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Abstract. Low-frequency (interannual or longer period) climatic variability is of interest
because of its significance for the understanding and prediction of protracted climatic
anomalies. Closed basin lakes are sensitive to long-term climatic fluctuations and integrate
out high-frequency variability. It is thus natural to examine the records of such lakes to
better understand long-term climate dynamics. Here we use singular spectral analysis and
multitaper. spectral analysis to analyze the time series of Great Salt Lake (GSL) monthly
volume change from 1848 to 1992 and monthly precipitation, temperature, and streamflow
for nearby stations with 74 or more years of data. This analysis reveals high fractional
variance in 15-18, 10-12, 3-7 and 2-year frequency bands, which seems to be consistent
across time series. The putative decadal and interdecadal signals appear to be related to
large-scale climate signals. The interannual signals are consistent with El Nifio Southern
Oscillation and quasi-biennial variability. Prospects for improved prediction of the GSL
volume and of protracted wet/dry periods in the western United States are discussed.

Introduction

Our fascination with climatic cycles goes back as far as re-
corded history. Almost every possible periodicity between 2
and 200 years has been observed with some certainty (Bur-
roughs, 1992, p. 60]. Burroughs also observes that “the history
of meteorology is littered with the whitened bones of claims to
have demonstrated the existence of reliable cycles in the
weather.” Often, the “cycle” is wont to disappear soon after its
discovery and may spontaneously reappear later. The existence
and understanding of all but the diurnal and the annual cycle
are polemical.

The search for hidden order is one of science’s aspirations.
Moreover, given the social, economic, and geopolitical impli-
cations of successful long-term climatic forecasts, interest in
the identification and explanation of recurrent climatic pat-
terns is natural. Recently [see Diaz and Pulwarty, 1994; Mann
and Park, 1993, 1994 (hereafter, MP93, MP94); Houghton and
Tourre, 1992; Currie and O’Brien, 1992; Ghil and Vautard, 1991
(hereafter, GVY); Dertinger and Ghil, 1991; Trenberth, 1990:
Levitus, 1989], interest has focused on the possibility of dec-
adal/interdecadal climatic variability that may be due to inter-
nal (e.g., ocean-atmosphere interaction) or external (e.g., sun-
spot cycles or lunar tides) factors. Indeed, GV and MP94 argue
that a large part of the recent global warming may be explained
as the superposition of distinct quasi-periodic climatic patterns
with different frequencies. Can one explain droughts and other
protracted anomalies similarly?

Recognition of low-frequency variability leads to changes in
the interpretation (e.g., of water quality trends) and utility of
hydroclimatic records. Traditional hydrologic models formu-
lated at monthly or annual timescales assume stationarity of
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the statistics of the undcrlyin'g process. Interannual structure in
these time series invalidates such assumptions. The identifica-
tion of coherent, low-frequency patterns is also relevant to
interpretation of long-range persistence or the Hurst effect.

A purpose of the work presented here is to develop an
empirical understanding of the role of climatic variability in the
dynamics of the Great Salt Lake (GSL) of Utah, a closed lake
in the arid western United States. Our findings are also directly
relevant to the ongoing debate on interdecadal climatic vari-
ability. A long record (1848-1992) was available. The GSL
“samples” precipitation in the Great Basin, an area where
most of the precipitation occurs at high elevations and runoff is
largely from snowmelt. Worldwide, very few long-record, high-
elevation, precipitation gauges are available. Barnston and van
den Dool [1993] suggest that regions with low interannual vari-
ance in atmospheric circulation are favorable sites for studying
low-frequency climatic behavior. In their analysis of 700-mbar
atmospheric pressure surface data, the GSL basin is such a
region. Insights from spectral analyses using “modern” meth-
ods such as singular spectral analysis (SSA) [Vautard et al.,
1992], and the multitaper spectral analysis method (MTM)
(Thomson, 1982] of GSL volume changes and precipitation,
temperature, and streamflow time series at nearby stations are
presented here (see Figure 1 for a site map and Table 1 for site
information). Of interest is evidence for structured low-
frequency variability. in these time series and insight into the
relative sensitivity of the GSL to low-frequency precipitation
and temperature variability.

In the next section we develop a perspective for the analysis
of climatic variability: Are cycles sustained; do they represent
quasi-periodic transitions between different climatic regimes;
or are they episodic damped oscillations triggered by external
events? What are the implications for the analysis of a finite,
noisy time series? What are some desirable attributes of the
analysis methodology? Background information on the Great
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Figure 1. Site map.

Salt Lake and its environs comes next. A section describing the
methods used follows. This leads to the results from the anal-
ysis of the selected time series.

Notions About Climatic Fluctuatidns
and Data Analysis Issues

During 1983-1986 the Great Salt Lake rose rapidly to its
highest level in a hundred years and then declined quickly just
as a $60 million pumping project to control its level was im-
plemented. The previous decade had seen concern that the
GSL might be drying up. The persistent rain and floods in the
Mississippi River basin in 1993 were equally noteworthy. Such
extremes are fascinating because they occur at every timescale,
and in human memory, with some regularity. Let us examine
some postulates regarding such behavior.

The first postulate is that the climatic time series is the
outcome of a random process (perhaps one with some mem-
ory) and the diurnal and annual cycles. The observed extremes
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occur randomly in accordance with such a process. This is a
rather unsatisfying postulate, not in the least because it pro-
vides little physical intuition or understanding of the climatic
process.

Pragmatically, it is known that a number of deterministic
and chaotic systems [4barbanel er al., 1993] have generally
broadband spectra that can be easily misclassified as “white” or
“red” noise systems. The underlying dynamics may have well-
defined regimes with nearly periodic transitions between them
at some preferred range of timescales. Predictability is lost only
by passage through some unstable state(s). Consequently,
there are no sharp spectral peaks, but possibly high power in
some frequency bands that will be overlooked in a traditional
periodogram analysis. Since it calls for an explanation, evi-
dence of such frequency structure in the spectrum of climatic
time series is important, even if no sharp spectral peaks are
apparent. There is a growing recognition [e.g., Kahya and Dra-
cup, 1993; Guetter and Georgakakos, 1993; Cayan and Webb,
1992; Cayan and Peterson, 1989; Ropelewski and Halpert, 1987]
of the importance of the nearly periodic (over 2- to 3-year and
4- to.6-year frequency bands) El Nifio Southern Oscillation
(ENSO) on temperature, precipitation, and streamflow vari-
ability over large regions.

The second postulate is that the climate system is determin-
istic, with positive and negative feedbacks that lead to recur-
rent patterns in time and space. Such “oscillations™ may be
described by linear or nonlinear dynamics associated with the
amplifying (positive) and restoring (negative) forces. The gov-
erning equations (see Lorenz [1976] or Salizman [1983]) of the
climate system are nonlinear with a variety of feedbacks. What
are some implications of nonlinearity that are of interest in
analyzing climatic time series?

Harmonic generation. Burroughs [1992, p. 147}, indicates
that in a nonlinear system, (1) higher harmonics (e.g., 2f, 3f,
etc.) of an external forcing at frequency f may be generated
and (2} if there are two or more forcing frequencies, periodi-
cities at integer combinations of these frequencies may show
up in the response. In the latter case (often called a quasi-
periodic system), low-frequency responses (e.g., through the

Table 1. Data Sets Analyzed
: Elevation, m Record
Latitude Longitude  above MSL Length Source Comments
Great Salt Lake (GSL) 40°20' o 111°52" 1o 1280 1848-1991 USGS, Sangoyomi [1993]  monthly volume change
41°40'N  113°06'W
Snake Creek (SNC) 40°33'N  111°30"W 1828 1916-1989  Fan and Duffy [1993] monthly temperature and
precipitation
Silver Lake/Brighton (SLB) 40°36'N  111°35'W 2664* 1916-1989  Fan and Duffy [1993] monthly precipitation
Riverdale (RIV) 41°09'N  112°00'W 1341 1916-1989  Fan and Duffy [1993] monthly temperature and
- precipitation
Ogden (OGD) 41°15'N 111°5T'W 1325 1916-1989  Fan and Duffy [1993] moenthly precipitation
Corinne (COR)T 41°33'N  112°07'W 12891 1902-1989  Fan and Duffy [1993] monthly temperature and
) precipitation
Beaver River near Beaver 38°17T'N 112°34"W§ 1920 1915-1988  USGS, Siack et al. [1992] monthly streamflow
(BRB)§
Weber River near Oakley 40°44'N  111°15'W 2012 1905-1988  USGS, Slack et al. [1992] monthly streamflow
(WRO)
Blacksmith Fork near Hyrum  41°37'N 111°44'W 1530 1919-1988  USGS, Slack er al. [1992] monthly streamflow
(BFH)

MSL denotes mean sea level; USGS is U.S. Geological Survey.
*Highest station.

TClosest to GSL.

iLowest station.

§South of GSL drainage and does not flow into GSL.
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combination f,-f,) may be generated. Typically, the amplitude
of the higher harmonics is smaller than that of the lower
harmonics. Once again, such a response could easily be mis-
classified as “red” noise upon periodogram analysis.
Sangoyomi [1993] analyzed the spectrum of the biweekly 1848 —
1992 GSL volume using classical periodogram analysis follow-
ing a recipe for peak identification suggested by MacDonald
[1989], and found that there were 15 peaks that were signifi-
cant at the 0.1 level. However, all these peaks could be resolved
as integer combinations of four base frequencies correspond-
ing to periods of 36.07, 14.23, 11.10, and 1 years. This is an
interesting preamble for this work since it naturally raises the
question of whether this quasi-periodicity is generated by the
dynamics of the lake and its drainage or by climatic variability.
Jin et al. [1994] develop a paradigm for ENSO along these
lines.

Entrainment. Burroughs (1992, p. 148] describes entrain-
ment as a situation in which a system with a natural self-
excitation frequency f,, if stimulated by a forcing at frequency
f1, may respond at f, if f, is close to f1, or asynchronously, at
a new frequency f;. Transient oscillations in one part of the
system (e.g., the ocean) may consequently lead to a synchro-
nous or asynchronous response in other parts of the system.
Energetic perturbations, such as volcanoes, may lead to oscil-
latory chain reactions. The affected subsystem may respond
with a damped oscillation at its natural frequency. In a dissi-
pative system, such a chain of events would eventually damp
out. Weakly unstable periodic orbits (corresponding to internal
Or natural response frequencies) may attract trajectories inter-
mittently and lead to spells of periodic activity. Such cycles may
show up in one segment of the data but may be missing in
another. Such variability will typically show up in a spectrum as
an elevated narrow band rather than a sharp peak. ENSO is
often assigned this interpretation. Thus the response of the
system to particular forcings (e.g., volcanic disturbances) that
occur at roughly the same state of the system may have short-
term predictability. This observation may account for the suc-
cess of U. Lall et al. (Nonlinear dynamics of the Great Salt
Lake: Nonparametric short-term forecasting, submitted to Wa-
ter Resources Research, 1995) in predicting the GSL for up to 4
years in the future using a nonlinear dynamics—based forecast-
ing model. :

Phase shift. Phase shifts relate to the previous discussion
on entrainment. Burroughs [1992, p. 149] points out that for
systems that are forced by a combination of frequencies that
slowly move in and out of phase, the response of the climate at
the higher frequency may suddenly switch its phase by = radi-
ans. This leads to a loss of predictability and identifiability
unless such a phase shift can be anticipated or described. It
also implies that the associated signal will most likely fail sig-
nificance tests for phase coherence upon data analysis unless
appropriately chosen data segments are looked at.

Research into interannual and interdecadal climatic mech-
anisms has received renewed impetus recently as it has become
clear that (1) such features exist, (2) the amplitude of low-
frequency oscillations is high, and (3) they are important to
understand in the context of not only the global warming de-
bate, but also the nature of climate in general. Of course,
considerable controversy surrounds the data, the analysis, and
the proposed mechanisms at this point. Typical cycles identi-
fied most often are 2.1, 3.1, 3.4, 3.7, 5.2, 6.9, 10, 11, 15, 18, 22,
and 25 years [Burroughs, 1992]. In light of the discussion thus
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far, it is useful to think of such variability as organized by
characteristic frequency bands rather than sharp peaks.

Clearly, nonlinearity imparts complexity, and by itself, the
analysis of a finite data set is unlikely to resolve most of the
features we list above. We hope to isolate at least some fre-
quency bands where there is evidence of activity, as well as
intermittent oscillations. It will also be instructive to see if the
differences in the analyses of precipitation, temperature,
streamflow, and GSL time series are consistent with one’s
expectations regarding the evolution of these processes. Spe-
cifically, do we see a relative filtering of the higher-frequency
phenomena as we move through this sequence of series. Are
there any new features introduced that may highlight the role
of hydrologic processes?

Long records are essential for investigations into intermit-
tent oscillations, phase shifts, and important frequency bands.
What kind of record is most useful? Clearly, one must guard
against making far-reaching conclusions from data at a single
location, lest the feature be an artifact of the local circulation
or systematic biases (e.g., due to man’s activity or instrumental
errors). On the other hand, MP93 show that the use of region-
ally or globally averaged data can lead to a cancelation of a
spatially evolving pattern. Since the spatial distribution of re-
cording stations is highly nonuniform over the Earth, working
with the spatial data set may also implicitly introduce poorly
quantifiable biases into the analysis. Carefully selected hydro-
logic records (streams, closed basin lakes) offer an opportunity
to use “natural” averaging of the climatic signal. However, they
may introduce artifacts (at the high-frequency range) that are
peculiar to drainage basin hydrology, and they also suffer from
nonstationarity induced by man’s activity. Here, we use a num-
ber of local hydroclimatic records as a check for the self-
consistency of the local/regional signal identified. Connections
between the signals identified here and large-scale atmospheric
circulation are explored further by Mann et al. [1995].

The Great Salt Lake and Data Used

Closed lakes occur in arid regions of the world, where there
is a delicate hydrologic balance between the long-term average
lake evaporation, precipitation, and runoff from the drainage
basin. The average lake evaporation rate (volume/(time X
area)) usually exceeds the average precipitation rate, and the
difference is balanced by basin runoff. The drainage basin of
the lake is topographically closed. The only outlet for water is
evaporation, which is determined by temperature, relative hu-
midity, lake area, wind, and salinity. Precipitation on the lake
and runoff (induced by precipitation in the drainage basin)
constitute lake inputs. Such lakes are of interest because (D
they are very sensitive to climatic variability, (2) their volumet-
ric fluctuation represents a natural space and time average of
regional climatic variability, and (3) they can highlight longer-
term fluctuations through a natural damping of high-frequency
components.

The GSL is the fourth largest (average surface area, 4350
km?), first or second saltiest (salt 15-28% by weight), and
shallowest (average depth 5 m) perennial closed lake in the
world. The large surface area and shallow depth make the lake
very sensitive to fluctuations in long-term evaporation and
precipitation. The topographic relief in the basin ranges from
the GSL elevation of 1280 m above mean sea level (MSL) to
3960 m above MSL. The principal mountain ranges as well as
the primary influent rivers are east of the lake. The drainage
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Figure 2. GSL annual volume and annual volume change

time series (1848-1991).

area of the lake is approximately 90,000 km?, of which approx-
imately 40% does not contribute flow to the lake except under
very wet conditions (e.g., 1983-1986). Low levels of the GSL
correspond to regional drought. High levels of the GSL in the
1980s led to extensive flooding and damage. A volumetric
record (Figure 2) from 1848-1992 developed by Sangoyomi
[1993] is used here. The variables analyzed are the monthly
and annual GSL average volume change. We choose the dif-
ferenced volume, rather than the volume itself, to allow an
easier comparison with the precipitation, temperature, and
streamflow records. While such differencing could introduce
noise at frequencies near the monthly sampling, it does not
significantly alter the attributes of low-frequency periodic
structure.

Monthly temperature and precipitation records [see Fan and
Duffy, 1993] for five sites (Silver Lake-Brighton (SLB),
Corinne, Ogden, Riverdale, and Snake Creek) in the GSL
drainage were analyzed. Most of the precipitation in the GSL
basin occurs in winter-spring. Precipitation increases with ele-
vation. SLB, the highest available long-term precipitation sta-
tion, is approximately at the elevation of the 700-mbar pressure
surface. The SLB precipitation should be well correlated with
precipitation-driven GSL fluctuations as well as larger-scale
atmospheric fluctuations. Most of the GSL evaporation takes
place in summer-fall. The summer diurnal temperature range
near the GSL is of the order of 16°-22°C, with highs around
35°-40°C. The lowest temperature recorded in the GSL basin
is —39°C, and the highest is 44°C for an extremal range of
83°C. Of the long-record stations available to us, the Corinne
(COR) record was perhaps the most relevant for summer tem-
perature-driven GSL fluctuations.

Three streamflow records (Table 1) were also analyzed.
These records are believed to be free of any significant effects
of reservoir regulation, diversion, or consumptive use [Slack et
al., 1992). Blacksmith Fork is near the northern extreme of the
GSL drainage, Weber River is in the middle, and Beaver River
is south of the GSL drainage. The sources of moisture for
Beaver River and Blacksmith Fork can be different depending
on the location and configuration of the winter jet stream.

Willert and Prohaska [1985] speculate that three major cir-
culation patterns influence the weather in the basin. These are
(1) a high-latitude (50°N), moderate jet stream, corresponding
to a dry climate; (2) a lower-latitude split jet stream, with a
primary storm track that borders the northern extreme of the
GSL drainage and a secondary storm track that borders the
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southern part of the drainage; and (3) a cellular blocking
pattern with large, alternating north and south strong jets and
a breakdown of the westerly flow. The split jet stream is very
active and corresponds to a rapid rise of the GSL. The cellular
blocking pattern leads to hot, dry summers and a falling GSL.

In their investigation of the relationship between North Pa-
cific atmospheric circulation and streamflow in the western
United States, Cayan and Peterson [1989] noted a strong asso-
ciation (correlation, 0.43) between positive Weber River
streamflow anomalies and a positive sea level pressure (SLP)
anomaly centered over the North Pacific with a negative SLP
anomaly locally. This implies a southerly displaced storm track
across the eastern North Pacific and into the west with in-
creased activity from Canadian and Alaskan storms that dip in
east of the Cascades. An anomalous northeasterly to south-
easterly flow with precipitation associated with a local trough
corresponds to this pattern. Enhanced winter precipitation is
accompanied by positive minimum daily temperature anoma-
lies. Cayan and Peterson [1989] found a positive association
between the Southern Oscillation index (SOI) (defined as the
difference between normalized SLP anomalies for Darwin and
Tahiti) and two indices of pressure anomalies over the North
Pacific, the Pacific North American (PNA) index (defined in
terms of 700-mbar height H, as PNA = H(170°W, 20°N) —
H(165°W, 45°N) + H(115°W, 58°N) — H(90°W, 30°N), and
the central North Pacific (CNP) index (defined as CNP equals
the average SLP over 35°-35°N and 170°E-150°W). These in-
dices reflect characteristic pressure systems that determine at-
mospheric flow and hence precipitation in the GSL area. The
SOTI has nearly periodic behavior [Keppenne and Ghil, 1992]
with high- (2-3 year) and low-frequency (4-7 year) bands
corresponding to ENSO, which is best understood as an inter-
nal self-sustained equatorial oscillation in the coupled ocean-
atmosphere system [see Philander, 1990]. Streamflow relates to
PNA and CNP, which are measures of the strength of the
winter Aleutian Low (see also Bamston and van den Dool
[1993], who identify the GSL area as one with a minimum in
interannual northern hemisphere 700-mbar height standard
deviation). One should thus expect some organized interan-
nual variability at least in the ENSO band for the hydroclimatic
variables in this area.

Spectral Analysis Methods

The limited length of instrumental records, the sensitivity of
the variable analyzed to local as well as global factors, the
intermittence of oscillatory patterns, and issues (see MP93)
related to the interpretation of space- and time-averaged data
make the identification of a coherent long-period signal diffi-
cult. Spectral analysis methods tailored to the identification of
coherent variability in specific frequency bands where the un-
derlying spectrum may have line (i.e., sharp peaks correspond-
ing to periodic behavior) as well as broadband (due to stochas-
tic, chaotic, or nearly periodic factors) features are needed.

We tested windowed periodograms, maximum entropy spec-
tral estimates (MESA), SSA, and MTM on a variety of syn-
thetic data sets with these factors in mind. Of these, MTM and
SSA were the most successful in terms of the criteria listed
above. Our goal here is to present evidence of low-frequency
climatic variability, rather than a comparative evaluation of
methods of spectral estimation. We shall limit ourselves to a
brief description of the relevant attributes of SSA and MTM.
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We use SSA to identify anharmonic oscillations, and MTM for
identification of peaks and frequency band structure.

Singular Spectral Analysis (SSA)

An excellent exposition of SSA, complete with guidance for
Interpretation of results, tests, and properties, is provided by
Vautard et al. [1992]. Recall that the traditional periodogram
constructs the spectrum as a Fourier decomposition of the
variance of the time series. This can be done equivalently
through appropriate Fourier transforms of the time series or
the autocovariance function. Likewise, the windowing or
smoothing operation can be done in the frequency, time, or
autocovariance domain. SSA Operates on the autocovariance
structure of the time series. It differs in using data-driven,
empirical, orthogonal basis functions, rather than Fourier (Le.,
sin or cos) basis functions for the decomposition. Ghil and Le
Treut [1981] discuss and model sawtooth-shaped variations in
the Quaternary climate record, which could be captured better
by SSA than the Fourier basis.

SSA considers the eigen decomposition (principal compo-
nent analysis, PCA) of the autocorrelation matrix of a time
series formed to some lag M. The resulting eigenvectors are
the basis functions. The corresponding eigenvalues indicate
the fraction of overall variance explained by an eigenvector,
and projections of the time series on to the eigenvector provide
a representation of that component of the time series. Eigen-
vectors with the same shape and nearly equal eigenvalues are
called oscillatory pairs and jointly represent the amplitude and
phase of a cyclic pattern. SSA can potentially resolve signal and
noise and works well in situations where there is a distinct
signal-noise separation. The data-driven basis functions can
potentially resolve the signal in terms of a smaller set of basis
functions than the Fourier basis. SSA can have problems iden-
tifying underlying signals if a long-memory stochastic process
constitutes the noise or if the underlying signals have periods
that are close, but long relative to reasonable choices of the
windowing parameter (lag M). Its strength is the recovery of
dominant, arbitrarily shaped, data adaptive recurrent patterns
from a finite sample, and their corresponding time history. A
decomposition of the time series into orthogonal variance
components and their associated time patterns is provided.
Thus one can identify the timing and amplitude of oscillations,
as well as the nature of trends. The statistical machinery asso-
ciated with PCA is readily invoked by SSA. A synopsis of the
algorithm (based on Vautard et al. [1992]) for a scalar time
series follows. While some results are referenced in this sec-
tion, they are formally discussed later.

Toeplitz matrix. Given a time series {x,i=1,--- n},
translated to have zero expectation, and rescaled to unit stan-
dard deviation, form the Toeplitz matrix T,, with element t; =
c(k), where k = |i — jl, k = 0,-+-, M - 1, and c(k) =
(1/(n = k)) 72F xx, ., is an estimate of the lag k& covari-
ance. Here the dimension of T, is M X M, and M has the role
of a smoothing window. The longest period recoverable is thus
M. Vautard et al. [1992] recommend M = n/3 for stability of
the computed ¢ (k). They also suggest that SSA is successful in
analyzing periods in the range (M/5, M). The spectral reso-
lution is 1/M since the frequencies that can be resolved are 1,
V2o 1k, - 1/M. As M decreases, neighboring peaks
in the spectrum may coalesce, while as M increases, a peak may
split into components at adjacent frequencies (the Gibbs ef-
fect). Varying M over a coarse grid during the analysis is
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Figure 3. Eigenvalue spectra from SSA for selected sites,

The window length M = 23 years unless noted otherwise. The
three horizontal lines (0.02, 0.033, 0.04) correspond to the
average eigenvalues for (WRO, SLB), COR-T, and GSL, re-
spectively. Only the first 15 eigenvectors are shown in each
case. Note the near equality of some pairs of leading eigenval-
ues (especially GSL). Typically, these pairs correspond to eig-
envectors that are periodic and in quadrature as shown in
Figure 4. Such a relation was not clear-cut for COR-T, where
the first four eigenvalues are nearly equal and only the first and
fourth eigenvector look “similar.”

consequently desirable to screen out spurious frequencies and
to focus on signals in different frequency bands.

Eigen decomposition. An eigen decomposition of T, yields
a decomposition of the total variance into components in a
manner analogous to Fourier analysis:

T, = ETAE (1)

where A is a diagonal matrix of eigenvalues (generally positive)
sorted in descending order and E is a corresponding matrix of
eigenvectors such that E’E = [,

Each eigenvector e, of length M represents a data pattern, or
empirical orthogonal basis function. The corresponding eigen-
value A; provides a measure of the variance associated with this
pattern. The leading eigenvectors consequently provide infor-
mation on the dominant patterns in the data. All eigenvalues
for a white noise series are equal in expectation. A plot of A,
versus { is termed an SSA eigenspectrum (see Figure 3 for
some of our data sets). Eigenvectors i and / + 1 are termed an
oscillatory pair if A, ~ A,_,, and the coefficients e; and ¢/ *!
exhibit a similar temporal pattern forj =1, -, M. Preisen-
dorfer [1988, p. 247] reports that standard deviation JA, of A, is
asymptotically A,(2/n)"2. Thus if (A, — A,.,) is of the same
size or smaller than 3A,, the eigenvalues may be considered to
be equal. One can think of this oscillatory pair (see Figure 4 for
an example) as a sine and cosine pair that carries the frequency
and phase information. Energetic intermittent oscillations with
lifetime less than the window length can be identified through
the eigencoefficient partern.

A number of strategies for selecting the “statistically signif-
icant” eigenvectors for PCA are described by Preisendorfer
(1988]. These are applicable here as well. GV, Vautard et al.
(1992], and Allen and Smith (1994] review some of these tech-
niques as well as Monte Carlo strategies for testing for signif-
icance against white and red noise. For the results presented
here, we (1) considered only the first eight eigenvectors in any
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Figure 4. Eigenvectors 1-4 for annual GSL 4. Each set is
seen to form an oscillatory pair (near 11 years for eigenvectors
1 and 2 and near 15 years for eigenvectors 3 and 4). Not all
eigenvectors whose eigenvalues are nearly equal are so obvi-
ously in quadrature.

case, (2) dropped eigenvectors if the corresponding eigenvalue
dropped below 1/M, and (3) considered paired eigenvectors
only as described above, where the patterns were distinct,
meaningful, and similar. Finally, in line with the recommenda-
tions of Allen and Smith [1994], we satisfied ourselves that our
choices were conservative relative to those from the signifi-
cance criteria against a red noise hypothesis (using a modifi-
cation of rule N, described by Preisendorfer [1988, pp. 199—
206], based on a Monte Carlo analysis of Gaussian data, with
consideration of serial correlation). Coherent patterns that
have low contribution to the time series variance are thus
missed. Our primary purpose for using SSA was to identify
prominent recurrent patterns and their time projection, with a
view to comparing the leading patterns in local precipitation,
temperature, and the GSL. Formal significance testing of
peaks was done as part of the MTM procedure.

Principal components. The principal components (PCs) of
T, are defined as

A= XF (2)

where the matrix X is the (n — M + 1) X M matrix formed
by augmenting the time series by (M — 1) lagged copies of
itself and A is an (n — M + 1) X M matrix of projections of
X onto the space formed by the eigenvectors E. Each PC a;,
j = 1,--+, M, can be considered as a different weighted
moving average or a filtered representation of length (n — M
+ 1) of the process x.

Reconstructed components. Noting that PCs are of length
less than the time series, that a unique expansion of the signal
in terms of the PCs is not possible, and that one is interested
in seeing what the time series x; looks like as filtered by a
subset of the eigenvectors (e.g., an oscillatory pair), Vautard et

LALL AND MANN: THE GREAT SALT LAKE AND CLIMATIC VARIABILITY

al. [1992] define reconstructed components (RCs). Consider a
partition Ex of E that contains the X eigenvectors that we wish
to retain. The K could include the indices of one or more
oscillatory pairs, or simply a particular eigenvector. The cor-
responding partition of A is A,. Now define the vector ry of
length n as the time series reconstructed from the original time
series x, corresponding to these K eigenvectors. Also define Ry
as an augmented matrix of r, formed in the same way as X was
formed from x. Now the reconstructed component ry is ob-
tained as the vector for which the matrix R, is closest in a least
squares sense to the projection of X onto Eg. Vautard et al.
[1992] report the solution as

1 M
rK‘!':HE zaf—fe,:‘ Mils.n_‘w+l (33}
j=1 kekK
e
;-KJ..:I—_Z Ea:‘ﬂg;‘ l=i=M-1 (3b)
j=1 kek
1 M
SR 2 X €9

J=i—n+M kekK
n—M+2=i=n

Note that (3a) corresponds to the interior and (3b) and (3c)
to the boundary regions. Recall that the standard PCA recon-
struction formula given the eigen decomposition is X = AET.
The Vautard et al. {1992] solution for RCs is obtained from the
reconstruction X, (using Ax and E;), by recognizing (1) that
the matrix element x4 (i, j), forj > 1, is really supposed to be
an estimate of x,.;_,, (2) that there are now up to M such
estimates of each x;, and (3) that the “optimal” solution is the
simple average of these estimates for each time index i.

The RCs represent a data adaptive linear filter of the orig-
inal data. There is no phase shift between x and ry for oscil-
latory pairs. The original time series may be recovered exactly
by adding up the M RCs. Say that K represents the indices of
an oscillatory pair identified above (“‘eigen decomposition”
subsection). Then ry represents the optimal projection of the
time series onto that oscillatory pair; i.e., it shows what that
component pattern looked like over time. Time plots of rg
(le., rg,; versus i, i = 1,---, n) are useful for identifying
whether the oscillation was intermittent or continuous and
determining its amplitude variations and regularity. Examples
of such reconstructions are presented in Figures 5 and 6.

Multitaper Method of Spectral Analysis (MTM)

Thomson [1982] provides the following motivation for the
MTM algorithm. He points out that (1) the classical perio-
dogram is an inconsistent estimator of the spectrum; (2) with-
out a taper window it may be too biased to be useful; (3) usual
tapers can reduce variance efficiency; (4) smoothing the perio-
dogram is unsatisfactory for spectra with large range and line
and broadband components, since the true spectrum is not
smooth; and (5) since the periodogram-based spectral estima-
tor does not directly use phase information, line detection is
poor. He sets his sights on developing an estimator (MTM)
that (1) is consistent, (2) has good small-sample performance
in terms of variance efficiency, (3) is data adaptive, (4) is
nonparametric, i.e., locally approximates the spectrum using
information only from neighboring frequencies, (5) works well
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with spectra with a high dynamic range, (6). is computationally
casy, and (7) has statistics that can be estimated so that signif-
icance tests for line components and coherence can be pro-
vided: We outline the aspects of the MTM algorithm relevant
t0 our presentation and refer the reader to Thomson [1982]
and Percival and Walden (1993, chap. 7] for details.

The finite discrete Fourier transform (DFT) of the data,
x(0), «--, x(e), -+, x(n - 1Dis given by

Y2 esB- bz (4)

=0

For a finite data set, the DFT is related to the spectrum as

vz gip nw(f - v) 12 :
y(f) = le ma{Z(U) = J’.—]_p Gln, f, v) dZ(v)
: (3)
where the spectrum S(f) is defined through {S(f) df =
E[ldZ(f)|*]}, where E[ ] denotes expectation.

Note that the periodogram estimate S,(f) is simply
(f)I?, whose properties will not correspond to those of
S(f), since the term G(n, f; v) in (5) poorly approximates a
Dirac delta function. This term is a consequence of a rectan-
gular window of width n placed on the underlying process.
Given the estimate y(f), one can seek a solution for dZ( f,)
in (5) in some locale ( f, —~ W, f, + W) of a frequency f,,. This
is an inverse problem parameterized by G(n, f, v). Thomson
pursues a least squares solution by considering a weighted
eigenfunction expansion in this locale and then an appropriate
combination of the resulting estimates. Consider the K term
(k =0,--+, K — 1) eigenfunction expansion:

Aeln, W)Ui(n, W; £) =f Gn, f, )U(n, W; v) dv  (6)

where Uy (n, W; f) is the kth eigenfunction centered at f, with
window width W, and A,(n, W) is the corresponding eigen-
value. . )

The eigenfunctions (called discrete prolate spheroidal wave
functions) are ordered by decreasing eigenvalue, with the first
nW eigenvalues close to 1. Consequently, of all functions that
are DFTs of some discrete sequence, these leading eigenfunc-
tions have a maximum energy concentration in the interval
(fo = W, fo + W). This implies that the tapers are leakage
resistant. The window width W is 0 < W < % and is usually
of order 1/ to retain high resolution of the resulting estimate.
The idea here is that if the K term approximation in (6) is
“good,” then a good solution to the estimation of SEh)s
available. Thomson derives such a solution by first considering
K spectral estimates corresponding to each of the eigenfunc-
tions and then combining them using an optimality criterion
derived from estimates of the mean square error of estimate of
the spectrum in the locale of interest. The K eigenspectra
Se(f), kb =0,:-+, K = 1, are defined through

n=1

vl f) = Z x(r) v‘—k(-z;—m g ~i2U=(n=112) (7

S{F) =l HIF (8)

where e, is 1 for k even, and  for k& odd: and v,_k(n', W), the
kth discrete prolate spheroidal sequence (DPSS), is defined
such that its Fourier transform gives U, (n, W; f = f,).

SSA Reconstruction of GSL 3V using 11 and 15 year cycles

(1848-1991) m=50
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Figure 5. Reconstruction (solid curve) of annual GSL 3V
time series (dotted curve) using the 11- and 15-year cycles
shown in Figure 4. Nearly 33% of the variance is accounted for.
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Figure 6.: Comparison of 15-year reconstructed component
pair (RCP) of annual GSL 3V, SLB-P, COR-T, and BFH. To
ease plotting, each RCP is standardized by removing its mean
and dividing by its standard deviation. In each case the full
record described in Table 1 was used. Results are plotted only
for the overlapping time period. Each RCP has an approxi-
mately 14-15 year period. Note how the GSL and precipitation
(SLB-P) are nearly coherent throughout, while the tempera-
ture (COR-T) signal is nearly in phase with the other two to
begin with and then drifts completely out of phase around
1950. The COR-T eigenvectors corresponding to this RCP
were not as clearly periodic as the others; and this RCP may
represent a mixture of two nearby interdecadal frequencies,
resulting in a “frequency” drift. The streamflow BFH is also
coherent with GSL and SLB-P. Evidence of a phase drift be-
tween GSL and BFH in the 1960-1989 period is also evident.
However, this drift may be due to the estimated periods’ being
slightly different. The maximum correlation of GSL aV with
SLB-P is 0.76 at lag 0, with COR-T is —0.1 at lag 1, and with
BFHis0.71 ata lag of -2 years. SLB-P and COR-T have a lag
0 correlation of —0.29.
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The MTM estimate is obtained as
K-1

Su(f) = 2 wdl £)Su(f) (9)
y k=0
and w,(f) is a weight associated with the kth eigenspectrum
estimate at frequency f.

The windows U, () are positive everywhere, and hence the
problem of getting negative estimates of S( f) resulting from
traditional higher-order spectral windows is averted. The com-
bined estimate from K orthogonal tapers also circumvents the
loss of resolution and variance efficiency problems endemic to
periodograms smoothed with a single taper. The orthogonality
of the eigenfunctions leads the S, to be approximately uncor-
related. MTM recovers information lost by using a single taper
and by ignoring the phase information in the periodogram. A
number of strategies for choosing the weights w,(f) at each
frequency f are indicated by Thomson. These include a simple
average, weiglits proportional to the eigenvalues A, and a fully
data adaptive and recursive procedure that internally estimates
the bias and variance of the local estimate. We used the last
two strategies in our work. The latter allows improved separa-
tion of the line and broadband spectral components. We refer the
reader to Thomson for details of the DPSS and the w, and discuss
the choice of Wand K, the user-selected parameters of the model.

The half bandwidth W is usually specified in terms of the
Rayleigh frequency fr = (nAt) ™", where At is the sampling
frequency, as pfr, where p is usually a small integer. The
corresponding DPSS is.called a pr taper. The corresponding
spectral estimate averages in the frequency band f = pf,. For
example, a 27 taper for a 100-year annual data set would
average over f = 0.02 cycles/year. Note that this would cor-
respond to periods of 1.92-2.08 years for a band centered at
f = 0.5, and 14.28-33.33 years for a band centered atf =
0.05. We see from this example that it is desirable to use a
small value of p to get higher resolution in the low-frequency
range. On the other hand, a small value of p can lead to peak
splitting in the high-frequency range. Comparing estimates ob-
tained by varying p over a small range is consequently de-
sirable. As K increases, the variance of S,, decreases; how-
ever, the bias can increase owing to increased smoothing. S,
is distributed as y3, rather than as 2 for the periodogram,
and the increased degrees of freedom correspond to re-
duced variance. The first (2p — 1) tapers are leakage resis-
tant, so K is usually taken to be 2p — 1. As p increases, the
number of leakage resistant tapers increases. Note that as n
increases, one can increase p while retaining the same spec-
tral resolution. The estimate S,,(f) is unbiased, but its local
features (amplitude) will depend on p and K. Consequently,
it is desirable to also look at a significance test for line
components based on the ratio of variance explained by a
peak at f, to unexplained variance in a band centered at f,,.

Thomson shows that an F variance ratio test with 2 and
2K — 2 degrees of freedom can be constructed for significance
of line components through the statistic F{ f):

K=1

(K = DIp(f)? 2 Uiln, W; 0)?

k=0

F(f) = (10)

K=1

> b(f) = w(f)Usn, W; 0)

k=0

2

where
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K-1

> Ud0)yi( f)
k=0

w(f) = (11)

K-1

> UX(0)

k=0

Vautard et al. [1992] point out that the maxima of S,,(f)
and F( f') do not always coincide and suggest using the maxima
of F(f) for peak identification. We examined S,,(f) for the
different time series analyzed to identify any clear-cut bands
with high values of §,,(f). Then we assessed the total power
(integral of §,,(f)) in each such band and ranked the impor-
tance of each such band for each time series. Finally, we ex-
amined F(f) to identify any peaks that passed the 99% sig-
nificance test in each time series.

The coherence C( f) across two time seriesx{*), r = 0, - - -,
n=1,andx® ¢t =0,---, n — 1, is estimated as

K=1
> YY)
C(f) =

(k=1

K-1
2 WS Z PP
k=0 {

j=0

where an asterisk represents a complex conjugate. A confi-
dence test [see Brillinger, 1981] similar to the F variance ratio
test is used to test for the significance of the coherence ampli-
tude. .. ; : .

Our experience with synthetic data suggested that the MTM
procedures were very reliable and were not as sensitive to
signal to noise ratio or to the memory in the broadband noise
process as SSA or MESA or periodogram estimates. We did
not see a need to prefilter the data via SSA and then apply
MTM, as done by Vautard et al. [1992]. The reader may have
noted that SSA uses an eigenexpansion of the autocovariance
function, while MTM does something similar in the frequency
domain. Consequently, SSA may be more useful for showing
time patterns. MTM is generally superior for identifying phase
coherent frequency structure. One could subject the SSA RCs
to frequency analysis by MTM or use the MTM estimates in
the frequency domain to band pass the time series at desired
frequencies. We prefer to examine the SSA time optimal de-
compositions and the MTM frequency optimal decomposition
independently and seek consistency across the analyses. Con-
firmation of “patterns” by independent analyses by different
methods and across data sets is in our view more valuable than
statistical confidence limits for a single analysis of a particular
data set. A comparative discussion of the two methods is of-
fered by Thomson [1982] and Vautard er al. [1992).

Spectral Analysis Results

For brevity we shall focus on the main points through an
examination of some key spectra and through the summary of
the individual time series analyses presented in Table 2. After
a preliminary screening of the spectral output, it was clear that
one could designate bands in which there was power. The
bands are larger in the time domain near the lower frequencies
recognizing the increasing effect of the fixed averaging window
in frequency space. The approximate spectral power in each
band was ranked for each time series, and any spectral peak in
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Table 2. Results From Spectral Analysis

Period !
: Total Percent
Data Set 2-3 years 3-5 years 5-8 years 8-10 years  10-12 years 12-25 years Longer Variance

MTM Results
GSL M' 7(2,23,26)  4(32,35,5) 6(6) 5 2(12) 1(20) 2
SNC-P M? 2(2.8) 4 (4.6) 1(7) 3(=20)
SLB-P M? 1(23,2.7) 2(3.3, 4.6) 3(7) 4 5(21, 14)
RIV-P M? 2(28) 3(3.6, 4.9) 5(7) 5 5 (10) 3 1
OGD-P M? 1(2,23) 2(3.9,53) 4(6) 3(12) 5(14.8) 2
COR-P M? 3(2.3) 1(33,38,47) 4 5(9.8) 6 2
SNC-T M? 4(22, 2.6) 1 (4.6) 5(6.8, 7.7) 2(16) 3
COR-T M2 3(2.5) 2(3.1,4,48) 3(6.7) 1(17.3)
RIV-T M? 4(22,27) 2(3.3,4.7) 1(10) 3(17, 24)
BRB M? 3(24,238) 1(3.2,4.2) 5(9) 2(21) 4
WRO M? 5(22,2.7) 3(3.3, 3.6) 2(5.8) 1(12) 4(25)
BFH M? 6(2.3,2.8) 5(3.3, 4.8) 4(57,7) 3 1(21) 2
S5A Results
GSL §(23) 9% (4.5) 24% (8-9)  21% (12) 54%
GSL S(50) 14% (8-9)  17% (11) 16% (15) 5% (35) 59%
SLB-P S(25) 8% (3) 18% (14) 26%
COR-T S(30) 12% (4) 16% (6) 16% (15) 44%
BRB 3(25) 29% (5, 4) 15% (14) 449
WRO S(25) 22% (4, 5) 149 (7.5) 15% (18) 51%
BFH $(25) 17% (7) 21% (13-14) 38%

Data sets referring to precipitation records end in “-P”; those referting to temperature records end in “-T.” M! denotes data sets based on
MTM with six 47 and three 27 tapers; M? denotes data sets based on MTM with three 27 and two 1w tapers. For MTM the entries for each
band represent rank of spectral power for the band: the values in parentheses are the peaks that were significant from an F test at 99%. The rank

is based on the integral of the spectrum over the band. The band with

the most power is ranked 1. The data sets marked with an S () denote

SSA results for a value of M given in parentheses. For SSA the variance given is for an oscillatory pair, followed by the indicated period in
parentheses. All SSA were computed with annual values, and all MTM with monthly values, GSL is differenced; others are not. The wiridow M
in SSA is chosen toward 7/3 to (1) better resolve low frequencies and (2) reduce the effect of leakage of high power from the Nyquist frequency
(in this case 2 years), SSA is expected to resoive periods in the range [M/5, M].

that band that met the F variance ratio test for significance at
the 0.99 level for MTM was also recorded. For a confident
interpretation of a periodic signal, it is desirable to have sizable
power as well as a significant F test. Features that are resistant
to the indicated variations in MTM parameters are reported in
Table 2. We summarize results for the GSL, all precipitation
series, all temperature series, and then all streamflow series. In
each subset, sites are arranged from south to north. The SSA
results report the fractional variance explained by the oscilla-
tory pairs of eigenvectors and the corresponding period of the
variation. Only the readily interpretable eigenvectors, with
dominant eigenvalues, are used. The last column for the SSA
results gives the total variance explained by the selected eig-
envectors,

Representative MTM spectra for each hydroclimatic process
are presented in Figures 7-10. MTM estimates of coherence
across selected time series are presented in Figures 11-13.

We offer the following observations:

1. There is significant power in these series at selected
bands. There are also clear gaps in the spectrum at some
frequency bands (e.g., 810 years). Such features are generally
consistent across sites for the same type of series, in particular
for sites at similar elevation and latitude. _

2. Coherent cyclic activity with periods around 2.2, 2.6, 2.8,
3.3,3.6,3.9,45,5,6,7, 10, 14,17, and 21 years shows up in the
MTM analysis of virtually all the series. These cycles are con-
sistent with the summary presented in our motivational sec-
tion. These frequencies are best interpreted as representing
activity in the bands shown in Table 2. Support for the 14- to
15-year cycle and the lower-frequency end of the ENSO band
also comes from the SSA analysis of each time series. We
report fewer cycles from SSA because we were rather deliber-

ate about excluding eigenvectors with low variance even if they
showed coherent patterns. iy
3. A sttall set of low-frequency recurrent patterns explains
a relatively large fraction of the observed variability for some
time series. As an example, see Figure 5 for a reconstruction of
the GSL series using only the 11- and 15-year cycles that
account for 33% of the variance in the series. It is worth noting
that significant modes of spatiotemporal variance in global
surface temperature are observed on each of these timescales
in MP94. GV report 15- and 20-year cycles in global average
temperature, while MP94 identify a broader-band 16- to 20-
year oscillation in gridded surface temperature records. _
4. The relative amplitude of these cycles varies across the
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Figure 7. Normalized MTM spectrum of GSL monthly vol-
ume change (using six 4 tapers).



Silver Lake-Brighton Precipitation (1916-1989)
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Figure 8. Normalized MTM spectrum of SLB precipitation
(using three 2 tapers).

series, with the GSL series favoring the lower frequencies as
expected. A closer examination of these series (e.g., Figure 6)
reveals that the amplitude of each cycle is variable over each
record as well. :

5. The MTM spectra for precipitation and temperature
data from Corinne, Ogden, and Riverdale (only Corinne is
shown here) are very similar, reflecting the proximity of these
sites to each other and the consistency of the local signal.

6. The frequencies identified by SSA and MTM for a given
time series are usually similar, but not identical. The frequency
bands identified are consistent. MTM peaks appear to pick the
“middle” period range of the broader-band SSA. There is also
consistency across time series for a given method. The differ-
ences by method are likely due to differences in the windowing/
smoothing parameters used and also arise because SSA is time
optimal and MTM frequency optimal. The different values of
M used for SSA isolate somewhat different frequency bands.
Qur selections for Table 2 in both cases were quite restrictive.
Relaxing the criteria leads to more commonality in the signals
identified here, as well as additional frequencies.

A graphical depiction of the relationship between long-term
precipitation, temperature, and GSL variability is offered in
Figure 6, which shows the projections of the respective time
series on the near 15-year oscillatory pair identified by SSA. It
is encouraging that independent analyses of these time series
show a very similar pattern. Note the close correspondence

Corinne UT Temperature (1902-1989)
41°33'N 112°07'W Elev. 1289 m.
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Figure 9. Normalized MTM spectrum of COR temperature
{using three 27 tapers).
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Weber River nr Qakley (1915-88)
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Figure 10. Normalized MTM spectrum of WRO (three 27

tapers).

between the time pattern of the 15-year cycle in precipitation
and annual GSL 4V. In the early part of the record, the
temperature signal appears to be in phase with the precipita-
tion and annual GSL 8V. However, in the 1950s the precipi-
tation cycle has near-zero amplitude, and the temperature
signal loses its phase completely. Similarly, the BFH stream-
flow RC, which follows the GSL RC closely in the early part of
the record, seems to drift in phase in the latter 20 years. This
is reminiscent of our earlier discussion regarding the attributes
of a nonlinear system. At the end of the time series, we have
negative temperature anomalies for this cycle coinciding with
positive anomalies in precipitation and annual GSL ¢¥. What
is the explanation for coincident positive anomalies in all series
that we see in the earlier part of the record? Recall that the
SSA analysis was performed with annual data. Seasonal effects
are consequently masked. A warmer winter may very well be
associated with increased sensible heat and moisture fluxes
associated with a southwesterly flow. On the other hand, a
milder summer would clearly correspond to a positive lake
anomaly. We suspect that the two conditions correspond to
persistent large-scale circulation regimes that were set up pref-
erentially during these periods. Of course, these arguments
presume that the low-frequency temperature forcing is impor-
tant for GSL aV, at least on the decadal timescale.

From Figure 5 we see that the combined 11- and 15-year

Coherence between GSL 3V and SLB Precip.
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Figure 11. MTM coherence (solid curve) and phase (dotted
curve) between monthly GSL 4V and SLB-P, using three 27
tapers. The dashed horizontal lines are the 90%, 95%, and
99% confidence limits for coherence.




EPTETRRNCL TR R

TaA

LALL AND MANN: THE GREAT SALT LAKE AND CLIMATIC VARIABILITY 2513

patterns appear to be visually convincing as appropriate mov-
ing averages or low-frequency filters for the data. Here it is
worth reiterating the point of accounting for such variability in
hydroclimatic models and data interpretation.

Let us examine our representative MTM spectra. Compar-
ing Figures 7 and 8, the GSL Spectrum appears to be a filtered
version of the SLB precipitation spectrum, with the higher
frequencies attenuated. Mechanistically, this is precisely what
we expect. The transfer function of such a filter is not esti-
mated here. We can also see qualitative similarities between
the SLB precipitation and the COR temperature spectrum.
The Weber River (Figure 10) spectrum is also similar with a bit
more lower-frequency character than the precipitation or tem-
perature, but not as clearly as for the monthly GSL 4V,
Streamflow and lake volume change are similar processes.
However, the WRO gauge samples a much smaller fraction of
the basin than the GSL and will thus represent a smaller
amount of time and space averaging. Some of the differences in
these spectra may be accounted for by noting that the GSL
record is considerably longer, leading to a better ability to
resolve lower frequencies.

Is the GSL essentially mirroring large-scale climatic variabil-
ity, or is it showing interesting basin dynamics? Can we quan-
tify the role of precipitation and temperature in the long-term
evolution of the GSL? We have presented some discussion of
this issue in reference to Figure 6. At this point we shall focus
on coherence between the GSL, precipitation, temperature,
and streamflow at low frequencies (<0.25 cycles/yr). From
Figure 11 we see that there is very high coherence between
SLB precipitation and GSL 4V at virtually all frequencies
(gaps correspond to spectral gaps in each series). [nterestingly,
the coherence increases with decreasing frequency and with a
small phase lag. This suggests that low-frequency precipitation
variability largely drives the GSL. From Figure 12 we observe
that coherence between COR temperature and monthly GSL
V" is high for three frequency bands (>40 years ot secular,
=10 years or decadal, ~3 years or interannual). It is worth
noting that these are precisely the three low-frequency bands
where consistent climate signals impacting on the United
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Figure 12. MTM coherence (solid curve) and phase (dotted
curve) between GSL 31 and COR-T, using three 27 tapers.
The dashed horizontal lines are the 90%, 95%, and 99% con-
fidence limits for coherence amplitude. Note that phase lags of
130° and —180° are the same, and switching between them may
not be significant. The phase difference at 0.01 < f < 0.05
has temperature leading GSL.
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Figure 13. MTM coherence (solid curve) and phase (dotted
curve) between SLB-P and COR-T, using three 2 tapers. The
dashed horizontal lines are the 90%, 95%, and 99% confidence
limits for coherence amplitude. Note that phase lags of 180°
and —180° are the same, and switching between them may not
be significant. The phase difference at 0.01 < f < 0.05 has
temperature leading SLB-P, as was the case with GSL.

States are noted through a spatiotemporal analysis of global
surface temperatures and North American surface sea level
pressures [Mann et al., 1995]. Temperature is nearly 180° out of
phase with the GSL 9. Recall that the COR-T MTM spec-
trum does not show much power at the 10-year period. A weak
(in terms of variance) 10-year pattern in temperature never-
theless appears to be coherent with the 10-year GSL variabil-
ity. From Table 2 we see that the COR-P precipitation does
show a peak (which passes the F test) near 10 years in the
MTM spectrum. The story is confirmed in Figure 13, where
COR-T and SLB-P show a similar relationship to COR-T and
monthly GSL 8¥. Given the analyses of global and U.S. data
reported by Mann et al. [1995] and the results in Table 2 and
Figures 11-13, we believe that the lake is largely precipitation
driven, with temperature forcing important at a few selected
frequencies. The temperature signals are consistent with the
precipitation signals. A consistent climatic signal driving the
long-term evolution of the GSL is thus apparent.

A better understanding of the mechanisms responsible for
this low-frequency climate variability is important for im-
proved management of regional, anomalous wet periods and
droughts and the rise and fall of the GSL. Work on linking
these analyses with analyses of large-scale atmospheric circu-
lation is reported by Mann er al. [1995]. Explanations for the
apparent phase lag at low frequencies between temperature,
precipitation, and GSL (Figures 12 and 13) are developed by
Mann et al. [1995] in terms of the large-scale circulation. How-
ever, it is clear that the near 0° phase lag between SLB-P and
monthly GSL 4V, together with statistically significant coher-
ence at some frequencies, is consistent with precipitative forc-
ing of the GSL. Likewise, a 180° phase and significant coher-
ence between monthly GSL 4V and COR-T at certain
frequencies may imply temperature forcing of GSL evapora-
tion. The relationship with precipitation is present over a much
larger fraction of the frequency range than the one between
temperature and the GSL. Precipitative forcing may conse-
quently account for far more of the low-frequency variability,
and some of this variability appears (o have periodic or quasi-
periodic structure.
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Conclusions

We find consistent evidence for structured low-frequency
variability from an analysis of a number of hydroclimatic time
series in the Great Salt Lake basin. The implications of such a
finding were stressed earlier. Given the richness of the behav-
lor seen, it is hard to accept simple explanations of external
forcing at 11- and 18.6-year periods corresponding to the sun-
spot or lunar tide cycles, as advanced by some researchers (e.g.,
Willett and Prohaska, and Currie and O’Brien).

We also looked for seasonal attributes of the low-frequency
variations. The main conclusions were that the larger variance
of winter tends to weight things more, so that the modes are
primarily a reflection of winter season variability. The quasi-
decadal and secular signals have a similar character based on
separate analyses of cold (OCT-MAR) and warm (APR-SEP)
seasons. Other signals (e.g., ENSO) seemed to have a stronger
seasonal character to them. The most important point is that
the relevant peaks in the spectra for the quasi-decadal and
secular signals were independent of the warm/cold seasonality,
and the weighting of cold season variance is appropriate given
the seasonality of precipitation in the GSL region.

The climatic behavior observed seems more consistent with
the signature of a nonlinear dynamical system as discussed
carlier: general broadband structure, with preferred frequency
bands; with a variety of harmonics with power in a finite
record; with lower frequencies being more important; with
phase degeneracy of some signals; with amplitude of the har-
monic variable dependent on position in the cycle: and with the
hint of persistent low-frequency regimes marked by different
joint characteristics of precipitation and temperature. Of
course, this is a speculative argument, and in this manuscript
we report no evidence of formal tests of nonlinearity (e.g.,
higher-order spectra or dimensionality or predictability). How-
ever, such evidence is presented in the work by Sangoyomi
[1993] for the GSL time series.

The suggestion that low-frequency behavior accounts for a
large part of the GSL variability and that this low-frequency
signature is closely coupled to precipitation and temperature
variability is also interesting. Recall that SLB, our index pre-
cipitation station, is a high-elevation station and is believed to
be minimally affected by local factors such as lake effect pre-
cipitation. The high coherence between SLB-P and GSL ¢V at
interannual and interdecadal periods has directed our efforts
into seeking an understanding of the large-scale atmospheric
circulation and its relation to low-frequency local precipitation
and temperature variability [see Mann et al., 1995]. Preliminary
analyses suggest strong coherence between decadal and secular
variations in spatial pressure and temperature fields and the
GSL. This gives us hope that we can develop a cogent expla-
nation for long-term GSL variability in terms of recurrent
regimes that can be described for atmospheric circulation.
Mechanistic investigations to develop a physical explanation
for the observed low-frequency hydroclimatic variability
should be fruitful and are being pursued.
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