The Great Salt Lake: A Barometer of Low Frequency Climatic VariabilityUpmanu Lall1, and Michael Mann2 Low frequency (interannual or longer period) climatic variability is of interest because of itssignificance for the understanding and prediction of protracted climatic anomalies. Closed basinlakes are sensitive to long term climatic fluctuations and integrate out high frequency variability. Itis thus natural to examine the records of such lakes to better understand long term climatedynamics. Here we use Singular Spectral Analysis (SSA) and Multi-Taper Spectral Analysis(MTM) to analyze the time series of Great Salt Lake (GSL) monthly volume change from 1848-1992, and monthly precipitation, temperature and streamflow for nearby stations with 74 or moreyears of data. This analysis reveals high fractional variance in 15-18, 10-12, 3-7 and 2 yearfrequency bands, which seem to be consistent across time series. The putative decadal andinterdecadal signals appear to be related to large scale climate signals. The interannual signals areconsistent with El Ni�o Southern Oscillation and quasi-biennial variability. Prospects for improvedprediction of the GSL volume and of protracted wet/dry periods in the Western United States arediscussed. 1Utah Water Research Laboratory, Utah State University, UMC82, Logan UT 84322-82002Department of Geology and Geophysics, Yale University, P.O. Box 208109, New Haven CT 06520-8109

IntroductionOur fascination with climatic cycles goes back as far as recorded history. Almost everypossible periodicity between 2 and 200 years has been observed with some certainty (Burroughs,1992, p. 60). Burroughs also observes that "the history of meteorology is littered with thewhitened 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 reappearlater. The existence and understanding of all but the diurnal and the annual cycle is polemical.The search for hidden order is one of science’s aspirations. Moreover, given the socio-eco-geo-political implications of successful long term climatic forecasts, interest in the identificationand explanation of recurrent climatic patterns is natural. Recently (see Diaz and Pulwarty (1994),Mann and Park (1993, 1994) (hereafter, MP93, MP94), Houghton and Tourre (1992), Currie andO’Brien (1992), Ghil and Vautard (1991) (hereafter, GV), Dettinger and Ghil (1991), Trenberth(1990), and Levitus (1989)) interest has focused on the possibility of decadal/interdecadal climaticvariability that may be due to internal (e.g., ocean-atmosphere interaction) or external (e.g.,sunspot cycles or lunar tides) factors. Indeed, GV and MP94 argue that a large part of the recentglobal warming may be explained as the superposition of distinct quasiperiodic climatic patternswith 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 waterquality trends) and utility of hydro-climatic records. Traditional hydrologic models formulated atmonthly or annual time scales assume stationarity of the statistics of the underlying process.Interannual structure in these time series invalidates such assumptions. The identification ofcoherent, low frequency patterns is also relevant to interpretation of long range persistence or theHurst effect.

A purpose of the work presented here is to develop an empirical understanding of the role ofclimatic variability in the dynamics of the Great Salt Lake (GSL) of Utah - a closed lake in the aridWestern U.S.A. Our findings are also directly relevant to the ongoing debate on interdecadalclimatic variability. A long record (1848-1992) was available. The GSL "samples" precipitation inthe Great Basin, an area where most of the precipitation occurs at high elevations and runoff islargely from snow melt. Worldwide, very few long record, high elevation, precipitation gages areavailable. Barnston and van den Dool (1993) suggest that regions with low interannual variance inatmospheric circulation are favorable sites for studying low frequency climatic behavior. In theiranalysis of 700 mb atmospheric pressure surface data, the GSL basin is such a region. Insightsfrom spectral analyses using "modern" methods such as Singular Spectral Analysis (SSA)(Vautard et al (1992)), and the Multi-taper spectral analysis method (MTM) (Thomson (1982)) ofGSL volume changes and precipitation, temperature, and streamflow time series at nearby stationsare presented here (see Figure 1 for a site map, and Table 1 for site information). Of interest isevidence for structured low frequency variability in these time series, and insight into the relativesensitivity of the GSL to low frequency precipitation and temperature variability. In the next section we develop a perspective for the analysis of climatic variability - arecycles sustained; do they represent quasi-periodic transitions between different climatic regimes; orare they episodic damped oscillations triggered by external events ? What are the implications forthe analysis of a finite, noisy time series ? What are some desirable attributes of the analysismethodology ? Background information on the Great Salt Lake and its environs comes next. Asection describing the methods used follows. This leads to the results from the analysis of theselected time series.

Notions about Climatic Fluctuations and Data Analysis IssuesDuring 1983-86, the Great Salt Lake rose rapidly to its highest level in a hundred years, andthen declined quickly just as a $60 million pumping project to control its level was implemented.The previous decade had seen concern that the GSL might be drying up. The persistent rain andfloods in the Mississippi River basin in 1993, were equally noteworthy. Such extremes arefascinating because they occur at every time scale, and in human memory, with some regularity.Let us examine some postulates regarding such behavior.(I)The climatic time series is the outcome of a random process (perhaps one with somememory) and the diurnal and annual cycles. The observed extremes occur randomly in accordance with such a process. This is a ratherunsatisfying postulate, not in the least because it provides little physical intuition or understandingof the climatic process. Pragmatically, it is known that a number of deterministic and chaotic systems (Abarbanel etal, 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 periodictransitions between them at some preferred range of time scales. Predictability is lost only bypassage through some unstable state(s). Consequently, there are no sharp spectral peaks, butpossibly high power in some frequency bands that will be overlooked in a traditional periodogramanalysis.. Since it calls for an explanation, evidence of such frequency structure in the spectrum ofclimatic time series is important, even if no sharp spectral peaks are apparent. There is a growingrecognition (e.g., Kahya and Dracup (1993), Guetter and Georgakakos (1993), Cayan and Webb(1992), Cayan and Peterson (1989), Ropelewski and Halpert (1986)) of the importance of thenearly periodic (over a 2 to 3 and 4 to 6 year frequency bands) El Ni�o Southern Oscillation

cycles identified 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 far, it is useful to think of such variability asorganized by characteristic frequency bands rather than sharp peaks. Clearly, nonlinearity imparts complexity, and by itself, the analysis of a finite data set isunlikely to resolve most of the features we list above. We hope to isolate at least some frequencybands where there is evidence of activity, as well as intermittent oscillations. It will also beinstructive to see if the differences in the analyses of precipitation, temperature, streamflow andGSL time series are consistent with one’s expectations regarding the evolution of these processes.Specifically, do we see a relative filtering of the higher frequency phenomena as we move throughthis sequence of series. Are there any new features introduced that may highlight the role ofhydrologic processes ? Long records are essential for investigations into intermittent oscillations, phase shifts, andimportant frequency bands. What kind of records are most useful ? Clearly, one must guardagainst making far reaching conclusions from data at a single location, lest the feature may be anartifact of the local circulation, or systematic biases (e.g., due to man�s activity or instrumentalerrors). On the other hand, MP93 show that the use of regionally or globally averaged data canlead to a cancellation of a spatially evolving pattern. Since the spatial distribution of recordingstations is highly nonuniform over the earth, working with the spatial data set may also implicitlyintroduce poorly quantifiable biases into the analysis. Carefully selected hydrologic 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 drainagebasin hydrology, and also suffer from nonstationarity induced by man’s activity. Here, we use anumber of local hydro-climatic records as a check for the self-consistency of the local/regionalsignal identified. Connections between the signals identified here and large scale atmosphericcirculation are explored further in Mann et al (1995).

The Great Salt Lake And Data UsedClosed lakes occur in arid regions of the world, where there is a delicate hydrologic balancebetween the long term average lake evaporation, precipitation and runoff from the drainage basin.The average lake evaporation rate (volume/(time*area)), usually exceeds the average precipitationrate, and the difference is balanced by basin runoff. The drainage basin of the lake istopographically closed. The only outlet for water is evaporation, which is determined bytemperature, relative humidity, 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 interestbecause (1) they are very sensitive to climatic variability, (2) their volumetric fluctuation representsa natural space and time average of regional climatic variability, and (3) they can highlight longerterm fluctuations through a natural damping of high frequency components.The GSL is the fourth largest (average surface area 4350 km 2), first or second saltiest (salt15 to 28% by weight), and shallowest (average depth 5 m.) perennial closed lake in the world. Thelarge surface area and shallow depth make the lake very sensitive to fluctuations in long termevaporation and precipitation. The topographic relief in the basin ranges from the GSL elevation of1280 m above Mean Sea Level (MSL) to 3960 m above MSL. The principal mountain ranges aswell as the primary influent rivers are east of the lake. The drainage area of the lake isapproximately 90,000 km 2, of which approximately 40% does not contribute flow to the lakeexcept under very wet conditions (e.g., 1983-86). Low levels of the GSL correspond to regionaldrought. High levels of the GSL in the 1980�s led to extensive flooding and damage. A volumetricrecord (Figure 2) from 1848-1992 developed by Sangoyomi (1993) is used here. The variablesanalyzed are the monthly and annual GSL average volume change. We choose the differencedvolume, rather than the volume itself, to allow an easier comparison with the precipitation,

temperature and streamflow records. While such differencing could introduce noise at frequenciesnear the monthly sampling, it does not significantly alter the attributes of low frequency periodicstructure. 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 drainagewere analyzed. Most of the precipitation in the GSL basin occurs in Winter/Spring. Precipitationincreases with elevation. SLB, the highest available long term precipitation station, isapproximately at the elevation of the 700 mb pressure surface. The SLB precipitation should bewell correlated with precipitation driven GSL fluctuations as well as larger scale atmosphericfluctuations. Most of the GSL evaporation takes place in Summer/Fall. The summer diurnaltemperature range near the GSL is of the order of 16 to 22ß C, with highs around 35-40ß C. Thelowest temperature recorded in the GSL basin is -39ßC, and the highest is 44ßC for an extremalrange of 83ßC. Of the long record stations available to us, the Corinne (COR) record was perhapsthe most relevant for summer temperature driven GSL fluctuations.Three streamflow records (Table 1) were also analyzed. These records are believed to befree 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 in themiddle, and Beaver River is south of the GSL drainage. The sources of moisture for Beaver Riverand Blacksmith Fork can be different depending on the location and configuration of the winter jetstream. Willet and Prohaska (1985) speculate that three major circulation patterns influence theweather in the basin. These are: (1) a high latitude (50ßN), moderate jet stream, corresponding to adry climate; (2) a lower latitude split jet stream, with a primary storm track that borders thenorthern extreme of the GSL drainage, and a secondary storm track that borders the southern partof the drainage; and (3) a cellular blocking pattern with large, alternating north and south strong

series. It differs in using data driven, empirical, orthogonal basis functions, rather than Fourier(i.e. sin or cos) basis functions for the decomposition. Ghil and Le Treut (1981), discuss andmodel saw tooth shaped variations in the Quaternary climate record, that could be captured betterby SSA than the Fourier basis.SSA considers the eigen decomposition (Principal Component Analysis - PCA) of theautocorrelation matrix of a time series formed to some lag M. The resulting eigenvectors are thebasis functions. The corresponding eigenvalues indicate the fraction of overall variance explainedby an eigenvector, and projections of the time series on to the eigenvector provide a representationof that component of the time series. Eigenvectors with the same shape and nearly equaleigenvalues are called oscillatory pairs and jointly represent the amplitude and phase of a cyclicpattern. SSA can potentially resolve signal and noise and works well in situations where there is adistinct signal-noise separation. The data driven basis functions can potentially resolve the signal interms of a smaller set of basis functions than the Fourier basis. SSA can have problemsidentifying underlying signals if a long memory stochastic process constitutes the noise, or if theunderlying signals have periods that are close, but long relative to reasonable choices of thewindowing parameter (lag M). Its strength is the recovery of dominant, arbitrarily shaped, dataadaptive recurrent patterns from a finite sample, and their corresponding time history. Adecomposition of the time series into orthogonal variance components, and their associated timepatterns is provided. Thus one can identify the timing and amplitude of oscillations, as well as thenature of trends. The statistical machinery associated with PCA is readily invoked by SSA. Asynopsis of the algorithm (based on Vautard et al (1992)) for a scalar time series follows. Whilesome results are referenced in this section, they are formally discussed later.

I. Given a time series {xi, i=1,n},translated to have zero expectation, and rescaled to unit standarddeviation, form the Toeplitz matrix Tx, with element tij=c(k), where k=|i-j|, k=0...M-1, and c(k)=(1/(n-k))

x xi i k

i 1n k + =−∑

is an estimate of the lag k covariance. Here the dimension of Tx is M*M, andM 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 c(k). They also suggest that SSA issuccessful in analyzing periods in the range (M/5, M). The spectral resolution is 1/M since thefrequencies that can be resolved are 1, 1/2, ...1/k,..1/M. As M decreases, neighboring peaks in thespectrum may coalesce, while as M increases, a peak may split into components at adjacentfrequencies (the Gibbs effect). Varying M over a coarse grid during the analysis is consequentlydesirable to screen out spurious frequencies and to focus on signals in different frequency bands. II. Now an eigen decomposition of Tx yields a decomposition of the total variance intocomponents in a manner analogous to Fourier analysis. Tx = ETLE(1)where L is a diagonal matrix of eigenvalues (generally positive) sorted in descending order, and Eis a corresponding matrix of eigenvectors, such that ETE =I. Each eigenvector ei of length M represents a data pattern, or empirical orthogonal basisfunction. The corresponding eigenvalue li provides a measure of the variance associated with thispattern. The leading eigenvectors consequently provide information on the dominant patterns in thedata. All eigenvalues for a white noise series are equal in expectation. A plot of li vs i, is termedan SSA eigenspectrum (see Figure 3 for some of our data sets). Eigenvectors i and i+1 are termedan oscillatory pair if li»li+1, and the coefficients eji and eji+1 exhibit a similar temporal patternfor j=1...M. Preisendorfer (1988 p.247) reports that standard deviation ¶li of li is asymptoticallyli(2/n)1/2. Thus if (li-li+1) is of the same size or smaller than ¶l i , t h e e i g e n v a l u e s m a y b e consideredtobeequal.Onecanthinkofthisoscillatorypair(seeFigure4foranexample)asasine

and cosine pair that carries the frequency and phase information. Energetic intermittent oscillationswith lifetime less than the window length can be identified through the eigencoefficient pattern.A number of strategies for selecting the "statistically significant" eigenvectors for PCA aredescribed by Preisendorfer (1988). These are applicable here as well. GV, Vautard et al (1992) andAllen and Smith (1994) review some of these techniques as well as Monte Carlo strategies fortesting for significance against white and red noise. For the results presented here, we considered(a) only the first 8 eigenvectors in any case, (b) dropped eigenvectors if the correspondingeigenvalue dropped below 1/M, and (c) considered paired eigenvectors only as described above,where the patterns were distinct, meaningful and similar. Finally, in line with therecommendations of Allen and Smith (1994), we satisfied ourselves that our choices wereconservative relative to those from the significance criteria against a red noise hypothesis (using amodification of Rule N, described in Preisendorfer (1988, p.199-206), based on a Monte CarloAnalysis of Gaussian data, with consideration of serial correlation). Coherent patterns that havelow contribution to the time series variance are thus missed. Our primary purpose for using SSAwas to identify prominent recurrent patterns and their time projection, with a view to comparing theleading patterns in local precipitation, temperature and the GSL. Formal significance testing ofpeaks was done as part of the MTM procedure. III. The principal components(PC’s) of Tx are defined as:A = X E (2)where the matrix X is the (n-M+1)*M matrix formed by augmenting the time series by (M-1)lagged copies of itself, and A is an (n-M+1)*M matrix of projections of X on to the space formedby the eigenvectors E. Each PC a j, j=1....M, can be considered as a different weighted movingaverage or a filtered representation of length (n-M+1) of the process x. IV. Noting that PC’s are of length less than the time series, that a unique expansion of the signal interms of the PC’s is not possible, and that one is interested in seeing what the time series xi looks

E K o f E that contains the Keigenvectors that we wish to retain. The K could include the indices of one or more oscillatorypairs, or simply a particular eigenvector. The corresponding partition of

K. Now define thevector

K of length n, as the time series reconstructed from the original time series x ,

RK as an augmented matrix of rK formed inthe same way as was formed from x . Now the reconstructed component rK is obtained as thevector for which the matrix

K is closest in a least squares sense to the projection of X on to E r 1 M a e K,i j 1

M k K i j k j k =^{= −} ∑ ∑^ε r 1 i a e j 1

i k K i j k j k ∑ ∑^ε r 1 n-i+1 a e j i n M

M k K i j k j k =^{= − + −} ∑ ∑^ε y f e x t

i f t n t

n ( ) ( )

( ( )/ ) =_{− π − −} =

− ∑_{2 1 2} 0

1 y f n f v f v dZ v G n f v dZ v ( ) sin ( ) sin ( ) ( ) ( , , ) ( ) /

/

/

/ = π − π − = − − ∫ ∫ 1 2

1 2

1 2

1 2 correspond to those of S(f), since the term G(n,f,v) in (5) poorly approximates a Dirac deltafunction. This term is a consequence of a rectangular window of width n placed on the underlyingprocess. Given the estimate y(f), one can seek a solution for dZ(fo) in (5) in some locale (fo-W,fo+W) of a frequency fo. This is an inverse problem parameterized by G(n,f,v). Thomson pursuesa least squares solution, by considering a weighted eigenfunction expansion in this locale, and thenan appropriate combination of the resulting estimates. Consider the K term (k=0...K-1)eigenfunction expansion:

λ k k WW n W U n W f G n f v U n W v dv

( , ) ( , ; ) ( , , ) ( , ; ) ⋅ = −∫

(6)where Uk(n,W;f) is the kth eigenfunction centered at f, with window width W, and lk(n,W) is thecorresponding eigenvalue. The eigenfunctions (called discrete prolate spheroidal wave functions) are ordered bydecreasing eigenvalue, with the first nW eigenvalues close to 1. Consequently, of all functions thatare DFT’s of some discrete sequence, these leading eigenfunctions have a maximum energyconcentration in the interval (fo-W, fo+W). This implies that the tapers are leakage resistant. Thewindow width W is 0<W<1/2, and is usually of order 1/N to retain high resolution of the resultingestimate. The idea here is that if the K term approximation in (6) is "good", then a good solution tothe estimation of S(f) is available. Thomson derives such a solution by first considering K spectralestimates corresponding to each of the eigenfunctions and then combining them using an optimalitycriteria derived from estimates of the mean square error of estimate of the spectrum in the locale ofinterest. The K eigenspectra Sk(f), k=0,...K-1, are defined through:

y f x t v n W e

k t k k i f t n tn ( ) ( ) ( , )

, ( ( )/ ) = − π − − =−∑ ε 2 1 2 01

(7)Sk(f) = |yk(f)|2(8)where ek is 1 for k even, and i for k odd; and vt,k(n,W), the kth discrete prolate spheroidalsequence (DPSS) is defined such that its Fourier transform gives Uk(n,W;f-fo).

The MTM estimate is obtained as:

S f w f S f

M k k kK ( ) ( ) ( ) = =−∑01

(9)and wk(f) is a weight associated with the kth eigenspectrum estimate at frequency f.The windows Uk(.) are positive everywhere, and hence the problem of getting negativeestimates of S(f) resulting from traditional higher order spectral windows is averted. The combinedestimate from K orthogonal tapers also circumvents the loss of resolution and variance efficiencyproblems endemic to periodograms smoothed with a single taper. The orthogonality of theeigenfunctions leads the Sk to be approximately uncorrelated. MTM recovers information lost byusing a single taper and by ignoring the phase information in the periodogram. A number ofstrategies for choosing the weights wk(f) at each frequency f are indicated by Thomson. Theserange from a simple average, to weights proportional to the eigenvalues lk, to a fully data adaptiveand recursive procedure that internally estimates the bias and variance of the local estimate. Weused the last two strategies in our work. The latter allows improved separation of the line andbroad band spectral components. We refer the reader to Thomson for details of the DPSS and thewk, and discuss the choice of W and K, the user selected parameters of the model. The half bandwidth W is usually specified in terms of the Rayleigh frequency fR = (nDt)-1,where Dt is the sampling frequency, as pfR, where p is usually a small integer. The correspondingDPSS is called a pp taper. The corresponding spectral estimate averages in the frequency bandf – pfR. For example, a 2 p t a p e r , f o r a 1 0 0 y e a r a n n u a l d a t a s e t w o u l d a v e r a g e o v e r f – 0.02cycles/year. Note that this would correspond to periods of 1.92 to 2.08 years for a band centered atf=0.5, and 14.28 to 33.33 years for a band centered at f=0.05. We see from this example that it isdesirable to use a small value of p to get higher resolution in the low frequency range. On the otherhand a small value of p can lead to peak splitting in the high frequency range. Comparing estimatesobtained by varying p over a small range is consequently desirable. As K increases, the variance of

SM decreases, however, the bias can increase due to increased smoothing. SM is distributed asc22K, rather than as c22 for the periodogram, and the increased degrees of freedom correspond toreduced variance. The first (2p-1) tapers are leakage resistant, 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 canincrease p while retaining the same spectral resolution. The estimate SM(f) is unbiased, but its localfeatures (amplitude) will depend on p and K. Consequently, it is desirable to also look at asignificance test for line components based on the ratio of variance explained by a peak at fo tounexplained variance in a band centered at fo. Thomson shows that an F variance ratio test with 2, and 2K-2 degrees of freedom can beconstructed for significance of line components through the statistic F(f):F(f) = (K-1)|m(f)|2

k=0K-1Uk(n,W;0)2

�k=0K-1|yk(f) - m(f)Uk(n,W;0)|2(10)where m(f) = �k=0K-1Uk(0)yk(f)

�k=0K-1Uk2(0)(11)Vautard et al (1992) point out that the maxima of SM(f) and F(f) don�t always coincide, andsuggest using the maxima of F(f) for peak identification. We examined SM(f) for the different timeseries analyzed to identify any clear cut bands with high values of SM(f). Then we assessed thetotal power (integral of SM(f)) in each such band, and ranked the importance of each such band foreach time series. Finally, we examined F(f) to identify any peaks that passed the 99% significancetest in each time series.The coherence C(f) across two time series xt(1), t=0...,n-1, and xt(2), t=0,...n-1, isestimated as:

C(f) = �k=0K-1yk(1)*(f)yk(2)(f)

(�k=0K-1yk(1)*(f)yk(1)(f)�j=0K-1yj(2)*(f)yj(2)(f))1/2(12)where * represents a complex conjugate. A confidence test (see Brillinger (1981)) similar to the F variance ratio test is used to test forthe significance of the coherence amplitude. Our experience with synthetic data suggested that the MTM procedures were very reliableand were not as sensitive to signal to noise ratio, or to the memory in the broadband noise processas SSA or MESA or periodogram estimates. We did not see a need to prefilter the data via SSA andthen apply MTM, as done by Vautard et al (1992). The reader may have noted that SSA uses aneigenexpansion of the autocovariance function, while MTM does something similar in thefrequency domain. Consequently, SSA may be more useful for showing time patterns. MTM isgenerally superior for identifying phase coherent frequency structure. One could subject the SSARC’s to frequency analysis by MTM, or use the MTM estimates in the frequency domain tobandpass the time series at desired frequencies. We prefer to examine the SSA time optimaldecompositions and the MTM frequency optimal decomposition independently and seekconsistency across the analyses. Confirmation of "patterns" by independent analyses by differentmethods and across data sets is in our view more valuable than statistical confidence limits for asingle analysis of a particular data set. A comparative discussion of the two methods is offered byThomson (1982) and Vautard et al (1992).Spectral Analysis ResultsFor 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 apreliminary screening of the spectral output, it was clear that one could designate bands in whichthere was power. The bands are larger in the time domain near the lower frequencies recognizingthe increasing effect of the fixed averaging window in frequency space. The approximate spectralpower in each band was ranked for each time series, and any spectral peak in that band that met theF variance ratio test for significance at the 0.99 level, for MTM was also recorded. For a confidentinterpretation of a periodic signal, it is desirable to have sizeable power as well as a significant F-test. Features that are resistant to the indicated variations in MTM parameters are reported in Table2. We summarize results for the GSL, all precipitation series, all temperature series and then allstreamflow series. In each subset, sites are arranged from South to North. The SSA results reportthe fractional variance explained by the oscillatory pairs of eigenvectors and the correspondingperiod of the variation. Only the readily interpretable eigenvectors, with dominant eigenvalues areused. The last column for the SSA results gives the total variance explained by the selectedeigenvectors. Representative MTM spectra for each hydro-climatic process are presented in Figures 7through 10. MTM estimates of coherence across selected time series are presented in Figures 11through 13. We offer the following observations:(1) There is significant power in these series at selected bands. There are also clear gaps in thespectrum at some frequency bands (e.g., 8-10 years). Such features are generally consistent acrosssites 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, 4.5, 5, 6, 7, 10, 14,17, and 21 years shows up in the MTM analysis of virtually all the series. These cycles areconsistent with the summary presented in our motivational section. These frequencies are best

interpreted as representing activity in the bands shown in Table 2. Support for the 14-15 yearcycle, and the lower frequency end of the ENSO band also comes from the SSA analysis of eachtime series. We report fewer cycles from SSA because we were rather deliberate about excludingeigenvectors with low variance even if they showed coherent patterns. (3) A small set of low frequency recurrent patterns explains a relatively large fraction of theobserved variability for some time series. As an example, see figure 5 for a reconstruction of theGSL 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 spatio-temporal variance in global surface temperatureare observed on each of these time scales in MP94. GV report 15 and 20 year cycles in globalaverage temperature, while MP94 identify a broader-band 16-20 year oscillation in gridded surfacetemperature records.(4) The relative amplitude of these cycles varies across the series, with the GSL series favoring thelower frequencies as expected. A closer examination of these series (e.g., Figure 6) reveals that theamplitude 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 notidentical. 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 givenmethod. The differences by method are likely due to differences in the windowing/smoothingparameters used, and because SSA is time optimal, and MTM frequency optimal. The differentvalues of M used for SSA isolate somewhat different frequency bands. Our selections for Table 2in both cases were quite restrictive. Relaxing the criteria leads to more commonality in the signalsidentified here, as well as additional frequencies.

appears to be coherent with the 10 year GSL variability. From Table 2, we see that the COR-Pprecipitation does show a peak (that passes the F-test) near 10 years in the MTM spectrum . Thestory is confirmed in Figure 13, where COR-T and SLB-P show a similar relationship to COR-Tand monthly GSL ¶V. Given the analyses of global and U.S. data reported in Mann et al (1995),and the results in Table 2, and Figures 11 through 13, we believe that the lake is largelyprecipitation driven, with temperature forcing important at a few selected frequencies. Thetemperature signals are consistent with the precipitation signals. A consistent climatic signal drivingthe long term evolution of the GSL is thus apparent.A better understanding of the mechanisms responsible for this low frequency climatevariability is important for improved management of regional, anomalous wet periods anddroughts, and the rise and fall of the GSL. Work on linking these analyses with analyses of largescale atmospheric circulation is reported in Mann et al (1995). Explanations for the apparent phaselag at low frequencies between temperature, precipitation and GSL (figures 12,13) are developedin Mann et al (1995) in terms of the large scale circulation. However, it is clear that the near 0ßphase lag between SLB-P and monthly GSL ¶V, together with statistically significant coherence atsome frequencies is consistent with precipitative forcing of the GSL. Likewise, a 180ß phase andsignificant coherence between monthly GSL ¶V and COR-T at certain frequencies may implytemperature forcing of GSL evaporation. The relationship with precipitation is present over a muchlarger fraction of the frequency range than the one between temperature and the GSL. Precipitativeforcing may consequently account for far more of the low frequency variability, and some of thisvariability appears to have periodic or quasiperiodic structureConclusionsWe find consistent evidence for structured low frequency variability from an analysis of a

number of hydro-climatic time series in the Great Salt Lake basin. The implications of such afinding were stressed earlier. Given the richness of the behavior seen, it is hard to accept simpleexplanations of external forcing at 11 and 18.6 year periods corresponding to the sunspot or lunartide cycles, as advanced by some researchers (e.g., Willet and Prohaska, and Currie and O’Brien).We also looked for seasonal attributes of the low frequency variations. The mainconclusions were that that the larger variance of winter tends to weight things more, so that themodes are primarily a reflection of winter season variability. The quasidecadal and secular signalshave a similar character based on separate analyses of cold (OCT-MAR) and warm (APR-SEP)seasons separately. Other signals (e.g., ENSO) seemed to have a stronger seasonal character tothem.The most important point is that the relevant peaks in the spectra for the quasidecadal andsecular signals were independent of the warm/cold seasonality, and the weighting of cold seasonvariance is appropriate given the seasonality of precipitation in the GSL region. The climatic behavior observed seems more consistent with the signature of a nonlineardynamical system as discussed earlier - general broadband structure, with preferred frequencybands; with a variety of harmonics with power in a finite record; with lower frequencies beingmore important; with phase degeneracy of some signals; with amplitude of the harmonic variabledependant on position in the cycle; and the hint of persistent low frequency regimes marked bydifferent joint characteristics of precipitation and temperature. Of course, this is a speculativeargument, and in this manuscript we report no evidence of formal tests of nonlinearity (e.g., higherorder spectra, or dimensionality or predictability). However, such evidence is forthcoming inSangoyomi (1993) for the GSL time series.The suggestion that low frequency behavior accounts for a large part of the GSL variabilityand that this low frequency signature is closely coupled to precipitation and temperature variabilityis also interesting. Recall that SLB, our index precipitation station is a high elevation station, and isbelieved to be minimally affected by local factors such as lake effect precipitation. The high

coherence between SLB-P and GSL ¶V at interannual and interdecadal periods has directed ourefforts into seeking an understanding of the large scale atmospheric circulation and its relation tolow frequency local precipitation and temperature variability (see Mann et al (1995)). Preliminaryanalyses suggest strong coherence between decadal and secular variations in spatial pressure andtemperature fields and the GSL. This gives us hope that we can develop a cogent explanation forl o n g t e r m G S L v a r i a b i l i t y i n t e r m s o f r e c u r r e n t a t m o s p h e r i c c i r c u l a t i o n d e s c r i b e d r e g i m e s . Mechanistic investigations to develop a physical explanation for the observed low frequencyhydroclimaticvariabilityshouldbefruitful,andarebeingpursued.ACKNOWLEDGEMENTSWe thank Barry Saltzman for helpful comments regarding the manuscript. U. Lall is gratefulfor support under NSF Grant # EAR-9205727 and USGS Grant # 1434-92-G-226, and to BSA,USGS, Reston, VA, for partial support of his sabbatical leave. M. Mann was supported byNASA grant NAG5-2316. An anonymous reviewer’ comments were helpful in improving themanuscript.REFERENCESAbarbanel, H.D.I., M. I. Rabinovich and M. M. Sushchik, (1993). " Introduction to NonlinearDynamics for Physicists", World Scientific.Allen, M. R., and L. A. Smith, (1994), "Investigating the origins and significance of low-frequencymodes of climate variability," Geophys. Res. Lett., 21, 883--886.

index." J. Geophys. Res., 97, pp. 20449--20454.Lall U., T. Sangoyomi and H. D. I. Abarbanel (1995), �Nonlinear Dynamics of the Great Salt Lake:Nonparametric Short Term Forecasting� Water Resources Research, to appear.Levitus, S. (1989), "Interpentatal Variability of Temperature and Salinity at Intermediate Depths of theNorth Atlantic Ocean, 1970-74 versus 1955-59". J. Geophys Res. 94. pp. 6091-6131.Lorenz, E. N., (1976), �Nondeterministic Theories of Climatic Change,� Quart. Res., 6 pp. 496-506.MacDonald,G. J. , (1989), "Spectral Analysis of Time Series Generated by Nonlinear Processes",Rev. Geophys., 27, pp. 449-469.Mann, M. E., and J. Park, (1993). "Spatial Correlations of Interdecadal Variation in Global SurfaceTemperatures", Geophys. Res. Lett., 20, 1055-1058.Mann, M.E., Park, J., (1994). "Global Scale Modes of Surface Temperature Variability onInterannual to Century Time Scales", Journal of Geophysical Research, 99, 25819-25833.Mann, M.E., Lall, U., Saltzman, B. (1995). "Decadal-to-Century Scale Climate Variability: InsightsInto the Rise and Fall of the Great Salt Lake", Geophysical Research Letters, V. 22, pp. 937-940.Preisendorfer,R. W. (1988) �Principal Component Analysis in Meteorology and Oceanography�,Elsevier Science Publishers, New York. 401 pgs.

Ropelewski, C. F., and M. S. Halpert, (1987), �Global and Regional Scale Precipitation PatternsAssociated with the El Nino/Southern Oscillation. Monthly Weather Review. 115, pp. 1606-1626.Saltzman, B., (1983). �Climatic Systems Analysis.� Advances in Geophysics 25, pp. 173-233.Sangoyomi, T. B., (1993), "Climatic Variability and Dynamics of Great Salt Lake Hydrology," Ph.D.dissertation Utah State University, Logan, Utah, 247 pgs.Slack, J.R., J. M. Landwehr and A. Lumb, (1992), "A. U.S. Geological Survey Streamflow Data Setfor the United States for the Study of Climate Variations, 1874-1988, U.S.G.S. Open File Report,92-129, 1992.Allen, M. R., and L. A. Smith (1994) �Investigating the Origins and Significance of Low-FrequencyModes of Climate Variability.� Geophysical Research Letters, Vol 21, No.10. pgs 883-886.Thomson, D. J., (1982) �Spectrum Estimation and Harmonic Analysis.� IEEE Proceedings, 70, pp.1055-1096.Trenberth, K. E. (1990), �Recent Observed Interdecadal Climate Changes in the NorthernHemisphere.� Bulletin of the American Meteorological Society, 71, pp. 988-993.Vautard R., P. Yiou and M. Ghil, (1992), �Singular Spectrum Analysis: A Toolkit for Short, Noisyand Chaotic Series.� Physica D, 58, pp. 95-126.

Figure and Table CaptionsFigure 1 Site MapFigure 2GSL Annual Volume and Annual Volume Change Time Series (1848-1991)Figure 3Eigenvalue Spectra from SSA for Selected Sites. The window length m =25 years unless notedotherwise. The three horizontal lines (.02,.033,.04) correspond to the average eigenvalues for(WRO, SLB), COR-T, and GSL respectively. Only the first 15 eigenvectors are shown in eachcase. Note the near equality of some pairs of leading eigenvalues (especially GSL). Typically,these pairs correspond to eigenvectors that are periodic and in quadrature as shown in Figure 4.Such a relation was not clear cut for COR-T, where the first 4 eigenvalues are nearly equal andonly the first and fourth eigenvector look "similar". Figure 4Eigenvectors 1-4 for annual GSL ¶V. Each set is seen to form an oscillatory pair (near 11 years for1-2, and near 15 years for 3-4). Not all eigenvectors whose eigenvalues are nearly equal are soobviously in quadrature.Figure 5Reconstruction of annual GSL ¶V time series using the 11 and 15 year cycles shown in Figure 4. Nearly 33% of the variance is accounted for. ¶

20001960192018801840

9.0e+61.2e+71.5e+71.8e+72.1e+72.4e+72.7e+73.0e+7

-4.0e+6-2.0e+60.0e+02.0e+64.0e+66.0e+6

GSL Average Annual Volume and ¶V (1 Acre-ft. = 1233.48 cubic metres)year

Volume(acre-ft.)

¶V (acre-ft.)

Volume ¶ VFigure 2GSL Annual Volume and Annual Volume Change Time Series (1848-1991)

151050

0.000.020.040.060.080.100.12

weber flow 1915-88

SLB Precip, 1916-89

GSL ¶V 1848-1991, m=50

Corinne Temp 1902-89, m=30SSA EigenvaluesEigenvector

fraction of variance explained

Figure 3Eigenvalue Spectrum from SSA for Selected Sites. The window length m =25 years unless noted otherwise.The three horizontal lines (.02,.033,.04) correspond to the average eigenvalues for (WRO, SLB),COR-T, and GSL respectively. Only the first 15 eigenvectors are shown in each case. Note thenear equality of some pairs of leading eigenvalues (especially GSL). Typically, these pairscorrespond to eigenvectors that are periodic and in quadrature as shown in Figure 4. Such arelation was not clear cut for COR-T, where the first 4 eigenvalues are nearly equal and only thefirst and fourth eigenvector look "similar".

50454035302520151050

-0.3-0.2-0.10.00.10.20.3

GSL Annual ¶V (1848-1991) EOF’s 1 & 2, m=50Lag

Eigencoefficients50403020100

-0.3-0.2-0.10.00.10.20.3

GSL Annual ¶V (1848-1991) EOF’s 3 & 4, m=50Lag

EigencoefficientsFigure 4Eigenvectors 1-4 for annual GSL ¶VEach set is seen to form an oscillatory pair (near 11 years for 1-2, and near 15 years for 3-4).Not all eigenvectors whose eigenvalues are nearly equal are so obviously in quadrature.

¶

¶ VFigure 5Reconstruction of annual GSL ¶V time series using the 11 and 15 year cycles shown in Figure 4. Nearly 33% of the variance is accounted for.

0.50.40.30.20.10.0

0.00.51.01.52.02.53.0

GSL Monthly ¶Volume Spectrum (1848-1991)frequency (cycles/year)

Normalized SpectrumFigure 7Normalized MTM Spectrum of GSL Monthly Volume Change (6,4ptapers)

0.50.40.30.20.10.0

0.20.40.60.81.01.21.41.6

Silver Lake-Brighton Precipitation (1916-1989) 40ß36’ N 111ß35’W Elev. 2664 m.frequency (cycles/year)

Normalized SpectrumFigure 8Normalized MTM Spectrum of SLB Precipitation (using 3, 2p tapers)

0.50.40.30.20.10.0

0.00.10.20.30.4

Corinne UT Temperature (1902-1989) 41ß33’N 112ß07’W Elev. 1289 m.frequency (cycles/year)

Normalized SpectrumFigure 9Normalized MTM Spectrum of COR Temperature (using 3, 2p tapers)

0.50.40.30.20.10.0

0.00.20.40.60.81.01.21.41.6

Weber River nr Oakley (1915-88)40ß 44’N 111ß 15’W Elev. 2012 m.frequency (cycles/year)

Normalized Spectrum Figure 10 Normalized MTM Spectrum of WRO (3, 2p tapers)

¶

¶ p

0.250.200.150.100.050.00

0.00.20.40.60.81.0-180-120-60060120180

Coherence between SLB-Precip. & COR-Temp. (1916-1989)frequency

amplitude

phase

Figure 13MTM Coherence (Solid) and Phase (Dots) between SLB-P and COR-T, using 3, 2p tapers.The dashed horizontal lines are the 90%, 95%, and 99% confidence limits for coherenceamplitude. Note that phase lags of 180ß and -180ß are the same, and switching between them maynot be significant. The phase difference at 0.01< f<0.05 has temperature leading SLB-P, as wasthe case with GSL.

Table 1Data Sets AnalyzedElevationLatitudeLongitude(m. above MSL)Record LengthSource/Comments

PeriodD a t a S e t 2 - 3 y r 3 - 5 y r 5 - 8 y r 8 - 1 0 y r 1 0 - 1 2 y r 1 2 - - 2 5 y r l o n g e r

SNC-T M24(2.2,2.6)1(4.6)5(6.8,7.7)2(16)3COR-T M23(2.5)2(3.1,4,4.8)3(6.7)1(17.5)RIV-T M24(2.2,2.7)2(3.3,4.7)1(10)3(17,24)BRB M23(2.4,2.8)1(3.2,4.2)5(9)2(21)4WRO M25(2.2,2.7)3(3.3,3.6)2(5.8)1(12)4(25)BFH M26(2.3,2.8)5(3.3,4.8)4(5.7,7)31(21)2SSA ResultsTotal % Var.GSL S(25)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 S(25)29%(5,4)15%(14) 44%WRO S(25)22%(4,5)14%(7.5)15%(18) 51%BFH S(25)17%(7)21%(13-14) 38%

xxx-P refers to a Precipitation and xxx-T to a Temperature RecordM 1 = based on MTM with 6, 4p & 3, 2p tapers M2 =based on MTM with 3, 2p & 2,1p tapersFor MTM the entries for each band represent rank of spectral power for the band(#,#,...=peaks significant from Ftest at 99%)The rank is based on the integral of the spectrum over the band. The band with the most power is ranked 1. S()=SSA (m) : % variance(period)For SSA, the variance given is for an oscillatory pair, followed by the indicated period.Notes :(1) All SSA with annual values, MTM with monthly values, GSL is differenced, others are not.(2) The window M in SSA is chosen towards n/3, to (a) better resolve low frequencies, and (b) to reduce the effect ofleakage of high power from the Nyquist frequency (in this case 2 years). SSA is expected to resolve periods in the range[M/5,M]