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ABSTRACT 

 

In past studies, El Niño-Southern Oscillation (ENSO) events have been 

linked to devastating weather extremes.  Climate modeling of ENSO is often 

dependent on limited records of the pertinent physical variables, thus longer 

records of these variables is desirable.  Noisy signals, such as monthly sea 

surface temperature, are good candidates for reproduction by several existing 

auto-regression techniques.  Through auto-regression, influential principal 

component modes are broken down into a series of time points that are each 

dependent upon an optimal weighting of the surrounding points.  Using these 

unique numerical relationships, a noisy signal can be reproduced by thus 

processing the leading modes and adding an artificial record of properly 

distributed noise.   

Statistical measures of important ENSO regions suggest that the nature of 

oceanic and atmospheric anomalous events is cyclic with respect to certain 

timescales; for example, the monthly timescale.  To detect ENSO signals in the 

presence of a varying background noise field, the detection method should take 

into account the signal’s strong phase-locking with this nested variation.  

Cyclostationary Emperical Orthogonal Functions (CSEOFs) are built upon the 

idea of nested cycles, unlike traditional EOFs, which incorporate a design that is 

better detailed for stationary processes. In this study, both EOF and CSEOF 

modes of a 50-year Pacific SST record are processed using an auto-regression 

technique, and several sets of artificial SST records are constructed.  Appropriate 

statistical indices are applied to these artificial time series to ensure an 

acceptable consistency with the real record, and then artificial data is produced 

using the artificial time series.  In all cases, the cyclostationary approach 

produces more realistic warm ENSO events with respect to timing, strength, and 

other traits than does the stationary approach.  However, both methods produce 

only a fair representation of cold events, suggesting that further study is 

necessary for improvement of La Niña modeling. 
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Shorter records of variables such as sea level height and Pacific wind 

stress anomalies can hinder the usefulness of auto-regression, owing to time 

point dependence on surrounding points.  Using a regression technique to find 

an evolutionary consistency (i.e. physically consistent patterns) between one of 

these variables and a variable with a longer record (such as SST) can eliminate 

this problem.  Once a regression relationship is found between two variables, the 

variable with the shorter record can be re-written to match the time evolution of 

the variable with the longer record.  Here regression, both EOF and CSEOF, is 

performed on both sea surface temperature and sea level height (a 20-year 

record), and sea surface temperature and wind stress (a 39-year record).  Once 

the regression relationships are found, artificial SST time series are incorporated 

in place of the original time series to produce several artificial 50-year SLH and 

wind stress data sets.  5 Pacific regions are chosen, and statistics and behavior 

of the artificial sets within these regions are compared to those of the original 

data.  Once again the cyclostationary approach fares better than the stationary.  

In particular the EOF assumption of cross correlational symmetry fails to capture 

the direction-dependence of ENSO evolution, causing inconsistent ENSO 

behavior.  This renders an EOF method insufficient for climate modeling and 

prediction, and implies that a better aim is to incorporate physical cyclic features 

via a cyclostationary method. 
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CHAPTER 1 

 

INTRODUCTION 

 

 

 The El Niño Southern Oscillation (ENSO) cycle is a frequent topic of study 

in the atmospheric and oceanic sciences: it has been shown in past studies to 

have influences on weather on scales ranging from mesoscale to global.  ENSO 

modifies ecosystems (J. A. McGowan, D. R. Cayan, LeRoy M. Dorman 1998), 

crop production (and related economy), water consumption and availability, 

large-scale flooding (and thereby consumer insurance premiums), as well as 

other events, excesses, or deficiencies that can draw from government funds.  

The ability to prepare for such occurrences depends in part on the ability to 

predict ENSO behavior.  To this end, using multiple records of ENSO variables, 

and performing an ensemble average, yields a more fine-tuned depiction of an 

average ENSO evolution.  This paper resolves several of the problems 

encountered by past attempts at modeling ENSO behavior.  

 ENSO has been linked to significant variability in many things that are 

influenced by atmospheric and oceanic changes.  Strong ENSO events have 

been connected to decreased U.S. hurricane activity, particularly over Florida 

(Elsner et al. 2003), as well as other synoptic and mesoscale disturbances 

(Bove, M.C., and J.J. O'Brien 1998).  Warm ENSO events may negatively affect 

the Pacific Ocean fish population (Ahrens 1994).  A La Nina event was 

suspected of playing a role in the 1988 North America drought, which caused 

thousands of deaths, intense wild fires, and billions of dollars in damage 

(Trenberth and Branstator 1991; Trenberth et al. 1988).  The ENSO cycle has 

been cited as a major regulator of Nile River flooding (Wang and Eltahir 1998).  

El Nino itself has been implicated in increased tree biomass death (due to 

understory fires) in the Amazon (Alencar et al. 2005).  In addition to these 

mentioned, numerous other studies have shown potential links to a wide range of 
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different occurrences.  Improved forecasting of ENSO events will help mitigate 

negative impacts, and allow for better utilization of positive impacts. 

Coupled general circulation models (CGCMs) have recently been used in 

attempts to predict ENSO.  CGCMs have had trouble producing accurate ENSO 

statistics and behavior, due to the strong dependency of ENSO on ocean-

atmosphere dynamics.  Cold and warm biases in different areas of the equatorial 

Pacific ocean, thermocline-related issues, the presence of a spurious semi-

annual cycle in the eastern Pacific, and phase-locking issues are just some of the 

shortcomings of ENSO prediction attempts by CGCMs.  Recently some efforts 

have been made within, among others, the GFDL towards correcting these 

problems (see Wittenberg et al. 2006 for a detailed description).  However, 

though results were an improvement upon past work, the study found problems 

such as inadequate SST gradients and inadequate reach of warm and cold 

tongues (compared to observation), both contributing to inaccurate precipitation 

amounts in certain key Pacific regions.  Wind stress inconsistencies were also a 

roadblock in the new models.  Especially noteworthy, precipitation onset 

occurrences were often set either several months ahead of or several months 

behind true trend.  Prime rainfall locations were also displaced in many areas.  In 

some cases ENSO spatial patterns did not properly fit the observed domain, and 

produced regional biases.  ENSO event magnitude problems were also incurred.  

Clearly CGCMs could not capture the whole picture 

 Other types of studies revealed additional problems with ENSO modeling.  

Smith’s et al. (1995) reconstruction of historical SSTs via EOF basis functions 

generated incorrect SST anomaly patterns.  Barnett and Hasselmann’s (1981) 

linear prediction technique, a non-stationary approach, was declared useful for 

ENSO modeling for only up to a year in advance.  These problems were also 

significant and cannot be ignored when attempting to accurately model ENSO. 

 Synthetic data has also been a route towards ENSO prediction.  Caron 

and O’Brien (1997) attempted to deconstruct SST data using EOFs and then re-

construct using EOF patterns paired with artificial PC time series.  The modeled 

PCs preserved well observational statistics as well as expected 3-4 year event 
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intervals (Enfield and Cid S. 1991) and expected 9-12 year event amplitude 

cycles (Quinn and Neal 1987).  However, the resulting ENSO timing occurred at 

many different periods of the year, implying a time dependence problem.  A lack 

of proper cross-correlations of oceanic variables between certain key Pacific 

domains also poses a difficulty for accurate climate prediction.  Although results 

of this study showed many benefits for ENSO prediction and many improvements 

over past studies, there was still the fundamental issue of timing, also present in 

several past studies, to be reckoned with.   

The current study utilizes a simplified method for producing artificial PC 

time series, used for both the EOF and CSEOF method for result comparison, 

and captures important PC statistics captured in the Caron and O’Brien study.  

The CSEOF method used in this study also captures observed monthly variance, 

which Caron and O’Brien’s EOF method failed to resolve.  Additionally, the 

current study, using CSEOFs, has more successfully reproduced magnitude, 

duration, and frequency of warm (and to a much smaller degree cold) ENSO 

events, with the added benefit that the onset of events occur at roughly 12-month 

intervals, in contrast to Caron and O’Brien’s experiment.  Finally, teleconnections 

between eastern, central, and western equatorial Pacific regions are accurately 

depicted.  The direction-dependence of oceanic variable propagation is not 

overlooked, as would likely be the case in an EOF method. 

This paper outlines the methods toward generation of three artificial 

atmospheric and oceanic data sets, namely, SST, SLH, and wind stress.   SST 

experiments are outlined first, progressing from the formation of artificial one-

dimensional SST data (Methodology section 1) to the further development of 

artificial two-dimensional SST data (Methodology section 2), and then ending 

with the regression experiment used for generating artificial two-dimensional SLH 

and wind stress data (Methodology section 3), with an appendix reserved for 

auto regression mathematics.  CSEOF method results are compared to EOF 

method results, with emphasis on CSEOF advantages pertaining to ENSO 

cycles.   
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CHAPTER 2 

 

DATA 

 

 

 Three variables are considered in this study, so three compatible data 

sets, one each for SST, SLH, and wind stress, are needed.  By compatible, we 

mean that each should have the same temporal resolution and that the two 

targeted variables for regression analysis, i.e. SLH and wind stress, should end 

on the same month and year as the predictor variable, SST.  It is also essential 

that the spatial resolution of the SST data set be equal to or greater than that of 

the finest of the SLH and wind stress data sets; thereby reducing aliasing issues.   

In Reynolds averaging, NCEP global 50-year data is climatologically 

gridded at one degrees, and is an average monthly set.  The SST data used in 

this experiment is the 2° × 2° monthly data set derived from the reconstruction of 

Reynolds NCEP SST via an EOF-based optimal interpolation method (Reynolds 

and Smith 1994).  We use the fields from 30N to 30S and from 120E to 90W from 

January 1950 to December 1999, with no additional smoothing.  The mean is 

removed prior to using our EOF and CSEOF decomposition methods such that 

we work with SST anomalies only. 

 The SLH original data, against which we measure our artificial data, 

comes from an assimilated dataset archived at the Environmental Modeling 

Center of National Center for Environmental Protection (NCEP).  Data is inputted 

to a model that if forced with weekly mean NCEP analyses of surface winds and 

heat fluxes, and the SLH data set is thus created as output.  (See Behringer et al. 

1998 for a detailed description.)  It is a 1.5° longitude × 1.0° latitude grid with 244 

time steps, spaced monthly.  The 20-year data set begins on January 1980 and 

ends December 1999.  The data runs between 122E to 70W longitude and 35N 

to 35S, which allows us later formulation of several tropical Pacific domain 

subsets.  No spatial or temporal smoothing is imposed, and the mean is again 
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removed prior to EOF and CSEOF decomposition such that we are still dealing 

strictly with anomalies.   

 The wind stress data comes from the FSU/COAPS Research Quality in 

situ based Tropical Pacific Pseudostress Analysis data set (Smith et al 2004).  

The set is comprised of subjectively analyzed ship and buoy data.  It is on a 2° × 

2° grid with a monthly resolution.  It begins January 1961 and runs to the present 

month.  However, for compatibility, we look at only the first 39 years, henceforth 

January 1961 through December 1999.  The original domain is from 30N to 30S, 

and from 120E to 70W, again allowing for the later focus of our tropical Pacific 

domain subsets.  As before, the mean is removed prior to decomposition.  In this 

way we are dealing with three sets of anomalous data; SST, SLH, and in-situ 

based Pacific wind stress. 
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CHAPTER 3 

 

METHODOLOGY 

 
 

3.1. One-dimensional Artificial SST Reproduction 

  

Both EOF and CSEOF analysis are performed on Reynolds 50-year 

monthly SST data.  Modes consecutively and cumulatively containing at least 

99% of the variance of the data are retained for later portions of the experiment.  

The 99% variance cutoff for EOFs is the first 45 modes and the cutoff for 

CSEOFs is the first 26 modes Figures1 and 2 show the 2
r values for EOF modes 

1 through 45 and CSEOF modes 1 through 26. .We select the first three modes 

of each method for our reproduction experiment, as they are commonly accepted 

to be the low-frequency, biennial, and ENSO modes.  In their work, Kim and Kim 

(2004) and Caron and O’Brien (1997) described modes 1 and 2 as the low-

frequency and biennial modes.  Within their work, they considered these modes 

the dominant modes of SST and the major modes of ENSO, suggesting them as 

the major modes that must be replicated.  For this study, the third mode is 

considered important as well, as the variance explained by mode 3 is nearly 10% 

by the CSEOF method. 

An autoregressive technique is used to reproduce the PCs of the first 

three modes for each method.  Auto-regressive techniques describe each point 

in a time series as a combination of nearby points, weighted by “regression 

coefficients,” plus some small amount error or noise (See Appendix A ).   We 

employ the Akaike’s Information Criterion (AIC) autoregressive model, developed 

by Professor Hirotugu Akaike in 1971.   Although we identify 3 different orders of 

AR coefficients for each mode, in all cases we choose the best-order AIC method 

set of coefficients since each of the 2 subsequent sets show a significantly higher 

error variance than the best-order sets. 
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 The first three EOF PCs are shown in Figures 3a, b, and c.  The first three 

CSEOF PCs, are shown in Figures 5a, b, and c.  We construct 70 distinct sets of 

Gaussian noise, with a mean of 0 and a standard deviation of 1, for each of the 

first three PCs of each method, for a total of 420 (=((3+3)*70)) different noise 

sets.  Each set is substantially longer than the 600 time-step domain that we are 

working with to allow the removal of any initial “ramp-up” indigent to our random 

number generator.  The noise sets are then used with the previously calculated 

AR coefficients, as in (A.1), to create the artificial time series.  Examples of 

artificially reconstructed PCs are shown in Figures 4a, b, c and Figures 6a, b, c.  

A comparison between true (Figs. 3 a, b, c and Figs. 5a, b, c) and artificial PC 

demonstrates that the artificial PCs competently reproduce the overall range and 

behavior of the true PCs, in terms of the amplitude and the apparent number of 

peaks and troughs.     

We next check artificial PC statistics to see how well they reflect reality, as 

a poor simulation is likely to be disastrous for any application.  Before performing 

any calculations, however, we first scale each artificial PC to match the weighting 

(i.e. standard deviation) of the true PC.  Because every artificial PC has its own 

random component, each artificial PC scales differently, both within a mode and 

between modes.   

 Under normal circumstances, calculations and plots of monthly variance 

might be drawn up for consideration; however, since the EOF method cannot 

resolve the varying physics of tropical SST data, we deem the exercise futile.  

This problem is demonstrated in Figure 7.  For our purposes, autocorrelations 

and histograms are valuable statistics that must be captured.  We calculate one 

autocorrelation for each of the 420 sample PCs and two histograms for each of 

the 420 – both the positive and negative versions of each.  Autocorrelations of 

true EOF PCs 1, 2, and 3 and artificial samples of EOF PCs 1, 2, and 3 are 

compared in Figure 8.  The same are shown for CSEOFs in Figure 9.  Figures 10 

and 11 show positive and negative sample histograms compared to true 

histograms for PCs 1, 2 and 3, for EOFs and CSEOFs, respectively.  After 

calculating these statistics we determine rms values for both autocorrelations and 
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histograms to obtain thresholds for separating the usable time series from the 

potentially unusable.  For both autocorrelations and histograms, the 80th 

percentile rms value is used as a threshold.  This value is deemed adequate 

since there are relatively few outliers.  It should be noted that for autocorrelations 

we use a 10-month window when calculating the threshold since 10-months is 

sufficient to indicate persistence.  Any artificial PC with statistics exceeding either 

the autocorrelation threshold or the histogram threshold is removed, since 

exceeding a threshold indicates a poorer fit. 

From the smaller pool of remaining potential artificial PCs, we calculate 

cross-correlations between modes.  A cross correlation lags one PC with respect 

to the other to measure how the two PCs are related to one another temporally.  

Cross-correlations between PC1 and PC2, PC1 and PC3, and PC2 and PC3 are 

shown, for true EOF versus artificial EOF PCs (Fig. 12), while similar cross-

correlations are also shown for CSEOF PCs (Fig. 13).  Both a positive and a 

negative version, i.e. artificial PCs scaled by their associated positive true PC 

weights versus one scaled by the positive and one scaled with a negative 

multiplier to achieve a mirror-image, are calculated for each artificial PC.  This is 

done in consideration of the positive and negative histograms calculated earlier 

in this section.  Once again, rms values are calculated, within a 6-month window 

as deemed sufficient to show persistence, and thresholds are determined for 

PC1 cross-correlated with PC2, PC1 cross-correlated with PC3, and PC2 cross-

correlated with PC3.  We find the experiment to be more sensitive to cross 

correlation behavior than to histogram and autocorrelation behavior, i.e. a much 

closer fit is required than for the previous two statistics in order to achieve 

optimal results.  Thus the thresholds for this statistic are the 2nd percentile of the 

rms values, for each of the three cross-correlation groups.  Any artificial 

members exceeding these thresholds are again removed, due to reduced 

probability of usefulness. 

Finally, artificial cross-correlations are subjected to cross-matching, since 

PCs based on data have particular (non-zero) cross correlations.  For example, if 

an artificial sample of CSEOF PC1  produces a cross correlation with an artificial 
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sample of CSEOF PC2 in a similar fashion to the original data then we must 

identify an artificial sample of CSEOF PC3 that correlates with the designated 

artificial PC1 and also with the designated PC2 similarly to the original data.  If 

there is no such match, the possible triplicate is thrown out.  We note that PCs 

are sign-sensitive such that a cross correlation of a positive version of a PC 

mode with a positive version of another PC mode most likely will not match that 

of the positive version with the negative version.  Therefore if a negative version 

of a PC remained from the previous test, it is used again here as its own 

separate PC.  For example, if we find an acceptable PC1/PC2 correlation 

involving a negative version of PC1 then any acceptable PC1/PC3 correlation 

must also involve the negative version of PC1; the positive version is not 

synonymous with the negative. Once this sampling and selection process is 

complete, we are left with 7 artificial sets of EOF PCs 1, 2, and 3, as well as 5 

artificial sets of CSEOF PCs 1, 2, and 3.  Put another way, we are left with 7 sets 

of artificial "triplets" of EOF PCs and 5 sets of artificial CSEOF "triplets." 

 

3.2 Two-dimensional Artificial SST Production 

 

 To create artificial 2-D SST data, we combine EOF (or CSEOF) modes, 

artificial PCs 1, 2, and 3, and the trailing true EOF (or CSEOF) PCs that we 

retained in section 1.  Specifically, the first 45 EOF modes are used together with 

artificial EOF PCs 1, 2, and 3 and true EOF PCs 4 through 45, as explained by 

Equation 1.  For CSEOFs we use the first 26 CSEOF modes together with 

artificial PCs 1, 2, and 3 and true CSEOF PCs 4 through 26, as explained by 

Equation 2. 

 ,       (1) ∑
=

=

⋅+⋅+⋅+⋅=
45

4

)()(332211
i

i

aaaa iEOFiPCEOFPCEOFPCEOFPCSST

denoting the first three artificial EOF PC time series as  and  

and denoting the remaining true EOF PC time series as  

,2,1 aa PCPC aPC3

)(iPC

or 
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∑
=

=

⋅+⋅+⋅+⋅=
26

4

)()(332211
i

i

aaaa iCSEOFiPCCSEOFPCCSEOFPCCSEOFPCSST , (2) 

where  and  are the first three artificial CSF PC time series and 

the remaining s are the remaining true CSEOF PC time series.  In both 

Equations 1 and 2 all EOFs/CSEOFs are the original EOFs and CSEOFs. 

,2,1 aa PCPC aPC3

)(iPC

It should be noted that any artificial data set we construct is based on a 

“triplet,” previously described, of artificial PCs 1, 2, and 3.  This means we can 

generate the same number of 2-D data sets as we had sets of PC triplicates (7 

for EOF and 5 for CSEOF in this case).  Effectively, because each set represents 

50 years of monthly data, this means we begin the next series of tests with 350 

years’ worth to study for the EOF case and 250 years’ worth to study for the 

CSEOF case. 

 For quantitative analysis, we first calculate and identify 5-month averaged 

peaks and 5-month averaged troughs for each artificial data set, a choice 

consistent with the JMS SSTA index.   We use the JMA SSTA along with other 

similar ENSO indices, such as those from the Climate Diagnostics Center and 

the Climate Prediction Center, to give us a range of numbers to look for after 

we've identified (under our criteria) supposed cold and warm events.  For 

example we note that there are 9 El Nino events listed by the JMA SSTA during 

the 1950-2000 and 10 according to a consensus list, compiled in 2004 by Jan 

Null of the CCM, between the CDC, CPC, the Western Region Climate Center, 

and the Multivariate ENSO Index from Climate Diagnostics Center.  This tells us 

to hope for approximately 9-10 warm events in our artificial data sets, making 

them potentially valid options for climate modeling in this particular aspect.  

These calculated artificial phenomena,  representing possible ENSO events 

(maxima for El Nino, minima for La Nina), are also used to determine whether the 

data set follows true trend as far as temporal spacing of events and event 

amplitude cycle.  Figure 14 shows a 5-month running mean plot for the original 

data set and an example of a 5-month running mean for an artificial CSEOF-

based set and an artificial EOF-based set.  With these running means we are 

able to identify artificial data sets (of the 7 EOF and 5 CSEOF) that clearly do not 
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fit ENSO convention.  Tables 1 through 12 summarize the findings of this portion 

of the experiment, with a detailed analysis of the results given in the Results 

section of this paper. 

 At the conclusion of the above analysis we have 3 remaining artificial EOF 

SST data sets, and two remaining CSEOF sets (see Results section for rejection 

process).  Five tropical Pacific regions are identified for further statistical viability 

analysis.  These regions are shown in Figure 15 and delineated in Table 13.  The 

following two steps are then performed for each artificial data set, for the purpose 

of displaying the differing results of the EOF method versus the CSEOF method.  

First, we calculate cross correlations using fully reconstructed data sets, one 

region against another region, rather than a mode-by-mode comparison as 

described in section 1.  These cross correlations are shown in Figure 16, both for 

CSEOFs and EOFs.  Then, in Figure 17, histograms particular to some of the 

regions are plotted to assess whether data values are distributed properly within 

the Pacific regions in addition to across the full Pacific basin, as measured by the 

histograms in section 1. 

 

3.3 Two-dimensional Artificial Construction of SLH and Wind Stress 

  

 As before, EOF and CSEOF analyses are performed, this time on SLH 

and wind stress data.  For both EOF and CSEOF analysis we calculate the 

number of modes needed to explain 99% of the variance, even though we use 

only the first 10 true EOFs and the first 10 true CSEOFs in regression analysis, 

for both SLH and wind stress.  We need the remaining EOFs and CSEOFs, 

however, for reconstructing the artificial SLH and artificial wind stress data sets, 

as we did with the SST data sets.  We then carry out regression analyses for 

SLH (or wind stress), using true Reynolds’ SST EOF (CSEOF) data as the target 

variable, and first 10 modes of true SLH (or wind stress) EOF (CSEOF) data as 

the predictor variable.  We use only the first 10 modes for each predictor variable 

and only the first 10 modes for each target variable since in doing so we achieve 
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2
r values at or near 99% for CSEOF regression.  For continuity, we also use the 

first 10 modes for EOF regression, although the 2
r  values are significantly lower.  

In this way we find regression coefficients that render the SST and SLH or SST 

and wind stress data sets nearly time-equal, for both EOF and CSEOF data sets.   

 Once we have identified regression coefficients, one set of each SLH and 

wind stress for the EOF SST target variable and one set of each SLH and wind 

stress for the CSEOF SST target variable, we can construct artificial SLH and 

wind stress data sets. To reconstruct, we use the coefficients together with the 

CSEOF (EOF) modes for each variable, along with the triplicate sets of artificial 

SST PCs 1, 2, and 3 and true SST PCs 4 through 10.  This process results in 3 

artificial EOF and 2 CSEOF SLH as well as wind stress data sets, as we have of 

SST after all processing is complete.  Therefore we have 150 years’ worth of 

artificial EOF-based SLH and wind stress data, and 100 years’ worth of artificial 

CSEOF-based SLH and wind stress data. 

 The remaining step is once again to analyze whether the artificial data 

sets behave similarly to the original data sets.  It should be noted that an in-depth 

analysis of these artificial sets is beyond the scope of this paper and the 

experiment warrants further study.  We perform only preliminary analyses to 

determine whether the experiment is worthy of pursuit and to form a hypothesis 

about the artificial CSEOF approach versus the EOF approach.  As before, we 

divide the data sets into the five tropical Pacific regions in Table 13 and measure 

cross correlations between these regions.  Owing to the direction-dependence of 

ENSO evolution, we deem regional cross correlations a critical factor in data set 

viability.  Violating the direction-dependence renders any data set extremely 

suspect when modeling and predicting ENSO behavior.  A violation suggests that 

the Kelvin and Rossby wave mechanisms intrinsic to ENSO have not been 

preserved.  Note that wind stress cross-correlations are configured using zonal 

wind stress only, as it is considered the more important wind component for 

determining ENSO phases.  SLH cross correlations are shown in Figure 18 and 

wind stress cross correlations are shown in Figure 20.  Histograms of SLH data 
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for three regions are also shown in Figure 19, measured because of a slight 

asymmetry apparent in the original data set. 

 We further inspect whether the artificial variables show a simple continuity 

with each other, as we would expect them to when employing a regression 

technique.  To this end, we have shown equatorial Hovmoller diagrams, in 

Figures 21 and 22, for the SST, SLH, and wind stress data sets, for EOFs and 

CSEOFs respectively.  Only one artificial set of each variable is plotted.  All of the 

CSEOF plots, i.e. the SST the SLH and the wind stress, are necessarily based 

on a set constructed with a particular triplet of artificial SST PCs, and the same 

holds for the EOF sets, as using sets based on arbitrary triplets of time series 

would be meaningless.  (Arbitrary triplets would mean we are comparing an SST 

data set against an SLH data set that didn't share the same time evolution.)  We 

look for ENSO event initiation in the wind stress plot and evaluate whether the 

other two variables follow suit.  We are also interested in the strength of the 

event with respect to one variable as opposed to with respect to the others.  

Findings of these trials are detailed in the next section. 
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CHAPTER 4 

 

RESULTS 

 

 

4.1  Generation of Artificial SST Data 

 

When gauging whether an artificially-created time series is of use for 

modeling and prediction purposes, we investigate the statistics relevant to the 

application.  For this work, histograms of SSTs measurements for each PC, 

autocorrelations of individual PCs, and cross-correlations among the 3 PC time 

series are of importance.  As noted earlier, and as clearly evidenced in Figure 7, 

monthly variance is preserved only by the CSEOF method since the EOF method 

does not allow for non-stationarity or phase locking.  Hence the physically 

observed variability cannot be as well explained as it is with the cyclostationary 

method and the effort to find reasonable samples using this statistic is futile.  

Root mean square values for the difference between the true data set and the 

artificial data sets for the three remaining statistics are applied (to both EOF and 

CSEOF PCs 1, 2, and 3) to identify thresholds for separating the viable samples 

from the disadvantageous.  Therefore any members then outside the thresholds 

are no longer considered acceptable time series.  We find that after applying the 

thresholds described in the Methodology section approximately half of both the 

EOF and the CSEOF artificial data sets result in both autocorrelations and 

histograms that behave reasonably as compared to the original data.  We find 

this true for all three PCs.  Within this pool of sample PCs we then calculate 

cross-correlations between PC modes, as described in the methodology, and 

again identify thresholds, for determining the usefulness of the remaining 

samples.  After applying the very stringent 2nd percentile measure to this statistic 

where all 3 PCs are concerned, we are left with 7 (5) potentially viable artificial 

EOF (CSEOF) sets.  It is interesting to note that while we expect an overall 

advantage to the CSEOF method, we nonetheless arrive at a smaller number of 
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potential CSEOF sets.  If not simply coincidence, this may suggest that EOF PCs 

are more loosely structured and are therefore easier to fit, while not necessarily 

guaranteeing better results.  Investigation of Figure 13c, in particular, lends 

credibility to this theory, given the very irregular structure of EOF PC3. 

 

4.2  Fitness of Artificial SST Data 

 

In the tropical Pacific Ocean, SST, SLH, and wind stress exhibit phase-

locking properties.  Particularly in the ENSO regions (e.g. Nino 3, Nino 3.4), 

anomalous SST and SLH values should peak at or near twelve-month intervals.  

The JMA (Japan Meteorological Association) SSTA is a popular index for 

measuring ENSO behavior.  The index is based on a 5-month running mean and 

identifies significant temperature anomalies as being at or above .5°C for a 

period of at least 6 consecutive months, or at or below -.5°C for cold events.  We 

choose slightly less rigorous requirements, owing to the actual spread of the 

artificial data values, and to the possible tenacity of any artificial data set.  We 

define a "weak warm" event by anomalies ranging 0.2°C to 0.3°C  for a period of 

5 or more consecutive "months" and a "strong warm" event by anomalies at or 

above 0.3°C  for a period of 5 or more consecutive "months."  We define our 

"weak cold" events by anomalies in the -0.2°C to -0.4°C range for at least 5 

consecutive "months" and "strong cold" events by anomalies beyond -0.4°C for 

at least 5 consecutive "months."  To note, JMA SSTA uses a mandatory 6-month 

period but our values produce a better number of events by decreasing the 

mandatory period to 5 months.  This is analogous to a November-March period.  

The strength category differences between our sets and the JMA SSTA criteria 

may be a product of our choice of random variables, i.e. we may be incorporating 

a distribution that is too large in amplitude such that it is overriding the strength of 

the first 3 PCs.  Further study would need to be conducted to determine whether 

this hypothesis is the culprit.  However, by imposing these smaller measures of 

fluctuation, and allowing for both "strong" and "weak" events, we are able to 

identify several possible artificial events in each data set.  Afterwards applying 
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modular arithmetic, we are able to determine the "months" in which we should 

expect recurrence.   Tables 1 through 12 summarize the identified events and 

organize them by year (top section), by month (middle section) and by strength 

(bottom section). 

We first look at month occurrences and consider whether we can accept 

an exclusion of non-conforming events based on their strength or isolation, or 

based on whether they occur in a multi-peak event or an event of duration longer 

than 18 months.  A multi-peak is defined as two peaks that occur in a contiguous 

stretch all defined in the same strength category.  So for example, a peak of 0.4 

followed by 7 months of values greater than 0.3 and then another peak of 0.41 at 

the 8th month is considered a double peak.  If only one of these "peaks" falls into 

a pattern with the rest of the peaks we may choose to remove the other from our 

consideration of whether the artificial set shows reasonable ENSO behavior or 

not.  For example, for the CSF3 data set there is a clear pattern of maxima 

ranging from month 5 to month 10, with the exception of one month 0 occurrence 

(Table 5).  We may choose to remove this point from the list based on one of two 

decidedly valid reasons: either because it is the strongest event in the list (and 

more easily thought of as an outlier), or else because it occurs in an anomaly 

period lasting longer than 18 months (marked by a * in the tables), thus 

suggesting that the most important peak may occur at a different month.  We 

also notice some event clustering in Jan Null's event consensus list, such as from 

1992 to 1993 when there were 2 El Ninos reported in a row.  Double, and in one 

case triple peaks are highlighted in blue in the tables.  When one in a set of 

double (or triple) peaks does not fall within an established pattern we may 

choose to remove it since it may simply be an extension of the other peak(s).  

Noting that we've chosen to fairly remove the strongest point in a set if it makes 

sense to do so, we may also remove a non-conformist point that is the weakest 

peak in the set on the same basis that it may be an oddity.  Last, an outlying 

peak might be removed if it is the only one, even if it appears in the middle of a 

strength category.  After considering these options we first deem EOF sets 2, 5, 

and 7 unusable for the El Nino cases since they show no clear pattern 
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whatsoever.  This is numerically demonstrated in Table 4, in the EOF7 case, 

where the events occur in months 2, 4, 7, 9, and 11.  There are so few events 

depicted that to remove one or two of them in an attempt to uncover a pattern 

would be futile.  For the same reason we remove artificial CSEOF set 5 from 

consideration for the El Nino case.  By the same token, for the La Nina case we 

remove EOF sets 3 and 6 and CSEOF set 5.  After assessing the reasons peaks 

were removed from the remaining sets, keeping in mind that for instance 

removing the weakest point may have more significance (i.e. be more valid) than 

removing a stray point in the middle of a category, we determine that the CSEOF 

sets fare better in the El Nino case, suggesting that they capture monthly 

recurrence better than the EOF sets.  Disappointingly, in the La Nina case 

neither fared very well; both displayed fairly erratic patterns that required the 

removal of two or more points.  (Although, we do point out that the in La Nina 

case, the EOF experiment involved dismissal of an additional 3 data sets while 

the CSEOF only involved a further 1 set, leaving 2 out of 7 sets for EOF and 3 for 

CSEOF, implying a better success ratio for the CSEOF cases.)  It is not likely 

that this poor showing is simply an amplitude problem, since larger amplitude 

would only add to the existing points in a consistent way such that the "peaks" 

would only be displaced, not changed.  It is possible that physics and/or 

dynamics of La Nina play a role.  We note that La Nina is not simply the opposite 

of El Nino; their physics differ in a convective sense and in the sense of winds 

and wind stresses.  Warm events carry a robust feedback between ocean and 

atmosphere that cold events simply don't mirror, which may be why the statistics 

are so sound in the sense of warm events.  In any case, this discrepancy begs 

the question whether the La Nina cases are even useful as a modeling 

implement, but we leave that decision to further study.   

We next check the monthly spread of those remaining events.  For 

example the remaining EOF set 1 El Nino events occur between the months 3 

and 7, indicating a 5 month spread (Table 1).  This is analogous to, say, an 

October to February spread.  We find that the CSEOF sets again display an 

advantage over the EOF sets, having slightly shorter (and more realistic) 
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spreads.  Moreover, the cumulative spread (the spread of month over all artificial 

sets) for the CSEOF events is month 5 through month 10 for the El Nino case 

while it is month 0 through month 9 for the EOF events.  This measure may not 

have any significance since each artificial set in supposed to be  temporally 

independent of the others (the "start" and "stop" times are arbitrary), but it seems 

unlikely that mere coincidence causes all four CSEOF sets in the El Nino case to 

be clustered around the same values after modular arithmetic.  We may, in this 

case, consider months 5-10 to be the months October through March in all 

artificial CSEOF sets.  Concerning the monthly spread for the La Nina case, the 

EOF sets actually appear to fare better, though it should be noted that neither the 

CSEOF nor the EOF spreads are very good, again suggesting the cold physics 

are not well-captured by some portion of this study.   

The total number of events as well as the distribution of weak and strong 

events is of obvious importance.  When we compare our numbers to those 

suggested by the JMA SSTA, as well as the earlier mentioned consensus from 

the CDC, CPC, WRCC, and MEI we determine that for the El Nino case the 

CSEOF sets offer a better number of total events, although both offer too few, 

and the CSEOF sets hit a bull's eye as far as the total number of strong events, 

while the EOF sets again display far too few.  Event spacing in general has the 

two methods coming out about even, but this is to some degree anticipated given 

the results of Caron and O'Brien's in 1997.   The fact that we do not as accurately 

reproduce the amplitude and the return rate as did Caron and O'Brien is not 

addressed here, other than to say the auto regression method used should be 

investigated and a different method might be found more applicable statistically 

and physically.  In the La Nina case we again find results that are less than 

impressive for both CSEOF and EOF sets, with the biggest problem being that 

there are far too few events overall.  This again probably relates to the fact that 

so many events have to be removed in order to formulate a recognizable month 

spread.   

Last we assess whether the event stretch is plausible.  By "stretch" we 

mean the number of years between the first and last events.  If a set only 
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produces events between the "years" 5 and 19, for example as is the case with 

the EOF 2 El Nino case, we should not feel comfortable accepting that set as 

representative of reality.  We find, once again, that the CSEOF method provides 

a reasonable stretch more often than does the EOF method in the El Nino case.  

The La Nina case is again inconclusive as to which method has the advantage, 

although in this aspect both cases do produce realistic results. 

At the conclusion of these analyses, we select only EOF sets 1 and 4 and 

CSEOF sets 2, 3, and 4 to bring forward to the next set of experiments, since 

they were the only sets not completely discarded by event removal system in 

both the El Nino and La Nina cases.  The remaining experiments are an attempt 

to further detect a CSEOF approach advantage.  

 

4.3 Regression of SLH, Wind Stress Data with SST 

 

Regression analysis projects SLH (or wind stress) data onto SST data, 

ideally finding a highly reliable relationship between the two.  Relationships 

among data sets formulated in this way can be spurious, but in the case of 

variables that exist in feedback loops with each other it is much more likely that 

the relationships have great physical consistency.  Through regression, two 

variables become statistically consistent and share a single PC time series for 

each mode.  Once the regression relationship is found, artificial EOF and CSEOF 

SST PCs 1, 2, and 3 time series data is substituted for observational PCs 1, 2, 

and 3 time series data of both SLH and wind stress, as detailed in the 

Methodology section.  SLH and wind stress data are then artificially constructed 

using a process also outlined in the Methodology, wherein identified regression 

coefficients are used in addition to the new PC time series sets.  The nature of 

regression analysis also allows for an expanded time domain of the target 

variable, so we now have several 50-year artificial monthly data sets available for 

all three variables. 

We provide in Figures 18 and 20 plots of regional cross correlations.  

Communication between the western and eastern Pacific Ocean is direction-
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dependent; therefore, cross-correlations among some of these regions is not 

symmetric.  However, the EOF method by nature assumes symmetric cross 

correlations.  This is clearly demonstrated in both Figures 18 and 20.  This can 

have grave consequences for artificial data modeling in high variability areas, 

which are the areas of the most interest in this study and for scientists concerned 

with global ENSO impacts.    On the other hand, in concordance with 

cyclostationary theory, the CSEOF data displays relatively little difficulty 

reproducing realistic cross-correlation behavior, as evidence by the same figures.  

This cross-correlational behavior, again, is the key to resolving directional 

dependence in the tropical Pacific and a failure to reproduce directional 

dependence is what causes the EOF method to produce sporadic (by month) 

ENSO events.  It should be noted, though, that there are amplitude estimation 

difficulties even for the CSEOF method.  This is probably due to the nature of 

wind stress being more variable than other ENSO variables and perhaps greater 

resolution is needed to capture these complexities.  There are several other wind 

or wind stress data sets that might be employed here instead, such as the ERA-

40 and a newer version of the FSU COAPS pseudo stress data set, which may 

correct some of the noisiness of the signal and allow for even better matching 

between the original set and the artificial CSEOF sets.  That experiment is not 

endeavored here. 

 Average histograms of SLH data for the West Pacific, Central 

Pacific, and East Pacific regions (averaged over all artificial sets in each method) 

are plotted in Figure 19.  Since there appears to be a slight asymmetry in these 

regions in the original SLH data set, we would like to know whether this trait is 

captured by the artificial data sets, which were initially constructed based upon 

basin-wide histograms.  Interestingly, both the CSEOF and EOF method seem to 

favor a strictly Gaussian distribution centered on 0 rather than follow the slight 

biases in the original regional data.   Perhaps it is a problem with the original data 

set or perhaps it relates back to the way the initial artificial PC modes were 

chosen, but this study does not delve deeper into this intriguing point. 
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In a final measure, Hovmoller diagrams are shown in Figures 21 for 

artificial SST, SLH, and wind stress data for the EOF and CSEOF methods 

respectively, one set chosen for each method.  We want to see that there is an 

evolution from anomalous wind activity to anomalous SLH activity and then to 

anomalous SST activity.  Both sets overall show a constancy of isopleths in time.  

However, strong ENSO events seen in one CSEOF variable seem to coordinate 

fairly well with strong events seen in the other CSEOF variables, suggesting that 

they are indeed linked.  Conversely EOF demonstrates, for example, a strong 

event in the wind variable temporally matched with a weak event in the other 

variables.  This suggests the amplitude variations among the EOF set variables 

are inconsistent.  Notably, there also appear to be too frequent strong warm 

events.  Overall amplitude might again be demonstrating a sensitivity to the 

random Gaussian variables employed in the first part of the experiment.  In both 

cases wind activity propagation is difficult to determine but seems just a bit more 

readily apparent in the CSEOF set, suggesting again that direction-dependence 

is a subject for CSEOFs to handle, rather than EOFs.  The ambiguity of the 

propagation might be resolved if a different wind stress data set is used from the 

beginning. 
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CHAPTER 5 

 

CONCLUSIONS 

 

 

 The purpose of this study was to artificially reproduce three ENSO related 

physical variables.  The auto regressive method reproduction of artificial SST 

data was the primary aim, and extending these artificial SST data sets to aid in a 

regression method reproduction of artificial SLH and wind stress data was the 

secondary aim.  The goal of the experiments was to demonstrate certain 

advantages of cyclostationary EOF methods over stationary EOF methods.  

Initial measures of SST PC time series histograms and autocorrelations did not 

immediately reveal any such advantage.  But once cross-correlations were 

computed it became clear that CSEOFs have a clear notion of and can 

accurately reproduce cyclic relationships where EOFs completely fail to 

recognize such relationships.    For warm ENSO events, when we computed 5-

month running means of artificial SST anomalies, it became clearer that a 

CSEOF approach captures some of the features we desire for future climate 

modeling.  In particular the ability of the CSEOF method to predict an event in the 

appropriate month is a result that has eluded past studies.  In that respect, this 

method would be very beneficial to existing climate studies.  However, it was 

clear as well that the CSEOF method did no particular favors to cold event 

modeling.  There can be several explanations for this:  It is possible that it is 

simply a matter of amplitude adjustment, as the warm anomalies remained 

mostly below the 0.5 degree Celsius benchmark favored by several well-know 

ENSO indices and the cold anomalies routinely surged past the -0.5 degree 

Celsius mark.  Or it's possible there is some physical trait that is involved with 

cold cycles that is not necessary present in the warm cycles.  A suggestion as to 

what kind of trait that might be is beyond the capabilities of this study, but it 

certainly deserves further investigation as strong La Ninas can wreak just as 

much havoc as strong El Ninos.  The further project of using regression analysis 
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in conjunction with artificially reproduced time series data to produce SLH and 

wind stress data continued to show some benefits of CSEOF methods over EOF 

methods, although the measures appeared less definitive than they did for SST.  

While regional EOF data cross correlations very clearly demonstrated, once 

again, the EOFs' failing to capture cyclic physics and direction dependence (as 

evidenced by the total assumption of symmetry in the cross correlations plots), 

the regional CSEOF data cross correlations proved a reasonable attempt at 

these dependencies but not an arguably excellent one.  CSEOF data amplitude 

matching also loses some credibility in the final experiment.   Overall this study 

was an important one that should be emphasized in future research of ENSO 

modeling, but the negatives should not be downplayed.  Rather they should 

focus the future researcher to find new modifications to deal with these 

shortcomings and to continue moving forwards toward optimal ENSO prediction. 
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Table 1  El Nino running-mean stats: EOF1 and EOF2 
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Table 2  El Nino running-mean stats: EOF3 and EOF4 
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Table 3  El Nino running-mean stats: EOF5 and EOF6 
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Table 4  El Nino running-mean stats: EOF7 and CSF1 
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Table 5  El Nino running-mean stats: CSF2 and CSF3 
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Table 6  El Nino running-mean stats: CSF4 and CSF5 
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Table 7  La Nina running-mean stats: EOF1 and EOF2 
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Table 8  La Nina running-mean stats: EOF3 and EOF4 
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Table 9  La Nina running-mean stats: EOF5 and EOF6 
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Table 10  La Nina running-mean stats: EOF7 and CSF1 
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Table 11  La Nina running-mean stats: CSF2 and CSF3 
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Table 12  La Nina running-mean stats: CSF4 and CSF5 
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Table 13  Pacific Ocean regions 

 

 

 

 

Region From Lon To Lon From Lat To Lat 

West Pacific 130 170 -10 10 

Central Pacific 180 220 -10 10 

East Pacific 240 280 -10 10 

NINO3 210 270 -5 5 

NINO3.4 190 240 -5 5 
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Figure 1   values for SST EOF PCs 1-45 2
r

 
 

 

 

 

 
 

 

 

Figure 2  2
r  values for SST CSEOF PCs 1-45 

 37



 

 
 

 

 

 

 

 
 

 

 

 

 

 
 

 

 

 

 

 

Figure 3  Plot of SST EOF PCs for a) PC1, b) PC2, c) PC3 
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Figure 4  Plot of artificial SST EOF PCs for a) PC1, b) PC2, c) PC3 
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Figure 5  Plot of SST CSEOF PCs for a) PC1, b) PC2, c) PC3 
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Figure 6  Plot of artificial SST CSEOF PCs for a) PC1, b) PC2, c) PC3
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Figure 7  Plot of SST anomaly standard deviation, original data (black line)  
vs. artificial EOF data (orange line) vs. artificial CSEOF data (blue line),  
for western Pacific (top panel), central Pacific (2nd panel), eastern Pacific  

(3rd panel), and NINO3 region (bottom panel) 
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Figure 8  Autocorrelations of SST original data (green) 
vs. artificial CSEOF data (purple) for a) PC1, b) PC2, c) PC3 
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Figure 9  Autocorrelations of SST original data (green) 
vs. artificial EOF data (purple) for a) PC1, b) PC2, c) PC3 
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Figure 10  Histograms of SST original data (green) vs. artificial 
CSEOF data (blue positive, red negative) for a) PC1, b) PC2, c) PC3  
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Figure 11  Histograms of SST original data (green) vs. artificial 
EOF data (blue positive, red negative) for a) PC1, b) PC2, c) PC3 
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Figure 12  Cross correlations of SST original data (green) vs. 
artificial CSEOF data (blue positive, red negative) for a) PC1 vs. PC2, 

b) PC1 vs. PC3, c) PC2 vs. PC3 
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Figure 13  Cross correlations of SST original data (green) vs. 
artificial CSEOF data (blue positive, red negative) for a) PC1 vs. PC2, 

b) PC1 vs. PC3, c) PC2 vs. PC3
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Figure 14  Plot of SST 5-month running mean for original data 
(top panel), artificial CSEOF data (middle panel), artificial EOF data 

(bottom panel) 
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Figure 15  Pacific Ocean regions 
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Figure 16  SST Pacific Ocean regional cross 
correlations between western Pacific region and: 

eastern Pacific (top left), NINO3 (middle left), 
NINO3.4 (bottom left), and between central Pacific 

region and: eastern Pacific (top right), NINO3 
(middle right), NINO3.4 (bottom right) 
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Figure 17  Histograms of SST original data (green) vs. artificial CSEOF 
(blue) and artificial EOF (red) for western Pacific region (top panel) and 

eastern Pacific region (bottom panel) 
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Figure 18  SLH Pacific Ocean regional cross correlations 
between western Pacific region and: eastern Pacific (top 

left), NINO3 (middle left), NINO3.4 (bottom left), and 
between central Pacific region and: eastern Pacific (top 

right), NINO3 (middle right), NINO3.4 (bottom right) 
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Figure 19  Histograms of SLH original data (green) vs. artificial CSEOF 
(blue) and artificial EOF (red) for western Pacific region (top left), 

central Pacific region (bottom left), and eastern Pacific region (right)

 54



 
 

 

 
 

 

 
 

 

 

 
 

 

 
 

 

 

 

Figure 20  Zonal wind stress Pacific Ocean regional 
cross correlations between western Pacific region and: 
eastern Pacific (top left), NINO3 (middle left), NINO3.4 
(bottom left), and between central Pacific region and: 

eastern Pacific (top right), NINO3 (middle right), 
NINO3.4 (bottom right) 
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Figure 21 Hovmoller plots of SST anomaly (top panel), SLH anomaly 

(middle panel) and zonal wind stress anomaly (bottom panel) for artificial EOF 
data 
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Figure 22: Hovmoller plots of SST anomaly (top panel), SLH anomaly 
(middle panel) and zonal wind stress anomaly (bottom panel) 

for artificial CSEOF data 
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APPENDIX 

 

AUTOREGRESSION 

 

 Different atmospheric and oceanic variables need not share the same time 

evolution.  A physically consistent relationship is developed, through regression 

analysis, such that the evolution of one variable can be used to estimate the 

evolution of the other variable.   In this application, the artificial SST data set is 

used to generate SSH and surface winds.  While EOF regression between such 

variables has been attempted in the past (Caron and O’Brien 1997), with some 

benefits toward ENSO prediction, this study uses CSEOF regression in an 

attempt to rectify the problems of the previous study. 

Regression can be explained in terms of target and predictor variables.  

The predictor variable (e.g., SLH) is used to predict the target variable (i.e., SST).  

Let  be the PC time series of a target variable and be the time series 

of a predictor variable.  Here m and n represent PC mode numbers.  The PC 

time series of the predictor variable are regressed onto the PC time series of the 

target  

)(tTm )(tPn
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where M is the number of target PC time series,  is the number of predictor 

time series, and are the corresponding regression coefficients.  

ficients  are, for any one given , the 
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Theoretically, the regression coef
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correlation between  and efficient are obtained through an 

optimization process where the variance of 

)(tPn ) .  These co(tTm

)(tnε is minimized.  Once the 

regression coefficients are identified, the regressed pattern of the predictor 

variable, 
)(m

regΨ , is obtained by  

   ∑
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nreg =Ψ
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mm
LV
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)()( α , Mm ,3,2,1n =     (A.2) 

where nLV are the loading vectors of the predictor variable.  We note the 

difference between EOF regression analysis and CSEOF regression analysis, 

where EOF loading vectors are spatial patterns only, such that )(rΨ=Ψ , while 

CSEOF loading vectors are space-time patterns, such that ),( trΨ=Ψ . 

The regression method used is analogous to the projection method (Kim 

and Kim 2004).  The projection method for EOFs is applied as follows. 

   ∑ ⋅=Ψ
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where mT is a basis for the projection space and )(rn

m tT

Ψ are EOFs, then by EOF

decomposition 
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 and by definition of 
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and since mn tPtP nmδ= re)()( , whe m nδ  is a delta function, then 

    ∑
=

     (A.7)  

Again note that the projection method for CSEOFs uses 

=
N

n

rrP
1

)()( ψα nn

),( trmΨ to represent 

loading vectors, as opposed to )(rmΨ .  

poral (CSEOF) physically cons

n be 

m 1

 

where are the artificial PC time series for the target variable and are 

the newly associated artificial PC time series for the predictor variable.  Thus a 

synthetic set of, say, SLH data is now reconstructed via EOF (CSEOF) 

n

t
1

)  ) 

 

Once the spatial (EOF) or spatio-tem istent 

patterns are found for the predictor variable, the regression relationship ca

rewritten in terms of the synthetic PC time series of the target variable  
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