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ABSTRACT
In a water-stressed region, such as the southwestern United States, it is essential
to improve current seasonal hydroclimatic predictions. Typically, seasonal hydroclimatic
predictions have been conditioned by standard climate indices, e.g., NINO3 and PDO. In
this work, a methodology called basin-specific climate prediction (BSCP) is proposed to
improve hydroclimatic predictions. The method analyzes the statistically unique
relationships between sea surface temperatures (SSTs) and a basin’s hydroclimate. The
oceanic region which maximizes the correlation is subsequently used as a predictor for
hydroclimate. BSCP is used to perform hindcasts for the hydroclimate in the Little
Colorado River basin and the results are compared to those using standard climate indices
as predictors.
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1. INTRODUCTION
1.1 Relevance of Present Study
Approximately 30 million people across the southwestern United States rely on
the water resources of the Colorado River basin. In the year 2000, the Colorado River
basin (CRB) entered a drought which has persisted until now. As a result of the present
drought, the storages in the CRB’s reservoirs have been observed to be susceptible to
climate variability (Lake Powell was at 33% of live storage in 2005). Using paleoclimatic
data from tree rings in the CRB, it has been observed that worse droughts than the current
one have transpired over the past millennium (Woodhouse et al. 2006). In addition to the
hydroclimatic variability observed in the paleoclimatic record, rising temperatures,
associated with climate change, are expected to further exacerbate droughts in the region
(Barnett et al. 2005, 2008; McCabe and Wolock 2007; Hoerling and Eischeid 2007). As a
result of the projected increase in temperature, and accompanying increase in
evopotranspiration, runoff in the CRB is expected to decrease between 10% and 30%
over the next 50 years (Milly et al. 2005; Christensen et al. 2004; Christensen and
Lettenmaier 2006). Demand for Colorado River water continues to grow in the seven
basin states, while climate projections are expected to reduce the supply of this stressed
resource. Improving hydroclimatic seasonal predictions is essential in aiding water
managers and stakeholders with the allocation of this stressed resource.
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1.2 Apportioning Water between the Upper and Lower Colorado River Basins
The problems confronting water management in the CRB can be further
subdivided into two distinct hydrologic basins (Figure 1). The Upper Colorado River
basin (UCRB) is delineated as the region that drains into Lake Powell, while the Lower
Colorado River basin (LCRB) comprises everything downstream of Powell. The
Colorado River Compact, which apportions the water of the Colorado River between the
Upper and Lower basins, was signed in 1922. The Compact apportioned 9.25 billion m3

Figure 1: The Upper and Lower Colorado River basins.
(BCM) of water per year to the Upper basin states of Colorado, Wyoming, New Mexico,
Utah and Arizona, while 92.5 BCM was apportioned over a ten year period to the Lower
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basin states of California, Nevada and Arizona (Arizona receives allocations for being a
part of both the Upper and Lower basins). Table 1 shows the Colorado River Compact’s
apportionment to the seven basin states (http://www.usbr.gov/lc/region/g1000/lawofrvr.html).
The UCRB can deliver less than 9.25 BCM per year as long as the amount delivered over
a ten year period sums to 92.5 BCM. Additionally, 1.22 BCM was apportioned to
Mexico. The Boulder Canyon Project Act of 1928 authorized the construction of the
Hoover Dam which subsequently created Lake Mead. Lake Mead is the largest reservoir
in the LCRB and has a maximum storage capacity of 35.2 BCM of water. In 1966 Glen
Canyon Dam created Lake Powell, which is the largest reservoir in the UCRB and has a
maximum storage capacity of 33.3 BCM.
Upper Colorado Basin 9.25 billion m3 (BMC)/year
Colorado
51.41%
4.76 BMC/year
Utah
22.85%
2.11 BMC/year
Wyoming
13.90%
1.29 BMC/year
New Mexico
11.17%
1.03 BMC/year
Arizona
.67%
.06 BMC/year
Lower Colorado Basin 92.5 BCM/10 years
California
58.67%
54.3 BMC/10 years
Arizona
37.33%
34.5 BMC/10 years
Nevada
4.00%
3.7 BMC/10 years
Table 1: The appropriations of the Colorado River between the seven basin states.
Lake Powell was designed to act as a storage that ensures delivery of water to the
Upper basin states during droughts (http://www.usbr.gov/uc/feature/drought.html). The
LCRB entitlement to an average of 9.25 BCM/year during a prolonged drought threatens
the apportionment of the UCRB if not for a storage buffer provided by Lake Powell. This
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allows the UCRB to draw from the storage, while still releasing the required amount to
the LCRB set by the Compact.
Lake Mead, similarly to Powell, also was designed as a storage buffer for the
LCRB during times of drought. Most of the variability in Lake Mead’s storage is the
result of releases from Lake Powell. As droughts are anticipated to stress the water
resources in the Colorado River basin, releases from Powell may not always meet the
Colorado River Compact. Even if the UCRB still meets the Compact, releases to the
LCRB can still be significantly less than 9.25 BCM for a series of sequential years, as
long as the 10 year average is 9.25 BCM. It is during these events that the tributaries
between Lake Powell and Lake Mead can significantly affect the water availability in the
LCRB. Therefore, in order to reduce potential uncertainty confronting water managers in
regions similar to the LCRB, a more detailed map of water availability needs to be
developed. This necessitates improving hydroclimatic predictions at the sub-basin scale
(e.g., Little Colorado River basin).

1.3 Addressing Uncertainty in the Lower Colorado River Basin
The desert Southwest has truly been transformed as a result of the water supplied
by the Bureau of Reclamation. Over 50 percent of the land irrigated by surface water
comes from the Bureau. In 1928, the Bureau was awarded the Boulder Canyon Project,
which built the Hoover Dam. Since that initial project, the management of the largest
reservoir storages on the Colorado has been handled by the Bureau. The water resources
management for the LCRB is challenging and dynamic, as both supply and demand are
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difficult to predict even at short time scales (monthly to seasonal). Consequently, the
decisions water managers face in the LCRB are fraught with uncertainty.
Some of the current and most prevailing demands for the water resources in the
LCRB states are domestic use, Indian tribal use, irrigation, hydropower, and evaporative
demand. Domestic water demand in the LCRB is anticipated to increase as population
grows and groundwater supplies dwindle. The cities of Phoenix, Los Angeles and Las
Vegas all rely heavily on Colorado River water, and these cities continue to grow rapidly.
Indian tribes in the LCRB are entitled to almost 1.2 BCM of water per year as stated by
the Supreme Court case of Arizona v. California (1963), which is for the most part being
used. The Navajo nation is not included in the court’s settlement with the tribes, and the
Navajo’s claim to Colorado River water may be quite substantial. Irrigation places the
largest demand on the water resources in the LCRB. In California, the first three priorities
to the Colorado River water are held by agricultural entities. They hold the right to 4.75
BCM of water per year, which is 87.5% of California’s total water right. More than half
of the LCRB’s yearly average apportionment of 9.25 BCM is going to irrigation in
California alone. Farmers partly depend on seasonal hydroclimatic predictions to choose
what they will grow (different crops requiring different quantities of water) or if they
choose to fallow their fields. Since these hydroclimatic predictions are not very skilled,
there is a large amount of variability in the demand for water to be used for irrigation.
Hydropower and evaporation both work in opposition to the aforementioned domestic
and irrigative demands; with more hydropower and evaporation, there is less water
available for drinking and irrigating crops. Hydropower produced at Hoover dam
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provides 1.3 million people with power across the states of Nevada, California and
Arizona (http://www.usbr.gov/lc/hooverdam). With lower pool elevations in Lake Mead,
less power is generated. Hence, there is a demand to keep more water in the reservoir to
generate more power. Evaporation can also substantially affect water availability. The
United States Geological Survey has calculated evaporation from Lake Mead to be
approximately 975 million m3/year, which is about 10.5% of the total appropriation to the
Lower basin states (Westenburg et al. 2006).
Typically between 90% and 95% of the water that enters Lake Mead is the result
of releases from Lake Powell. Supplies to the LCRB from Powell have historically
fulfilled the amount specified by the Colorado River Compact; the Lower basin has
always received on average 9.25 BCM/year over a ten year period. The current drought,
which began in 2000, however, has shown that Lake Powell’s storage is susceptible to
climate variability and cannot always be relied on. In April, 2005, Lake Powell’s storage
was 33% of live capacity due to yearly inflows that were, on average, approximately 59%
below normal. As previously mentioned, supplies in the Colorado River basin are
anticipated to decrease between 10% and 30% due to global climate change (Milly et al.
2005; Christensen et al. 2004; Christensen and Lettenmaier 2006, IPCC 2007). The
intensity of the current drought in addition to the projected regional climate changes
prompted the Bureau of Reclamation’s Lower Colorado Region to initiate a multi-faceted
research and development program in 2004. One of the main goals of this research, as
outlined in the Climate Technical Work Group Report (prepared by the Bureau), was “to
gain knowledge and understanding of the potential impacts of climate change and climate
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variability on the Colorado River” (Brekke et al., 2007). The University of Arizona was
one of the entities contracted by the Bureau to help achieve that goal.
The University of Arizona has taken a multidisciplinary approach to the Bureau’s
problem. There are researches in hydrology, paleoclimatology (tree ring laboratory),
agricultural economics and water policy. It has been the task of this present research,
along with the paleoclimatic research, to provide a better understanding of past
hydroclimatic variability and to improve future hydroclimatic predictions. The next
section discusses the models used by the Bureau to explicitly account for supplies and
demands in the Upper and Lower basins.

1.4 The Bureau’s Reservoir Management Models
With the Colorado River Basin Project Act of 1968, the Secretary of the Interior
was put in charge of coordinating operations between Lake Powell and Lake Mead. The
Act further requires projections to be made of the storages in Mead and Powell for the
coming water year. Projections of available storage, anticipated streamflow, operational
needs, water orders and request schedules for the next water year are all published in a
document called the Annual Operating Plan (AOP). The AOP is generated by the
Bureau’s mid-term forecasting model called the 24-Month Study model. The model is
operated and run by the Lower River Basins Operations office in Boulder City, Nevada to
fulfill three different criteria: flood control operations, reservoir equalization, and
downstream demands. The model is run in a software package called RiverWare, which
was developed by the Center for Advanced Decision Support for Water and
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Environmental Systems (CADSWES). RiverWare allows users to create and model any
existing or hypothetical river basin, where the physical, operational and legal river and
reservoir processes can be accounted for. It is run at a monthly time step for 24 months.
Each month it is updated and run again with changing hydroclimatic conditions and
demand. Additionally, the Bureau uses a long-term model to compare policy alternatives
over decadal length scales and a short-term model for power scheduling and short-term
water demands. All of the models follow the criteria delineated by the Law of the River
with rules written into the code. The Law of the River is an extension of the Colorado
River Compact and delineates all of the present day apportionments along the length of
the Colorado. Improving seasonal hydroclimatic predictions would be most applicable to
the 24-Month Study model. Hence, this document focuses on how the Bureau could
incorporate the present study into the 24-Month Study model.
The National Weather Service’s (NWS) Colorado Basin River Forecast Center
(CBRFC) makes forecasts of the most probable streamflows for the 10%, 50% and 90%
non-exceedance levels. The method that the CBRFC uses, in conjunction with the NWS,
is discussed more extensively in the next section. The Upper Basin Reclamation office
uses the projected probable streamflows from the CBRFC for local inflow points in the
Upper basin. These local inflow points are run in the 24-Month Study model for the
Upper basin and a distribution of outflows from Glen Canyon dam is produced. The most
probable (50% non-exceedance) outflow value is subsequently used as the inflow input
from Lake Powell for the Lower Basin. The Lower River Basins Operations uses the 24Month Study model to essentially perform a detailed water budget. The major inflow to
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Mead is the outflow from Powell, while water orders, hydropower, evaporation, seepage
and downstream demands are water resources that leave the reservoir. The storage of
Lake Mead is gauged by the elevation of the reservoir’s water surface. As
aforementioned, there are tributaries between Powell and Mead that can contribute
significantly during some years (e.g., the combined volumetric discharge of the three
main tributaries in the water year 1973 was approximately 1.4 BCM).
Improving streamflow predictions at the sub-basin scale can significantly reduce
the uncertainty associated with Powell’s outflow and the tributary contributions. Consider
Lake Mead to have an elevation that is close to a shortage (a shortage exists when all of
the apportionments cannot physically be fulfilled). If this is the case, then using better
streamflow predictions with a more accurate range of probable inflows will provide a
better estimate of the probability of a shortage occurring. Quantifiably improving
predictions will inevitably lead to closing the gap between expected and observed
reservoir storage. The present study is driven by the objective to develop a methodology
that can improve upon current quantification of streamflow inputs, at the sub-basin scale,
to be used in the 24-Month Study model. A literature review and an outline of current
approaches to hydroclimatic prediction are covered in the next section.

1.5 Historical Attempts in Hydroclimatic Prediction
The Earth’s oceans have a vast storage of energy, due to radiative forcing, that
helps drive the climate variability on continental land masses. Sea surface temperatures
(SSTs) are one manifestation of this energy storage. Consequently, variability in SSTs
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can help provide predictive information about the hydroclimate in regions across the
globe. The El Niño Southern Oscillation (ENSO), Pacific Decadal Oscillation (PDO) and
Atlantic Multidecadal Oscillation (AMO) all represent regional SST variability. Over the
past several decades, this link between SST variability (e.g., ENSO, PDO, AMO) and
global surface hydroclimatic variability has been well established (Trenberth 1997;
Namias and Cayan 1984; Redmond and Koch 1991; Ropelewski and Halpert 1996;
Enfield et al. 2001).
Some of the standard climate indices commonly used to help predict the
hydroclimate in the Southwest are NINO3, NINO3.4, PDO, and Multivariate ENSO
Index (MEI). NINO3 is a commonly used index for ENSO, where NINO3 is the first
principal component (derived from a principal components analysis (PCA)) of the SST
anomalies over the domain between 5°N to 5°S latitude and 210°E to 270°E longitude
(east of the prime meridian). Similarly NINO3.4 and PDO are the first principal
components of SST anomalies for 5°N-5°S latitude 190°E-240°E longitude and
northward of 20°N latitude in the Pacific Ocean, respectively. The MEI is the first
principal component of six variables in the tropical Pacific. The six variables used are sea
level pressure, eastward and northward wind vector components, SST, surface air
temperature, and total cloudiness.
At seasonal to interannual time scales, there are numerous studies documenting
the statistical connectivity of ENSO to land surface variables affecting hydroclimatic
variability, including temperature (Higgins et al. 2000), precipitation (Ropelewski and
Halpert 1996; McCabe and Dettinger 1999; Kim et al. 2005) and streamflow (Piechota et
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al. 1997; Cayan et al. 1999; Gochis et al. 2007). McCabe and Dettinger (1999) correlate
NINO3 with western U.S. precipitation and show statistically significant terrestrial
regions (these regions have correlation coefficients that are not a result of chance, at the
95% confidence interval). They observe a negative correlation between NINO3 and
winter precipitation in the Northwest, while NINO3 and winter precipitation in the
Southwest exhibit a positive correlation.
The Climate Technical Work Group Report (Brekke et al., 2007), released by the
Bureau, presents some important findings from the literature relating the hydrologic
conditions in the CRB to different phases of common standard indices. The relationships
between western U.S. hydrology and ENSO were observed by several researchers
(Redmond and Koch 1991; Cayan and Webb 1992; Piechota and Dracup 1996). More
specifically in the CRB, El Nino events generally bring wetter conditions and La Nina
events bring drier conditions. The link is stronger in the LCRB than in the UCRB.
Relationships between hydrologic conditions and PDO, AMO and NAO have also been
investigated (Tootle et al. 2005; Hidalgo and Dracup 2003; McCabe et al. 2007). Though
relationships have been found with these indices, the confidence in the results is not as
strong as with ENSO (Brekke et al., 2007). Additionally, the coupled relationships
between the climate indices have been evaluated (Hidalgo and Dracup 2003; Tootle et al.
2005). Researchers have found that the positive or negative phases of some indices can
enhance particular phases of other indices. Table 2 shows the hydrologic response of the
CRB due to phases of indices by themselves and combined. The “Dry” and “Wet”
periods in the CRB are delineated as being statistically significant during different phases
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of the indices. This can help a water manager anticipate more or less than normal
precipitation, but exactly how much precipitation is not clear. How dry is the “Dry” and
how wet is the “Wet”, and can anything be said about the climate when there are no
significant SST anomalies (e.g., there is no positive or negative ENSO or PDO phase)?
ENSO Phase
+
Dry
Wet
---

PDO Phase
+
Wet
Dry
Wet

AMO Phase
+
Dry
Wet

NAO Phase
+
-

All Years
El Nino
(-)
La Nina
--Dry
Dry
Wet
Wet
Dry
(+)
AMO +
Dry
--AMO Wet
Wet
--Table 2: Summary of hydrologic conditions during ENSO, PDO, AMO and NAO phases
and coupled impacts for the Colorado River basin (taken from Brekke et al. 2007).
Forecasts of precipitation and temperature, made by the Climate Prediction Center
(CPC) of the National Weather Service, are typically used to force hydrological models
to simulate naturalized streamflows across the western U.S. The CPC currently uses the
present state of ENSO, in addition to a variety of other tools, to condition their seasonal
forecasts. The CPC forecasts are then used by river forecast centers, e.g., Colorado Basin
River Forecast Center (CBRFC), to predict streamflow. The CBRFC uses two different
types of modeling strategies to quantify predicted streamflows. The first is the Statistical
Water Supply (SWS) which uses regression equations that relate observed data to future
seasonal discharge volume. Snow water equivalent and climate indices (e.g., NINO3) are
typical data used by SWS to quantify a range of future non-exceedance probabilities of
streamflow. Second, the CBRFC uses a suite of hydrological models to perform
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Ensemble Streamflow Prediction (ESP). There are four main components driving the ESP
(Brandon 2005). First, ESP considers the distribution of the historical climatology.
Second, the initial conditions of the watershed are considered, e.g., antecedent discharge,
soil moisture and SWE. The third driver, and the most important for seasonal predictions,
is expected future climate variability. ESP can weight the ensembles by past climate
realizations that happened during El Niño or La Niño events. Fourth, one must correct
and remove model bias.
Both of CBRFC’s models use CPC’s projections of expected future climate
variability. These projections use standard climate indices, such as the current state of
ENSO, along with other tools to help generate expected shifts in the probability of a
region experiencing above or below average precipitation and temperature. The CPC
releases maps predicting the next season’s precipitation and temperature (Figure 2). By
considering the terciles of the historic probability density functions (PDFs) of
precipitation or temperature, one can gain a greater understanding of Figure 2. The lower
33.3% is below normal, the middle 33.3% is near normal and the upper 33.3% is above
normal precipitation or temperature. Therefore, a contour labeled 40 with an “A” labeled
in the middle of the colored region can be interpreted as a 40% chance that the observed
value will be above average precipitation or temperature, a 33.3% chance that the value
will be near average and a 26.7% chance that the value will be below average. The
amount that the median of a distribution has shifted, as a result of the increased
probability of an above average value, is then used to quantitatively shift the averages for
each day in the season (NOAA, 2003). Using this procedure, the CBRFC is able to obtain
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quantitative values that can then be used to force the SWS and ESP models. The suite of
hydrological models used in ESP subsequently gives a range of probable streamflows
(10%, 50% and 90%) that can be used to force the 24-Month model for the Bureau.

Figure 2: Seasonal predictions of temperature and precipitation made by the CPC.
Obtained from CBRFC’s site http://www.cbrfc.noaa.gov/climate/climoForecasts.cgi.
The literature review along with common approaches to hydroclimatic prediction
raises several issues. First, streamflow can be highly variable in space. Using Figure 2,
one can anticipate for the CRB a relatively uniform shift in temperature (above average)
and almost no shift from the mean in precipitation. This will lead hydrological models to
project almost a spatially uniform shift downward in streamflow across the entire CRB.
For a basin-wide water balance, that could be helpful. However, given the arguments this
document has made for a more detailed map of water availability and how variable
streamflow can be in space, the streamflow predictions that are a result of CPC
predictions need to be improved upon. Second, the hydroclimate of a specific terrestrial
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region (e.g., a river basin) may be more strongly correlated with an oceanic region’s
SSTs which is different than the predetermined regions that are used to calculate the
standard climate indices. To overcome this issue, Tootle and Piechota (2006) use SSTs
for an entire region such as the Pacific Ocean. They use singular value decomposition
(SVD) to identify and delineate statistically significant, covarying regions between US
streamflow and Pacific SSTs. The third issue is that standard indices often use matrix
methods (e.g., PCA and SVD). Using a matrix methods approach might not preserve
enough information from an original dataset. Studies such as Rucong et al. (2001) and
Grantz et al. (2005) have abandoned a matrix methods approach. Grantz et al. (2005) find
the regions of the Pacific where the SST or 500mbar geopotential height (Z500) time
series is most well correlated with spring streamflow in the Truckee and Carson basins in
northern California. Using the SSTs from these most correlated regions, they find larger
correlation coefficients than with NINO3 or PDO.
In an attempt to address the issues present within current approaches, a new
methodology was developed. The chapter ‘PRESENT STUDY’ outlines the methodology
of basin-specific climate prediction (BSCP) which has the capacity to improve upon
current hydroclimatic predictions at the seasonal to annual time scale.

1.6 Study Site Description
The Little Colorado River is one of the three tributaries of the Colorado River
between Lakes Powell and Mead and is located in the LCRB. The other two tributaries
are the Paria River and Virgin River. The Little Colorado River basin is approximately
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68,500 km2. The basin’s elevation ranges between 3852 meters in the San Francisco
Peaks to approximately 840 meters at the outlet. The Little Colorado receives as little as
36 mm of average seasonal total precipitation during the April-June season and as much
as 127 mm for July-September. Average seasonal temperatures historically have ranged
between .3°C for the December-February season and 20.8°C for June-August.
Streamflow for the Little Colorado originates in eastern Arizona, and flows northwest for
almost 507 km until meeting the Colorado River in the Grand Canyon (Figure 1). The
average yearly streamflow volume is approximately 220 million m3 with average
seasonal rates being highly variable between 80 m3 s−1 to essentially no flow.
The Little Colorado River was chosen over the Virgin and Paria for the
implementation of BSCP for two reasons. First, contributions to Lake Mead from the
Little Colorado can be a significant proportion of the overall apportionment of the LCRB.
In some water years, the contribution of the Little Colorado River basin can be
approximately .9 BCM/year or 10% of the LCRB’s yearly apportionment. Second, the
Little Colorado is minimally influenced by reservoirs within the basin. Therefore, the
discharge measured near the outlet can be interpreted to be the contribution of the entire
basin.

1.7 Thesis Format
The format of this thesis is defined by the University of Arizona Graduate
College’s Manual for Theses and Dissertations and is, therefore, subject to repetition of
information. It includes an ‘INTRODUCTION’ chapter describing the relevance and
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uniqueness of this research, a chapter on the ‘PRESENT STUDY’ that briefly
summarizes the findings of the manuscript included in Appendix A and discusses the
results, conclusions and potential future research. Appendix A is a scientific manuscript
on improving hydroclimatic predictions at the catchment scale, and is planned for
submission to the Journal of Hydrometeorology.
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2. PRESENT STUDY
The methods, results, and conclusions of this study are presented in the paper
appended to this thesis in Appendix A. The following is a summary of the most important
findings in this document along with a section ‘Future Research’ which discusses
potential work to extend the present study.

2.1 Methodology
The present study outlines the methodology called basin-specific climate
prediction (BSCP). BSCP seeks out the strongest statistical relationships between a
specific basin’s hydroclimate and oceanic SSTs at varying time lags. The SSTs from the
strongest statistical relationships are subsequently used as predictors to perform hindcasts
of the historic hydroclimate. The predictive skills of these hindcasts are assessed using
BSCP in addition to using NINO3, NINO3.4, MEI, and PDO as predictors. In order to
contrast the BSCP methodology to a matrix methods approach, principal components
analysis is performed on the SSTs in the entire Pacific domain and the statistical strengths
of both methods are compared (Appendix B).
Data were acquired for temperature, precipitation, and discharge for the Little
Colorado River basin. The precipitation and discharge data are converted from a gamma
to a normal distribution using the Standardized Precipitation Index (SPI) technique
(McKee et al. 1993). Additionally, SST data was obtained for the Pacific Ocean. All of
the data corresponded to the temporal domain of 1949-2005. Initially, the Pearson’s
product-moment correlation coefficients are found across the Pacific domain at a 2
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degree resolution, where each gridcell corresponds to the average SST from a larger 20°
longitude by 10° latitude window. These correlation maps are created using the Little
Colorado basin’s seasonal average temperature, total precipitation and total discharge
with Pacific SSTs. There are twelve seasons for the hydroclimate through the year, where
each season corresponds to three month windows, e.g., January-March and JulySeptember. The middle month of the hydroclimate’s season is lagged behind the Pacific
SSTs up to one year. For each combination of hydroclimatic variable, SST month and
lag, the Pacific windows with SSTs corresponding to the largest correlation coefficients,
by absolute magnitude, will be used as predictors (there are 432 correlation maps which
yield 432 SST predictor time series: 3 hydroclimatic variables X 12 SST months X 12
lags). Each combination will seek out a new window that maximizes the correlation.
Next, the 432 SST time series are used to perform hindcasts of the hydroclimate.
This is done by employing a mixture of Gaussians (McLachlan and Peel 2000; Wojcik et
al. 2006) with leave-one-out cross-validation (LOOCV). Gaussian mixture models
(GMMs) form clusters by representing the probability density function of observed
variables as a mixture of multivariate Gaussian densities. The distribution is fit to the data
using an expectation maximization (EM) algorithm (McLachlan and Peel 2000), which
assigns joint probabilities across x and y space in the case of a two dimensional scatter
plot. A GMM with one cluster is used in the BSCP methodology. LOOCV is used for
robustness. Leaving out the point that is being hindcasted gives a better understanding of
how the model will perform in prediction. With each point left out, a GMM is calculated
and slices are taken from the resulting joint probability surface. The slice for each
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hindcast value is obtained at the measured SST corresponding to the point left out.
Normalizing the slice gives a probability density function (PDF) of the expected
hydroclimatic variable. The peak of the PDF is the most probable value, while the 5%
and 95% non-exceedance values are assessed with the corresponding cumulative
distribution function. The hindcasts of all of the points are found using the same
procedure. Hindcasts are obtained, using the BSCP methodology, for all 432
combinations.

2.2 Results
Two parameters were used to assess the skill of the hindcasts for BSCP, NINO3,
NINO3.4, MEI and PDO. The parameters are model correlation coefficient and NashSutcliffe model efficiency (NSE). BSCP performs better in almost every instance for both
parameters. The NSE parameter shows that the combined skill of all three hydroclimatic
variables, using BSCP, is better than the standard climate indices about 99% of the time
and better than choosing the hydroclimatic mean about 75% of the time.

2.3 Conclusions and Discussion
The unique statistical relationships that relate SSTs in the Pacific with the Little
Colorado River basin’s hydroclimate are explored by BSCP (Appendix C). The BSCP
methodology has shown marked improvement over the standard climate indices for
seasonal hydroclimatic hindcasts/predictions. The potential of BSCP is only beginning to
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be explored. The next section ‘Future Research’ discusses some of the ways to extend the
present research to continue to improve seasonal hydroclimatic prediction.

2.4 Future Research
The present study can be improved and extended upon in numerous ways. There
are three core issues that need to be addressed in future research. First, the BSCP
methodology must be extended to other sub-basins. BSCP’s improvement over standard
indices has to be validated by performing hindcasts/predictions in other regions (e.g.,
sub-basins) with different climate regimes. Second, BSCP’s current skill level can be
improved upon. Though BSCP is currently hindcasting/predicting better than the standard
climate indices, predictions can potentially be further improved. Third, the gap between
climate and discharge predictions requires further closing. Many sub-basins have
significant reservoir influences or diversions, which creates an additional obstacle to
closing this gap. Therefore, future research will also have to obtain naturalized discharge
for highly regulated sub-basins. All three issues will be addressed simultaneously and are
mutually dependent. The following sub-sections explore these issues in more detail.
2.4.1 Implementing BSCP across the Western U.S.
Precipitation in the southwestern and northwestern United States is statistically
significantly correlated with ENSO (El Niño or La Niña events). The LCRB is considered
to be in the Southwest region where there is statistical significance, while the UCRB is
considered not to be affected by ENSO to a significant degree. As seen in Figure A1, the
Little Colorado River basin is in the LCRB. The present study has shown substantially
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better predictive skill over ENSO, using BSCP, in a region where ENSO is said to be
strongly correlated. Given these results, BSCP’s methodology needs to be extended
across a multitude of other sub-basins to observe if similar improvements in seasonal
hydroclimatic predictions can be made.
The western United States is a good option to test the effectiveness of BSCP. The
predictive skill of BSCP will be tested using all of the sub-basins (e.g., the Salt River
basin, Yakima River basin) in the domain of the three western River Forecast Centers
(Colorado Basin, California-Nevada and the Northwest). The potential exists for BSCP to
improve over current predictions across the West for two reasons. First, ENSO is
typically used to condition forecasts made by the CPC during significant anomalies in the
tropical Pacific SSTs (El Niño or La Niña). BSCP uses a regression that assigns a
prediction at all times, not only with anomalous conditions. Second, ENSO’s predictive
strength dies out in the UCRB and between the Northwest and the Southwest. The
correlative strength of ENSO might die out due to the fact that the oceanic domain for an
ENSO index is constrained to a fixed area, while BSCP searches the entire oceanic
domain to find the strongest correlations.
2.4.2 Further Improving the Predictive Skill of BSCP
BSCP’s seasonal hydroclimatic predictions in the present study were obtained by
solely using Pacific SSTs as predictors. Similarly to the MEI index, BSCP can
incorporate other oceanic variables (e.g., sea level pressure, wind vector components and
total cloudiness) from an expanded oceanic domain (e.g., Gulf of California, which can
have a greater influence during the monsoon season). Including these variables in
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addition to SSTs has the potential to further increase BSCP’s predictive skill. In order to
use this additional data, one must first locate all of the oceanic windows that optimize the
statistical correlation for each oceanic variable for a specific sub-basin. These statistically
optimized time series from each oceanic variable can then be distilled down to one
predictor. There are multiple ways to do this; two possible approaches are described here.
First, using GMM, one could obtain the PDFs for a particular hydroclimatic variable with
each oceanic variable. Then these distributions can be summed together to create a single
distribution where the oceanic variables’ distributions with larger correlation coefficients
are weighted more heavily. A second method would be to perform a PCA on the
statistically optimized set of time series. Both of these methods along with others require
further exploration and testing.
The predictors used to quantify the hydroclimate from one year to the next will
most likely change due to nonstationarity (Milly et al. 2008). The global climate appears
to be changing and trends can already be seen in SSTs (Moron 1998), global surface air
temperatures (Hansen 1987; Jones 1999) and streamflow (Barnett et al. 2005, 2008;
McCabe and Wolock 2007; Hoerling and Eischeid 2007). Due to the inherent dynamics
of the ocean-atmosphere-land system and the anticipated global hydroclimatic trends, the
unique statistical relationships for each sub-basin are expected to change over time.
Therefore, the BSCP model must be adaptive to incorporate near real-time data to
account for these changes. Since global hydroclimatic trends do not appear to be linear, a
weighting factor should be applied to the data where the most recent events are weighted
more heavily than older events (thus, the trending is not masked by a longer record of
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pre-trend data). In effect, by accounting for nonstationarity with a weighting factor, new
oceanic windows will be found each year that exhibit the highest correlation with a
specific sub-basin’s hydroclimate.
2.4.3 Obtaining Better Predictions of Naturalized Discharge
There is a discrepancy between the skill of the precipitation and temperature
hindcasts and those of discharge. This is the result of the basin’s antecedent conditions
upon entering the hindcast/forecast season (e.g., soil moisture and snow water equivelant
(SWE)). The basin’s storage acts as a nonlinear filter for discharge in response to
precipitation and temperature forcings (Troch et al. 2007).
There are two options to help bridge the gap between climate and discharge
predictive skill. First, soil moisture and SWE data can be included in the BSCP model in
a statistical manner, thereby better accounting for basin storage and its influence on
precipitation and temperature forcings. The second option is to use a hydrological model
that is forced with temperature and precipitation values predicted from BSCP. To
complicate matters, there are hundreds of reservoirs and diversions along the streams in
the Western U.S. Consequently, naturalized discharge from the entire sub-basin is not
easily assessed. Storage and its effect on precipitation and temperature forcings can be
different between neighboring sub-basins, which makes it difficult to translate knowledge
of one sub-basin’s response to climate forcings to another. As a result, either the
hydrological model needs to be calibrated by a portion of the sub-basin that is not
influenced by reservoirs or diversions, or statistical relationships (climate-discharge
elasticity or sensitivity (Schaake 1990)) require development in the same portion of the
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sub-basin. A hydrological model can more explicitly account for spatial differences in
vegetation and timing of snowmelt. The drawback of using a hydrological model,
however, is that models are typically developed to emulate the response of a basin in a
particular climate regime. The best option could be to explore how well statisticallyderived naturalized discharge compares to what a hydrological model would give in a
variety of sub-basins where the calibration of the hydrological model can be trusted.
Ultimately, better quantification of the predicted naturalized discharge distribution will
help water managers better anticipate water availability leading to better coordination
along the length of rivers.
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APPENDIX A – IMPROVING SEASONAL PREDICTIONS OF CLIMATE
VARIABILITY AND WATER AVAILABILITY AT THE CATCHMENT SCALE

40
LIST OF FIGURES
Figure A1: Little Colorado River basin shown in the Lower Colorado ………………...62
Figure A2: Correlative structure of November and June SSTs with December-February
and July-September precipitation, respectively………………………………….63
Figure A3: Absolute magnitude of the correlation coefficients through the year and at
different lags for the hydroclimatic variables versus BSCP and standard climate
indices. The lower limit of the colorbar is .275, which is statistically significant at
the 95% confidence level………………………………………………………..64
Figure A4: Applying the Gaussian Mixture Model with leave-one-out cross-validation.
Figure A4a) shows the scatter of November SSTs and February-April discharge,
where the larger gray circle surrounds the first point that is taken out to perform
the hindcast, b) shows the resulting GMM, c) shows the PDF that corresponds to
the slice along the SST z-score of the point taken out, d) is the CDF of the same
slice………………………………………………………………………………65
Figure A5: February-April hindcasts of discharge volume using November SSTs……..66
Figure A6: December-February hindcasts of total precipitation using November SSTs..67
Figure A7: January-March hindcasts of basin-average temperature using November
SSTs……………………………………………………………………………..68
Figure A8: Correlation coefficients for the hindcasts versus observed hydroclimatic
values…………………………………………………………………………….69
Figure A9: Nash-Sutcliffe model efficiency. The darker the shading, the more skillful the
hindcasts are in comparison to the hydroclimatic mean…………………………70

41
Improving Seasonal Predictions of Climate Variability and Water Availability at the
Catchment Scale

Matthew B. Switanek* and Peter A. Troch
Department of Hydrology and Water Resources, University of Arizona, Tucson, AZ,
USA
Christopher L. Castro
Department of Atmospheric Sciences, University of Arizona, Tucson, AZ, USA

*Corresponding author address: M.B. Switanek, Department of Hydrology and Water
Resources, University of Arizona, 1133 E James E Rogers Way, Rm 320A, Tucson, AZ
85721.
E-mail: mbswitan@email.arizona.edu

42
Abstract
In a water-stressed region, such as the southwestern United States, it is essential
to improve current seasonal hydroclimatic predictions. Typically, seasonal hydroclimatic
predictions have been conditioned by standard climate indices, e.g., NINO3 and PDO. In
this work, the statistically unique relationships between sea surface temperatures (SSTs)
and a basin’s hydroclimate are explored. The regions of the Pacific where the SSTs are
most correlated with the Little Colorado River basin’s hydroclimate are located
throughout the year and at varying time lags. The SSTs, from these regions of highest
correlation, are used as predictors of the hydroclimate in the Little Colorado. This
methodology, named basin-specific climate prediction (BSCP), is further used to perform
hindcasts. The hydroclimatic hindcasts obtained using BSCP are shown to be closer to
the historical record, in the Little Colorado, than the hindcasts using the standard climate
indices as predictors.
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1. Introduction
Lake Powell divides the Upper and Lower Colorado River basins and has
historically had sufficient storage to provide both regions with the quantities of water set
by the Colorado River Compact. The current drought, which began in 2000, however, has
shown that Lake Powell’s storage is susceptible to climate variability and cannot always
be relied on. In April, 2005, Lake Powell’s storage was 33% of live capacity due to
yearly inflows that were, on average, approximately 59% below normal. Rising
temperatures across the southwestern United States, associated with global climate
change, could further exacerbate droughts in the Colorado River basin (Barnett et al.
2005, 2008; McCabe and Wolock 2007; Hoerling and Eischeid 2007). The projected
temperature increase and accompanying increase in evapotranspiration are anticipated to
decrease runoff in the Colorado River basin between 10% to 30% over the next 50 years
(Milly et al. 2005; Christensen et al. 2004; Christensen and Lettenmaier 2006). Since the
signing of the Colorado River Compact in 1922, the demand for water to be used for
municipality, agriculture and hydropower has grown rapidly. In addition to this increase
in demand, climate projections are expected to decrease supply and further stress the
water resources in the Colorado River basin. In order to aid decision makers and
stakeholders in the allocation of this stressed resource in the Southwest, it is essential to
improve hydroclimatic seasonal predictions.
Most of the variability in Lake Mead’s pool elevation is governed by releases
from Lake Powell. In the event that a drought restricts Lake Powell’s releases to an
amount less than required by the Colorado River Compact, tributaries between Powell
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and Mead will play a significant role in the Lower Colorado basin states’ water supply.
Therefore, development and improvement of hydroclimatic predictions needs to take
place at the sub-basin scale (e.g., Little Colorado River basin or Paria River basin).
Improving these sub-basin predictions can provide a more detailed map of water
availability for the entire Colorado River basin, thus reducing potential uncertainty
confronting water managers in the Lower Colorado basin.
The Earth’s oceans have a vast storage of energy that helps drive climatic
variability. Sea surface temperatures (SSTs) are one manifestation of this energy storage.
Consequently, variability in SSTs can help provide predictive information about the
hydroclimate in regions across the globe. Over the past several decades, the statistical
link between regional SST variability (e.g., the El Niño-Southern Oscillation (ENSO), the
Pacific Decadal Oscillation (PDO) and the Atlantic Multidecadal Oscillation (AMO)) and
global surface hydroclimatic variability has been well established (Trenberth 1997;
Namias and Cayan 1984; Redmond and Koch 1991; Ropelewski and Halpert 1996;
Enfield et al. 2001). NINO3 is a commonly used index of ENSO, where NINO3 is the
first principal component (derived from a principal components analysis (PCA)) of the
SST anomalies over the domain between 5°N to 5°S latitude and 210°E to 270°E
longitude (east of the prime meridian). The PDO index is similarly calculated to be the
first principal component of SST anomalies northward of 20°N latitude in the Pacific
Ocean (Mantua et al. 1997), while the AMO is essentially the detrended, area weighted
average of SSTs over the north Atlantic ocean.
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At seasonal to interannual time scales, there are numerous studies documenting
the statistical connectivity of ENSO to land surface variables affecting hydroclimatic
variability, including temperature (Higgins et al. 2000), precipitation (Ropelewski and
Halpert 1996; McCabe and Dettinger 1999; Kim et al. 2005) and streamflow (Piechota et
al. 1997; Cayan et al. 1999; Gochis et al. 2007). McCabe and Dettinger (1999) correlate
NINO3 with western U.S. precipitation and show statistically significant regions (these
regions have correlation coefficients that are not a result of chance, at the 95%
confidence interval). They observe a negative correlation between NINO3 and winter
precipitation in the Northwest, while NINO3 and winter precipitation in the Southwest
exhibit a positive correlation.
Forecasts of precipitation and temperature, made by the Climate Prediction Center
(CPC), are typically used to force hydrological models to simulate naturalized
streamflows across the western U.S. The CPC currently uses the present state of ENSO to
condition their seasonal forecasts. We observe two potential problems with using
standard climate indices, like NINO3, PDO and AMO, for hydroclimatic prediction.
First, the hydroclimate of a specific terrestrial region (e.g., a river basin) may be more
strongly correlated with an oceanic region’s SSTs which is different than the
predetermined regions that are used to calculate the standard indices. To overcome the
first problem, Tootle and Piechota (2006) use SSTs for an entire region such as the
Pacific Ocean. They use singular value decomposition (SVD) to identify and delineate
statistically significant, covarying regions between US streamflow and Pacific SSTs. The
second problem with the standard indices, is that the matrix methods approach (e.g., PCA

46
and SVD) might not preserve enough information from an original dataset. Studies such
as Rucong et al. (2001) and Grantz et al. (2005) have eliminated the matrix methods
approach. Grantz et al. (2005) find the regions of the Pacific where the SST or 500mbar
geopotential height (Z500) time series is most well correlated with spring streamflow in
the Truckee and Carson basins in northern California. Using the SSTs from these most
correlated regions, they find larger correlation coefficients than with NINO3 or PDO.
The objective of this study is to outline a methodology that has the capacity to
improve upon current basin-specific hydroclimatic predictions at the seasonal to annual
time scale. The section ’Materials’ describes the Little Colorado River basin and the data
used in the study. Section ’Methodology’ outlines the basin-specific climate prediction
(BSCP) approach. The Little Colorado’s precipitation, temperature and streamflow data
are correlated with Pacific SSTs. The statistical correlative oceanic patterns, using BSCP,
are observed at different months of the year and at different time lags. Using these
statistical patterns, the SSTs from the regions that exhibit the strongest correlation are
subsequently used as predictors to perform hindcasts of the hydroclimate for the Little
Colorado. NINO3, NINO3.4 (5°N to 5°S latitude and 190°E to 240°E longitude), MEI
(Multivariate ENSO index) and PDO are also used as predictors to perform hindcasts.
Section ’Results’ compares the predictive skill of BSCP to the standard climate indices.
Section ’Discussion and conclusions’ highlights the results and concludes with a few
recommendations for further research on seasonal hydroclimatic prediction.
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2. Materials
a. Region of study
The Little Colorado River is located in the Lower Colorado River basin, and
comprises approximately 68,500 km2. The basin’s elevation ranges between 3852 meters
in the San Francisco Peaks to approximately 840 meters at the outlet. The Little Colorado
receives as little as 36 mm of average seasonal total precipitation during the April-June
season and as much as 127 mm for July-September. Average seasonal temperatures
historically have ranged between .3°C for the December-February season and 20.8°C for
June-August. Streamflow for the Little Colorado originates in eastern Arizona, and flows
northwest for almost 507 km until meeting the Colorado River in the Grand Canyon
(Figure A1). The average yearly streamflow volume is approximately 220 million m3
with average seasonal rates being highly variable between 80 m3 s−1 to essentially no
flow.
Lyman Reservior, located in the upper reaches of the basin, is the largest reservoir
on the Little Colorado. It has a storage capacity of approximately 37 million m3 (30,000
acre-ft), and was erected in the year 1915. The data for the reservoir’s outflow is sparse
and, in total, less than seven years in length. However, using the available data, the
average measured monthly discharge from the reservoir is less than five percent of the
average monthly discharge measured near the Little Colorado’s outlet. Given its limited
contribution to overall streamflow, Lyman Reservoir and other much smaller reservoirs,
were considered negligible in this study.
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b. Data
The precipitation and temperature data for the Little Colorado are obtained from
an interpolated, gridded dataset (Maurer et al. 2002). It provides data at a 3 hour timestep
with a spatial resolution of 1/8° latitude by 1/8° longitude. The dataset covers the
conterminous United States and has been updated to include 57 years of data
(1949-2005). The streamflow or discharge data is that of USGS gage station 09402000
near Cameron, Arizona (http://waterdata.usgs.gov/nwis/sw). Its length of record is from
June, 1947 until present. The contributing area is approximately 67,500 km2 or 98.5% of
the total basin area. The station’s mean daily discharge is used for the same overlapping
57 years as the temperature and precipitation data, and it is assumed to reflect the
contribution of the whole basin.
Mean monthly sea surface temperatures (SST) were obtained from the
International Comprehensive Ocean-Atmosphere Data Set (ICOADS) through the
University Corporation for Atmospheric Research site (http://dss.ucar.edu/). The
resolution of the SST data is 2° latitude by 2° longitude, with the center of each gridcell
corresponding to the domain between 49°S and 71°N latitude and between 113°E and
295°E longitude (east of the prime meridian). It is assumed that the Pacific is the
dominant energy source driving the hydroclimate in the Little Colorado basin. In order to
have the same temporal domain for all of the data, the SSTs corresponding to 1949-2005
are used.
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c. Data preparation
In order to effectively and efficiently ascertain a seasonal quantitative prediction
for the Little Colorado basin, we require seasonal values for precipitation, temperature
and discharge at the basin scale. Spatial averages are calculated first. For discharge, it is
simply a matter of dividing the volume of water for a given day by the area of the basin.
For precipitation and temperature, a file containing the fractional contributions of each
1/8° gridcell is used, where the boundary of the basin is not deliniated at the gridcell size,
but rather more accurate digital elevation maps (30 meter resolution obtained through the
USGS site http://seamless.usgs.gov/), so only fractional amounts of the bordering
gridcells will contribute. By performing a weighted spatial average, the contributing
number of gridcells is reduced, and in doing so, the climatic response of the basin, as a
function of topography, is more truly represented. Each variable’s weighted averages are
obtained for their respective timesteps. Second, we temporally average temperature and
sum precipitation and discharge to a seasonal timestep. Seasonal hydroclimate variables,
in this paper, are averaged or integrated values at a tri-monthly resolution. There are
twelve tri-monthly seasons, corresponding to January-March, February-April continuing
through December-February. This gives us the total seasonal sums of precipitation and
discharge, averaged across the basin, and the seasonal averages of temperature.
In the Southwestern U.S., seasonal temperature generally exhibits a normal
(Gaussian) distribution, while seasonal precipitation and discharge exhibit skewness that
corresponds well with a gamma distribution. The z-values, or z-scores, for seasonal
temperatures are computed by subtracting the population mean and dividing by the

50
standard deviation. The Standardized Precipitation Index (SPI) has previously been used
to convert precipitation, that exhibits a gamma distribution, to normally distributed data
(McKee et al. 1993; Kim et al. 2005). We convert cumulative densities from the gamma
distribution to SPI values by means of an approximation provided by Abramovitz and
Stegun (1972). The SPI values essentially give z-scores as if we had Gaussian data. The
same SPI algorithm is applied to obtain z-scores of discharge. There are two reasons why
we choose to normalize precipitation and discharge. First, this allows a more accurate
climate regime comparison between two different basins. Second, our methodology later
requires Gaussian distributed data.
As a way to decrease the sparseness of the Pacific SSTs, and to have a second
level of quality control, the SSTs were spatially averaged on 10° latitude by 20° longitude
moving windows. For example, we calculate the spatial average SST for the most
southwestern window, where the window’s boundaries are delineated between 49 ◦S - 39
◦S latitude and 113°E - 133°E longitude. That window’s average SST is then placed in
the gridcell centered at 44°S latitude and 123°E longitude. Then, we calculate the average
of the window centered about 42°S latitude and 123°E longitude. In the end, we have
more densely populated SSTs across the Pacific, at a 2° by 2° resolution, where each
gridcell corresponds to a larger 10° latitude by 20° longitude window.
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3. Methodology
a. SST-Little Colorado climate and discharge correlation maps
Using SSTs as a predictor of Little Colorado’s climate and discharge, we observe
the spatial correlative structure between Pacific SSTs and seasonal basin variables at
different temporal lags. For example, we use January SSTs in conjunction with JanuaryMarch basin precipitation, to obtain Pearson’s correlation coefficients at each gridcell in
our Pacific domain. Pearson’s product-moment correlation coefficients take the form:

∑ ( x − x) ( y − y)
n

r=

i= 1

i

i

( n − 1) sx s y

(1)

where xi and yi are individual measurements in the sample size n, x and y are the
sample means of X and Y with standard deviations of sx and s y . The correlation
coefficients range from -1 to 1, where the two variables are most well correlated when
closest to -1 and 1, with 0 having no correlation. Pearson’s correlation coefficients are
commonly used with Gaussian distributed data. The correlation map that is created is
identified by JAN-PL1 (where JAN corresponds to January SSTs, P is precipitation and
L1 is the lag of the middle month of the seasonal precipitation with respect to the SST
month). The temporal correlative structure is observed next. Correlation maps are created
for the other eleven seasons, at different temporal lags behind January SSTs. Now we
have maps corresponding to JANPL2 through JAN-PL12. The procedure is repeated for
the other eleven months of SSTs as our predictors. Seasonal basin precipitation
corresponds to 144 correlation maps (12 SST months X 12 seasonal lags). The same
procedure is performed for temperature and discharge, which gives 144 correlation maps
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for each of these variables (432 maps total). The map identification follows the same
structure, e.g., FEB-TL1 and MAY-DL9 (where T is temperature and D is discharge).
Figure A2 shows the Pacific correlative structures for NOV-PL2 and JUN-PL2.
One can observe a strong and clearly defined correlative structure for NOV-PL2. On the
other hand, as we progress through the year, the structure becomes less well delineated
and the absolute magnitudes of the correlation coefficients are smaller. It is interesting to
note for NOV-PL2 and JUN-PL2, that the regions with the highest correlations in the
Pacific do not fall within the NINO3 domain. There are instances, in the other 430 maps,
where the most correlated regions partly overlap with the NINO3 domain. The majority
of these regions, however, were completely outside of the NINO3 domain.

b. Regions of high correlation
Using the correlation coefficients, the most positively and negatively correlated
windows (the 10° latitude by 20° longitude SST windows) in the Pacific are identified for
all combinations of months, lags and basin variables. Most likely, a different window will
correspond to each combination (though different combinations do not necessitate a
different window, they could overlap or be identical in space). Next, the larger of the two
most correlated windows, by absolute magnitude, is used to extract the most predictive
power from the corresponding SSTs. There are now 432 windows in the Pacific that can
be used to quantitatively predict the Little Colorado’s seasonal hydroclimate, as much as
a year in advance.
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How does the magnitude of the correlation coefficients change through the year
and at different lags? Figure A3 contrasts the correlative magnitude using BSCP (the
most correlated SSTs) to NINO3, NINO3.4, MEI and PDO. Using only SSTs as our
predictors, at regions that we allow to vary in space in time, we find stronger correlations
than when using the other four standard climate indices as predictors. There are only two
instances when one of the standard indices is more strongly correlated than BSCP. The
MEI has correlation coefficients of .565 for OCT-PL5 and .489 for FEB-DL2 while
BSCP has .556 and .464, respectively.

c. Assessing uncertainty
An efficient way to assess the uncertainty associated with individual predictions is
by using a mixture of Gaussians (McLachlan and Peel 2000; Wojcik et al. 2006).
Gaussian mixture models (GMMs) form clusters by representing the probability density
function of observed variables as a mixture of multivariate Gaussian densities. The
distribution is fit to the data using an expectation maximization (EM) algorithm
(McLachlan and Peel 2000), which assigns joint probabilities across x and y space in the
case of a two dimensional scatter plot. GMMs are most appropriate to use when it is
obvious that there is more than one distinct region where the data have gravitated, e.g.,
there is bimodality in the aggregation of the scatter. In our analysis, we did not observe
more than one distinct cluster for the hydroclimatic data in the Little Colorado. Hence, a
GMM with one cluster is used. It should be made clear, though, that the GMM’s results
are the same as would be obtained with a linear regression. Our methodology, however,
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uses GMMs instead of linear regression, to be more broadly applicable to basins which
could have data exhibiting nonlinearity.
The strength of the GMM regression by itself does not say much about the
predictive/hindcast skill. Therefore, leave-one-out cross-validation (LOOCV) is used as a
robust measure to assess the model’s skill (Seppa and Birks 2001; Xu et al. 2007).
LOOCV uses all of the points in a scatterplot, except the point that is being hindcasted.
To illustrate using LOOCV in GMMs, the data corresponding to NOV-DL4 is used. The
most negatively correlated window has the largest correlation and is located at 18°
latitude and 149° longitude with a correlation coefficient of -.676. Figure A4a is the
scatterplot for NOV-DL4, and the larger gray circle surrounds the first point,
chronologically, that will be left out to create the first GMM seen in Figure A4b. Figures
A4c and A4d show the probability density function (PDF) and the cumulative distribution
function (CDF) of February-April discharge. They correspond to a slice of the GMM that
is obtained by the SST z-score of the point that is left out. The PDF has been normalized.
So essentially, the November 1949 SST is going to be used to predict the February-April
1950 discharge. The highest peak on the PDF is the most probable discharge, while the
corresponding CDF is used to assess the 5% and 95% non-exceedence discharges. The
LOOCV is repeated with GMMs to make hindcasts for each year’s seasonal discharge,
each time leaving out the point corresponding to that year. Lastly, the normally
distributed data is converted back to a gamma distribution.
Figure A5 shows the hindcasts of the February-April discharge volume (average
depth of water over basin) given November SSTs. Figures A6 and A7 show seasonal
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hindcasts for the December-February total precipitation and January-March basinaverage temperature, respectively, given November SSTs. The skill of these hindcasts in
contrast to the standard climate indices and the historic hydroclimatology is addressed in
the next section.

4. Results
Two parameters are used to assess the predictive skill of each set of hindcasts.
The parameters are model correlation coefficient and the Nash-Sutcliffe model efficiency
(NSE). The model correlation coefficient is calculated with Equation 1 using modeled
versus observed data. NSE is defined as:

∑ (x
∑ (x
T

NSE = 1 −

t= 1
T

t= 1

)
− x )

t
o

− xmt

t
o

o

2
2

(2)

t
t
where xo is the mean of observed values and xo and xm are the observed and modeled

values at time t, respectively. The NSE has historically been used to assess the skill that a
hydrologic model has in matching observed hydrographs. It is used here, more generally,
to assess the predictive skill in contrast to simply using the hydroclimatic means of
discharge, precipitation and temperature. NSE ranges from negative infinity to one. A
value of one is perfect prediction, while values greater than zero indicate when the model
is performing better, or predicting better, than the hydroclimatic mean. Conversely,
values less than zero delineate instances when the climatological mean would give better
results than the model.
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Figure A8 shows the model’s performance expressed as correlation coefficients
which are obtained from observed versus modeled hydroclimate values. The darker the
shading of the score, the more predictive potential the model is exhibiting. Figure A9
gives us perspective into how well the hindcasts are doing in contrast to the hydroclimatic
mean. Moderate predictive skill is observed, using BSCP, for winter precipitation and
temperature throughout the year at a variety of lags. BSCP also predicts, better than the
historical mean, spring discharge. It should be pointed out that although BSCP’s
predictive skill is sometimes sparse with discharge, its predictions, at most times, are
better than the standard climate indices. At times delineated within the diagonal bands,
NINO3, NINO3.4 and MEI can be seen to perform marginally better than BSCP for
February-April precipitation. However, the NSE parameter shows that the combined skill
of all three hydroclimatic variables, using BSCP, is better than the standard indices about
99% of the time and better than choosing the hydroclimatic mean about 75% of the time.

5. Discussion and conclusions
This paper has explored the unique statistical relationships that relate SSTs in the
Pacific with the Little Colorado River basin’s hydroclimate. The advantage of BSCP is
that it targets an oceanic region that maximizes the correlation for a specific basin at a
given time. As a result, marked improvement in hydroclimatic seasonal predictions has
been shown over the standard climate indices. BSCP substantially extends the predictive
skill throughout the year for precipitation and temperature. Additionally, BSCP improves
spring discharge predictions.
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The work presented here raises several issues. There is a discrepancy between the
skill of the precipitation and temperature hindcasts and those of discharge. This is the
result of the basin’s antecedent conditions upon entering the hindcast/forecast season
(e.g., soil moisture and snow water equivelant). The analyses presented here can be
improved

in

three

ways.

First,

the

gap

in

predictive

skill

between

precipitation/temperature and discharge needs to be closed by including antecedent basin
conditions. The basin’s storage acts as a nonlinear filter for discharge in response to
precipitation and temperature forcings (Troch et al. 2007). Second, the seasonal
predictions of hydroclimatic variables can be improved by not only supplementing the
predictors (SSTs) with more oceanic information (e.g., sea level pressures and wind
vector velocities), but also by expanding the oceanic domain (e.g., Gulf of California).
The Southwest’s hydroclimate can be significantly influenced by the Gulf of California
and Gulf of Mexico during the monsoons (Adams and Comrie 1997). Lastly, the
nonstationarity of the correlative statistical patterns requires consideration (Milly et al.
2008). LOOCV is one way to analyze the robustness of a model’s hindcasts. Future
hydroclimatic predictions, however, require the addition of near real-time data. This is
because the statistical patterns may evolve over time as new data is incorporated. Both
SSTs and land surface temperatures appear to be exhibiting trending (Moron et al. 1998;
Jones et al. 1999; Stott et al. 2000). The evolution of these patterns can be better captured
by more heavily weighting the most recent data. The model must have this adaptive
ability, so that it can more accurately reflect the changing dynamics of the oceanatmosphere-land system.
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Applying BSCP across a multitude of basins, in varying climate regions, has the
potential to improve seasonal hydroclimatic predictions across the globe. Additionally,
the methodology shows how the spatio-temporal statistical patterns shift between basins.
The cross-basin statistical relationships that arise can help formulate a new physical
understanding

of

ocean-atmosphere-land

interactions.

If

attained,

improved

understanding of the causes of seasonal hydroclimatic variability will greatly benefit
water resources management.
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Figure A1: Little Colorado River basin shown in the Lower Colorado.
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Figure A2: Correlative structure of November and June SSTs with December-February
and July-September precipitation, respectively.

64

Figure A3: Absolute magnitude of the correlation coefficients through the year and at
different lags for the hydroclimatic variables versus BSCP and standard climate indices.
The lower limit of the colorbar is .275, which is statistically significant at the 95%
confidence level.
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Figure A4: Applying the Gaussian Mixture Model with leave-one-out cross-validation.
Figure A4a) shows the scatter of November SSTs and February-April discharge, where
the larger gray circle surrounds the first point that is taken out to perform the hindcast,
b) shows the resulting GMM, c) shows the PDF that corresponds to the slice along the
SST z-score of the point taken out, d) is the CDF of the same slice.
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Figure A5: February-April hindcasts of discharge volume using November SSTs.
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Figure A6: December-February hindcasts of total precipitation using November SSTs.
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Figure A7: January-March hindcasts of basin-average temperature using November
SSTs.
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Figure A8: Correlation coefficients for the hindcasts versus observed hydroclimatic
values.
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Figure A9: Nash-Sutcliffe model efficiency. The darker the shading, the more skillful the
hindcasts are in comparison to the hydroclimatic mean.
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APPENDIX B – COMPARING STATISTICAL STRENGTHS USING MATRIX
METHODS (PCA) AND BSCP
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Introduction
The BSCP methodology searches for the strongest statistical relationships over
the entire Pacific domain. To accurately assess if BSCP has more potential skill than that
of a matrix methods approach, principal components analysis (PCA) is performed over
the same expanded Pacific domain. Using PCA on a non-constrained oceanic domain
could potentially provide sufficient additional information to improve upon the NINO3
predictor.

Methods
Principal components analysis is performed separately for each calendar month,
using the time series for all gridcells in the Pacific domain. The algorithm used to obtain
the principal components requires that there is no missing data. Therefore, only the
gridcells which contain SSTs for the entire 57 years (1949-2005) of data are used. After
finding all of the gridcell’s with full time series, the mean of each time series at a
particular gridcell is subtracted from each data point for that gridcell. The ‘princomp’
function in MATLAB is subsequently used to obtain the eigenvectors, eigenvalues and
the principal components.

Results
For a given month, the eigenvector, corresponding to the largest eigenvalue,
maximizes the variance of the original multidimensional data set. The vector components
of these eigenvectors, for the twelve calendar months, are shown in Figures B1-B4.
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Projecting the original data onto these twelve eigenvectors that maximize the variance
yields twelve time series that are the first (leading) principal components. These first
principal components are then compared to the NINO3 index (which is the first principal
component for SSTs in the tropical Pacific). Figures B5-B8 show the similarity between
the time series of NINO3 and the first principal components of the larger Pacific domain.
Figure B9 compares the correlative strengths using BSCP and the monthly first principal
components.

Discussion
Figure B9 shows that the correlative strengths using the first principal
components from the entire Pacific domain are not much different from those of the
NINO3 index. Therefore, using the expanded oceanic domain did not provide sufficient
addition information that could be used to extract a better predictor of the hydroclimate in
the Little Colorado.
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Figure B1: The eigenvector components, at each gridcell, corresponding to the largest
eigenvalues for January-March SSTs.
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Figure B2: The eigenvector components, at each gridcell, corresponding to the largest
eigenvalues for April-June SSTs.
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Figure B3: The eigenvector components, at each gridcell, corresponding to the largest
eigenvalues for July-September SSTs.
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Figure B4: The eigenvector components, at each gridcell, corresponding to the largest
eigenvalues for October-December SSTs.
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Figure B5: Comparing the first (leading) principal components for January-March SSTs
to the NINO3 index.
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Figure B6: Comparing the first (leading) principal components for April-June SSTs to the
NINO3 index.
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Figure B7: Comparing the first (leading) principal components for July-September SSTs
to the NINO3 index.
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Figure B8: Comparing the first (leading) principal components for October-December
SSTs to the NINO3 index.
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Figure B9: Absolute magnitude of the correlation coefficients through the year and at
different lags for BSCP and the first principal components for the calendar months versus
the hydroclimatic variables. The lower limit of the colorbar is .275, which is statistically
significant at the 95% confidence level.
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APPENDIX C – FIGURES
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Figure C1: Progression of the statistical patterns, through the year, between Pacific SSTs and
Little Colorado precipitation at a constant lag. First in the figure series C1-C4.

89

Figure C2: Progression of the statistical patterns, through the year, between Pacific SSTs and
Little Colorado precipitation at a constant lag. Second in the figure series C1-C4.
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Figure C3: Progression of the statistical patterns, through the year, between Pacific SSTs and
Little Colorado precipitation at a constant lag. Third in the figure series C1-C4.
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Figure C4: Progression of the statistical patterns, through the year, between Pacific SSTs and
Little Colorado precipitation at a constant lag. Fourth in the figure series C1-C4.
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Figure C5: Progression of the statistical patterns between Pacific SSTs and Little Colorado
December-February precipitation at increasing lags. First in the figure series C5-C8.
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Figure C6: Progression of the statistical patterns between Pacific SSTs and Little Colorado
December-February precipitation at increasing lags. Second in the figure series C5-C8.
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Figure C7: Progression of the statistical patterns between Pacific SSTs and Little Colorado
December-February precipitation at increasing lags. Third in the figure series C5-C8.

95

Figure C8: Progression of the statistical patterns between Pacific SSTs and Little Colorado
December-February precipitation at increasing lags. Fourth in the figure series C5-C8.
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Figure C9: Progression of the statistical patterns, through the year, between Pacific SSTs and
Little Colorado temperature at a constant lag. First in the figure series C9-C12.
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Figure C10: Progression of the statistical patterns, through the year, between Pacific SSTs
and Little Colorado temperature at a constant lag. Second in the figure series C9-C12.
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Figure C11: Progression of the statistical patterns, through the year, between Pacific SSTs
and Little Colorado temperature at a constant lag. Third in the figure series C9-C12.
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Figure C12: Progression of the statistical patterns, through the year, between Pacific SSTs
and Little Colorado temperature at a constant lag. Fourth in the figure series C9-C12.
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Figure C13: Progression of the statistical patterns between Pacific SSTs and Little Colorado
January-March temperature at increasing lags. First in the figure series C13-C16.

101

Figure C14: Progression of the statistical patterns between Pacific SSTs and Little Colorado
January-March temperature at increasing lags. Second in the figure series C13-C16.
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Figure C15: Progression of the statistical patterns between Pacific SSTs and Little Colorado
January-March temperature at increasing lags. Third in the figure series C13-C16.
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Figure C16: Progression of the statistical patterns between Pacific SSTs and Little Colorado
January-March temperature at increasing lags. Fourth in the figure series C13-C16.
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Figure C17: Progression of the statistical patterns, through the year, between Pacific SSTs
and Little Colorado discharge at a constant lag. First in the figure series C17-C20.
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Figure C18: Progression of the statistical patterns, through the year, between Pacific SSTs
and Little Colorado discharge at a constant lag. Second in the figure series C17-C20.
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Figure C19: Progression of the statistical patterns, through the year, between Pacific SSTs
and Little Colorado discharge at a constant lag. Third in the figure series C17-C20.
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Figure C20: Progression of the statistical patterns, through the year, between Pacific SSTs
and Little Colorado discharge at a constant lag. Fourth in the figure series C17-C20.
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Figure C21: Progression of the statistical patterns between Pacific SSTs and Little Colorado
February-April discharge at increasing lags. First in the figure series C21-C24.
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Figure C22: Progression of the statistical patterns between Pacific SSTs and Little Colorado
February-April discharge at increasing lags. Second in the figure series C21-C24.
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Figure C23: Progression of the statistical patterns between Pacific SSTs and Little Colorado
February-April discharge at increasing lags. Third in the figure series C21-C24.
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Figure C24: Progression of the statistical patterns between Pacific SSTs and Little Colorado
February-April discharge at increasing lags. Fourth in the figure series C21-C24.

