, x is the z-score 

of the climate variable of interest and eta is the error or noise term. 

 

2.5.3.2 Euclidian Distance Measure. 

Figure 4 attempts to visually explain the method behind the Euclidian Distance Measure 

(Switanek, personal communication). Taking as an example the point with the red star (1963) 

this method is used to predict the 5-yr mean streamflow five years into the future (1964-1968).  

To do this, the z-score for the climate variable is found by removing the mean of the 5-yr 

running means from 1906-1958 and dividing by the standard deviation of the same time period.  

The difference between the red star value and all other 5-yr running means in the calibration 

period is then calculated.  The Euclidian distance is then found by squaring each difference and 

taking the square root.  These are sorted in ascending order and the 8 closest points (in value) to 

the red star value are found (represented by the 8 yellow stars in Fig. 4).  The streamflow 

associated with each of the yellow stars is then found by looking five years into the future.  The 

mean of these eight streamflow values is then taken to be the 5-yr mean forecast for 1968.  The 

same process is true for two-year predictions. 
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2.5.3.3 Prediction Equation. 

The final streamflow forecast is one of four method combinations: 

1) Regression Method/Euclidian Distance Method,  

2) Quadratic Method/Euclidian Distance Method 

3) Quadratic Method/ Quadratic Method or  

4) Quadratic Method/Linear Regression Method.   

The forecasted results of these two methods are combined to produce one final 

prediction.  The strength allotted to each method is determined through an optimization process 

using a weighting parameter discussed in the next section. 

                                                       (3) 

 

Figure 4: Euclidian distance conceptual diagram 
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1906-1911 
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 2.5.4 Calibration using the Weighting Parameter. 

  The sum of the weighting parameter is equal to 1 at all times.  This value is split between 

two prediction methods.  As can be seen in Table 3, for each final prediction there are 11 

possible weighting combinations.  

Table 3: Weighting parameter combinations 

weight  1 .9 .8 .7 .6 .5 .4 .3 .2 .1 0 

1-weight  0 .1 .2 .3 .4 .5 .6 .7 .8 .9 1 

 

For the first prediction the weight is set to .5 and 1-weight is also set to .5 to equal 1.  For 

each following time step this ratio is allowed to change depending on the optimum method 

combination of the previous time step.  The optimum method combination is determined using 

the Nash Sutcliffe Efficiency Measure where the skill for each weighting combination is found at 

each time step as compared with observed streamflow values.  In this manner the best guess for 

the proximate time step weighting combination can be found without using future streamflow 

information. 

 2.5.5 Criterion Selection. 

The Nash Sutcliffe Efficiency Measure is used to determine the best weighting parameter 

combination and to determine the overall skill of the model in predicting discharge in 

comparison to the observed data.  The equation for the Nash Sutcliffe Efficiency Measure is: 

       
                            
   

                                    
   

 (4) 
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In this document the term skill is referring to the Nash Sutcliffe Efficiency Measure. The 

range for the Nash Sutcliffe Efficiency Measure is from -∞ to 1.  An efficiency of 1 indicates 

that the modeled discharge is a perfect match to the observed data. An efficiency of 0 indicates 

that the model predictions are as accurate as the mean of the observed data, whereas an 

efficiency of less than 0 means that the mean of the observed data is a better predictor than the 

model, mathematically this occurs when the residual variance (described by the nominator in the 

expression above), is larger than the data variance (described by the denominator). 
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3 RESULTS 

3.1 Trends in the Data 

The Mann-Kendall trend test was applied to streamflow, precipitation, min/mean/max 

temperatures for each of the four basins of interest.  A trend was considered significant if the p-

value was less than 0.05.  Observation of a trend at this level of significance indicates that there 

is less than a 5% chance of observing a trend as steep as the one we observed if in reality there is 

no actual trend during the time period of 1906-2007.  A positive S statistic (see Appendix A) 

indicates an increasing trend whereas a negative S statistic indicates a declining trend.  From 

Table 4 it can be seen that precipitation does not exhibit a trend in either an upward or downward 

trajectory in any of the basins.  All basins demonstrate an increasing trend in minimum and mean 

temperatures.  Only the Paria River exhibits no trend in maximum temperatures, whereas the 

other three basins have an increasing trend.  Three out of four basins demonstrate a declining 

trend in streamflow; the exception being the Virgin River with no trend in streamflow. 
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Paria Basin 

  
Precipitation 
(1906-2007) 

Min Temp 
(1906-2007) 

Mean Temp 
(1906-2007) 

Max Temp 
(1906-2007) 

Discharge 
(1906-2007) 

H 0 1 1 0 1 

p-value 0.9263 0.0000 0.0000 0.4384 0.0010 

S -33 2315 1423 -269 -1139 

z -0.0925 6.6906 4.1115 -0.7749 -3.29 

  
     Little Colorado River Basin      

  
Precipitation 
(1906-2007) 

Min Temp 
(1906-2007) 

Mean Temp 
(1906-2007) 

Max Temp 
(1906-2007) 

Discharge 
(1906-2007) 

H 0 1 1 1 1 

p-value 0.5399 8.73E-09 5.917E-08 1.249E-05 0.0125 

S -213 1991 1876 1512 -865 

z -0.613 5.7538 5.4213 4.3688 -2.50 

      Virgin Basin 

  
Precipitation 
(1906-2007) 

Min Temp 
(1906-2007) 

Mean Temp 
(1906-2007) 

Max Temp 
(1906-2007) 

Discharge 
(1906-2007) 

H 0 1 1 1 0 

p-value 0.8942 2.51E-10 1.25E-07 1.32E-04 0.1092 

S -47 2189 1829 1323 -555.00 

z -0.1330 6.3263 5.2854 3.8224 -3.22 

Table 4: Mann-Kendall test for trends 

Bill Williams 

  
Precipitation 
(1906-2007) 

Min Temp 
(1906-2007) 

Mean Temp 
(1906-2007) 

Max Temp 
(1906-2007) 

Discharge 
(1906-2007) 

H 0 1 1 1 1 

p-value 0.6984 2.13E-12 1.72E-08 3.01E-04 0.0046 

S 135 2431 1951 1251 -981.00 

z 0.3874 7.0260 5.6382 3.6142 -2.83 

H0 = There has been no significant change in X in the record α = .05 
H = 1, reject the null hypothesis at the alpha sig level S = measure of relationship 
H = 0, fail to reject the null hypothesis at the alpha sig level z= z-score 
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Figures 5-8 provides a visual representation of the results from Table 4.  The trend line 

can be seen in comparison to the observed values for each time series.  
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Figure 5: Paria River Basin hydroclimatic trends 
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Figure 6: Little Colorado River Basin hydroclimatic trends 
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Figure 7: Virgin River Basin hydroclimatic trends 
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Figure 8: Bill Williams River Basin hydroclimatic trends 
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3.2 Statistical Association 

Kendall‟s Tau-b test was applied to seven combinations of detrended streamflow and 

climate variable data.  Table 5 provides a summary view of the statistically significant 

associations identified through this test.  In this table, the letter Q represents streamflow.  It can 

be seen that there is consistency across the four basins with streamflow-precipitation, 

streamflow-min. temperatures and streamflow-PDO.  All of the other pairings show consistent 

results in three of the four basins for a negative statistical association between streamflow and 

mean/max temperatures.  The Paria Basin streamflow variation appears to have no statistical 

association with mean or maximum temperature.   The other three basins all show a negative 

statistical association between streamflow-mean temperatures and streamflow-maximum 

temperatures.  In each of the basins there appears to be a positive association between 

streamflow-ENSO and streamflow-PDO except for in the Virgin River.  While three of the four 

basins exhibit no statistical association between streamflow-AMO, the opposite is true for the 

Bill Williams River where there appears a negative statistical association with streamflow-AMO. 

Table 5: Kendall's Tau-b test for statistical association summary 

  

Q-

Precip  

Q-Min 

Temp  

Q-Mean 

Temp  

Q-Max  

Temp  

Q-

ENSO  

Q- 

PDO  

Q-

AMO  

Paria  Yes (+) No  No  No Yes (+) Yes (+) No  

Little 

Colorado Yes (+) No  Yes (-) Yes (-) Yes (+) Yes (+) No  

 Virgin  Yes (+) No  Yes (-) Yes (-) No Yes (+) No  

Bill Williams Yes (+) No  Yes (-) Yes (-) Yes (+) Yes (+) Yes (-) 
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The strength of the association between pairings can be seen in Table 6.  Values of tau-b 

range from -1 to 1 where a negative one indicates perfect negative association and a positive one 

indicates perfect positive association.  A zero indicates that there is no association between 

variables or in other words they must be independent of one another.  The strongest association 

is clearly between steamflow and precipitation.  A strong negative association between 

streamflow and maximum temperatures was found in all basins except in the Paria.  No 

association was found, however, for streamflow and minimum temperatures in any of the basins.  

Regarding the association of streamflow with the climate indices both ENSO and PDO appear to 

be positively correlated at comparable levels.  Streamflow appears to be independent of AMO 

influence except in the case of the Bill Williams where the association was negative. 
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Table 6: Kendall's Tau-b test for statistical association 

Paria 

Q-Precip 
(1906-
2007) 

Q-Min 
Temp 
(1906-
2007) 

Q-Mean 
Temp 
(1906-
2007) 

Q-Max 
Temp 
(1906-
2007) 

Q-ENSO 
(1906-
2007) 

Q-PDO 
(1906-
2007) 

Q-AMO 
(1906-
2007) 

H 1 0 0 0 1 1 0 

tau-b 0.4848 0.0293 -0.0204 -0.1023 0.1741 0.1439 -0.0056 

p-value 0.0000 0.6645 0.7636 0.1283 0.1617 0.0324 0.9355 

        

Little 
Colorado 

Q-Precip 
(1906-
2007) 

Q-Min 
Temp 
(1906-
2007) 

Q-Mean 
Temp 
(1906-
2007) 

Q-Max 
Temp 
(1906-
2007) 

Q-ENSO 
(1906-
2007) 

Q-PDO 
(1906-
2007) 

Q-AMO 
(1906-
2007) 

H 1 0 1 1 1 1 0 

tau-b 0.4772 -0.0305 -0.2588 -0.3434 0.1939 0.1318 -0.0146 

p-value 0.0000 0.652 0.0001 3.19E-07 0.0039 0.0500 0.8306 

        

Virgin 

Q-Precip 
(1906-
2007) 

Q-Min 
Temp 
(1906-
2007) 

Q-Mean 
Temp 
(1906-
2007) 

Q-Max 
Temp 
(1906-
2007) 

Q-ENSO 
(1906-
2007) 

Q-PDO 
(1906-
2007) 

Q-AMO 
(1906-
2007) 

H 1 0 1 1 0 1 0 

tau-b 0.4863 -0.0142 -0.1854 -0.2968 0.1318 0.1846 -0.0720 

p-value 0.0000 0.8351 0.0058 0.0000 0.0500 0.0060 0.2847 

        

Bill 
Williams 

Q-Precip 
(1906-
2007) 

Q-Min 
Temp 
(1906-
2007) 

Q-Mean 
Temp 
(1906-
2007) 

Q-Max 
Temp 
(1906-
2007) 

Q-ENSO 
(1906-
2007) 

Q-PDO 
(1906-
2007) 

Q-AMO 
(1906-
2007) 

H 1 0 1 1 1 1 1 

tau-b 0.4549 -0.0786 -0.1978 -0.2506 0.1528 0.1439 -0.1415 

p-value 0.0000 0.2428 0.0032 0.0002 0.0230 0.0324 0.0353 

 
H0 = There is no statistical dependence between streamflow and climate variable 

H = 1, reject the null hypothesis at the alpha sig level 

H = 0, fail to reject the null hypothesis at the alpha sig level 
α = .05 
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3.3 Prediction Results 

 3.3.1 Two-year prediction. 

 The model was tested using data from each of the four rivers.  A sensitivity analysis was 

conducted through the perturbation of inputs into the model and to model equations.  Table 7 is a 

comprehensive look at each of the 15 input and method combinations.  Using this method there 

appears to be no predictive capacity in any of the basins.  Very few methods have a skill above 

zero.  The few that are above zero cannot be considered to significantly improve upon what the 

historic mean of the observed variables would have predicted. 

Table 7: Two-year prediction skill 

Paria 
    Climate 

Variable 
ENSO AMO PDO TEMP 

Method ED/Q ED/L ED/Q ED/L ED/Q ED/L ED/Q ED/L 

Skill 0.0408 -0.0302 -0.0500 -0.0476 -0.0254 -0.0319 -0.0642 -0.0143 

Climate 
Variable 

ENSO/TEMP ENSO/AMO ENSO/PDO 
  

Method ED/L Q/Q ED/L Q/Q ED/L Q/Q   

Skill -0.0957 0.0783 -0.1046 0.1130 -0.1309 0.0662   

 

Little Colorado 

Climate 
Variable ENSO AMO PDO TEMP 

Method ED/Q ED/L ED/Q ED/L ED/Q ED/L ED/Q ED/L 

Skill -0.0498 -0.0797 -0.0659 -0.0083 -0.0943 -0.0938 -0.0415 -0.0945 

Climate 
Variable 

ENSO/ 
TEMP 

ENSO/ 
TEMP 

ENSO/ 
AMO 

ENSO/ 
AMO 

ENSO/ 
PDO 

ENSO/ 
PDO 

  

Method ED/L Q/Q ED/L Q/Q ED/L Q/Q  Quadratic 
Regression Skill -0.1326 -0.0004 -0.1195 -0.0410 -0.1720 -0.0194  Linear 
Regression 
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Virgin 
    Climate 

Variable 
ENSO AMO PDO TEMP 

Method ED/Q ED/L ED/Q ED/L ED/Q ED/L ED/Q ED/L 

Skill -0.0220 -0.0169 -0.0269 -0.0376 0.0087 0.0417 -0.0381 0.0170 

Climate 
Variable 

ENSO/TEMP ENSO/AMO ENSO/PDO 
  

Method ED/L Q/Q ED/L Q/Q ED/L Q/Q   

Skill 0.0029 -0.0143 -0.0400 -0.0165 0.0125 0.0092   
 

Bill Williams 

Climate 
Variable 

ENSO AMO PDO TEMP 

Method ED/Q ED/L ED/Q ED/L ED/Q ED/L ED/Q ED/L 

Skill -0.0304 -0.0599 0.0441 0.0432 -0.0082 -0.0270 -0.0802 -0.0599 

Climate 
Variable 

ENSO/TEMP ENSO/AMO ENSO/PDO 
  

Method ED/L Q/Q ED/L Q/Q ED/L Q/Q   

Skill -.0936 0.0191 -0.0424 0.0166 -0.0531 0.0267   
 

ED = Euclidian Distance Method 
L = Linear Regression Method 
Q = Quadratic Regression Method 

 

3.3.2 Five-year prediction. 

In Table 8, cells highlighted in yellow are those where the input and method combined 

resulted in the skill significantly different from zero.  To determine whether or not the skill was 

significantly different from zero a Monte Carlo simulation was run for each of the modeling 

scenarios presented below in Table 7.  This process will be discussed in greater detail in section 

3.3.2.4.   
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 Of the four basins the greatest skill is found in the Paria Basin.  ENSO is an input in each 

of the four runs that exhibit moderate skill in the Paria Basin.  There appears to be some skill 

utilizing temperature as an input in the Little Colorado River.  Using this method there does not 

seem to be any skill in the Virgin River or Bill Williams Basins. 

 

Paria 
        Climate 

Variable 
ENSO AMO PDO TEMP 

Method ED/Q ED/L ED/Q ED/L ED/Q ED/L ED/Q ED/L 

Skill 0.3288 -0.0125 -0.0335 -0.0573 -0.0282 -0.0852 0.0192 0.0548 

Climate 
Variable 

ENSO/TEMP ENSO/AMO ENSO/PDO 
  

Method ED/L Q/Q ED/L Q/Q ED/L Q/Q   

Skill -0.1888 0.3138 -0.0038 0.2828 -0.3206 0.3177   

         Little Colorado 

Climate 
Variable 

ENSO AMO PDO TEMP 

Method ED/Q ED/L ED/Q ED/L ED/Q ED/L ED/Q ED/L 

Skill 0.0526 -0.1880 0.0025 0.0228 -0.3134 -0.4722 0.3241 0.1817 

Climate 
Variable 

ENSO/TEMP ENSO/AMO ENSO/PDO 
  

Method ED/L Q/Q ED/L Q/Q ED/L Q/Q   

Skill -0.2376 0.3285 -0.3392 0.0538 -0.4821 0.0502   

  

Table 8: Five-year prediction skill 
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         Virgin 
 Climate 

Variable 
ENSO AMO PDO TEMP 

Method ED/Q ED/L ED/Q ED/L ED/Q ED/L ED/Q ED/L 

Skill -0.0562 -0.0275 0.0682 0.0690 -0.1411 -0.1822 -0.0562 -0.0515 

Climate 
Variable 

ENSO/TEMP ENSO/AMO ENSO/PDO 
  

Method ED/L Q/Q ED/L Q/Q ED/L Q/Q   

Skill -0.1742 -0.0716 -0.1595 0.0521 -0.1891 -0.0390   

         Bill Williams 

Climate 
Variable ENSO AMO PDO TEMP 

Method ED/Q ED/L ED/Q ED/L ED/Q ED/L ED/Q ED/L 

Skill -0.2970 -0.2140 0.0483 -0.0021 -0.1228 -0.1143 -0.3576 -0.1770 

Climate 
Variable 

ENSO/TEMP ENSO/AMO ENSO/PDO 

  Method ED/L Q/Q ED/L Q/Q ED/L Q/Q 

  Skill -0.3842 -0.4681 -0.1446 0.0624 -0.2064 -0.2142 
   

ED = Euclidian Distance Method 
L = Linear Regression Method 
Q = Quadratic Regression Method 

 

 

3.3.2.1 Response Surface Plots. 

The following response surfaces show how the parameter weighting varies through time. 

Only the response surfaces for model runs that exhibited skill above .25 are presented below. 

The plots are ordered by basin first and then by descending skill.  The red spectrum indicates 

positive skill and the blue spectrum indicates negative skill. 



54 
 

3.3.2.1.1 Paria. 

For the first plot, in Figure 9, the zero along the y-axis indicates that the model is completely 

favoring the Quadratic Method, whereas the 1 indicates that the model is favoring the Euclidian 

Distance Method.   The first five time steps reveal that none of the weighting combinations result 

in good skill.  However, as time passes and the model has more information to assess the best 

weighting possibilities, the parameter combinations move quickly to a much better skill favoring 

the quadratic method solely.  In the last three plots the quadratic equation is utilized for both 

climate variables. This means that along the y-axis the zero indicates that the model prefers 

information from the ENSO climate signal whereas the 1 indicates that the model is favoring the 

other climate variable.  In these plots, particularly the second and third plots, it is clear that the 

weighting combination shifts in time toward ENSO to obtain the optimum skill over all. 
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Figure 9: Response surface plots for the Paria River Basin 
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3.3.2.1.2 Little Colorado River. 

The first plot, in Figure 10, shows the shifting skill between using information from 

ENSO versus temperature since the same regression methods is being used.  In early time both 

ENSO and temperature provide fairly good information for predicting streamflow.  After 1968, 

however, neither variable seems to offer sufficient information for making a strong streamflow 

prediction.  Towards the end of the observation period we see that temperature provides better 

information for making streamflow predictions. 

In the second plot the only input driver for future streamflow is temperature.  This plot 

shows how the skill shifts in strength from one mathematical method to another.  In the 

beginning both methods provide quite good skill.  There are two periods in time when the 

Quadratic Method seems to be producing better skill but toward the end of the time period the 

Eucilidian Distance Method is favored. 
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Figure 10: Response surface plot for the Little Colorado River Basin 
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3.3.2.2 Evaluation of Performance. 

Again the plots are arranged in descending order of skill.   

3.3.2.2.1 Paria River 

All of the plots (Figure 11) seem to do a rather decent job in the second half of the 

observation period.  The lack of skill in the first half of the observation period in the first and 

third plots may be due to a slow response in the model in finding the best weighting 

combination. However, it may also be due to the fact that during the first half of the observation 

period ENSO was weak and a different climate variable was dominant.  Evidence for this can be 

found in the ENSO/PDO run which seems to begin to capture the immediate drop and rise seen 

in streamflow during the mid-60‟s through the 70s.  It could also be that the ENSO signal was 

out of phase with streamflow means 5 years into the future and that in the mid-60‟s 

coincidentally became in phase with streamflow and hence, provided predictive capacity.  The 

ENSO/AMO predictions tend to want to move opposite the observations during that same period.  

Looking back at the response surface plots it does appear that during the mid-60‟s through the 

70‟s there is some sort of transistion taking place in the weighting parameter combinations, 

signalling a shift in the dominant climate variable signal during that period.   
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Figure 11: Z-scores of observations and predictions for the Paria River Basin 

 

ENSO/Temp, Quadratic / Quadratic Method (Skill: 0.3137) 

ENSO/AMO, Quadratic / Quadratic Method (Skill: 0.2827) 
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3.3.2.2.2 Little Colorado River. 

The Little Colorado River flow from 1963-1998 experienced a significant declining trend 

in streamflow.  The predictive capacity of this model seems to capture this trend but does not 

accurately predict the variability seen in streamflow over the years (Figure 12).  When ENSO is 

included as a predictor the skill is raised slightly in comparison to when only temperature is used 

included, however, the difference is insignificant given the inaccuracy of both runs at predicting 

peaks and valleys.  
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Figure 12: Z-scores of observations and predictions for the Little Colorado River Basin 
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3.3.2.3 Streamflow Volume Graphs. 

 In this section, the volumes of observed flows are compared with the predicted 

streamflow volumes.  The model was used to make 35 annual streamflow predictions.  The 

graphs below plot observed annual streamflow volumes and the predicted annual streamflow 

volumes in decending order.  With these results it becomes clear whether or not the model is 

over- or underpredicting annual flow or if there is a general bias in the predictions. 

3.3.2.3.1 Paria. 

From the streamflow volume graphs below (Figure 13) it can be seen that the model is over-

predicting flows in each of the runs except at high flows.  In general, the modeled timeseries is 

flatter than the actual observations.  A bias correction might improve predictions at lower flows 

but would worsen predictions for peak flows.  This is undesirable since it is the foreknowledge 

of high flows that water users are most interested in as it is only during years of high flows that 

the contribution from the Lower Basin tributaries can make a significant impact on Lake Mead 

inflow volumes.  
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Figure 13: Streamflow volume graphs for the Paria River Basin 

 

ENSO/Temp, Quadratic / Quadratic Method (Skill: 0.3137) 

ENSO/AMO, Quadratic / Quadratic Method (Skill: .2828) 
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3.3.2.3.2 Little Colorado River. 

As seen in Figure 14, the predicted streamflow line is quite flat.  Therefore, the fact that 

about half of the streamflow values are over predicted and half are under predicted is not 

surprising. In general for both plots the over prediction of low flows is more pronounced than the 

under prediction of high flows. 
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Figure 14: Streamflow volume graphs for the Little Colorado River Basin 

 

ENSO/Temperature, Quadratic / Quadratic (Skill: .3285) 

Temperature, Euclidian Distance/ Quadratic Method (Skill: 0.3241) 
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3.3.2.4 Uncertainty Analysis. 

The fear is that the climate data used to forecast streamflow are simply random vectors 

that by chance produced a skill better than using the expected value (historical streamflow 

mean).  For this reason a Monte Carlo simulation (Figure 15) was run for each of the model 

scenarios. The simulation was run 1000 times where for each run the zscores of 35 randomly 

generated vectors with a mean and variance identical to the observed streamflow were used as 

substitute streamflow predictions.  The mean skill of the 1000 runs was compared with that of 

the predictive model skill. The particular plot below shows the distribution of the 1000 runs 

binned into groups of 100 where the mean skill is -.1130 which is compared with the skill of the 

ENSO, Euclidian Distance/Quadratic run for the Paria River.   

 
Figure 15: Monte Carlo distribution of 1000 runs simulating model forecasts 
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In this study, a run was considered significant if the p-value was found to be below .01.  

In other words, a run was insignificant if 10 or more of the Monte Carlos simulation‟s 1000 runs 

produced a better skill than that of the model run. Table 9 presents the p-values of the predictive 

model run, which met the criteria of having a p-value below .01.  From these results it can be 

said that there is less than a 1% chance that model forcing data is a random vector that happened 

to forecast streamflow at the skill level observed. 

Table 9: P-values of model runs * 

Paria River 

Scenario ENSO, ED/P ENSO/PDO, P/P ENSO/Temp, P/P ENSO/AMO, P/P 

Skill 0.3288 0.3177 0.3138 0.2828 

p-value .001 .004 .002 .008 

  
Little Colorado River 

Scenario ENSO/TEMP, P/P TEMP, ED/P 

Skill 0.3285 0.3241 

p-value 0.007 0.001 

 
 
 
 

  

*P-values are approximations as the value will vary with each run of the Monte Carlo simulation. 
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4 DISCUSSION AND CONCLUSIONS 

 

This paper has examined the historic record to assess trends and relationships in 

hydroclimatic variables over the past century in four arid sub-basins of the Colorado River.  This 

understanding has facilitated the construction of a five year streamflow prediction model for two 

of the four basins.  As a result there appears to be no predictive skill using the method in this 

study at a two-year range.  One possible explanation for this lack of skill at the two-year range is 

that by smoothing the model input data with a 2-yr running mean a very small amount of 

variance is removed whereas with the 5-yr running mean a greater amount of variance is 

removed.  This means that the 5-yr mean predictions are more likely to fall closer to the actual 5-

yr mean observations.  Another possible explanation is that the persistence inherent in the model 

predictors is more suited to a 5-yr prediction due to the fact that the climate indices oscillate on 

multi-year periods, with ENSO having a period that is around 5-yrs.  Because of both or one of 

these factors there appears to be some potential for predictive skill at the five-year range in two 

of the four basins. 

Forecasts for the next century disagree considerably about whether and by how much 

precipitation may change in the future and what the impact to the future streamflow will be 

(Christensen et al, 2004; Gleik and Chalecki, 1999).  Most agree however, that temperatures will 

rise over the next century.  Our results from the Mann-Kendall trend test imply that if climate 

conditions remain the same as in the 20
th

 century, temperatures in the four basins of interest will 

continue to rise.  Trends in minimum, mean, and maximum temperatures from this study also 
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indicate that the rising trend in temperatures has not made a significant impact on precipitation as 

no trend was seen in this variable.  Steamflow, on the other hand, has declined in 3 of the 4 

basins leading to the question of whether or not this is a result of increased temperatures.  Why 

the Paria River exhibits increasing trends in minimum and mean temperatures but not in 

maximum temperatures cannot be explained through our analysis.  Also why the Virgin River 

shows no trend in streamflow whereas all the other three basins show a declining streamflow 

trend cannot be explained.   

By and large the results from the Kendall‟s Tau-b test are in agreement with research 

conducted in western states and the CRB.  Although there has been increasing trends in 

minimum temperatures, there was no statistical association between minimum temperatures and 

streamflow.  However, maximum temperatures did exhibit strong statistical association with 

streamflow.  From these results it can be inferred that a change of several degrees at low 

temperatures does not affect streamflow volumes.  On the other hand, a change of several 

degrees at high temperatures will have an impact on streamflow volumes such that an increase in 

maximum temperatures results in a decrease of streamflow though mechanisms such as 

evaporation, transpiration and sublimation.  Likewise a decrease in maximum temperatures 

reduces losses to the overall streamflow volume.  Unsurprisingly, precipitation and streamflow 

have a strong statistical association.  On an annual basis this is to be expected since there is little 

ground water contribution to these four streams.  Previous research by McCabe et al. (2004) 

suggested that for the UCRB the AMO was influential on streamflow variability.  This was not 
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found to be the case in 3 of the 4 basins in our analysis.  Only in the Bill Williams River basin 

did the AMO have a significant statistical association with streamflow.  The physical 

mechanisms behind this are unclear since the Bill Williams River is the southern-most basin and 

would be the least likely to exhibit a similar response to the AMO as the UCRB. 

Three methods were used to determine if there was any skill in predicting streamflow in 

the four basins of interest using climate variables with known statistical association with 

streamflow and that where characterized by some level of persistence.  We found that at a five- 

year range there does appear to be significant skill in two of the four basins.  It is likely that 

through the process of smoothing the data into five-year running means some of the annual 

variability is lost making any discrepancy between the forecasted value and the observed values 

less.  This in turn increases the skill observed.  A smoothing of the data into two-year running 

means does not remove as much annual variability, therefore, the discrepancy between the 

observed value and predicted value is greater.   

Only those runs, where a percent chance of obtaining a higher skill with a randomly 

generated set of values was less that 1%, were considered to have significant skill. However, as 

can be seen in Figures 10 & 11, this does not mean that the prediction will be close to the 

observed value.  For the Little Colorado River the model is able to capture the trend in declining 

streamflow and is predicting slightly better than simply using the mean of the observed values as 

the predicted value.  This, therefore, implies that the model has skill.  In reality, the predictions 

for the Little Colorado River are too poor to be of any practical use to a Colorado River water 
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manager.  The use of this model might, however, be of some interest to riparian water 

users/managers of the Little Colorado River since a foreknowledge of a trend in streamflow 

could assist in local water management.  The Paria River forecasts offer a bit more hope for 

being useful to a Colorado River water manager.  The question is whether the relatively good 

skill seen toward the end of the observation period is simply due to the ENSO signal 

coincidentally being in sync with streamflow.  If this is the case then future predictions are 

unlikely to be at the same skill level. 

Regardless of the practical usefulness to water managers, this study has shown that there 

is some skill using climate variables with intrinsic persistence in a streamflow prediction model 

for a small drainage basin.  The regression analysis used in this study is perhaps one of the 

simplest modeling designs for producing forecasts.    Other more sophisticated statistical models 

could be developed to try to improve streamflow forecasts.  Given the indication that SST 

indices and temperature can improve streamflow forecasts, an improvement on this study would 

be to integrate these climate indices into a physically-based model such as VIC.  By using a 

physically-based model the issue of not having naturalized flows for small basins would not be a 

factor, with regard to making streamflow predictions.  However, diversions and other 

evapotransportation losses would have to be taken into consideration to arrive at actual water 

supply available. 
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APPENDIX A – MATHEMATICAL EXPLANATION OF THE MANN-KENDALL 

TREND TEST AND KENDALL’S TAU-B TEST 

 

Mathematical Explanation of the Mann-Kendall Trend Test 

The Mann-Kendall trend test is a distribution-free statistical tool based on the correlation 

of time-ordered ranks in the data.  For a time series                , the test statistic, S, is 

given by 

  

            (1) 

 

where 

 

                             

      
      
       

   (2) 

 

and Rj and Ri are the ranks of the observations xj and xi for the time series, respectively. A 

positive S statistic indicates an increasing trend whereas a negative S statistic indicates a 

declining trend.  Kendall (1955) showed that as the number of observations increases the S 

statistic approximates a normal distribution.  Therefore, when     the mean and variance of 

the S statistic can be given by: 

 

         (3) 

 

      
            

  
  (4) 
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where n is the number of observations in the time series. The null hypothesis, H0, is that there is 

no trend in the time series during the recorded record.  To determine whether or not to accept the 

null hypothesis, the standardized variable, z, can be compared with the standard normal variate at 

the desired significance level, α, and is estimated by the following equation 

 

   
                

          
    
   
   

  (5) 

  

 

The z test statistic can be used to calculate a p-value. The p-value provides the probability 

that a standard normal variate would assume a greater than or equal to value to the z statistic by 

chance.  The equation below provides a two-tailed p-value where the cumulative distribution 

function (cdf) parameters of μ=0 and σ=1 are estimated. 

                  (6) 

 

Mathematical Explanation of Kendall‟s Tau-b Test 

The Kendall‟s Tau-b test is a non-parametric statistical test that is used to measure 

statistical association between a bivariate population, X and Y.  The distribution of the variables 

does not affect the power of the test due to the fact that the test statistic is a measure of rank 

correlation, or concordance, between the two variables.   

Given a pair of observations (xi,yi) and (xj,yj), if xj>xi and yj>yi or if xj<xi and yj<yi so that 

the ranks agree, this pair of observations are considered to be concordant.  However, if xj>xi and 
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yj<yi or xj<xi and yj>yi then the pair is discordant.  If xi = xj or yi = yj, the pair is neither 

concordant nor discordant but tied.  The S statistic indicates whether there are more concordant 

pairs or discordant pairs based on its sign.  This is calculated as, 

 

             (7) 

 

and  

 

                              
   
  
   

    

     
     
     

  (8) 

 

Ri and Rj are the ranks of the observed values, xi and xj, respectively.  The variable bij is defined 

similarly to aij for the observed values yi and yj. The S statistic is distribution free since it is based 

on the ranks of the observations rather than the actual values of the observations.  This property 

makes the resulting statistic less sensitive to outliers in the data. 

As Kendall (1938) explained the maximum score possible can be obtained if and only if 

all values in a variable are in objective order. For a sample of n observations (x1,y1) ,(x2,y2),…, 

(xn,yn) the maximum score can be calculated as, 

 

               
      

 
    (9) 

 

The rank correlation coefficient, τ, is the ratio of concordant pairs minus the discordant 

pairs, S, divided by the maximum score. Values of tau-b range from -1 to 1 where a negative one 

indicates perfect negative association and a positive one indicates perfect positive association.  A 
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zero indicates that there is no association between X and Y or in other words they must be 

independent of one another.  The general form of τ, or tau-a, is defined as, 

 

  
 

  
  (10) 

 

There are three variations of the tau statistic.  The one employed in this study is the tau-b 

statistic that adjusts for ties in rank.   

 

  
 

               
  (11) 

 

where 

 

    
        

   (12) 

    
        

   (13) 

                                                         

                                                         

 

Under the null hypothesis that the bivariate populations, X and Y, are not related, the 

mean of S and the variance adjusted for ties is, 

 

        (14) 

 

      
                  

        
 (15) 

 

where  

 

                     (16) 

 

                     (17) 
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Because S can be assumed to follow a normal distribution, the standardized variable, z, 

can be compared with the standard normal variate at the desired significance level, α, and is 

estimated by the following equation 

 

  
         

     
 (18) 

 

where the subtraction of the sign of S (i.e. subtracting 1 from positive S and adding 1 to 

negative S) is a continuity correction (Kendall,1955, Hamed, 2009). 
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