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Abstract
We conducted a statistical analysis of a long-term (1964–1998) record of intra- and interannual temperature
fluctuations in Lake Washington, Washington. Lake Washington has experienced a warming trend, with overall
increases of 1.5 (0.0458C yr21) and 0.98C (0.0268C yr21), respectively, for temperature data weighted over the surface
(0–10 m) and entire lake volume. This warming trend was greatest for the period from April to September and was
smallest and nonsignificant for November–February. A principal-components analysis of the long-term mean monthly temperature time series identified two independent modes of interannual variability. The first mode represented
the months of the year when the lake warms and is warmest (e.g., March–October) and explained 54% of the
variability in the overall time series. The second mode represented the months when the lake cools and is coldest
(November–February) and explained 24% of the variability. The March–October mode was positively correlated
with interannual variability in air temperatures and the Pacific Decadal Oscillation (PDO), multivariate r 2 5 0.65.
The November–February mode was positively correlated with air temperature, PDO, relative humidity, solar radiation, and wind speed (r 2 5 0.83). A heat budget model indicated that long-term trends had a secondary role and
interannual variability dominated, with exceptions being net long-wave atmospheric radiation and surface-emitted
radiation, for which the long-term trend explained ;25% and 53% of the total variance, respectively. An increase
in incoming long-wave radiation fluxes was mainly associated with the increase in minimum daily temperatures
(0.068C yr21, r 2 5 0.47), especially during the March–October mode, when the linear trend accounted for 85% of
the variability.

Climatic and large-scale oceanic fluctuations are increasingly recognized as important regulatory factors that are capable of influencing the structural properties of both terrestrial and aquatic ecosystems (Aebischer et al. 1990; Adrian
et al. 1995; George and Taylor 1995; Post et al. 1997; Beamish et al. 1999). Generally, the thermal properties of aquatic
ecosystems are more directly governed by these broad-scale
phenomena than are the thermal properties of terrestrial ecosystems, with lakes appearing to be particularly sensitive to
the ecological impacts of climatic forcing (Hostetler and
Small 1999; Gerten and Adrian 2001). There is clear evidence of a strong relationship between climatic conditions
(e.g., air temperature and wind patterns) and lake thermal
structure (e.g., onset of stratification, thermocline depth,
mean epilimnetic temperature, turnover date, and duration of
ice cover) for northern temperate lakes (Schindler et al.

1990; King et al. 1997; Livingstone 1999, 2003; George et
al. 2000; Livingstone and Dokulil 2001). The influence of
these macroscale atmospheric processes and the persistence
of their signals varies substantially among lakes with different sizes, thermal structures, and mixing regimes, which indicates different information storage abilities even under
similar climatic conditions (Shuter et al. 1983; Gerten and
Adrian 2001).
Climate-stimulated biological responses in lakes are an
important issue, and several long time series have shown
coupling between lake water temperatures and individual organism physiology, population abundance, and community
structure. For example, Weyhenmeyer et al.’s (1999) study
of Lake Erken in Sweden showed the North Atlantic Oscillation has a stronger statistical association with the timing
and composition of the spring phytoplankton bloom than do
local parameters (such as ice break-up and nutrient concentrations). Straile (2000) found a complex interplay among
meteorological, hydrological, and ecological processes induced temporal shifts in successional events for the Lake
Constance planktonic community that persisted for 6
months. In contrast, Gerten and Adrian (2000) observed
short-memory climatic effects. These authors also suggested
that a basic knowledge of the relationships among global
climate indices, local meteorological conditions, and the
thermal response of various lake types is essential in pre-
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dicting the biological effects of climate change on freshwater
ecosystems.
In western North American marine and lacustrine ecosystems, the El Niño–Southern Oscillation (ENSO) (Strub et al.
1985; Goldman et al. 1989; Jassby et al. 1990) and the Pacific Decadal Oscillation (PDO) (Mantua et al. 1997;
McGowan et al. 1998) are large-scale meteorological phenomena that can influence thermal structure and biotic community dynamics. For example, in Castle Lake, California,
much of the primary production variability observed in June
and July was attributed to the ENSO, with the role of ENSO
expressed via its impact on winter snowfall and spring rain,
which determined the timing of ice out and the intensity of
spring hydraulic flushing (Jassby et al. 1990). A clear distinction between the ENSO and PDO is complicated, because these phenomena are spatially and temporally related
(Mantua et al. 1997). However, there is no doubt that both
interannual (ENSO) and interdecadal (PDO) climatic variation affects the structure and function of North American
ecosystems (McGowan et al. 1998), and combining PDO
and ENSO information may enhance empirical climatic forecasting in this geographic area (McGabe and Dettinger
1999).
We conducted a statistical analysis of intra- and interannual temperature fluctuations for a long-term (1964–1998)
record of Lake Washington, Washington, thermal properties.
Our goal was to quantitatively describe interannual variability in the seasonal water temperature dynamics and to detect
the underlying drivers of these changes. Conventional climatic parameters (such as air temperature, solar radiation,
relative humidity, rainfall, wind speed, and direction) and
PDO and ENSO indices were used to decompose the interannual variability in Lake Washington’s thermal properties.
A heat-budget model was also developed to quantify the
contribution of various energy fluxes to the observed lake
temperature dynamics, to investigate the mechanisms
through which lake-atmosphere interactions were expressed.

Materials and methods
Study site and data description—Lake Washington is the
second largest natural lake in Washington state, with a surface area of 87.6 km 2 and a total volume of 2.9 km3. The
mean lake depth is 32.9 m (maximum depth: 65.2 m), the
summer epilimnion depth is ;10 m, and the epilimnion :
hypolimnion volume ratio during the stratified period averages 0.39. Lake Washington’s two largest tributaries are Cedar River (at the south end) and Sammamish River (at the
north end), which contribute ;57% and 27%, respectively,
of the annual hydraulic load. The hydraulic retention time
of the lake averages 2.4 yr (Edmondson and Lehman 1981).
The majority of Lake Washington’s immediate watershed
(1,274 km 2) is urbanized, with 63% of the immediate watershed surface area fully developed (Brett et al. unpubl.
data).
We used water temperature data collected at weekly to
biweekly intervals from a central station off Madison Park
from 1964 to 1998. The Madison Park site is the classic
Edmondson sampling station and is located at the deepest
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point in Lake Washington (Edmondson and Lehman 1981).
A mechanical bathythermograph was used from 1964 to
1986, when temperatures were recorded every 1 m for
depths above the thermocline and then every 5 m to the
bottom below the thermocline. Since 1986, temperature has
been recorded with a Kahl digital thermometer every meter,
if the temperature changes by at least 0.18C m21, down to a
depth of 20 m and then every 5 m to the bottom (Edmondson
1997). Hourly mean meteorological data (air temperature,
relative humidity, wind speed, wind direction, solar radiation, and rainfall) were available from the SeaTac Airport
weather station (478459N, 1228309W; 137 m). Wind data before 1969 were excluded from our analyses because of obvious inconsistencies in annual trends before and after this
year that were caused by a change in instrumentation. Therefore, the heat-budget analysis was only for the period 1969–
1998. Monthly values for the PDO index were obtained from
the Joint Institute for the Study of the Atmosphere and
Oceans, University of Washington (http://tao.atmos.
washington.edu/datapsets/). This index is defined as the leading principal component of the North Pacific monthly sea
surface temperature variability (poleward of 208N for the
1900–1993 period). ENSO effects were characterized by
monthly values for the Multivariate ENSO Index (MEI),
which was provided by the Climate Diagnostics Center, National Oceanic and Atmospheric Administration Web site
(http://www.cdc.noaa.gov/;kew/MEI/). Six variables (sealevel pressure, zonal and meridional components of the surface wind, sea surface temperature, surface air temperature,
and total cloudiness fraction of the sky) observed over the
tropical Pacific are used when computing the MEI index.
After spatially filtering the individual fields into clusters, the
MEI is calculated as the first unrotated principal component
(PC) for all six fields (Wolter and Timlin 1993). The MEI
is computed separately for 12 sliding bimonthly categories
(Dec/Jan, Jan/Feb, and Nov/Dec), whereas the PDO is calculated for specific months. Finally, air temperature data for
two rural (Snoqualmie Falls and Startup) meteorological stations in the Seattle region (which we used to estimate the
urban heat island effect) were obtained from the National
Oceanographic and Atmospheric Association National Climatic Data Center’s Web site (http://www.ncdc.noaa.gov/).
Data aggregation—Water temperature data were binned
by month on the basis of time-weighted averages—weekly
or biweekly field measurements were linearly interpolated,
and the resulting daily time series was averaged over the
months. Volume-weighted water temperatures (overall, 0–10
and 10–bottom) were calculated using lake morphometric
data (Edmondson and Lehman 1981). Monthly mean climatic variables were also used for these analyses.
Time-series analysis—We extracted seasonal patterns by
seasonal-trend decomposition using the X-11 (Census II)
method, which is an extension and refinement of the classic
seasonal decomposition and adjustment method (Census I)
and contains many ad hoc features that allow for a series of
successive refinements and adjustments for outliers and extreme values (Kendall and Ord 1990). The time series was
separated into three different components—seasonal, trends,
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and residual—whereas an additive model was chosen to define their functional relationships. After time-series decomposition, we subtracted the seasonal component (centering
the data) and inspected the residual values for nonstationarity
problems.
Modes of interannual variability—We applied PC analysis
(PCA) to analyze interannual variability in a manner similar
to that used in recent studies (e.g., Jassby et al. 2002) and
as described in detail by Jassby (1999). The basic rationale
behind this application of PCA for time-series decomposition is that different phases of the intra-annual cycle may be
regulated by separate processes and may therefore behave
independently of each other, thus impeding the development
of clear causal statistical models. The significance of PCs
was determined using the Monte Carlo technique known as
the ‘‘rule of N’’ (Overland and Preisendorfer 1982). Significant PCs were rotated using the normalized varimax strategy (raw factor loadings divided by the square roots of the
respective communalities), and the new component coefficients and amplitude time series were calculated (Richman
1986).
We then developed simple and multiple linear regression
models between the individual modes of variability and variables representing plausible causal factors. We replaced the
resulting modes of variability with the water temperature
averages over the corresponding periods, because the amplitude time series and the averaged temperatures were highly correlated (r 2 5 0.96 and 0.90, respectively, for the first
and second modes) and because statistical models based on
the original data are easier for most users to comprehend
because they are in familiar units (Jassby 1999). The best
subset of predictor variables in multiple regression models
was selected based on Mallow’s criterion, which is a measure of the quality of fit that is less dependent on the number
of variables included in the statistical model than are r 2 values. Hence, Mallow’s criterion tends to find the best subset
of variables, including only the most important predictors
for the respective dependent variables, thereby providing
more parsimonious models.
Heat-budget model—We developed a heat-budget model
for Lake Washington, to explore the potential physical mechanisms causing the short- and long-term changes in thermal
condition observed in this ecosystem. We used a one-dimensional model that simulates the vertical structure of temperature. Because its application was intended to quantify
the contribution of various energy fluxes to the observed
patterns of the lake temperature dynamics, high-model spatial resolution was deemed to be unnecessary. Hence, we
included only two spatial compartments, representing the
epilimnion and hypolimnion of the lake. The depths of the
two boxes varied with time and were explicitly defined on
the basis of field temperature measurements. During the
stratified period, the epilimnion was defined as the maximum
depth where the water temperature varied $18C relative to
the temperature at 0.5 m; otherwise, we assumed a box depth
of 20 m, to reproduce patterns of incomplete mixing that
regulate the ecological processes in the lake during the early

spring (Arhonditsis et al. unpubl.). The two governing equations were
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where Tepi and Thypo are the epilimnion and hypolimnion temperature, respectively (8C); Vepi and Vhypo are the epilimnion
and hypolimnion volume, respectively (m3); r is the density
of lake water (kg m23), cp is the specific heat of lake water
(J kg21 C21), K(t) is the molecular plus the eddy diffusion
coefficients for heat (m 2 d21); f(t) is the external heat sources
(8C d21); z is epilimnion depth (m); A0 and A z(t) are the area
at the surface and depth z, respectively (m 2); DT/Dz is the
temperature gradient between the centers of the two boxes;
and Hsn and H i are the heat fluxes (detailed description below). Values of the vertical diffusion coefficient were based
on measurements from past studies of this lake (Walters
1980; Quay et al. 1980). External heat sources in the model
were the stream inflows from the surrounding watershed
(King County 2002; Brett et al. unpubl. data), whereas heat
fluxes between the sediment and water column were assumed to be negligible compared with surface heat exchange
and were not taken into account.
The formulations of the heat-exchange processes across
the air-water interface, which determine the heat balance of
the lake, are presented in Table 1. The net incoming shortwave radiation (Hsn), which comes directly from the sun,
depends on the altitude of the sun (varies daily and seasonally for a fixed location on the earth) and the dampening
effect of scattering and absorption in the atmosphere due to
cloud cover and the Earth’s surface albedo. In addition,
short-wave radiation can penetrate the water column, and
this process was modeled using a light-extinction coefficient
Kd that assumed Beer’s Law. Kd values were calculated from
the Secchi depth (zsd, m) using the relationship Kd 5 1.7/zsd
(Idso and Gilbert 1974). The net long-wave radiation (Han)
emitted by the atmosphere (the so-called thermal infrared
radiation) primarily depends on air temperature, humidity,
cloud cover, and cloud height. It is also affected by ozone,
carbon dioxide, and possibly other materials in the atmosphere, which were not included in the present model. The
third source of radiation transfer through the air-water interface is surface-emitted long-wave radiation from the lake
surface (H b). The remaining two mechanisms are linked to
matter and represent heat transfer between the water and the
atmosphere caused by temperature differences (sensible heat
fluxes Hc-conduction/convection) or water vapor exchange
(latent heat fluxes H e-evaporation/condensation). The difference between conduction and convection is that the former
represents the transfer of heat from molecule to molecule
when matter of different temperatures comes in contact
(analogous to diffusive transport), and convection is asso-
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Table 1. Heat budget for Lake Washington. Equations and parameters describing heat transfer across the air–water interface.
Process
Net short-wave solar radiation (Hsn)
Extraterrestrial radiation
(Ho)

Expressions
Hsn 5 Hs (1 2 Rs )(1 2 0.63C )
Hs 5 Hota 1 tb Ho
24 3 3600Gsc
2p
2p
1.00011 1 0.034221 cos
t 1 0.001280 sin
t
Ho 5
p
365
365
4p
4p
1 0.000719 cos
t 1 0.00077 sin
t
365
365
2p
3
t sin L sin d 1 cos L cos d sin ts
365 s
0.31755 *
ta 5 0.37444 1 0.544175 exp 2
cos uz
tb 5 0.271 2 0.2939ta

[

[

Ratio of diffuse radiation to
extraterrestrial radiation
on a horizontal plane (tb)
Atmospheric transmittance
(ta)
Reflectivity (Rs)

Net long-wave atmospheric
radiation (Han )

[

Han 5 «s (Tair 1 273)4 (0.684 1 0.0056eair )(1 1 0.17C 2L )

[

]

12.27Tair
237.3 1 Tair

Surface-emitted longwave
radiation (Hb)

Hb 5 «s (Tepi 1 273)4

Sensible heat fluxes (Hc)

Hc 5 c1 f (Uw)(Tepi 2 Tair )

Saturation vapor pressure at
the water surface (es)

]

CL : Cloudiness as the decimal
fraction of the sky covered
Gsc : Solar constant (W m22)
L: Latitude of the study area
(degrees)
a : Solar altitude (degrees)
d : Sun declination (degrees)
ts : Sunset hour angle (degrees)
t: Day of the year

A, B: Empirical coefficients functions of cloudiness†
uz : Zenith angle of the sun

eair 5 RH 3 6.126 exp

Latent heat flux (Hc)

]

]

Rs 5 AaB

Vapor pressure in the
overlying air (eair )

Wind effects on the
transfer

Definitions

2
L

Tair : Air temperature (8C)
RH: Relative humidity (%)
RL : Reflectivity of the water
surface for atmospheric radiation (ø0.03)

s : Stefan-Boltzmann constant
(4.9 3 1023 J[m 2 dK4]21)
«: Emissivity of water (ø0.97)
c1 : Bowen’s coefficient (0.47
mm Hg 8C21)
Uw : Wind velocity (m s21)

f (Uw) 5 9.2 1 0.52U 2w
Hc 5 f (Uw)(es 2 eair )
es 5 6.126 exp

[

17.27Tepi
237.3 1 Tepi

]

References: Budyko 1974; Kreith and Kreider 1978; Duffie and Beckman 1980; Brown and Barnwell 1987; Bignami et al. 1995.
* The constants are reported for the standard atmosphere and were corrected for mid-latitude conditions (Duffie and Beckman 1980).
† Brown and Barnwell 1987; see their Table IV-2.

ciated with mass movement of fluids, including eddy diffusion (Edinger et al. 1968).
The heat-budget model was applied from 1969 to 1998
with a time step of 1 d. Initial conditions were based on
observed temperature profiles in the lake during the start of
the simulation period (22 December 1968). The adjustable
parts of the model during the calibration were the formulations that represent the dampening effects of the cloud cover
on solar radiation and wind effects on sensible and latent
heat transfer. We focused on these components because they
have been modeled by a number of different empirical functions that have been applied to water bodies of different size
and shape with data averaged over different periods of time
(e.g., Brown and Barnwell 1987; Fennessey 2000). In addition, a preliminary sensitivity analysis showed that the
modeled processes (i.e., net incoming short-wave radiation
and sensible and latent heat transfer) were highly dependent

on the choice of formulation (see also the section ‘‘Sensitivity analysis results with respect to the meteorological variables’’). The selection of the two optimal formulations for
the dampening effects of the cloud cover on the solar radiation and wind effects on sensible and latent heat transfer
was based on least-squares fitting between simulated and
observed epilimnetic and hypolimnetic temperatures.

Results
The mean monthly meteorological data for the study period showed consistent intra-annual patterns (Fig. 1), which
accounted for large portions of their overall variability. Partitioning the inter- and intra-annual variation, using hierarchical multivariate analysis of variance, showed that the
mean annual cycle explained 95% of the total variability for
air temperature, 95% for cloud cover, 94% for rainfall, 88%
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Fig. 1. Annual variability for the air temperature, wind direction, cloud cover, rainfall, wind speed, and relative humidity in the Seattle
area, 1964–1999 (data from the SeaTac airport).

for relative humidity, 84% for wind direction, and 67% for
wind speed. The long-term annual cycle of volume-weighted
Lake Washington temperatures for the 1964–1998 period approximated a sine wave (r 2 5 0.99) and was offset from
intra-annual variation in solar energy inputs by 50 d (Fig.
2A,B). This annual cycle in lake temperatures explained
93% of the overall variability in mean monthly water temperatures, with the remaining 7% of variation due to interannual variation. Figure 2C shows temperature fluctuations
at 5 m depth increments over the annual cycle. This figure
shows that there was a distinct surface layer ;10 m deep,
with temperatures .158C from June to October. On an annual basis, the volume-weighted upper 10 m of Lake Washington experienced a long-term warming trend with a mean
increase of 0.0458C yr21, r 2 5 0.57, which corresponds to
an increase of 1.58C over the 35-yr period assessed in the
present study. The long-term temperature trend for the deeper parts of the lake was weaker (mean increase: 0.0198C yr21,
r 2 5 0.13, overall increase: 0.68C), and the overall volumeweighted mean increase for Lake Washington for the 1964–
1998 period was 0.98C (0.0268C yr21, r 2 5 0.30) (Fig. 3).
This warming trend was strongest for the months of April–
September and was weakest and nonsignificant for the
months November–February for lake volume–weighted temperature. During the time of the year when stratification in

Lake Washington is most intense (i.e., June–September), the
long-term warming trend was particularly pronounced for
the surface layer (slope ø 0.0638C yr21 or 2.28C for the
period assessed). The deeper parts of the lake had a statistically significant warming trend only for the months of
March and April (slope ø0.0318C yr21; r 2 5 0.20).
The seasonal and trend decomposition for the lake volume–weighted data verified the previously described sinusoidal seasonal pattern with a late-summer maximum (usually in August) and mid- to late-winter minimum (usually in
February). According to the rule of N, the first two eigenvalues of the PCA were significantly higher than would have
been expected if they were caused by random variability
alone. These modes accounted for 79% of the total variance
in the monthly time series. Figure 4 presents the first two
PCs after varimax rotation. The first mode of variability represents the period of the year when the lake is warming and
is warmest (e.g., March–October) and explained 54% of the
variability in the overall time series. The corresponding amplitude time series for this mode has a long-term increasing
trend, which explains ;32% of the total variance, with the
remaining 68% of variability attributable to interannual variability. The second mode was characterized by higher component coefficients during the period when the lake is cooling and is coldest (November–February) and explained 24%
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ranked model for the March–October mode was formed by
air temperature and PDO (r 2 5 0.65). The respective squared
semipartial coefficients, the proportion of variance explained
by each predictor relative to the total variance of the dependent variable, were 0.18 and 0.17 (Table 4). In contrast, the
best subset of predictors for the November–February mode
2
2
included PDO (rspart
5 0.28), air temperature (rspart
5 0.11),
2
2
wind speed (rspart 5 0.10), solar radiation (rspart 5 0.05), and
2
relative humidity (rspart
5 0.05) and explained 83% of the
overall variability for this mode. Finally, a lack of redundancy (collinearity) between the predictor variables was assessed and verified by computing tolerances (one minus the
squared multiple correlation of each variable with all other
independent variables in the regression equation), which resulted in values .0.65 for all variables.

Fig. 2. Comparison of the (A) temperature, (B) solar radiation
annual cycle, and (C) mean annual variability of temperature for
various depths in Lake Washington.

of the overall variability. The amplitude time-series for this
mode was almost exclusively dominated by interannual variability with a minimal long-term trend (r 2 5 0.02).
Coefficients of determination (r 2) for regressions between
the lake volume–weighted temperature, meteorological variables, and PDO and ENSO indices are presented in Table
2. These relationships are reported for the two modes described by the PCA, to identify potentially causal factors for
Lake Washington temperature variability over the annual cycle. Eight- and 4-month averaging windows were used when
calculating the environmental variables for modes 1 and 2,
respectively. Air temperature (r 2 5 0.48), PDO (r 2 5 0.47),
and MEI (r 2 5 0.20) were the best predictors for March–
October lake temperature fluctuations (Table 2). Cloud cover
(r 2 5 0.17), wind speed (r 2 5 0.12), and wind direction (r 2
5 0.19) had weaker relationships that were, however, statistically significant at the a 5 0.05 level. The strongest correlations for the second mode (November–February) were
with air temperature (r 2 5 0.43) and PDO (r 2 5 0.31). Statistically significant associations (a , 0.01) were also observed for the MEI index (r 2 5 0.20) and wind direction (r 2
5 0.25). In addition, several meteorological variables, which
were not correlated with the first mode, had significant associations with the second: these were solar radiation (r 2 5
0.15), relative humidity (r 2 5 0.15), and rainfall (r 2 5 0.14).
Table 3 presents a comparison of multiple regression models developed to predict Lake Washington water temperatures. The five highest ranked models (according to Mallow’s
criterion) for both modes of variability included air temperature and PDO as predictors. Solar radiation, relative humidity, and wind speed also appeared to be important for
the family of models predicting the second mode. The top-

Long-term lake heat-budget simulations—This model was
used to simulate the thermal dynamics of the lake from 1969
to 1998. As was previously mentioned, during the calibration
of the model, two components were adjusted, to obtain the
best fit between simulated and observed data. These were
cloud cover dampening effects on solar radiation and wind
effects on the sensible and latent heat transfer. Eventually,
both processes were described using quadratic formulations
(Table 1) similar to those used in earlier studies (Budyko
1974; Brown and Barnwell 1987). A comparison between
the observed and simulated volume-weighted mean monthly
temperatures for the epilimnion (r 2 5 0.96, relative error 5
12%) and hypolimnion (r 2 5 0.68, relative error 5 11%) is
shown in Fig. 5. The goodness-of-fit statistics indicate that
the model accurately reproduced the thermal dynamics of
the lake, whereas the lower coefficient of determination value for the hypolimnion is largely a statistical artifact, because there is much less variability in the hypolimnetic
monthly time series. A quantitative assessment of the contribution of the various heat sources and sinks over the simulation period is presented in Fig. 6, where the squares correspond to the net annual values of the five heat fluxes in
the model. According to the model’s estimates, the heat contribution from net short-wave solar and long-wave atmospheric radiation was, on average, 132 6 5 and 306 6 6 W
m22 yr21, whereas the lake lost 363 6 4, 74 6 6, and 6 6
2 W m22 yr21 through surface-emitted long-wave radiation
and latent and sensible heat fluxes, respectively. In general,
interannual variability dominated the patterns, especially for
the net short-wave radiation and latent and sensible heat
fluxes. Significant long-term linear trends were primarily observed for surface-emitted long-wave radiation (r 2 5 0.53)
and for atmospheric long-wave radiation (r 2 5 0.24).
Sensitivity analyses with respect to meteorological variables—Precise uncertainty estimates for models like the one
developed for the present study are not feasible, because they
include empirical equations or coefficients whose associated
errors are difficult or impossible to estimate and whose parameter uncertainty is, in most cases, unknown. However,
the structure of the model and the nature of the results can
be explored through an analyses of model sensitivity to input
variables, which in the present case were air temperature,
relative humidity, cloudiness, and wind speed. We analyzed
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Fig. 3. (A–C) Individual month and (D–F) annual trends in Lake Washington, 1964–1999. The
Y-axis of the individual month panels indicate the coefficient of determination (r 2) of the linear
trends, whereas the numbers over the bars indicate the respective slopes (8C yr21).

the influence of the four meteorological input variables on
the two state variables (epilimnion and hypolimnion temperature) and the five fluxes of the model by creating 100
randomly generated data sets for each of the input variables
(Monte Carlo simulations). This was done by taking the
original input variable data set and randomly increasing or
decreasing each value by a coefficient obtained from a normal distribution with a mean value 1 and standard deviation
0.1 (0 6 10% change of the actual value of the meteorological variable). (Note that the coefficients of variation for the
interannual variability of the four meteorological input variables were between 5% and 9%). Table 5 presents this quantification of model output dependence (total averages over
the simulation period) on input meteorological variables (induced perturbations), with general linear models used to examine these relationships. Air temperature accounted for a
substantial proportion of the variability for the two state variables (54% and 43% for epilimnion and hypolimnion temperatures, respectively) as well as atmospheric long-wave

(56%) and surface-emitted long-wave radiation (55%). The
two matter-linked heat-transfer mechanisms (sensible and latent) appeared to be almost equally sensitive to relative humidity and cloudiness variation, whereas net short-wave radiation was exclusively dependent on cloudiness effects
(99%). Moreover, the two fluxes that had linear trends over
the 30-yr simulation period were also sensitive to cloud cover (21% and 16% for the atmospheric long-wave and the
surface-emitted long-wave radiation). Additionally, 19% of
the surface-emitted long-wave radiation variation could be
explained by relative humidity. These statistical analyses
also included the contribution of the higher order, interactive
effects for the input meteorological variables, which were,
however, not found to be significant for the model behavior.

Discussion
We analyzed a 35-yr record of Lake Washington temperature data to test for long-term trends in this lake’s thermal
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Fig. 4. (A, B) Squared component coefficients and (C, D) amplitudes for the two PCs of temperature for data weighted over the total lake volume.

properties and to identify the basic forces driving interannual
variability. This analysis found volume-weighted Lake
Washington temperatures have increased on average by
0.0268C yr21 (or 0.98C during the 35-yr period assessed).
This warming trend was most pronounced for the epilimnion
Table 2. Coefficients of determination (r 2) between water temperature (lake volume weighted data) and the meteorological variables, the PDO and the MEI indices. An 8-month window was used
when calculating the environmental variables for mode 1 and a 4month window was used when calculating variables for mode 2.
The parentheses indicate the lag (months) between the variables that
results in the highest coefficient of determination.
Variable

(March–October)

1st mode
2nd mode
Air temperature
Relative humidity
Wind speed
Wind direction
Cloud cover
Solar radiation
Rainfall
PDO
MEI
* Significant at the 1% level.
† Significant at the 5% level.
‡ Negative correlation.

0.96*
0.04
0.48* (22)
0.04 (23)
0.12† (0)
0.19† (21)
0.17†‡ (24)
0.05 (21)
0.05‡ (23)
0.47* (24)
0.20* (22)

(November–February)
0.09
0.89*
0.43* (21)
0.15† (21)
0.12†‡ (21)
0.25* (0)
0.10‡ (22)
0.15† (22)
0.14†‡ (22)
0.31† (0)
0.20† (26)

during the stratified period, which has warmed 2.28C during
the study period. These results support the findings of other
studies, which have reported evidence of warming trends or
significant changes in the thermal structure of North American lakes (e.g., Schindler et al. 1996; King et al. 1997; McCormick and Fahnenstiel 1999). The stratification trends noted in Lake Washington (i.e., more intense epilimnetic than
whole lake warming) are similar to what King et al. (1997)
reported for regions of Lake Huron, which those authors
attributed to changed climatic conditions. McCormick and
Fahnenstiel (1999) also observed warming trends in nearshore sites of the Great Lakes and an increase in the duration
of the stratified period, which was mostly due to an earlier
transition to springlike conditions. Lake Washington’s hypolimnion has also warmed by ;0.68C. Peeters et al. (2002)
described similar hypolimnetic warming for Lake Zurich under increased air temperature scenarios, which they attributed to the large depth of Lake Zurich and hypolimnetic heat
carryover from year to year. This climate-induced hypolimnetic warming is a characteristic of large, warm monomictic
lakes, which are not reset to 48C each winter as are dimictic
lakes.
We split the annual temperature time series into two independent seasonal ‘‘modes’’ of variability, which together
accounted for 79% of the total observed variance in Lake
Washington’s thermal conditions. The first mode represented
the period of the year when the lake is warming and/or is
stratified (March–October), and this mode exhibited a de-

Solar radiation (22)
Cloud cover (22)*
Solar radiation (22)
Solar radiation (22)
Solar radiation (22)
(21)
(21)
(21)
(21)
(21)
humidity
humidity
humidity
humidity
humidity
Relative
Relative
Relative
Relative
Relative
(0)
(0)
(0)
(0)
(0)
PDO
PDO
PDO
PDO
PDO
* Negative sign of the regression model parameter.

temperature
temperature
temperature
temperature
temperature
2nd mode (November–February)
1
0.36
5
Air
2
Air
2.08
5
3
2.29
6
Air
4
2.31
6
Air
5
2.33
6
Air

(21)
(21)
(21)
(21)
(21)

Relative humidity (23)
Cloud cover (24)
Relative humidity (23)
Cloud cover (24)
Wind speed (0)
(24)
(24)
(24)
(24)
(24)
PDO
PDO
PDO
PDO
PDO
temperature
temperature
temperature
temperature
temperature
Air
Air
Air
Air
Air
1st mode (March–October)
1
22.09
2
2
22.00
3
3
21.89
3
4
21.09
4
5
20.82
3

Mallow’s Number of
Rank criterion predictors

X1

(22)
(22)
(22)
(22)
(22)

X2

X3

Predictors

X4

Wind
Wind
Wind
Wind
Wind

X5

speed
speed
speed
speed
speed

(21)
(21)
(21)
(21)
(21)

X6

ENSO (26)*
ENSO (25)*
Cloud cover (22)
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Table 3. Comparison of regression models developed for predicting water temperature (lake-volume weighted data) in Lake Washington. Rank is assigned in order of
increasing Mallow’s criterion, which was used to select the best subset of predictor variables. The parentheses indicate the lag (months) between the variables that resulted in
the highest coefficient of determination (see Table 2).
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cadal-scale trend as well as year-to-year variability around
this trend. Air temperature appeared to be an important driving force for Lake Washington temperatures during this period, which is not surprising, given that air and water temperature (especially for the epilimnion) are often highly
correlated on both short and long timescales (e.g., Shuter et
al. 1983; Livingstone and Dokulil 2001). During the same
period, the PDO index was an equally good predictor for
water temperature. To our knowledge, these results are the
first to demonstrate strong PDO effects on the thermal properties of a lacustrine ecosystem. In contrast, there are numerous published examples of PDO effects on marine systems, including primary and secondary production (e.g.,
Roemmich and McGowan 1995; Brodeur et al. 1996), fisheries production (e.g., Hare et al. 1999), and even marine
mammals (Francis et al. 1998). The best correlation between
Lake Washington temperature and the PDO resulted from a
backward shift (24 months) of the 8-month window toward
the winter months, when year-to-year PDO fluctuations are
most pronounced (Zhang et al. 1997). The North American
climate anomalies associated with PDO are broadly similar
to those associated with ENSO anomalies (i.e., El Niño and
La Niña), although they are generally not as extreme and
are at a different temporal scale (Mantua and Hare 2002).
Willmott and Matsuura (2000) reported correlations between
the November–April mean PDO index and the respective
mean precipitation and temperatures, which suggests that the
warm phase of the PDO coincides with anomalously dry
weather and warm temperatures in northwestern North
America with the opposite pattern seen during the cool
phase. Analogous results were reported by Hare and Mantua
(2000), who showed that winter air temperatures for six
northwest North American coastal sites were correlated with
the PDO. In our data set, we found a coefficient of determination of 0.21 between air temperature and PDO, whereas
the two variables together explained ;65% of the total variability observed for March–October lake temperatures. It is
also notable that the PDO signature on water temperatures
explained 17% of the variability and that air temperature
2
explained an additional 18% (see Table 4, rspart
values). The
ENSO signal was clearly weaker during this period, which
should be attributed to the fact that our analysis was based
on overall lake volume–weighted data. When we separately
correlated the epilimnion (0–10 m) and hypolimnion (10 m–
bottom) temperatures with the PDO and ENSO indices, we
found that the ENSO correlation with surface layer temperatures (r 2 5 0.41) was almost as strong as the PDO correlation (r 2 5 0.46). However, the ENSO correlation with water temperature was much weaker in the hypolimnion (r 2 5
0.09), whereas the PDO signature was significant (r 2 5 0.35)
and characterized by a 5-month backward shift of the
8-month window. This suggests that hypolimnetic warming
in large monomictic lakes is more responsive to longer timescale climatic phenomena like the PDO.
The second mode identified in our PCA represents the
period during the year when the lake is cooling and becomes
isothermal (November–February) and is dominated by interannual variability without a long-term trend. Air temperature and PDO (with no lag) were again the best individual
predictor variables for lake temperatures during this mode.

Arhonditsis et al.

265

Table 4. Final regression models developed for predicting water temperature (lake-volume weighted data) in Lake Washington. Symbols
2
b, bo, rspart
, and s denote the coefficient of each predictor, the intercept, the squared semi-partial coefficient, and the SE of the estimate for
the models, ranked first according to the Mallow’s criterion.
Variable

b

bo

1st mode (March–October)
Air temperature
PDO

0.41
0.29

2nd mode (November–February)
Air temperature
0.23
PDO
0.32
Relative humidity
0.03
Solar radiation
0.03
Wind speed
0.54

2
rspart

s

F(DFpred/DF/resid)

P

r2
0.65

0.18
0.17

0.35

(2/32)
29.81

0.00

5.79

0.83

0.11
0.28
0.05
0.05
0.10

0.22

(5/21)
19.99

0.00

0.74

Fig. 5. Heat-budget model for Lake Washington. Observed vs.
predicted monthly (A) epilimnion and (B) hypolimnion water temperatures.

The best multiple regression model showed r 2 5 0.83, with
the PDO explaining 28% of the overall variability. Solar
radiation, relative humidity, and wind speed also seemed to
play important roles during this period, and their combined
net contribution toward an explanation of lake thermal dynamics was ;20%. These three meteorological variables are
related to heat-exchange processes that help determine the
heat balance of the lakes (Budyko 1974). Therefore, we tried
to relate temperature values for the second mode to the November–February averages for the five mechanisms (net
short-wave solar radiation, net long-wave atmospheric radiation, surface-emitted longwave radiation, and sensible and
latent heat fluxes) as computed by the heat-budget model.
The highest correlations were found for sensible (r 2 5 0.30)
and latent (r 2 5 0.21) heat fluxes, which were closely coupled with wind speed. Latent heat is also related to relative
humidity. Moreover, these meteorological variables had high
interannual variability during these months (see the November–February error bars in Fig. 1), and this is probably one
reason why the air temperature and PDO signals are weakened and the second mode, in contrast with the first one,
does not show a long-term trend.
Our study also includes the period when the wastewater
discharges to the lake were progressively decreased to zero
(1964–1968), the subsequent transient phase (1969–1974),
and the establishment of a new equilibrium state from 1975
to the present (Edmondson and Lehman 1981). Changes in
water clarity due to the diversion of wastewater and resurgence of Daphnia could have induced changes in the thermal
structure of Lake Washington (Mazumder and Taylor 1994).
Therefore, we regressed the residuals of the multiple regression models developed for the two modes of variability
against the corresponding Secchi depth observations. The
resulting coefficients of determination were 0.04 and 0.01
for the first and second modes of variability, respectively,
which suggests that water clarity had little effect on Lake
Washington’s thermal properties. However, these results cannot be directly compared with those of Mazumder and Taylor
(1994), because our analysis looked at overall volumeweighted lake temperatures, whereas Mazumder and Taylor
noted trends between water clarity and epilimnion depth. In
all likelihood, water clarity will manifest its greatest effects
on the surface layer of lakes (e.g., epilimnion depth and
temperature) and will have little or no effect on deeper strata.
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Table 5. Regression models (n 5 100) based on the Monte Carlo
2
analysis of the heat budget model. The symbol rspart
corresponds to
the squared semi-partial coefficient.
Dependent and independent variables

2
rspart

Epilimnion temperature
Wind speed
Air temperature
Relative humidity
Cloudiness

0.05
0.54
0.20
0.15

Hypolimnion temperature
Wind speed
Air temperature
Relative humidity
Cloudiness

0.08
0.43
0.28
0.15

Sensible heat fluxes
Wind speed
Air temperature
Relative humidity
Cloudiness

0.04
0.04
0.51
0.38

Net short-wave radiation
Cloudiness

0.99

Atmospheric long-wave radiation
Air temperature
Relative humidity
Cloudiness

0.56
0.09
0.21

Surface-emitted long-wave radiation
Wind speed
Air temperature
Relative humidity
Cloudiness

0.04
0.55
0.19
0.16

Latent heat fluxes
Wind speed
Air temperature
Relative humidity
Cloudiness

0.08
0.08
0.49
0.53

The contribution of all the main and higher-order interactive effects of the
input meteorological variables was tested, but this table only shows the
significant factors.

Therefore, further study of water clarity effects on surface
temperatures and epilimnion depth in Lake Washington
would be warranted.

Fig. 6. Annual fluxes of heat (W m22), as computed from the
heat-budget model for Lake Washington.

Heat-budget model—The basic purpose for developing
the model was to quantitatively assess the various heat
sources and sinks for the lake. The estimates for the absolute
and relative magnitudes of the five heat-exchange processes
were consistent with previously reported values (Budyko
1974; Kreith and Kreider 1978; Duffie and Beckman 1980;
Brown and Barnwell 1987; Bignami et al. 1995). Moreover,
the model output suggested that year-to-year variability dominated the patterns for the heat-exchange processes, especially for net short-wave radiation and sensible and latent
heat fluxes. Significant long-term trends were only found for
atmospheric long-wave and surface-emitted long-wave radiation. Although the latter process is just the increase in
long-wave radiation emission due to water surface warming,
the former process is possibly linked to climatic change. The
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Fig. 7. Trends of the average daily maximum and minimum values of temperature (8C) over
the first mode of variability (March–October) and the respective bivariate plots with the atmospheric
long-wave radiation (W m22). The meteorological data are from the SeaTac Airport weather station.

heat-budget model sensitivity analysis showed that the atmospheric long-wave radiation component is correlated with
air temperature (56%), cloud cover (21%), and relative humidity (9%). Apparently, these three meteorological variables have, during the past 35 yr, promoted increasing
amounts of incoming long-wave radiation, possibly through
the absorption and counterradiation of the long-wave fluxes
emitted by the Earth’s surface. It should also be pointed out
that the linear trend in atmospheric long-wave radiation was
most evident for the first mode (March–October) with slope
5 0.525 W m22 yr21 and r 2 5 0.35.
We attempted to validate these results by relating them to
other climate changes in the region. Several studies have
shown that the rise in the global mean surface temperature
has resulted, at least in part, from the daily minimum temperature increasing at a faster rate than the daily maximum,
resulting in a decrease in the diurnal temperature range (Easterling et al. 1997). These trends can also provide plausible
explanations for the mechanisms that drive changes in the
thermal structure of aquatic ecosystems. For example, Livingstone (2003) found that epilimnetic temperature increases
in Lake Zurich were closely related to increased daily minimum air temperatures, whereas a clear decreasing rate of
nighttime heat loss was associated with the absorption of
atmospheric long-wave radiation, evaporative heat exchange,
and the convective exchange of sensible heat. Therefore, we
calculated average daily maximum and minimum air temperatures over the first mode of variability (March–October)—the period when we found significant decadal-scale
temperature trends. The slopes of the maximum and minimum air temperatures were 0.05 (r 2 5 0.28) and 0.068C yr21
(r 2 5 0.47); moreover, they were highly correlated with the
atmospheric long-wave radiation (March–October average),

with the respective r 2 values being 0.48 and 0.85 (Fig. 7).
However, caution should be exercised when interpreting
these results for two basic reasons. (1) The slight difference
in the daily minimum and maximum air temperature increases computed for Lake Washington are in contrast to the fairly
clear situation described in Lake Zurich (see figure 5 of Livingstone 2003), where a long-term increase in epilimnetic
temperature was compared with a similar long-term increase
in daily minimum air temperature and contrasted with a
long-term decrease in daily maximum air temperature. (2)
Our data include three outliers (years 1970, 1971, and 1973)
that seem to influence the results. Removing these outliers
and recalculating the regressions, we found similar increases
for maximum (0.035 8C yr21, r 2 5 0.14) and minimum
(0.030 8C yr21, r 2 5 0.29) air temperatures, whereas the respective r 2 values for atmospheric long-wave radiation were
0.64 and 0.59. (Note that the significant long-term trend in
the atmospheric long-wave radiation [March–October average] still exists even after the exclusion of the outliers; slope
5 0.13 W m22 yr21; r 2 5 0.13). In addition, the maximum
air temperatures were significantly negatively correlated with
the sensible heat losses (r 2 5 0.30). This relationship was
not affected by the presence of the outliers (r 2 5 0.31).
We also considered the fact that Lake Washington is located within the Seattle metropolitan area, which has had a
steadily increasing population during the study period.
Therefore, some of the observed temperature trends could
be due to an increasing urban heat island effect. Hence, we
estimated heat island trends over the study period. We did
this by comparing air temperature differences between one
urban (SeaTac) and two rural (Snoqualmie Falls and Startup)
meteorological stations for the 1964–1998 period. Neither
the average (0.0058C yr21; r 2 5 0.016), maximum (0.0118C
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yr21; r 2 5 0.058), nor minimum (20.0078C yr21; r 2 5 0.026)
air temperature differences showed significant increasing
trends, which indicates that any increase in the Seattle metropolitan area heat island effect during the period considered
in this study was minimal.
Biological response—Compelling evidence for structural
shifts in Lake Washington’s plankton and fish populations
associated with climatic perturbations have not yet been reported, because, so far, most studies of Lake Washington
have been focused on this system’s recovery from severe
eutrophication (Edmondson 1997). Although the biological
responses to climatic forcing are considered to be more variable owing to the complex nature of factors that determine
ecological interactions in lakes (Carpenter et al. 1992; De
Stasio et al. 1996), long-term trends or, at least, year-to-year
fluctuations are possible. Indeed, recent studies have reported associations of large-scale meteorological phenomena
with changes in plankton dynamics (Arhonditsis et al. unpubl. data; Winder et al. unpubl. data), such as the timing
of the spring bloom and temporal shifts in the clear water
phase in Lake Washington. Furthermore, sockeye salmon
(Oncorhynchus nerka) juveniles obtain some of the highest
recorded growth rates throughout their range in Lake Washington (Ballantyne et al. 2003), and sockeye salmon responses to temperature changes are both ecologically and economically important. Several studies have linked the Pacific
Decadal Variability with 20th-century Pacific salmon catches
(e.g., Beamish et al. 1999). Quinn et al (1997) related the
timing of adult sockeye spawning migrations to changing
flow and temperature regimes over the past several decades
and showed that, despite favorable growing conditions in the
ocean during the summer, some sockeye populations at the
southern end of their range return to freshwater during late
spring or early summer and then stay in lakes near their natal
streams for several months before spawning in the fall.
Hodgson and Quinn (2002) hypothesized that these migration timing patterns are the ‘‘best of a bad situation’’ and
that good ocean growing conditions were passed up so that
this fish could avoid stressful high summer temperatures and
still be able to access suitable spawning areas in the fall.
Using a critical temperature of 198C for sockeye salmon,
these authors showed that sockeye salmon populations migrate before or after the warm period (sometimes several
months before spawning in the former case) in freshwater
systems that exceed this critical value. Lake Washington’s
sockeye salmon population is consistent with these patterns,
and an early migration (33 d difference between the migration date and the date of peak average temperature; see Table
2 of Hodgson and Quinn 2002) before spawning helps to
avoid the higher surface temperatures (20–228C) that will be
encountered during summer stratification. However, given
the warming trends noted for Lake Washington in this study,
longer spawning migration delays are likely to be triggered,
with adverse repercussions for fish reproductive potential,
especially egg size and fecundity (Hodgson and Quinn
2002). In addition, the warming trends in Lake Washington
were associated with an observed proliferation of warm-water fishes (e.g., small-mouth bass) and the increased predation rates of warm-water piscivores, especially during

springtime, when salmon smolts migrate out through the
Lake Union/ship canal system (Stock et al. unpubl. data). If
the increasing water temperature trends noted for Lake
Washington are also indicative of trends in other Pacific
northwest lake/salmon systems—which are already on the
upper level of thermal tolerances during critical life history
stages such as Columbia River Basin (Melack et al. 1997),
Upper Klamath Lake and Lake Shasta (National Research
Council 2002; Nickel et al. unpubl.)—then these results
could suggest dire consequences for some Pacific northwest
salmonid populations in the future.
Statistical analyses of long-term temperature records from
Lake Washington, Washington, showed a warming trend
with a mean increase of 0.0268C yr21 for overall lake temperatures that is most strongly associated with air temperatures and the PDO. This warming trend was much stronger
for the epilimnion during the summer stratified period
(0.0638C yr21). Although positively correlated, the two signals (air temperature and PDO) have distinct signatures that
vary in relative importance over the annual cycle for this
lake. We were able to associate the air temperature trends
with other local climatic patterns (maximum and minimum
temperature increasing rates) and mechanisms of radiative
heat exchange (e.g., long-wave radiation and sensible heat
losses), but urban heat island effects were found to be negligible. The most important next step is to determine how
chemical and biological components of Lake Washington
will respond to these changes in the thermal properties.
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