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[1] Although information about climate change and its implications is becoming
increasingly available to water utility managers, additional tools are needed to translate this
information into secondary products useful for local assessments. The anticipated
intensification of the hydrologic cycle makes quantifying changes to hydrologic extremes,
as well as associated water quality effects, of particular concern. To this end, this paper
focuses on using extreme value statistics to describe maximum monthly flow distributions
at a given site, where the nonstationarity is derived from concurrent climate information.
From these statistics, flow quantiles are reconstructed over the historic record and then
projected to 2100. This paper extends this analysis to an associated source water quality
impact, whereby the corresponding risk of exceeding a water quality threshold is
examined. The approach is applied to a drinking water source in the Pacific Northwest
United States that has experienced elevated turbidity values correlated with high
streamflow. Results demonstrate that based on climate change information from the most
recent Intergovernmental Panel on Climate Change assessment report, the variability and
magnitude of extreme streamflows substantially increase over the 21st century.
Consequently, the likelihood of a turbidity exceedance increases, as do the associated
relative costs. The framework is general and could be applied to estimate extreme
streamflow under climate change at other locations, with straightforward extensions to
other water quality variables that depend on extreme hydroclimate.
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1. Introduction

[2] The anticipated changes in extreme events that may
accompany climate change are of particular concern, as they
hold the most potential for negative societal impacts and
disruption [Kunkel et al., 1999; Easterling et al., 2000;
Meehl et al., 2000]. Although the Atmosphere‐Ocean
General Circulation Models (AOGCMs) from the recent
Intergovernmental Panel on Climate Change assessment
report (IPCC AR4) generally project increases in intense
precipitation and flooding at a large spatial scale [Meehl et al.,
2007; Christensen et al., 2007], the coarse resolution of the
models limits their ability to quantify extreme events at
regional and point scales that are important for decision
making [Wilbanks et al., 2007]. Typically, statistics of
extreme weather events are estimated on a subcontinental
scale using coarse techniques such as AOGCM outputs to
quantify threshold exceedances (e.g., number of frost days,

number of very heavy precipitation events, etc. [see
Gutowski et al., 2008, and references therein]). There have
been limited efforts at characterizing the extremes in large‐
scale precipitation associated with climate change using
statistical techniques [Kharin and Zwiers, 2005;Kharin et al.,
2007], and streamflow extremes have been estimated by
using numerical simulations of climate change in a coupled
ocean‐atmosphere‐land model [Milly et al., 2002].
[3] Extreme value statistics are well suited to analyzing

hydrologic phenomena [Katz et al., 2002], especially flood
events, which are of particular interest to the fields of
engineering and water resources. As such, the generalized
extreme value (GEV) distribution has been employed
widely in describing flood characteristics [Lettenmaier et al.,
1987; Hosking and Wallis, 1988; Stedinger and Lu, 1995;
Morrison and Smith, 2002]. Traditionally, the GEV distri-
bution is fit assuming that the underlying process is stationary
in time, with observations that are independent and identi-
cally distributed (IID). However, it has become generally
accepted that climate variability can play a significant role in
the magnitude and frequency of extreme streamflow events.
Natural modes of interannual and interdecadal variability
(e.g., the El Niño phenomenon) have been found to influence
flood frequency [Cayan et al., 1999; Jain and Lall, 2000;
Jain and Lall, 2001]. Furthermore, evidence of long‐term
trends, such as from global warming, has undermined the
long‐held assumption of stationarity [Milly et al., 2008].
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[4] To account for nonstationarity, the parameters of the
GEV can be varied with a set of predictors or covariates
[Coles, 2001]. Several extremal distribution studies provide
a variety of applications where covariates have been incor-
porated; some examples include the annual cycle of pre-
cipitation [Katz et al., 2002; Maraun et al., 2009], trends in
extreme sea level [Coles, 2001; Katz et al., 2002] and
temperature [Cooley, 2009], the influence of basin char-
acteristics on high flows [Smith, 1989], effect of winter
mean temperature on maximum snow depth [Buishand,
1989], and influence of disturbances on extreme sediment
yield and rates [Katz et al., 2005]. Large‐scale atmospheric
variables (e.g., sea level pressure or standardized indices
such as the Southern Oscillation Index) have been incorpo-
rated into modeling extreme precipitation [Katz et al., 2002;
El Adlouni et al., 2007], streamflow peaks [Katz et al., 2002],
extreme sea level [Coles, 2001], and hurricane intensities
[Mestre and Hallegatte, 2009]. Climate indices have also
been used as covariates to estimate conditional flood fre-
quency in a quantile regression, semiparametric framework
[Sankarasubramanian and Lall, 2003] and fully nonpara-
metric approach using local polynomials [Apipattanavis
et al., 2010]. However, the GEV‐based approach is
much more flexible and easy to implement, as well as
being justified by statistical theory. The GEV approach
has also been used in conjunction with Bayesian frameworks
to improve parameter estimation for small sample sizes
[Martins and Stedinger, 2000], combine local and regional
information [Seidou et al., 2006], and incorporate non-
stationarity [Renard et al., 2006].
[5] These studies clearly have implications for quantify-

ing extremes under climate change but have not been uti-
lized very often in this context. Our study is motivated by
this capability and the pressing need for a robust tool to
provide statistics of extreme events at regional and point
scales for decision making. To this end, this paper proposes
the use of the GEV to describe maximum monthly stream-
flow quantiles with concurrent climate information to cap-
ture the nonstationarity. The developed nonstationary GEV
model is used to obtain information about extreme stream-
flows in the future based on climate projections from the
IPCC AR4. Furthermore, the estimates of flow quantiles are
integrated with the probabilistic technique developed by
Towler et al. [2010] to obtain the risk of turbidity threshold
exceedance in source water quality. The two‐step frame-
work is applied to a drinking water source in the Pacific
Northwest United States that has experienced elevated tur-
bidity values in correlation with high streamflow.
[6] A brief overview of the case study for which the frame-

work is developed and demonstrated is provided in
section 2. The methodology includes two main parts: (1) the
extreme value model used to describe the maximum flow
distributions and (2) the approach used to calculate the corre-
sponding water quality threshold exceedance risk. Results for
the case study utility are then presented and discussed.

2. Case Study Overview

[7] The case study overview is divided into two parts:
Section 2.1 provides background information on the municipal
drinking water source and water quality issue, and section 2.2
describes the data used in the approach.

2.1. Background

[8] The Bull Run Watershed, which is the primary source
of water for the Portland Water Bureau (PWB) in Oregon,
will be used as a case study to demonstrate the framework.
PWB provides water to more than 20% of all Oregonians,
including the city of Portland. The Bull Run Watershed is a
protected watershed and is a source with very high water
quality, enabling PWB to meet federal drinking water
standards without the filtration treatment process. However,
historic flooding and subsequent high turbidity events have
underscored PWB’s vulnerability as an unfiltered source
(PWB, Discover your drinking water, 2007, available at
http://www.portlandonline.com/WATER/index.cfm?c=
49358&a=225481). For utilities that do not filter, one cri-
teria of the Surface Water Treatment Rule requires that
before disinfection, the turbidity level should not exceed 5
nephelometric turbidity units (NTU) [U.S. Environmental
Protection Agency, 1989]. For PWB, if conditions arise
that could cause an exceedance, they follow procedures and
make decisions based on monitored turbidity levels, weather
patterns, antecedent conditions, and other case‐specific
information to ensure compliance. When necessary, the PWB
switch to their low‐turbidity supplemental groundwater
source. This groundwater source ensures that the PWB is
able to remain in compliance but is more expensive because
of pumping costs. As such, the ability to estimate the flood
distributions and potential for turbidity exceedance under
climate change could provide additional information for
management and planning purposes.

2.2. Data

2.2.1. Historic
[9] The following data sets for the period of 1970–2007

were used in the analysis:
[10] 1. Streamflow discharge data for the main stem to the

drinking water source were obtained from U.S. Geological
Survey Bull Run station gage 14138850. For this analysis,
the time series of maximum monthly streamflows was
derived from the available daily time series.
[11] 2. Turbidity data from the treatment system head-

works were obtained from PWB. The headworks are located
below the two storage reservoirs on the Bull Run River, the
location from which the municipal drinking water supply is
provided to the conduits that take water into the Portland
metropolitan area. For this analysis, the time series of
maximum monthly turbidity was derived from the available
daily time series.
[12] 3. For each month, average temperature and average

daily precipitation data over the Oregon Northern Cascades
region (Division 4) were obtained from the U.S. climate
division data set available at the NOAA‐Cooperative Institute
for Research in Environmental Sciences Climate Diagnostics
Center (CDC) Web site (http://www7.ncdc.noaa.gov/CDO/
CDODivisionalSelect.jsp).
[13] The climate of the Pacific Northwest includes a dis-

tinct wet winter season (November–February), which is
generally when the flooding risk, and therefore turbidity
exceedance risk, is highest. Thus, focus was placed on the
winter season, and henceforth, the four winter months of
November–February were pooled together for analysis in
subsequent figures and calculations. Preliminary analyses
showed that the streamflow and turbidity characteristics
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were similar for all 4 months, thus allowing for a larger
sample size.
2.2.2. Climate Change Projections
[14] AOGCM output that was used in the IPCC AR4 was

obtained from the World Climate Research Programme’s
(WCRP’s) Coupled Model Intercomparison Project phase
3 (CMIP3) multimodel data set. These include bias‐
corrected and spatially downscaled climate projections
derived from CMIP3 data and served at http://gdo‐dcp.
ucllnl.org/downscaled_cmip3_projections/, as described by
Maurer et al. [2007]. This effort has resulted in a public‐
access archive of monthly data of average daily precipitation
(R) and average temperature (T), where each climate projec-
tion is downscaled using a two‐step technique [Wood et al.,
2004; Maurer, 2007]. First, the AOGCM output is bias‐
corrected for the simulated past relative to the observed
record. Second, the data are spatially downscaled onto a 1/8°
grid (i.e., approximately 12 km2). The details of each step are
outlined on the aforementioned Web site.
[15] From this Web site, monthly R and T values were

obtained for the period of January 1950 through December
2099 and averaged over the approximate bounds of the
watershed area (i.e., latitude range of 45.25°N–45.75°N and
longitude range of −122.25° to −121.625°), for emissions
path A2 for all available runs of each climate model, resulting
in a total of 36 climate model runs. Similar to the bias‐
correction step performed in the CMIP3 downscaling, the R
and T values from the historic period were bias‐corrected
relative to the observed data (i.e., the CDC data described in
section 2.2.1, paragraph 3). This was carried out for each
climate model run as follows: (1) A linear regression was
fitted between the quantiles from the AOGCMmodel run and
the observed record for the overlapping historic period (i.e.,
1970–2007), and (2) the regression model was applied to
the future AOGCM R and T values. Given the prior bias‐
correction step, it was not surprising that the quantiles were
highly correlated (>0.95) for both R and T and that the
AOGCM output just slightly overpredicted R and under-
predicted T for the majority of the runs.

3. Methodology

[16] This methodology is divided into two main parts:
Section 3.1 explains the extreme value model used for the
maximum flow distributions, and section 3.2 describes the
approach used to calculate the corresponding water quality
exceedance risk.

3.1. Extreme Value Model

3.1.1. Generalized Extreme Value Model
[17] Extreme value theory provides a basis for the mod-

eling of data maxima (or minima). On the basis of an
underlying asymptotic argument, the theory allows for the
extrapolation of the observed to the unobserved [Coles,
2001]. When the data maxima of random variables are
taken over sufficiently long blocks of time, it is appropriate
to fit the family of GEV distributions. The cumulative dis-
tribution function for the GEV is defined as

G z; �ð Þ ¼ exp � 1þ �
z� �

�

� �h i�1=�
� �

; ð1Þ

where in our application z denotes a value of the monthly
streamflow maxima and � = [m, s, x] and [1 + x(z��

� )] ≥ 0. The
location parameter m indicates where the distribution is
centered, the scale parameter s > 0 indicates the spread of the
distribution, and the shape parameter x indicates the behavior
of the distribution’s upper tail [Coles, 2001]. On the basis of
the shape parameter, the GEV can assume three possible
types, known as the Gumbel, Fréchet, and Weibull. The
Gumbel is an unbounded light‐tailed distribution (x = 0),
whereby the tail decreases relatively rapidly (i.e., exponential
decay). The Fréchet is a heavy‐tailed distribution (x > 0),
whereby the tail’s rate of decrease is relatively slower (i.e.,
polynomial decay). The Weibull is a bounded distribution
(x < 0), whereby the tail has a finite value at z = m − �

�
[Coles, 2001]. Although several methods can be used for the
estimation of the GEVmodel parameters, here the Maximum
Likelihood Estimation (MLE) was utilized for its ability to
easily incorporate covariate information [Katz et al., 2002].
Here the unknown parameters � were estimated by maxi-
mizing the log‐likelihood (llh) equation, which is defined as

llh �ð Þ ¼
XN
i¼1

log g zi; �ð Þ; ð2Þ

where g(z;�) is the derivative of G(z;�) with respect to z and
N is the sample size. Equation (2) can be expanded as

llh �ð Þ ¼ � N log �� 1þ 1

�

� �XN
i¼l

log 1þ �
zi � �

�

� �h i

�
XN
i¼l

1þ �
zi � �

�

� �h i�1=�
; ð3Þ

where 1þ � z��
�

� 	
 �
≥ 0. For the purpose of optimization, it is

convenient to minimize nllh(�) = − llh(�) instead of directly
maximizing llh(�).
[18] It is generally useful to analyze the probabilistic

quantiles of the associated GEV. Quantiles, z(1−p), are ob-
tained by inverting equation (1):

z 1�pð Þ ¼
�� �

�
1� � log 1� pð Þð Þ��
h i

; for � 6¼ 0;

�� � log � log 1� pð Þð Þ; for � ¼ 0;

8<
: ð4Þ

with 0 < p < 1. That is, there is a p × 100% chance of
exceeding z(1−p) in the time block chosen. When the annual
maxima are being examined, z(1−p) corresponds to the return
period (1/p), where the level z(1 − p) is expected to be ex-
ceeded on average once every 1/p years [Coles, 2001]. For
time scales other than annual, the interpretation is analogous
but must be adjusted appropriately. Confidence intervals can
be calculated for the quantiles utilizing techniques such as
the delta method or the profile likelihood method (see sec-
tions 2.6.4 and 2.6.5, respectively, in the study by Coles
[2001]).
[19] For the case study, we fitted the GEV to the historic

winter monthly streamflow maxima. Typically, extreme
values are analyzed on an annual time scale, thus resulting
in one maximum (or minimum) value per year, but for data
sets of limited length, this discards much of the available
data. As such, here we examined the winter monthly max-
ima (the time period of importance in this application); thus,
there were four values per year for 37 years, resulting in a
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sample size of 148. This relatively large sample size helped
to justify the use of the MLE, as this estimation technique
can be problematic for small sample sizes [Hosking and
Wallis, 1988; Hosking, 1990].
[20] We refer to the above model as the unconditional

(Uncond) model, and in section 3.1.2, we describe the
modification of the GEV to include covariates (referred to as
“conditional”).
3.1.2. Nonstationarity in GEV Model
[21] Traditionally, the GEV distribution assumes that

observations are IID, but this assumption can be relaxed,
with the introduction of covariates to account for non-
stationarity. For instance, the parameters of the GEV dis-
tribution could be dependent on a given predictor, x, or more
generally, for a suite (i.e., vector) of predictors, X. Theo-
retically, this could apply to any of the three aforementioned
model parameters. Here, because of its intuitive appeal, we
examined this dependence only for the location parameter:

� ¼ X�; ð5Þ

where the b values are the intercept and predictor coeffi-
cients, which were fitted so as to maximize the likelihood
function (equation (2)). We note that now � = [b, s, x] and
that for each time block, m and the resulting GEV will
change with the covariate(s).
[22] The strong linear relationship between precipitation

and streamflow for the winter months [Towler et al., 2010]
is indicative of a rainfall‐runoff mechanism for the stream-
flow, which provides 90%–95% of Bull Run River’s water
(PWB, 2007). Hence, R was examined as a covariate, as
well as T, which influences evaporation and soil moisture.
Furthermore, these covariates were readily available and
downscaled from the AOGCMs. This resulted in the testing
of four conditional (Cond) model combinations (see Table 1):
(1) T as a covariate (CondT model), (2) R as a covariate
(CondR model), (3) the product of R and T as a covariate
(CondRTmodel), and (4) bothR andT as covariates (CondR + T).
The significance of the covariates was evaluated using a like-
lihood ratio test comparing the nested models that is adapted
from section 2.6.6 in the study by Coles [2001] and summa-
rized below.
[23] Consider a model, M0, which is a sub‐ (i.e., nested)

model of M1, and llh0(M0) and llh1(M1) are the maximized

values of the log‐likelihood for the models, respectively.
The deviance statistic D can be calculated as:

D ¼ 2 llh1 M1ð Þ � llh0 M0ð Þ½ �: ð6Þ

If D > ca, where ca is the (1 − a) quantile of the ck
2 dis-

tribution, then M0 can be rejected in favor of M1. Here, a is
the level of significance, the ck

2 distribution is a large‐
sample approximation, and k are the degrees of freedom
associated with the test. Models were tested at the a = 0.05
significance level against the appropriate submodels. For
CondT, CondR, and CondRT, the appropriate submodel was
the Uncond model. For CondR + T, the submodel that was
tested against was CondR. For each test, the degrees of
freedom k = 1, with ca = 3.84.
[24] The “best model” was selected from the conditional

models based on minimizing the Akaike Information Cri-
terion (AIC) [Akaike, 1974], which can be calculated as:

AIC ¼ �2 llhð Þ þ 2K; ð7Þ

where llh was estimated from equation (3) with K being the
number of parameters estimated.
[25] The conditional and unconditional GEV models were

fitted using the extRemes package (http://cran.r‐project.org/
web/packages/extRemes/extRemes.pdf) in the statistical
package “R” (http://www.r‐project.org/). The best fit model
was used in conjunction with future climate projections of R
and T to estimate the corresponding streamflow quantiles.
Furthermore, leave‐one‐out cross‐validation of the quantile
estimates was calculated. This is carried out in the following
manner: (1) the first response (z1) and predictors (R1, T1) are
removed from the observed data set, (2) the GEV model is
fitted to the remaining (N − 1) responses and predictors, (3)
the predictors (R1, T1) are used to estimate the first quantile
response from the model developed in (2), and (4) the
procedure is repeated for each of the remaining paired re-
sponses and predictors. Correlation between the observed
maxima and cross‐validated conditional flood quantiles
were calculated, with four quantiles considered: z99, z90, z50,
and z10.

3.2. Translation to Water Quality Extremes

[26] The relationship between the maximum streamflow
and turbidity values results in a positive linear association

Table 1. Generalized Extreme Value Coefficients and Goodness of Fit Statistics for Models of Winter Monthly Maximum Streamflow

Variable

GEV Model

Uncond
b0

CondT
b0 + b1T

CondR
b0 + b1R

CondRT
b0 + b1(RT)

CondR + T

b0 + b1R + b2T

b0 (SE) 1924 (120) 1930 (1000) 1739 (410) 611.4 (150) 1911 (880)
b1 (SE) ‐ −0.8914 (27) 61.08 (32) 3.716 (0.36) 141.2 (14)
b2 (SE) ‐ ‐ ‐ ‐ −36.45 (24)
s (SE) 1245 (84) 1220 (81) 1246 (160) 923.7 (69) 968.5 (74)
x (SE) −0.02246 (0.065) −0.01286 (0.065) −0.06180 (0.084) 0.07009 (0.082) 0.01619 (0.075)
llh −1289 −1289 −1274 −1250 −1250
K 1 2 2 2 3
AIC 2580 2582 2552 2504 2506
M0

a ‐ Uncond Uncond Uncond CondR
D ‐ 0 30 78 48
Sigb ‐ No (0.635) Yes (0.000) Yes (0.000) Yes (0.000)
rc ‐ ‐ 0.5516 0.5989 0.5918

aNested model to which model is compared in likelihood ratio test.
bSignificance is tested at a = 0.05 level, and ( ) indicates p‐value.
cCorrelation between the cross‐validated z90 estimates and the observed maximum values.
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(r = 0.28), but the scatterplot (Figure 1) reveals a distinct
nonlinearity, as modeled by a local smoother [Loader,
1999]. Here it can be seen that for streamflow below 3000
cubic feet per second (cfs; 85 m3/s), the turbidity is low,
typically less than 2 NTU, and the distribution is fairly tight
and constant, whereas above 3000 cfs (85 m3/s), the tur-
bidity response shows much more spread. However, all
but one of the threshold exceedances occurs above 3000 cfs
(85 m3/s). Although the variability of the turbidity response
for higher streamflows would make estimation of actual
values difficult, the ability to model the probability of being
either above or below the threshold shows potential. In par-
ticular, the turbidity threshold exceedance can be modeled as a
function of the monthly maximum flow. A logistic regression
technique would be appropriate with the dependent variable
(i.e., turbidity) taking on a categorical value of “1” if the value
is greater than the prescribed threshold and “0” if the value
is less than the threshold. The model can be expressed
generally as:

log
P EjSð Þ

1� P EjSð Þ
� �

¼ f Sð Þ þ e; ð8Þ

where P(E∣S) is the probability of a turbidity exceedance E,
conditioned on streamflow S, which is fit to its predictor
using a general function f, and e is the associated estimation
error. We note that the error term is assumed to be normally
distributed with mean of 0, though the variance is not
constant [Helsel and Hirsch, 1995]. The detailed steps of
implementation for the logistic regression are given by
Helsel and Hirsch [1995]. Our approach made one modi-
fication to the traditional approach by using the “local” (i.e.,
nonparametric) version of the logistic regression [Loader,
1999], which was implemented using the Locfit package

(http://cran.r‐project.org/web/packages/locfit/locfit.pdf) in the
aforementioned statistical package “R.” Essentially, the “local”
approach provides an advantage in that the function f(S) is
able to capture any arbitrary underlying features (i.e., non-
linearities) in the data. The local approach is more general and
has been found to outperform its global counterpart in terms
of several objective criteria [Towler et al., 2010].
[27] The key quantity of interest is the total likelihood of

water quality threshold exceedance for a given projection or
forecast probability density function (PDF) of the stream-
flow. As such, the theorem of total probability [Ang and
Tang, 2007] was used in its continuous form:

P Eð Þ ¼
Z1

0

P EjSð Þ � P Sð ÞdS; ð9Þ

where P(E) is the total probability of a turbidity exceedance
given the climate change projection, P(E∣S) is the condi-
tional threshold exceedance probability from the logistic
regression, and P(S) is the streamflow PDF under the cli-
mate change projection. In this case, the conditional GEV
probability density function under climate change was used
to estimate P(S). To estimate P(E∣S) × P(S), each term was
estimated at equally spaced intervals of the streamflow
range and then multiplied together. This was followed by a
numerical integration technique. Additional details are
available in the study by Towler et al. [2010].

4. Results

[28] Following the first step of the framework, the GEV
was fitted to the winter monthly streamflow maxima using
the aforementioned predictor combinations of R and T.
Three of the four GEV combinations were found to be
significant from the likelihood ratio test (Table 1). CondRT
and CondR + T were very similar in terms of llh and r.
However, the CondRT required the estimation of one less
parameter, which resulted in a smaller AIC value, thus
making it the “best” model for the remaining analysis. This
resulted in a final model for the location parameter m, given
by

� ¼ �0 þ �1 RTð Þ: ð10Þ

Also, the diagnostics of the chosen “best model” were
examined using quantile‐quantile (i.e., q‐q) plots to insure
the appropriateness of the GEV model (figures not shown).
[29] The cross‐validated performance of the CondRT

model over the historic period was evaluated for all four
aforementioned conditional quantiles, and two of the quan-
tiles (z99 and z10) were visually compared to the observed
maximum monthly flows (Figure 2). The corresponding
unconditional quantiles, estimated from the Uncond model,
are also included (horizontal dashed lines) for a “stationary”
comparison. It can be seen that the conditional quantiles shift
considerably from the unconditional quantiles and generally
in the same direction as the observations. This is further
emphasized by comparing the density functions from the
Uncondmodel with the CondRTmodel for two selected winter
months that were chosen as representative examples of
months of “high” and “low” flow (Figure 3). This shows the
dramatic shift in the PDF between high‐ and low‐flow
months, as compared to the stationary Uncond model. It can

Figure 1. Maximum monthly streamflow versus maxi-
mum monthly turbidity for the winter months. Dotted hori-
zontal line is the regulatory threshold, 5 NTU, and triangles
(and associated printed values) represent outliers outside the
y axis range. Solid line is local smoother.
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be seen that the PDFs have reasonable probability mass
over the observed maxima (i.e., asterisk and triangle). Fur-
thermore, we can quantify these differences by examining
the probability of exceeding a certain quantile value for the

Uncond model. For example, z90 = 4656 cfs (132 m3/s) for
the Uncond model (see Table 2 and vertical gray dotted line
in Figure 3), and so the corresponding probability of exceed-
ing this value for the Uncond model is 10%. However, in the
selected high‐ (low‐) flow month, the chance of exceeding
z90 (= 4656 cfs) increases (decreases) to 39% (2.9%). As
expected, the trend followed similarly for other examined
quantiles.
[30] Using the mean z99 from the observed (RT) data in

the CondRT model for the 1970–2007 period, the z99
anomalies were calculated for (1) for the observed (RT) data
for each winter month from 1970 to 2007 and (2) for the
bias‐corrected AOGCM output of (RT) values for each
winter month from 1950 to 2100 (Figure 4). For (2), each
gray line represents the calculation from a different
AOGCM model run, and the black line is the ensemble
mean. For (1), the observed anomalies from the historic
period are overlaid (blue line, Figure 4) and visually indicate
that there is reasonable agreement in terms of variability and
magnitude with the AOGCM ensembles. As the time line

Figure 2. 10th and 99th quantile estimates (z10 and z90) of maximum streamflow for the unconditional
model (Uncond) and cross‐validated conditional model (CondRT).

Figure 3. Distributions for the unconditional model
(Uncond; black line), as well as examples of the conditional
model (CondRT) for high (dark gray dashed line) and low
(light gray dashed line) flow winter months. The 99th uncon-
ditional quantile (Uncond z99; dotted vertical gray line) and
observed maximum flows (triangle and asterisk) are overlaid.

Table 2. Probability of Exceeding Unconditional Quantiles for the
Unconditional Model (Uncond) and for Selected Low‐ and High‐
Flow Months for the Conditional Model (CondRT)

Uncond
Quantile (cfs)

P[Z > z(1 − p)] (%)

Uncond
“Low” CondRT

(11/2006)
“High” CondRT

(2/2005)

z99 = 7365 1 0.36 3.8
z90 = 4656 10 2.9 39
z50 = 2379 50 21 100
z10 = 876.2 90 67 100
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moves further into the future, the envelope of variability
increases, and the ensemble average exhibits an increasing
trend. This is seen more clearly when the conditional z99 are
represented as PDFs and broken into four different time
periods (Figure 5). The PDF of the CondRT model during
the historic record (black line) is shown for reference in
each frame, with the PDFs from the ensembles (gray lines)
exhibiting a flattening of the peak and shifting to the right
(Figure 5).
[31] As described in section 3, a local logistic regression

was developed to quantify how the conditional risk of
exceeding the 5 NTU turbidity threshold changes with
maximummonthly streamflow. For the developed model, the
best parameters were identified as a = 0.65 and degree = 1,
indicating that 65% of the data points were used in a 1° order
polynomial to fit the local logistic regression at each esti-
mation point (see Loader [1999] for details). The resulting
conditional probability of exceedance function from the
local logistic regression (Figure 6) shows that the probability
estimates increase rapidly around 4000 cfs (113 m3/s). An
example of this function’s ability to capture local features is
exhibited at the increase around 1000 cfs (28 m3/s), reflect-
ing the historical observed exceedance at this flow.
[32] The logistic curve and the CondRT model for each

winter month were convoluted and the area under each
curve was summed (i.e., equation (9)), resulting in the total
probability of a turbidity exceedance. Total probabilities
were calculated for each of the four time periods and shown
as PDFs (Figure 7). Using the historic record PDF (black
line) for reference, the PDFs from the AOGCM projections
reveal flattening peaks and heavier tails (Figure 7). For each
of the four epochs, the total exceedance probabilities from
the AOGCM projections (i.e., gray lines from Figure 7)
were aggregated and summarized in terms of selected
quantiles (i.e., Table 3a and the box plots in Figure 8). The
selected quantiles correspond to the values represented as
box plots in Figure 8, in which the bottom and top of the
box represent the 25th and 75th quantile, respectively; the

whiskers show the 5th and 95th quantiles; points are values
outside this range; and the horizontal line represents the
median. The implications of these results for decision
making are further explored in section 5.

Figure 4. The 99th quantile (z99) anomalies from the conditional model (CondRT) for the 1950–2100
period. The blue line represents the calculation from the observed data (precipitation multiplied by tem-
perature, RT), the gray lines are calculated from the bias‐corrected RT values from each climate model
run, and the black line is the mean of the climate model runs.

Figure 5. The 99th quantile (z99) values from the condi-
tional model (CondRT) for four epochs. The black line repre-
sents the calculation from the observed data (precipitation
multiplied by temperature, RT), and the gray lines are calcu-
lated for RT values from each climate model run.
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[33] The AOGCM simulations for the historic period
(i.e., 1950–2007 in Figure 8) show the natural variability as
represented by the climate model runs. However, resampling
observed data is another method to characterize historic
variability. In a previous study [Towler et al., 2010], total

exceedance probability was calculated under a range of
forecast scenarios in terms of average monthly streamflow
(see Table 3b and horizontal dashed lines in Figure 8). Results
were comparable from these two studies because the associ-
ation between turbidity exceedance and flowwas very similar
for both average and maximum flows. In the comparison
study, probabilistic seasonal forecasts were used as weights in
resampling the historic average flows to generate an ensemble
for each scenario. To this end, the observed historic flows
were ordered and grouped into terciles; the “normal”
ensemble was obtained by resampling equally from each
tercile, whereas the “very wet” (“very dry”) ensemble was
obtained by resampling from the wettest (driest) tercile 90%
of the time. These “extreme” scenarios, though not repre-
sentative of actual historic forecasts, were used to illustrate
the envelope of turbidity exceedance likelihood under his-
toric variability. In Figure 8, the log scale on the y axis em-
phasizes the notion that a forecast scenario of “very wet”

Figure 6. Monthly categorical turbidity values are regressed
against maximum monthly streamflow values using local
logistic regression, resulting in the conditional probability
of exceedance, P(E∣S). Vertical dashes are observed cate-
gorical data.

Figure 7. Resulting total exceedance probability P(E) for
each of the four epochs. Black line is from the observed
data, and gray lines are from the values of each climate
model run.

Figure 8. Same data as in Figure 7, except that results are
shown as box plots for the four epochs and the y axis has a
log scale. Horizontal dashed lines correspond to values from
comparative study [Towler et al., 2010], where dark gray is
“very wet” scenario, black is “normal,” and light gray is
“very dry.”

Table 3. Total Exceedance Probabilities, P(E) × 100a

(a) (b)

P(E) × 100 (%) P(E) × 100 (%)

Percentileb
1950–
2007

2010–
2039

2040–
2069

2070–
2099 Scenarioc

95th 13 16 20 24 Very wet 14
75th 6.5 7.2 8.2 9.9
50th 4.2 4.5 5.0 5.4 Normal 5.8
25th 3.3 3.3 3.4 3.5
5th 3.0 3.0 3.0 3.0 Very dry 1.5

aFor (a) selected quantile values from the climate model ensembles and
(b) previous scenario‐based results.

bResults from each climate model run were aggregated and are
summarized in terms of selected quantiles.

cForecast scenarios are based on weighted resampling of historic average
streamflow terciles. For example, the “very wet” (“very dry”) scenario was
obtained by resampling from the wet (dry) tercile 90% of the time. See text
and comparison paper [Towler et al., 2010] for details.
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(blue dashed line) was an outlier for the historic period but
moves within the 95th quantile whiskers as the time periods
progress. Similarly, the “normal” forecast scenario (black
dashed line) moves from the 75th quantile toward the median.
This indicates that relative to both the historic variability of
the AOGCM runs and the observed resample technique, the
exceedance likelihoods increase.

5. Discussion

[34] Section 5.1 discusses the relevant uncertainties and
associated limitations to the approach. Section 5.2 provides
an example of how this type of information could be
incorporated in a decision application.

5.1. Uncertainties and Limitations

[35] It should be noted that the hydrologic extremes and
the turbidity exceedance results need to be viewed in the
context of their associated uncertainty. Here we discuss
three main sources of uncertainty: climate variability,
parameter uncertainty, and model uncertainty. A compre-
hensive overview of uncertainty estimation in climate
change studies is provided by Katz [2002].
[36] In this approach, the main source of uncertainty

stems from climate variability, which we characterize by
using climate output from the full suite of available
AOGCM runs for the A2 emission scenario. Although it is
widely recognized that there are underlying uncertainties
regarding future greenhouse gas emissions, our under-
standing of the climate system, and in the downscaling
methods, a precondition of using these models is to assume
that they realistically reproduce the known features of cli-
mate and natural variability. Furthermore, as AOGCM
projections improve with increased scientific understanding
and modeling capabilities, we note the importance of having
these types of methods developed and ready to use.
[37] The uncertainty in the statistical framework is more

straightforward to characterize. From the statistical theory,
parameter uncertainty can be readily obtained through stan-
dard error (SE) estimates (see Table 1) and confidence
intervals can be calculated for the GEV [Coles, 2001] as
well as for the local logistic [Helsel and Hirsch, 1995].
Alternatively, bootstrap resampling techniques [Efron and
Tibshirani, 1993] offer an appealing nonparametric option.
[38] The issue of model (or structural) uncertainty is a

more complex problem. Here only “best fit” single models,
the GEV and the local logistic, are developed to describe the
maximum flows and turbidity exceedance risk, respectively.
Furthermore, although the covariates examined in this paper
were found to be sufficient, other explanatory variables
should be considered as additional data become available
and system knowledge increases. A robust way to incor-
porate this type of information is to employ multimodel
ensembles, which can help capture the process uncertainty
[e.g., Regonda et al., 2006]. Also related is the implicit
assumption that the established empirical relationship
between flow and water quality will hold in the future. This
underscores the importance of updating models as new data
become available. Furthermore, mechanistic and process‐
based models can be developed that include additional at-
tributes to complement data‐driven models; examples of
combination dynamic‐statistical models outperforming

individual models have been found [Block and Rajagopalan,
2009].

5.2. Application to a Decision Framework

[39] There has been considerable debate regarding how
uncertain results based on AOGCM projections can be inter-
preted, and ultimately, utilized in decision making. Table 3a
summarizes the range of exceedance probabilities for
selected quantiles for the historic and future epochs. Three
future epochs were chosen because water resource decisions
generally correspond to a specific planning horizon, and the
1950–2007 period was included to establish a “standard”
reference to which future values could be compared. How-
ever, interpreting and utilizing the information from the
selected quantiles is more subjective. One option might be to
simply look at the 50th quantile results. For the 50th
quantile, which can be thought of as the “normal” climate
for the given epoch, the 1950–2007 period compared to the
2070–2099 period shows a slight increase in the probability
of exceeding a turbidity threshold from 4.2% to 5.4%,
respectively. This represents a modest incremental 1.2%
increase in the likelihood exceedance. From this modest
result, one might reason that there is no need to factor cli-
mate change into a related decision. On the other hand, for
the 95th quantile, there is an exceedance probability of 24%,
which is almost double what it was in 1950–2007. To say it
another way, 5% of all the AOGCM projections utilized in
this study resulted in an exceedance probability of 24% or
more. Is this information compelling enough to factor into a
decision? The answer depends on the amount of “risk” that
one is willing to take, and the percentiles only provide a
qualitative guide.
[40] In an attempt to quantify this in more concrete terms,

we provide a hypothetical example of how small probabi-
listic shifts can result in potentially significant financial
impacts. To illustrate, the expected loss L of the event can be
found using:

L ¼ C � P Eð Þ; ð11Þ

where C is the cost of the event occurring and P(E) is the
likelihood of the event. We would assume that the cost
would depend largely on the price of pumping the ground-
water, though other costs may be considered, such as
additional operational costs that may be involved with noti-
fications, outreach, and different protocols with using the
groundwater system. However, given the complexity of
utility systems and finances, it would be difficult to quantify
C using exact dollar amounts. As such, we will use relative
terms to examine the ratio of L between future and historic
epochs:

Ratio ¼ LFuture
LHistory

¼ CFuture � P Eð ÞFuture
CHistory � P Eð ÞHistory

: ð12Þ

Furthermore, if it is assumed that C stays constant over time
(which is a conservative estimate because costs generally
increase with time), it stands that the ratio is obtained simply
by taking the ratio of P(E) between epochs. Now, it can be
seen for the 50th quantile that the modest increase of 1.2%,
yields a ratio for the 2070–2099 epoch of 5:4

4:2 = 1.3, which
represents a percent increase of 30% (Figure 9). Furthermore,
it can be seen that as a utility’s risk threshold decreases from
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the 50th to the 95th quantile, the percent increase rises from
30% to 85%, respectively (Figure 9). For utilities, the costs
associated with this increase need to be put in perspective
with the total cost of producing and delivering potable water.

6. Summary and Conclusions

[41] Broad‐scale information on the subject of climate
change and its impacts are just becoming available to
municipal drinking water providers [Miller and Yates, 2006;
Cromwell et al., 2007; Smith, 2008]. However, examining
climate change and its implications in terms of local vul-
nerabilities and in the context of uncertainty is critical for
more effective planning by water utilities. Presently, there is
no framework available for utility managers to incorporate
climate change projections in their estimates of hydrologic
extremes or associated water quality impacts. In this paper,
we present an operating framework that begins to address
these deficiencies.
[42] This paper provides a method for translating climate

change information into secondary products that are useful
to local assessments, namely extreme streamflow and water
quality characteristics. In the first part of the framework,
extreme value statistics that incorporate nonstationarity were
used to demonstrate that for this case study location, climate
change information indicates that there will be an increase in
the variability and magnitude of streamflow extremes. From
the second part of the framework, which uses a local logistic
regression and total probability estimation technique, the
resulting increase in risk of a turbidity exceedance was
quantified. The framework is general, with the intention that
it can be modified to meet the hydrologic and impact needs
of a particular end user. Once the appropriate covariates are
identified, the flood frequency analysis could be portable to
other locations, with straightforward extensions to second-
ary impacts such as water quality that depend on extreme
hydroclimate. In terms of time scale, though the tool was
demonstrated using long‐term climate model output, it
could be easily altered to incorporate seasonal forecasts or
decadal projections.

[43] As concerns over future extreme events and associ-
ated impacts become more pressing, utility managers need
additional tools to facilitate efficient planning and man-
agement. AOGCMs continue to improve, and so the ways in
which they can contribute to water management should be
exploited. Here we have developed an approach that can
utilize large‐scale climate change information for estimating
local hydrologic extremes and risks of water quality ex-
ceedance. Ultimately, the results from this framework can be
used in combination with a decision tool that can evaluate
various decision strategies under future scenarios.
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