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ABSTRACT 

 

The study of empirical teleconnections between annual and seasonal precipitation 

anomalies and different climate indices i.e. SOI, PDO, MEI, AAO, ONI, TWI, N3.4, TNI, 

and MJO, is an important approach to describe and analyze spatial and temporal 

precipitation variability. The objective of this study was to describe and analyze the main 

features of interannual and seasonal precipitation variability along Chile, and the influence 

of different ocean-atmospheric oscillations on secular long-term patterns. An exhaustive 

analysis through Empirical Orthogonal Functions (EOF) allowed determining the 

significant modes of annual and seasonal precipitation, and the main spatial patterns 

associated to them. Discrete Fourier Transform (DFT), the Singular Spectrum Analysis 

(SSA), and the Multichannel Singular Spectrum Analysis (M-SSA) were additionally used 

to determine the main frequencies and oscillatory components associated with leading 

climatic modes and precipitation patterns. The results agreed with those obtained by other 

authors and also when using different datasets. Despite advances on detailed annual and 

seasonal analysis that were carried out here, more detailed country-based studies are still 

required to develop a detailed understanding about climatic patterns along a country that is 

geographically very difficult to investigate.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 14 

1. INTRODUCTION 

 

 

An understanding of the exceptional topographic variability of Chile is crucial to 

understand its impact on precipitation at all-time scales (from daily, to decadal). The 

latitudinal extension of more than 4,000 kilometers and the orography related to the Andes 

Mountains contribute to a wide variety of climates; however, other factor such as the 

country’s proximity to the Pacific Ocean, the South Pacific Anticyclone (SPA), the 

Antarctic Circumpolar Current (ACC), and the cold Humboldt Current (Peruvian Current) 

also affect the variability of precipitation along Chile.  

Several well-known coupled ocean-atmospheric indexes have been developed to 

describe and analyze temporal and spatial precipitation variability around the world and 

some of them have been related to precipitation patterns in Chile i.e. SOI (Southern 

Oscillation Index), AAO (Antarctic Oscillation Index), PDO (Pacific Decadal Oscillation 

Index), among others. These indexes are commonly calculated using techniques such as 

EOF (Empirical Orthogonal Functions Analysis) or PCA (Principal Component Analysis), 

and are represented by daily, monthly, seasonal, annual or decadal standardized 

anomalies, that represents physic-chemical interactions between temperature, pressure, 

winds (speed and direction) or other variables, at the sea surface level or at different 

heights within a given atmospheric layer. In general EOF or PCA terms are 

interchangeable and can be mathematically defined as an orthogonal linear transformation 

that converts the original data into a new coordinate system, where the greatest variance 

obtained by some posterior projection corresponds to the first coordinate, the second 

greatest variance corresponds to the second coordinate, and so on. Therefore, these 

techniques are used to reduce the dimensionality of a data set in order to maximize its 

variance maintaining orthogonality but not having a physical sense. In this study 

EOF/PCA tools are used to analyze precipitation patterns and its relationship to coupled 

ocean-atmospheric indexes at seasonal and annual scales. Additionally in order to 

understand possible precipitation trends and extract seasonal or monthly components 

associated to ocean-atmospheric interactions techniques like Discrete Fourier Transform 

(DFT), Singular Spectrum Analysis (SSA), and the Multi-Channel Singular Spectrum 

Analysis (MSSA) were used. These techniques were applied for climatic indexes and 
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longest precipitation records. Under this context, the objective of this study is to describe 

and analyze the main modes of interannual and seasonal precipitation variability along 

Chile, and the influence of different ocean-atmospheric oscillations on secular long-term 

patterns. Specifically this study addresses the following research questions:  

 

1. How much precipitation variability is explained by using the Empirical Orthogonal 

Functions (EOF) approach to identify patterns at seasonal or annual scales? 

 

2. Which spatial precipitation patterns may be identified from the analysis? 

 

3. Which coupled ocean-atmosphere indices are most strongly correlated with 

Chilean annual and seasonal patterns of precipitation at different spatial scales? 

 

4. Can temporal changes in regional precipitation patterns be explained by 

atmospheric circulation changes? 

 

The body of this thesis is divided in the following sections: (1) Introduction, (2) 

Literature Review, (3) Methodology, and (4) Results. Finally, a Discussion and 

Conclusions of the results are also presented. 
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2. LITERATURE REVIEW 

 

 

2.1 Rainfall Variability along Chile 

 

 

Rainfall variability can be defined as the degree to which rainfall amounts vary in 

spatial or temporal terms over a wide range of scales. Knowledge and understanding of 

such variability may lead to improved risk management practices in agricultural and other 

industries (Meinke et al., 2005), and is also relevant in understanding climate change 

impacts on precipitation.  

In general, rainfall in Chile tends to increase with latitude and altitude (Quintana 

and Aceituno, 2006; Pizarro et al., 2008 and 2012). The interannual variability is related to 

El Niño-Southern Oscillation (ENSO) (Pittock, 1980; Quinn and Neal, 1983; Aceituno, 

1988; Rutllant and Fuenzalida, 1991; Aceituno and Garreaud, 1995; Garreaud and Batisti, 

1999; Grimm et al., 2000; Montecinos et al., 2000a, b; Montecinos and Aceituno, 2003). 

Montecinos and Aceituno (2003) have also noted that interdecadal precipitation variability 

is linked to the Pacific Decadal Oscillation (PDO) (Karoly, 1989; Mantua et al., 1997). 

Furthermore, Carrasco (2006) stated that the intra-seasonal variability of precipitation in 

central Chile is influenced by the Madden and Julian Oscillation (MJO) (Madden and 

Julian, 1994). Another source of low-frequency variability is the Antarctic Oscillation 

(AAO), characterized by pressure anomalies of one sign centered in the Antarctic and 

anomalies of the opposite sign on a circumglobal band, at about 40-50°S (Thompson and 

Wallace, 2000). There is also a significant large response of the surface air temperature 

south of 40°S, such that warming is associated with the positive phase of the Antarctic 

Oscillation. AAO-related precipitation anomalies are significant in southern Chile (largest 

at 40°S) and along the subtropical east coast of the continent (Garreaud et al., 2009; 

Villalba et al., 2012). 

Throughout Chile, three types of annual precipitation cycles can be identified: 1) 

In the Northern Altiplano (plateaus with altitudes greater than 3000 m) a low precipitation 

cycle can be found, with mean annual precipitation ranging from 600 mm yr-1 in the 

northeast to 200 mm yr-1 in the southwest section of the Altiplano. However, an extreme 

arid pattern dominates in the lower elevation zones from most-northern Chile until 27°S. 
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Central-South regions have a well-defined annual cycle characterized by peaks in winter 

seasons, and much lower values in summer periods gradually increasing to the south. This 

climatic type is known as Mediterranean Climate and is found approximately from 30° to 

40° S (CONAMA, 2006). Rainfall events are most frontal events, and the annual 

progression of monthly mean rainfall frequency is shown to share a common shape 

throughout the country (Saavedra et al., 2002). Falvey and Gerraud (2007) indicated that a 

surprising characteristic of the precipitation in central Chile is the apparent uniformity of 

the distribution in the cross-mountain (East to West) direction. Montecinos and Aceituno 

(2003) stated that precipitation concentrates mainly in May-September, and that climate 

variability is influenced by the Southern Oscillation (SO). Furthermore, ENSO events are 

associated with above average winter rainfall in Central Chile (30
o
 and 35

o
S), late spring 

(35
o
 and 38

o
 S), and below average summer precipitation in Southern-Central Chile 

(38
o
and 41

o
S). Consequently, regional and large-scale circulation features during extreme 

rainfall conditions share significant similarities with those during extreme ENSO phases. 

Annual rainfall increases southward from around 100 mm at 30°S to nearly 2,000 mm at 

40°S, and the Andes cordillera isolates this region from the influence of continental air 

masses (Quintana and Aceituno, 2006). Over the austral region (southern side of Los 

Lagos Region to the Aysen and Magallanes regions 40
o
S-56

o
S), another cycle is found, 

characterized by abundant monthly precipitation through all seasons, reaching up to 5000 

mm yr
-1

 west of the Andes mountain peaks. However, a significant precipitation decrease 

is observed at the eastern aspect, (CONAMA, 2006) due to a rain shadow effect.  

Significant variability in annual precipitation occurs in the coastal regions of Chile, 

with an increasing southern gradient with annual precipitation of 100 mm yr
-1

 in La 

Serena (around 29
o
54’S), greater than 1,000 mm yr

-1
 in Concepción (36

o
46’S), 2,000 mm 

yr
-1

 in Valdivia (39
o
48’), and 3,000 mm yr

-1
 in Chiloé (41

o
 to 43

o
). The maximum annual 

rainfall in Chile is around 7,000 mm yr
-1

 in Guarello Islands (50
o
23’S). Annual 

precipitation starts decreasing to the south reaching 1200 mm yr
-1

 in Cape Horn (55
o
58’ S) 

(CONAMA, 2006). In general terms, precipitation can vary from around 1 mm year
-1

 in 

the hyper-arid North (between 26˚S and 29˚S Latitudes) to more than 4000 mm year
-1

 in 

the extreme South (Cereceda and Errázuriz, 2010).  
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2.2 Coupled Ocean-Atmosphere Indexes 

 

During the past decades researchers have found that important features of the 

interannual and seasonal rainfall variability in global climate patterns are linked to ocean-

atmosphere interactions. Several climatic indexes have been developed to represent these 

interactions and most of them are monitored by Climate Prediction Center (CPC) of 

National Weather Service (http://www.cpc.ncep.noaa.gov/). The following sections focus 

on the description of the climatic indexes used in this research, most of them related to 

ENSO phenomena; but also Madden and Julian and Antarctic Oscillation Indexes are 

additionally included. 

2.2.1 El Niño - Southern Oscillation phenomena (ENSO) 

 

The coupled ocean-atmosphere phenomenon known as El Niño-Southern 

Oscillation or ENSO involves the interaction between ocean and atmosphere (both of 

which play a role in reinforcing changes in each other) and occurs when the Pacific Ocean 

and the atmosphere above it change from their neutral (normal) state during several 

seasons (Halpern, 1987; Halpert et al., 1992; Hoerling and Kumar, 2000). The tropical 

Pacific Ocean and atmosphere oscillates between warm, cool and neutral phases on a 

timescale of a few years. Thus El Niño events are associated with a warming of the central 

and eastern tropical Pacific, while La Niña events are the reverse, with a sustained cooling 

of these same areas (Bureau of Meteorology, 2012). El Niño accompanies high air surface 

pressure in the western Pacific, while the cold phase, La Niña, accompanies low air 

surface pressure in the western Pacific (IPCC, 2007) (Figure 1).  

 

 

 

 

 

 

 

 

 

 

http://www.cpc.ncep.noaa.gov/
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Figure 1. ENSO Phases, Neutral, La Niña (Cold Phase), El Niño (Warm Phase). Source: 

adapted from Bureau of Meteorology (2012). 

 

 

ENSO is primarily monitored by analyzing the variation in sea level pressure, for 

example, as described by Southern Oscillation Index (SOI); however, monitoring the 

oceanic component of ENSO conditions focuses on sea surface temperature (SST) 

anomalies in 4 geographic regions of the equatorial Pacific, named El Niño 1, 2, 3, 4, and 

3.4 regions (which is encompasses part of both region 3 and 4). El Niño 1 is the area 

defined by 80º-90ºW and 5º-10ºS, El Niño 2 by 80º-90ºW and 0º-5ºS, El Niño 3 by 90º-

150ºW and 5ºN-5ºS, El Niño 4 by 150ºW-160ºE and 5ºN-5ºS, El Niño 3.4 by 120Wº-

170ºW and 5ºN-5ºS (Figure 2). 

 

Figure 2. The Niño monitoring regions. Source: Own work. 
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2.2.1.1 Southern Oscillation Index (SOI) 

 

 

The Southern Oscillation Index (SOI), which describes a bimodal variation in sea 

level barometric pressure between observation stations at Darwin (Australia) and Tahiti 

(Troup, 1965; Trenberth, 1984; Ropelewski and Jones, 1987; Trenberth and Hoar, 1996). 

The SOI is a mathematical way of smoothing the daily fluctuations in air pressure between 

Tahiti and Darwin and standardizing the information. El Niño episodes are associated with 

negative values of the SOI, meaning that there is below normal pressure over Tahiti and 

above normal pressure of Darwin. The advantage in using the SOI is that records are more 

than 100 years long which gives us over a century of ENSO history. The new version of 

SOI is available from 1951 to present and can be downloaded at: 

http://www.cpc.ncep.noaa.gov/data/indices/soi  (NOAA Climate Prediction Center). The 

old version of SOI can be also obtained from: 

http://www.cses.washington.edu/data/indices.shtml (Global/PNW Data Archive: 

Atmospheric Indices. University of Washington). The SOI Index is defined in detail in 

Appendix 7.1. 

 

2.2.1.2 Multivariate ENSO Index (MEI) 

 

The Multivariate ENSO Index (MEI) (Wolter and Timlin, 2011) is another index 

developed to monitor ENSO by using the six main observed variables over the tropical 

Pacific. These six variables are: sea-level pressure (P), zonal (U) and meridional (V) 

components of the surface wind, sea surface temperature (S), surface air temperature (A), 

and total cloudiness fraction of the sky (C). These observations have been collected and 

published in ICOADS (http://icoads.noaa.gov/) for many years. The MEI is computed 

separately for each of twelve sliding bi-monthly seasons (Dec/Jan, Jan/Feb … Nov/Dec). 

After spatially filtering the individual fields into clusters (Wolter, 1987), the MEI is 

calculated as the first unrotated Principal Component (PC) of all six observed fields 

combined. This is accomplished by normalizing the total variance of each field first, and 

then performing the extraction of the first PC on the co-variance matrix of the combined 

fields (Wolter and Timlin, 1993). In order to keep the MEI comparable, all seasonal values 

http://www.cpc.ncep.noaa.gov/data/indices/soi
http://www.cses.washington.edu/data/indices.shtml
http://icoads.noaa.gov/
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are standardized with respect to each season and to the 1950-93 reference periods. MEI is 

available from 1950 to present and can be downloaded at: 

http://www.esrl.noaa.gov/psd/enso/mei/table.html (NOAA Climate Prediction Center). 

 

2.2.1.3 Pacific Decadal Oscillation (PDO) 

 

The Pacific Decadal Oscillation (PDO) (Mantua et al., 1997; Bond and Harrison, 

2000), also called Interdecadal Pacific oscillation (IPO); The PDO is the leading EOF of 

monthly sea-surface temperature anomalies (SSTA, warm or cool surface waters) over the 

North Pacific (poleward of 20° N), after the global mean SSTA has been removed, the 

PDO index is the standardized principal component time series (Deser et al., 2010). It 

affects both the North and South Pacific oceans and adjacent regions with a cycle of 15-30 

years that shows similar sea-surface temperature and sea-level pressure patterns of ENSO. 

During the warm (or positive) phase, the west Pacific becomes cool and part of the eastern 

ocean warms. When this happens, the El Niño events prevail in frequency and intensity. 

On the other hand, during the cool (or negative) phase, the opposite pattern occurs and La 

Niña episodes are more frequent and lasting. PDO Index is available from 1950 to present 

and can be downloaded at: http://jisao.washington.edu/pdo/ (Joint Institute for the Study 

of the Atmosphere and Ocean, University of Washington). 

 

2.2.1.4 Trade Winds Index (TWI) 

 

The zonal wind indices are obtained by averaging the daily midnight zonal wind 

anomalies over the indicated area. For this study the 850 hPa Trade Wind Index (135
o
W-

120
o
W and 5

o
N-5

o
S) was used. Positive values of the 850 hPa zonal wind indices imply 

easterly anomalies. The zonal wind indices are forecasted by using the Global Forecast 

System (GFS) and ensemble mean forecast, from weather prediction models produced by 

the National Centers for Environmental Prediction (NCEP) (http://www.ncep.noaa.gov/). 

NCEP considers atmospheric and land-soil variables from temperatures, winds, and 

precipitation to soil moisture and atmospheric ozone concentration. The TWI is available 

http://www.esrl.noaa.gov/psd/enso/mei/table.html
http://jisao.washington.edu/pdo/
http://www.ncep.noaa.gov/
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from 1979 to present and can be downloaded from NOAA Climate Prediction Center: 

http://www.cpc.ncep.noaa.gov/data/indices/epac850.  

 

2.2.1.5 Niño 3.4 Index (N3.4) 

 

The N3.4 Index is represented by the SST anomalies in the Niño 3.4 region. Index 

values equal to or greater than 0.5°C (0.9°F) are indicative of ENSO warm phase (El 

Niño) conditions, while anomalies less than or equal to –0.5°C (–0.9°F) are associated 

with cool phase (La Niña) conditions. The Niño 3.4 anomalies may be thought of as 

representing the average equatorial SSTs across the Pacific from about the dateline to the 

South American coast. The N3.4 Index is available from 1950 to present and can be 

downloaded from NOAA Climate Prediction Center: 

http://www.cpc.ncep.noaa.gov/data/indices/ersst3b.nino.mth.81-10.ascii. 

 

2.2.1.6 Oceanic Niño Index (ONI) 

 

ONI is another important measure for monitoring, assessing, and predicting ENSO. ONI is 

defined as the three-month running-mean SST departures in the Niño 3.4 region (similar 

to N3.4 Index). Departures are based on a set of improved homogeneous historical SST 

analyses (Extended Reconstructed SST - ERSST.v3b available at: 

https://www.ncdc.noaa.gov/ersst/). The SST reconstruction methodology is described in 

Smith et al. (2008). According to this index, El Niño events are characterized by a positive 

ONI greater than or equal to +0.5ºC, and La Niña events characterized by a negative ONI 

less than or equal to -0.5ºC. ONI Index is available from 1950 to present and can be 

downloaded from: 

http://www.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ensoyears.shtml. 

 

 

 

 

 

http://www.cpc.ncep.noaa.gov/data/indices/epac850
http://www.cpc.ncep.noaa.gov/data/indices/ersst3b.nino.mth.81-10.ascii
https://www.ncdc.noaa.gov/ersst/
http://www.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ensoyears.shtml
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2.2.1.7 Trans-Niño Index (TNI) 

 

The Trans-Niño Index (TNI) is given by the difference in normalized anomalies of 

SST between Niño 1+2 and Niño 4 regions. The first index (Niño 1+2) can be seen as the 

mean SST throughout the equatorial Pacific east of the dateline, and the second index 

(Niño 4) is the gradient in SST across the same region (Trenberth and Stepaniak, 2001).  

TNI Index is available from 1870 to present and can be downloaded at:  

http://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/Data/tni.long.data. 

 

2.2.1.8 Monthly Bivariate ENSO Time Series (BEST) 

 

The BEST index was designed to be simple to calculate and to provide a long time 

period ENSO index for research purposes. Nino 3.4 (SST) has traditionally been used as a 

measure of ENSO strength in the tropical Pacific. However, its use alone neglects explicit 

atmospheric processes. By adding the SOI, these processes are more directly included. 

BEST is calculated from combining a standardized SOI and a standardized Nino3.4 SST 

time series (Smith and Sardeshmukh, 2000). BEST is available from 1948 to present and 

can be downloaded from:  http://www.esrl.noaa.gov/psd/data/correlation/censo.data. 

2.2.2 Madden and Julian Oscillation (MJO) 

 

The MJO is an intraseasonal fluctuation or “wave” occurring in the global tropics. 

The MJO is defined as the leading mode of intraseasonal variability in equatorial-tropical 

weather on weekly to monthly timescales (Madden and Julian, 1971 and 1972; Zhang, 

2005). It is characterized by the fluctuation of atmospheric pressure over the equatorial 

Indian and western Pacific oceans; which is revealed as an eastward moving pulse of deep 

convective clouds and rainfall from the Indian to the Pacific oceans every 30 to 60 days. It 

is associated with 10 particular phases (indexes) described from Extended Empirical 

Orthogonal Function (EEOF) analysis is applied to pentad 200-hPa velocity potential 

(CHI200) anomalies equatorward of 30°N during ENSO-neutral and weak ENSO winters 

(November-April) in 1979-2000. The ten MJO indices are the minus projection of the 

pentad CHI200 anomalies onto the ten time-lagged patterns of the first EEOF of pentad 

http://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/Data/tni.long.data
http://www.esrl.noaa.gov/psd/data/correlation/censo.data
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CHI200 anomalies. MJO is responsible for the majority of weather variability in 

equatorial-tropical regions and results in variations in several important atmospheric and 

oceanic parameters which include both lower- and upper-level wind speed and direction, 

cloudiness, rainfall, sea surface temperature (SST), and ocean surface evaporation. The 

MJO is characterized by the eastward propagation of regions of enhanced and suppressed 

tropical rainfall, primarily over the Indian and Pacific Oceans. The anomalous rainfall is 

often first evident over the Indian Ocean, and remains apparent as it propagates eastward 

over the very warm waters of the western and central tropical Pacific. The atmospheric 

circulation associated with the MJO not only modulate precipitation in the region of the 

equatorial Indian and western Pacific oceans, but also the extratropical region like the 

Chilean territory facing the southeastern Pacific Ocean (Carrasco, 2006). MJO indexes are 

available from 1978 to present and can be obtained at daily basis from: 

http://www.cpc.ncep.noaa.gov/products/precip/CWlink/daily_mjo_index/pentad.html.  

 

2.2.3 Antarctic Oscillation Index (AAO) 

 

Thompson and Wallace (2000) analyzed monthly anomalies of geopotential 

heights in both Hemispheres identifying what they named as Annular Modes. In the 

Southern Hemisphere (SH) the Southern Annular Mode or Antarctic Oscillation (AAO) 

pattern is defined as the leading mode of the empirical orthogonal function (EOF-1) 

obtained from daily 700-hPa geopotential height anomalies (Mo, 2000). The Antarctic 

Oscillation (AAO), High Latitude Mode (HLM), or Southern Annular Mode (SAM) Index 

is the difference in average mean sea level pressure (MSLP) between SH middle and high 

latitudes (usually 45°S and 65°S), from gridded or station data (Marshall, 2003), or the 

amplitude of the leading empirical orthogonal function of monthly mean SH 850 hPa 

height poleward of 20°S (Thompson and Wallace, 2000). AAO index is available at 

monthly basis from 1979 to present and can be obtained at: 

http://www.cpc.ncep.noaa.gov/products/precip/CWlink/daily_ao_index/aao/aao.shtml.  

 

Monthly time series for different Climatic Indexes (SOI, PDO, AAO, BEST, MEI, 

and TNI) available from NOAA web site can be observed in Figure 3. It is important to 

http://www.cpc.ncep.noaa.gov/products/precip/CWlink/daily_mjo_index/pentad.html
http://www.cpc.ncep.noaa.gov/products/precip/CWlink/daily_ao_index/aao/aao.shtml
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mention that most of the indexes start their time series in 1950; however, most of the 

analysis carried out in this study involving the use of them, was concentrated over the 

period 1979-2012, because the shorter time series for the Climatic Indexes starts in 1979 

(for example AAO). 

 

Figure 3. Monthly time series for the Climatic Indexes SOI (up-left), PDO (up-right), 

AAO (middle-left), BEST (middle-right), MEI (down-left), and TNI (down-right). 

Source: Obtained from: http://www.esrl.noaa.gov/psd/data/climateindices/.  

 

http://www.esrl.noaa.gov/psd/data/climateindices/
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3. METHODOLOGY 

 

3.1 Study Area  

 

Continental Chile is located in the Pacific Coast of South America between 

latitudes 17˚30’S and 56˚30’S (more than 4,000 kilometers), and is divided into 15 

administrative regions. The geography of the country is mainly dominated by steep 

mountainous terrains, with only around 20% of the continental territory being flat. The 

national territory is composed of 101 main basins, with more than 300 rivers flowing 

mainly from East to West (Figure 4).  

 

Figure 4: Elevation Map with administrative regions (left), and watersheds distribution 

along the country (right). Source: own work. 
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The Chilean territory is also characterized by a wide variety of landscapes. It is 

possible to distinguish, from the morphological point of view, four major geographical 

units along the country, from East to West: Andes Mountains, Intermediate Depression, 

Coastal Mountains, and Coastal plains (coastline) (INE, 2011). Using the Köppen’s 

climate classification (Köppen, 1954), it is possible to distinguish a large variety of 

climates through the country, with arid and semi-arid climates in northern regions, 

temperate climates in central-Chile, humid climates in southern regions, and tundra and 

polar climates in the Andes Mountains (Figure 5).  

 

Figure 5: Köppen Climatic classification for Chile considering different natural regions 

defined as: Far North, Near North, Central Chile, South and Far South. Source: own work. 

 

In most of the Country rainfall amounts concentrates mainly in winter season 

(JJA); however, in Far North regions (altiplano) considerable rainfall contribution is 

observed during the summer months (DJF), in what is commonly known as the Bolivian 

Winter (for details see Vuille, 1999; Garreaud and Aceituno, 2001), and where 

precipitation is associated with strong summer convection and daily moisture influx from 

the eastern interior of the continent (Vuille et al., 1998; Garreaud, 1999) (Figure 6). 
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Figure 6. Monthly rainfall distribution along Chile. The legend on the map represents 

annual  precipitation (mm yr
-1

). Source: own work. 

 

 

3.2 Dataset 

 

The data set was provided by the National Water Resources Directorate of Chile, 

DGA, (http://www.dga.cl/Paginas/default.aspx). This public institution manages more 

than 3000 gage stations (Figure 7, left) located along Chile to measure precipitation, 

temperature, streamflows, evaporation, humidity and water tables, among others. From 

this collection, a total of 671 stations meteorological were identified, and used to 

determine periods of records and missed data (Figure 7, right). In this context, different 

periods of analysis were defined containing 34, 50, 60, 70, 80, 90, 100, 110, and 120 years 

of annual and seasonal information (Table 1). 

 

 

 

 

http://www.dga.cl/Paginas/default.aspx
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Figure 7. National Hydrometric Network of Chile (left), and the 671 Meteorological 

Stations used for initial data quality control analysis (right). Source: own work. 

 

 

A thorough quality control was carried out with the precipitation to prepare a 

reliable dataset for this study. The criterion used to consolidate annual series was to select 

only those years with at least 10 months of information (Figure 8). In addition for one 

station to be considered within any period of analysis had to have at least a 90% of annual 

data. The annual time series for each period were grouped in matrix form (from North to 

South) and then K-Means Cluster analysis was used to determine the correlation level 

between every pair of stations as a criterion for grouping (for details see Spath, 1985). 

These levels of correlations and different groups of stations were finally used to fill 

missing data (NaN) through the K Nearest-Neighbor method (KNN), considering the 10 

nearest-neighbors with weights inversely proportional to the distances (1/ (1-Correlation)) 

from the neighboring stations (for details see Fix and Hodges, 1951).  
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Figure 8. Example of Dataset Quality Control of missed data. The red square represents a 

year that could not be selected because not enough monthly data according to the 

established criterion of at least 10 months of data. 

 

 

Finally according to the predefined periods, the datasets of annual and seasonal 

precipitation were created containing different temporal and spatial resolution. For 

instance, the period 1979-2012 contained only 34 years of information, however the 

largest spatial coverage was observed with 238 ground stations distributed along Chile 

(Table 1).  

Table 1: Datasets created from the original national hydro-meteorological network after a 

quality control 

 

Period n (years) 
Stations with 

Complete Records 

Stations with 

Incomplete 

Records 

Total 

1893 - 2012 120 3 1 4 

1903 - 2012 110 5 2 7 

1913 - 2012 100 10 6 16 

1923 - 2012 90 16 0 16 

1933 - 2012 80 18 4 22 

1943 - 2012 70 18 14 32 

1953 - 2012 60 22 20 42 

1963 - 2012 50 40 50 90 

1979 - 2012 34 32 2 238 
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3.3 Standardized Precipitation Index (SPI) 

 

Once all the time series were finally established annual and seasonal precipitation 

values were standardized by using the Standardized Precipitation Index (SPI) method 

which was calculated using the procedure of Mckee et al. (1993). Conceptually, the SPI 

represents a z-score or the number of standard deviations above or below that an event is 

from the mean. It has been also considered as a way of measuring droughts and currently 

is the technique used by the National Oceanic and Atmospheric Administration (NOAA) 

to monitor droughts in United States. The index is negative for drought or dry conditions, 

and positive for wet conditions. The index has been compared against other drought 

indices showing favorable performance (Keyantash and Dracup, 2002). For instance, 

Guttman (1998) compared the SPI and PDI (Palmer Drought Index), and recommended 

the SPI as drought index because it is simple, spatially consistent (invariant) in its 

interpretation, probabilistic so that it can be use is risk decision analyses, and can be 

tailored to a time periods of a user’s interest (e.g. three months for the life cycle of a crop, 

or several years for water storage). The PDI, on the other hand, is very complex, spatially 

invariant, difficult to interpret, and temporally fixed. 

In the last decade SPI has been increasingly used for assessment of droughts 

intensity in many countries (Vicente-Serrano et al., 2004; Wilhite et al., 2005; Wu et al., 

2006).  Recently, Karavitis et al., (2011) implemented SPI in Greece by using different 

time series of data from 46 precipitation stations, covering the period 1947–2004, and for 

time scales of 1, 3, 6, 12 and 24 months. The authors emphasize the potential that the SPI 

usage exhibits in a drought alert and forecasting effort as part of a drought contingency 

planning posture. Mwangi et al. (2014) carried out droughts forecasting in East Africa by 

using dynamical model precipitation forecasts in combination with drought indices, such 

as the Standardized Precipitation Index (SPI). On the other hand, a multivariate approach 

has been utilized having the ability to aggregate a variety of the SPI time series into a new 

time series called the Multivariate Standardized Precipitation Index (MSPI). The MSPI is 

based on the principal components analysis (PCA) of the SPI time series in a certain 

location. Having specified the first principal component’s (PC1’s) scores, the MSPI would 
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be simply attained by dividing PC1’s values by the monthly standard deviation 

(Bazrafshan et al., 2014). 

Verbist et al. (2010) utilized the SPI method in Chile by calculating the SPI in the 

Coquimbo Region, on seasonal values, to be used in the design of a drought early warning 

system for risk management support. Currently, SPI is also used as part of the Drought 

Monitor System of the Ministry of Agriculture of Chile, available at: 

http://www.climatedatalibrary.cl/UNEA/maproom/. The Standardized Precipitation Index 

(SPI) was calculated for all the stations contained in the different selected periods (Table 

1). Specific details about SPI calculation can be found on Appendix 7.2.  

 

3.4 Analysis of Wet and Dry Conditions associated to ENSO 

 

The National Drought Mitigation Center of the University of Nebraska-Lincoln 

uses a classification for determining Wet and Dry Conditions for USA associated to SPI 

values. The SPI classification can be observed in Table 2. 

 

Table 2: SPI classification for Wet and Dry Conditions. 

SPI Condition 

> 2.0 Extremely Wet 

1.5 – 1.99 Very Wet 

1.0 – 1.49 Moderately Wet 

-0.99 – 0.99 Near Normal 

-1.0 – -1.49 Moderately Dry 

-1.5 – -1.99 Very Dry 

< -2.0 Extremely Dry 

 

This classification was used in this study to evaluate the probability of observing 

very and extremely wet annual conditions P(x > 1.5), and also for very and extremely dry 

annual conditions P(x < -1.5), associated to El Nino and La Nina years for the period 

1979-2012 for 238 stations.   

 

 

http://www.climatedatalibrary.cl/UNEA/maproom/
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3.5 Empirical Orthogonal Functions (EOF), Principal Component Analysis 

(PCA) 

 

Both EOF and PCA are commonly used and refer to the same analysis, therefore 

can be considered as interchangeable terms. Both methods are mathematically defined as 

an orthogonal linear transformation that converts the original data into a new coordinate 

system. According to Wilks (2011), these new variables are linear combinations of the 

original ones, and are chosen to represent the maximum possible fraction of variability 

contained in the original data. EOFs can be defined as a basic and useful tool to learn 

about large scale patterns that explain most of the variability (Hannachi, 2004). Its central 

idea is to reduce the dimensionality of a data set which consists of a larger number of 

interrelated variables and to identify underlying variables in the structure of the data (the 

principal components) that have physical meaning Wilks (2011) 

The method used in this study can be summarized in the following eight steps. For 

more details in the calculation see Appendix 7.3 or the references provided in this section.  

 

1. A seasonal or annual precipitation matrix X of time versus space (n x m) 

dimension is first obtained from the original data (meteorological stations). 

2. The Covariance Matrix C is obtained from A = X
T
X; where A has space versus 

space (n x n) dimension. 

3. Find the Eigen values λ of A from det(A - Iλ) = 0, (singularity condition 

det(Matrix)=0) where I is the Identity Matrix.  

4. For each Eigen value λ Gaussian Elimination can be used to solve the 

corresponding linear system for the Eigen vector v (EOF) from (A - Iλ)v = 0. 

5. Calculate the explained variance of each EOF from 
  

∑   
 
   

. 

6. Obtain time series of Principal Components (time versus time (m x m) dimension) 

from EOF’s by projecting data into the Eigen vectors. 

7. Correlate Precipitation Anomalies (at each meteorological station) and Principal 

Components. Obtain significances from T-Test and Z-Test. 

8. Lag Correlation for Annual/Seasonal Climatic Indexes and Principal Components. 

Obtain significances from T-Test and Z-Test. 
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According to Shlens (2005) there are three main assumptions behind PCA that 

need to be considered when calculating and interpreting principal components. These 

assumptions and also the main advantages and disadvantages of EOF/PCA method are 

summarized in Table 3. 

 

Table 3: Assumptions, Advantages and Disadvantages of EOF/PCA method. 

Assumptions Advantages  Disadvantages 

1. Linearity: Linearity frames the problem as 

a change of basis. Several areas of 

research have explored extending these 

notions to nonlinear regimes.  

2. Mean and variance are sufficient 

statistics: for example it assumes 

Gaussian distribution. 

3. Large variances have important 

structure: Principal Components with 

larger associated variances represent 

interesting structure, while those with 

lower variances represent noise. This is a 

strong, and sometimes, incorrect 

assumption.  

4. The principal components are 

orthogonal: This assumption provides a 

simplification that makes PCA soluble 

with linear algebra decomposition 

techniques. 

1. Dimensionality: PCA simplifies the 

dimensionality of a problem. 

 

 

2. It produces the index time series 

which explains the greatest amount 

of variability. 

 

 

3. It is a convenient method for 

characterizing dominant spatial 

pattern of variability. 

 

 

4. EOF patterns and time series are 

linearly independent. 

 1. It can be sensitive to choice of 

spatial domain and time period. 

 

 

2. It does not guarantee that the 

EOF pattern will have a physical 

meaning. 

 

 

3. Features can be mixed between 

EOFs if their eigenvalues are 

similar and the DOF in the time 

series can be very small. 

 

This technique was first introduced into the atmospheric science literature by 

Obukhov (1947), and through time it became popular in atmospheric data analysis because 

of studies such as those published by Lorenz (1956) and Davis (1976). Since then the 

method has become one of the preferred approaches for analyzing the variability of 

different fields, i.e. Precipitation, Sea Level Pressure, Sea Surface Temperature, etc. The 

method finds spatial patterns of variability, their time variation, and gives a measure of the 

importance of each pattern. Preisendorfer (1988) published a relevant book that provides 
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information about the method, ranging from its history to detailed analyses which are 

oriented specifically toward geophysical data. A similar work was developed by Jolliffe 

(2002) who describes PCA in a more general way; Hannachi et al. (2007) developed a 

comprehensive review of the method. Currently there is extensive literature about the 

topic, where EOF/PCA analysis has been widely used to reduce the dimensionality of 

climate data and to identify dominant patterns of climate variability (Lorenz, 1956; 

Richman, 1986; White et al., 1991; Compagnucci et al., 2001; Jolliffe, 2002; and 

Hannachi et al., 2007). Several EOF/PCA analyses have been also carried out in South 

America (Chile); e.g. Garreaud and Wallace (1997) using infrared data from geostationary 

satellites (0.5
o 

x 0.5
o
 lat–lon spatial resolution), applied EOF analyses to seasonal mean 3-

h anomalies of the cold cloud coverage, defined for each grid as the fraction of temporal 

samples that exhibited cloud-top temperatures colder than 235 K. Additionally in search of 

dominant modes of the variability of convective cloudiness on synoptic timescales, 

Garreaud and Wallace (1998) applied EOF analysis to the daily anomalies of the 

Convective Index (CI) over South America. Montecinos and Aceituno (2003) analyzed the 

seasonality of the ENSO–rainfall in central Chile (30
o
-41

o
S) and associated circulation 

anomalies through a seasonal rainfall index defined as the first principal component (PC1) 

of standard deviation–normalized rainfall series. Aravena and Luckman (2009) used PCA 

and SSA (Singular Spectrum Analysis) to analyze spatial and temporal patterns of a 

network of 23 homogenous instrumental rainfall records of Southern South America (40
o
S 

southwards). Montecinos et al. (2011) used the first PCA of standardized rainfall 

anomalies during 24 non-ENSO winters in the period 1958–2000, calculated from 63 

ground stations (30°-42°S), in order to analyze the non-ENSO interannual rainfall 

variability in central Chile during austral winter. Recently, Zamboni et al. (2012) used 

EOF analysis to determine seasonal variations and links between the interannual 

precipitation variability of South America and the South Pacific.   

 

3.6 Eigenvalue Spectrum 

 

A popular method for deciding which eigenvectors to retain and which to discard 

is to use a selection rule. Some of these rules are based on Monte Carlo approach, and 
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others are based on a theoretical distribution of eigenvalues from random covariances 

matrixes. Using scaling arguments North et al. (1982) defined typical errors between two 

neighboring eigenvalues λ and two neighboring eigenvectors v. The first step calculates 

the total explained variance for each mode by: 

   
  

∑   
 
   

 

Where, 

    is the total variance explained by each eigenvalue (%). 

    is the i
th

 eigenvalue and the expression ∑   
 
    is the sum of the variances along 

the diagonal of the matrix. 

 

Then the North Test (1982) was used to evaluate statistical significance at the 95% 

level, assuming independence of each year, according to the following equation: 

       √
 

 
 

Where, 

     is the confidence interval at the 95% level of significance for the explained 

variance. 

    is the i
th

 eigenvalue. 

   is the sample size. 

 

The first 10 eigenvalues (scaled as % variance explained) with error bars were 

plotted (Figures 15 and 16), for each annual and seasonal precipitation patterns (DJA, 

MAM, JJA, and SON).  

 

3.7 Spectral Density Estimation (SDE) of precipitation time series 

 

Statistical signal processing treats signals as stochastic processes, dealing with 

their statistical properties (i.e. mean, covariance, etc.). It is also commonly associated to 

algorithms that estimate the strength of different frequency components (the power 

spectrum) of a time-domain signal, in order to understand the oscillatory components or 
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temporal trends of time series and extract low frequency components associated to ocean-

atmospheric interactions. The two fundamental approaches for time-series analysis are: 

time-domain analysis and frequency domain analysis. Although these two approaches 

proceed very differently and may seem quite distinct, they are not independent. Rather, 

they are complementary views that are linked mathematically. Time-domain methods seek 

to characterize data series in the same terms in which they are observed and reported. 

Frequency-domain methods represent data series in terms of contributions occurring at 

different timescales, or characteristic frequencies. These methods are commonly applied to 

atmospheric or hydrologic time series, and important insights can be gained from 

frequency-domain analyses (Wilks, 2011). In this study, three methods: 1) Singular 

Spectrum Analysis (SSA); 2) Multichannel-Singular Spectrum Analysis (MSSA); and 3) 

Harmonic Analysis through Discrete Fourier Transform (DFT), are described and used to 

analyze longest records, especially those associated to the best results obtained from 

EOF/PCA analysis. 

 

3.8 Harmonic Analysis and Discrete Fourier Transform (DFT) 

 

The harmonic analysis is a frequency-domain method that consists of representing 

the fluctuations or variations in a time series as having arisen from adding together a series 

of sine and cosine functions. These trigonometric functions are “harmonic” in the sense 

that they are chosen to have frequencies exhibiting integer multiples of the fundamental 

frequency determined by the sample size (i.e., length) of the data series (Wilks, 2006 and 

2011). A common physical analogy is the musical sound produced by a vibrating string, 

where the pitch is determined by the fundamental frequency, but the aesthetic quality of 

the sound also depends on the relative contributions of the higher harmonics. It has been 

used to explain the geographic extents of various precipitation patterns and highlight the 

boundaries between them (Kirkyla and Hameed, 1989). A brief explanation of the method 

is presented in this study regarding the nature and interpretation of this technique. More 

details about the method can be obtained from: Jenkins and Watts (1980), Kirkyla and 

Hameed (1989), Kadioğlu et al. (1999), Tarawneh and Kadioğlu (2003), Wilks (2006 and 

2011), and Livada et al. (2008).  
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Rusticucci and Penalba (2000) analyzed interdecadal changes in the precipitation 

seasonal cycle over Southern South America and their relationship with surface 

temperature. Series of twelve monthly values were subjected to harmonic analysis in order 

to study the climatological pattern of precipitation seasonality and interdecadal variability. 

In Chile, Lamy et al. (2001) used geochemical and clay mineral parameters of a high 

accumulation marine sediment core from the Chilean continental slope (41
o
S) providing a 

7700-year record of rainfall variability in southern Chile. The authors stated that applied 

harmonic analysis was used in order to distinguish the analyzed time-series from white 

noise. Yuras et al. (2004) derived the annual cycle of satellite chlorophyll for Chile 

adjusting the annual cycle of the time series by using harmonic analysis and a Montecarlo 

simulation to obtain an estimation of the confidence of fitted harmonic. Rivera et al. 

(2008) applied wavelet transforms to search trends in rainfall time series in Chile and the 

possible association between rainfall time series and Sea Surface Temperatures at El 

Niño3.4 region using redundant wavelet, cross spectra and wavelet coherency methods. 

 

3.9 Singular Spectrum Analysis (SSA) 

 

Traditionally EOF method finds a combination of variables which explain most of 

the variability, usually observing high correlation in space. However, the significant 

correlation in time is not taken into account. Auto and cross-correlation in time are very 

useful for prediction purposes and also for building stochastic time series models. An 

extension of the traditional EOF method is the Extended Empirical Orthogonal Functions 

(EEOFs), which is a technique to deal not only with spatial- but also with temporal 

correlations observed in climate data. The method was first introduced by Weare and 

Nasstrom (1982) who applied it to the 300-mb Relative Vorticity. A similar approach was 

developed to deal with the dynamical reconstruction of low order chaotic systems by 

Broomhead and King (1986 a, b) who called it Singular System Analysis (SSA) in the one-

dimensional case. Fraedrich (1986) proposed the name of the method as Singular 

Spectrum Analysis (SSA), and a modified version named Multichannel SSA (M-SSA). 

Over the last decades, Singular Spectrum Analysis (SSA) has been considered a powerful 

technique in time series analysis, and it has been developed and applied to many practical 
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problems (Vautard and Ghil, 1989; Ghil et al., 2002; Golyandina et al., 2001; Hassani et 

al., 2009; Hassani and Thomakos, 2010). The SSA decomposes the original time series 

into a sum of small numbers of interpretable components, such as slowly varying trend, 

oscillatory component and noise. The basic SSA method consists of two complementary 

stages: Decomposition and Reconstruction; each stage includes two separate steps. At the 

first stage, the series are decomposed (Trajectory Matrix) and, at the second stage the 

noise free series is reconstructed for forecasting new data points. A detailed description of 

the SSA technique is given in the Appendix 6.4. For more explanations and comparison 

with other time series analysis techniques, refer to the references provided in this section. 

The whole procedure of the SSA technique depends upon two parameters: 

 

i. The window length, which is usually denoted by L. 

ii. The number of needed singular values, denoted by r, for reconstruction. 

 

An improper choice value of parameters L r may yield incomplete reconstruction 

and misleading results in forecasting. Recent results obtained by Mahmoudvand and 

ZokaeiWe (2012), show that the choice of L close to one-half of the time series length is a 

suitable choice for the decomposition stage in most cases for the Singular Spectrum 

Analysis. However, in the case of climatic indexes the oscillations reported in previous 

studies may be used as an appropriate windows length for analysis purposes carried out in 

this study. 

In Chile spectral analysis techniques have been extensively used in the field of 

dendrochronology; for instance, SSA method was applied by Villalba et al. (1998) to 

develop long-term reconstructions (400 years) of seasonal and annual precipitation 

variations for northern Patagonia east of the Andes using a set of 16 tree ring-width 

chronologies from Austrocedrus chilensis (D.Don) Endl. Others spectral analysis 

techniques applied to the same field can be obtained from Fagel et al. (2008), Le Quesne 

et al. (2009) and Urrutia et al. (2011). The SSA method has been also applied by Aravena 

and Luckman (2009) to analyze spatial and temporal patterns of rainfall records of 

Southern South America, and by Rubio-Álvarez and McPhee (2010) to study the time 
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series of annual and seasonal streamflow for 44 rivers in southern Chile, spanning the 

ecoregion between 34°S and 45°S for the 1952–2003 period. 

 

3.10 Multi-Singular Spectrum Analysis (MSSA)  

 

Multi-Channel SSA (MSSA) also denominated Multivariate SSA, is a natural 

extension of SSA for analyzing multivariate time series, where the different univariate 

series do not have to have the same length. The algorithm is almost the same as in the 

univariate case; however, in this approach the Henkel or Trajectory Matrix of the 

multivariate time series consists of stacked trajectory matrices of separate time series. 

MSSA has many applications and it is especially popular in analyzing and forecasting 

economic and financial time series with short and long series length (Patterson et al., 

2011, Hassani et al., 2012, Hassani and Mahmoudvand, 2013). For its part, Krishnamurthy 

and Misra (2011) applied MSSA to daily outgoing longwave radiation in the South 

American monsoon system. 

The main differences between SSA and Harmonic Analysis are summarized in 

Table 4. 

 

Table 4: Differences between Singular Spectrum Analysis (SSA) and Harmonic Analysis 

(HA). 

Singular Spectrum Analysis (SSA) Harmonic Analysis (HA) 

1. It uses an adaptive basis generated by 

the time series itself. 

2. Underlying model in SSA is more 

general and can extract amplitude-

modulated sine wave components with 

high resolution. 

4.1 It uses a fixed basis of sine and cosine 

functions. 

4.2 It cannot be appropriate to extract 

wave components with high 

resolution. 
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4. RESULTS AND DISCUSSION 

4.1 Annual and Seasonal Precipitation Patterns 

 
The precipitation patterns analyzed in this study, as mentioned before, were 

analyzed both at annual and seasonal levels defined as: DJF (summer), MAM (autumn), 

JJA (winter), and SON (spring). Under this framework results of the spatial distribution of 

mean annual and seasonal precipitation depths along Chile have shown a decrease in the 

North to North-Central regions (18
o
S and 30

o
S), mainly because most northern-east 

regions of Chile are influenced by the Bolivian Winter, where precipitation patterns are 

associated with strong summer convection and daily moisture influx from the eastern 

interior of the continent and the altitudinal gradient is strongly related to mean Annual and 

DJF (summer) precipitation (Fuenzalida and Ruttlant, 1987; Horel et al., 1989; Garreaud 

and Wallace, 1997; Vuille et al., 1998; Garreaud, 1999) (Figure 9). A pronounced increase 

in both annual and seasonal precipitation depths is observed between 30
o
S and 40

o
S 

(Central Chile). In this region the largest annual depths (>3000 mm yr
-1

) and seasonal 

precipitation depths were observed, particularly for those stations located closer to lakes, 

and also for those closer to the Pacific Ocean around 45
o
S as shown in Figure 10. 

 

Figure 9. Mean Annual and Seasonal Precipitation (mm yr
-1

) for 238 ground stations 

(1979-2010) distributed along the country versus Latitude, Longitude and Altitude. 

Source: own work. 
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Similar spatial patterns were observed between mean annual precipitation and 

MAM, JJA and SON precipitation depths. On the other hand, mean DJF precipitation 

showed the lowest values between 25
o
S and 35

o
S confirming again the notorious influence 

of the Bolivian Winter  over stations located in most northern regions (Figure 10). 

Figure 10. Spatial distribution of Mean Annual (mm yr
-1

) and Seasonal Precipitation 

(mm) depths for 238 ground stations (1979-2010) distributed along the country. Source: 

own work. 
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4.2 Seasonal - Annual Precipitation Ratio 

 

 

The contribution of seasonal precipitation (mm) on the annual precipitation depths 

(mm) was computed in the ratio Seasonal/Annual Precipitation Ratio (%) for each station. 

The results show higher Summer (DJF) contributions (concentrated between 60% and 

80%) especially in the northern regions located north of 25
o
S. For the rest of the country, 

summer precipitation contributes less than 20% to the total annual amount between 30
o
S 

and 45
o
S; however, this percentage is slightly higher in stations located between 50

o
S and 

55
o
S. The autumn (MAM) contribution was mainly between 20% and 40% for most of the 

country. For winter precipitation (JJA) most of the stations located in northern regions 

showed values less than 20% of annual contribution. An increase is observed between 

25
o
S and 30

o
S reaching a peak close to 80% of annual contribution, however this value is 

linearly decreased up to less than 20% in southern regions. Lower spring contribution (less 

than 20%) was observed in stations located north of 40
o
S, and higher spring contribution 

(about 20%) was observed in stations located south of 40
o
S (Figure 11). 

 

Figure 11. Latitudinal Seasonal/Annual Precipitation Ratio for 238 ground stations (1979-

2010). Source: own work. 

 

 



 44 

4.3 Standardized Precipitation Index (SPI) 

 

 

The Standardized Precipitation Index (Mckee et al., 1993) was calculated for all 

the rain gages in the dataset. In stations located closer to Atacama Desert regions (Far 

North regions) presented some issues since results only represented wet conditions. This is 

the result of an excessive number of years with zero-precipitation in the time series. 

However from 25
o
S southwards the SPI can satisfactorily represents the droughts events 

variability over Chile (Figure 12). 

Figure 12. Standardized Precipitation Index for stations with the longest records in Chile. 

Arica: 1933-2012; Antofagasta: 1933-2012; Copiapó: 1903-2012; La Serena and Santiago: 

1893-2012; Talca: 1913-2012; Los Ángeles: 1923-2012; Valdivia: 1903-2012; Puerto 

Aysen: 1933-2012; and Punta Arenas: 1893-2012. Source: own work. 

 

*Note that time series of Valdivia station were filled by DGA from 1970 onwards by using data from LLancahue station located 15 km. 

upstream of the city of Valdivia. This station was removed for further analysis. 
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4.4 Probability Analysis of Wet and Dry Conditions 

 

This analysis provided a first approximation about wet and dry conditions in 

precipitation variability in Chile, and their relation to predominant climatic precipitation 

patterns associated to ENSO phenomena. According to the SPI classification presented in 

Table 2, the annual wet and dry conditions for the country were analyzed for nine El Niño, 

and seven La Niña years recorded between 1979-2012 (238 stations). The results showed 

that there is a larger probability (between 15% and 25%) of observing very wet and 

extremely wet conditions (SPI> 1.5) between 30
o
S and 40

o
S (Central Chile) during El 

Niño years (Figure 13, left). On the other hand, the largest probability (between 10% and 

20%) of observing very wet and extremely wet conditions during La Niña years is mainly 

concentrated over extreme northern (25
o
S northwards), and southern regions (45

o
S 

northwards) (Figure 13, right). 

 

Figure 13. Probability of observing very wet and extremely wet conditions P(SPI>1.5), 

associated to El Niño (left) and La Niña years (right). Source: own work. 

 
 

Regarding dry conditions (SPI < -1.5), the lowest probability of observing very dry 

and severely dry conditions during El Niño years (<2.5%) was mainly concentrated 

between 35
o
S and 40

o
S (Figure 14, left). On the contrary, a larger probability of observing 

very and severely dry conditions (SPI < -1.5) was principally observed during La Niña 

years (>20%), especially for those regions located in Central Chile (30
o
S-40

o
S). 
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Figure 14. Probability of observing very dry and extremely dry conditions P(SPI<-1.5), 

associated to El Niño (left) and La Niña years (right). Source: own work. 

 
 

4.5 Empirical Orthogonal Functions (EOF) and Principal Component Analysis 

(PCA) 

 

As mentioned in section 3.5, a seasonal and annual precipitation matrix (time 

versus space) was first obtained from the original dataset. Then the covariance matrix of 

the original dataset was obtained (space versus space), and its eigenvalues and 

eigenvectors (EOFs and PCs) were calculated. Finally the portion of explained variance 

for each EOF/PC was estimated and its significance evaluated. For convenience, the 

results presented in the following sections are divided in annual and seasonal precipitation 

depths. 
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4.5.1 Eigenvalue Spectrum and Significant Pcs 

 

North’s Test (North, 1982) was used to evaluate the statistical significance at the 

95% level, assuming independence of each year, with the goal of determining the 

separation between the first 10 retained eigenvalues, where more separation indicates 

more significance. The results obtained for annual precipitation patterns (238 stations for 

the period 1979-2012) showed only that the first EOF/PC is significant, explaining 55% of 

the annual precipitation variance. The second and third eigenvalues were not significant at 

the 95% confidence level (Figure 15). 

 

Figure 15. Eigenvalue Spectrum calculated through North Test (1982) (left) and the first 

three Principal Components (PC1, PC2, and PC3) time series (right) for annual 

precipitation. Source: own work. 

 

 

The eigenvalue spectrum obtained for seasonal precipitation patterns, showed 

significant results for the three first EOF/PC of summer precipitation (DJF) with an 

explained variance of 46.2%, 20.1% and, 8.7%, respectively. Similar results were found 

for autumn precipitation (51.1%, 13.6%, and 6.5% of explained variance), and winter 

precipitation patterns (52.3%, 14.5, and 6.3% of explained variance). The spring 

precipitation patterns showed similar results to those obtained from the annual analysis, 

i.e. only the first EOF/PC was found to be significant with an explaining variance of 

43.2% (Figure 16). 
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Figure 16. Eigenvalue Spectrum of the covariance matrix showing the 10 eigenvalues (%) 

i.e. explained variance of the first 10 EOF/PC (modes) calculated as proposed by North 

Test (1982). Summer-DJF (upleft); Autumn-MAM (upright), Winter-JJA (down left), and 

Spring-SON (down right) precipitation patterns. Source: own work. 

 

 

In general the major and significant percentage of explained variance in 

precipitation patterns was observed at annual scale; oppositely, the smaller and significant 

portion of explained variance was observed for spring (SON) season. A summary of the 

results previously stated can be observed from Table 5. 

 

Table 5. Eigenvalue Spectrum of the covariance matrix showing a summary for the first 3 

eigenvalues (%) i.e. explained variance of the first 3 EOF/PC. 

PC/EOF 

(mode) 

Annual 

Precipitation 

(%) 

DJF 

Precipitation 

(%) 

MAM 

Precipitation 

(%) 

JJA 

Precipitation 

(%) 

SON 

Precipitation 

(%) 

1 55.3 (s) 46.2 (s) 51.1 (s) 52.3 (s) 43.2 (s) 

2 9.3 (ns) 20.1 (s) 13.6 (s) 14.5 (s) 16.7 (ns) 

3 7.9 (ns) 8.7 (s) 6.5 (s) 6.3 (s) 14.4 (ns) 
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The time series plots obtained for each one of the three first Principal Components 

of seasonal precipitation are shown in Figure 17. In general no graphical evidence of 

temporal trends was observed at both annual and seasonal scale. 

 

Figure 17. The three first significant Principal Components time series for summer-DJF 

(upleft); autumn-MAM (upright), winter-JJA (down left), and spring-SON (down right) 

precipitation patterns. Source: own work. 

 

 

4.5.2 Spatial Correlation of Interannual Anomalies and EOF/PCs 

 

Once significant eigenvalues were calculated and determined, the EOF/PCs were 

spatially represented by correlation maps. A normalization of the EOF/PCs was previously 

done to have standard deviation 1, and then the maps were obtained through a correlation 

between the annual or seasonal precipitation anomalies (time domain) and the significant 

PC (time by time domain matrix) at each ground station. The resulting map for annual 
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precipitation shows different levels of correlation (Figure 18, left) whose significances are 

calculated and represented by the T-test (Figure 18, right). The Z-Transform was 

additionally used for applying the Z-test. Similar results, in terms of significances were 

found by either T-test or Z-test. 

The First Principal Component (EOF) was denominated the Significant Mode of 

Annual Precipitation (SMP-Annual), which explained about 55% of annual precipitation 

for Chile, showed some positive and significant correlations between 20oS and 40oS; 

however, the most substantial SMP-Annual was found to be concentrated in Central Chile 

(30oS - 40oS), where largest values of positive and significant correlations were observed. 

Only one significant correlation was found in regions located south of 40oS, which can be 

considered not significant at spatial scale (Figure 18). 

 

Figure 18. Correlation Map between the Annual Precipitation Anomaly and PC1 (left), 

and significant correlations calculated by T-test (right). Source: own work. 

 

 

4.5.3 Temporal Correlation of Climatic Indexes and SMP-Annual 

 

The spatial patterns associated to the SMP-Annual (PC1) showed to be mainly 

concentrated in Central Chile (30
o
S - 40

o
S). The mechanisms under that behavior were 

determined by analyzing how much variance of the SMP-Annual (obtained from PC1) 

was explained by any of the Seasonal Climatic Indexes, at any timescale. In this sense 
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temporal lag correlation (SMP-Annual versus Climatic Indexes), was used to find the 

oceanic-atmospheric pattern that most explains annual rainfall variability (Table 6). 

Results show that the SMP-Annual variability is best represented by ENSO Indexes, 

especially for the negative phase of the Southern Oscillation Index (SOI) and for the 

positive phase of the Bivariate ENSO Index (BEST), both related to El Niño years. 

Negative phases of the Madden-Julian Oscillation (MJO) are also strongly correlated to 

SMP-Annual, but this relation is not as strong as ENSO. In both cases the best correlations 

were observed for SMP-Annual and seasonal SONt and JJAt indexes (subscript t 

represents the same year).  

 

Table 6. Temporal Lags Correlations between SMP-Annual (PC1) and Seasonal Climatic 

Indexes for the period 1979-2012. T-Test critical region corresponds to t(n-2;α=0.05) = ±2.037 

for n = 34 years with 2 degrees of freedom. The Hypothesis is that H0: r = 0, and H1: r ≠ 0. 

Red values correspond to significant correlations at each time scale. 

  
AAO SOI PDO MEI ONI TWI N34 TNI MJO6 MJO7 MJO8 MJO9 BEST 

SON(t) 
Correlation r -0.17 -0.50 0.46 0.58 0.58 -0.30 0.56 -0.06 -0.52 -0.48 -0.36 0.14 0.56 

T-Test -0.99 -3.30 2.92 4.07 3.99 -1.77 3.86 -0.36 -3.41 -3.12 -2.20 0.80 3.85 

JJA(t) 
Correlation r -0.16 -0.63 0.19 0.59 0.61 0.00 0.58 -0.07 -0.60 -0.37 0.32 0.59 0.66 

T-Test -0.93 -4.65 1.09 4.19 4.39 0.02 4.06 -0.41 -4.19 -2.27 1.93 4.13 4.91 

MAM(t) 
Correlation r -0.26 -0.21 0.04 0.08 0.10 -0.02 0.10 -0.08 -0.21 -0.16 -0.07 0.13 0.22 

T-Test -1.55 -1.23 0.24 0.45 0.54 -0.09 0.58 -0.47 -1.23 -0.92 -0.41 0.74 1.25 

DJF(t) 
Correlation r -0.14 0.16 -0.02 -0.22 -0.18 0.31 -0.17 -0.20 -0.13 0.05 0.25 0.38 -0.15 

T-Test -0.82 0.93 -0.10 -1.28 -1.01 1.83 -0.99 -1.12 -0.73 0.27 1.47 2.34 -0.87 

SON(t-1) 
Correlation r 0.17 0.16 -0.16 -0.24 -0.26 0.39 -0.27 -0.28 0.19 0.36 0.51 0.44 -0.19 

T-Test 0.96 0.91 -0.93 -1.40 -1.50 2.39 -1.56 -1.67 1.11 2.20 3.31 2.80 -1.11 

JJA(t-1) 
Correlation r -0.04 0.35 -0.16 -0.24 -0.27 0.24 -0.29 -0.16 0.20 0.44 0.40 0.10 -0.28 

T-Test -0.20 2.12 -0.91 -1.42 -1.57 1.38 -1.71 -0.90 1.14 2.78 2.50 0.57 -1.67 

MAM(t-1) 
Correlation r -0.15 0.09 0.05 -0.05 -0.11 0.00 -0.13 -0.01 0.00 0.07 0.14 0.19 -0.11 

T-Test -0.85 0.50 0.30 -0.28 -0.62 0.00 -0.76 -0.07 0.00 0.38 0.78 1.09 -0.64 

DJF(t-1) 
Correlation r -0.21 -0.16 -0.02 0.05 -0.01 0.04 -0.01 0.07 -0.16 -0.29 -0.36 -0.20 0.09 

T-Test -1.23 -0.89 -0.12 0.29 -0.03 0.22 -0.05 0.40 -0.93 -1.72 -2.20 -1.16 0.49 

 

Specifically, the best annual relations between climatic indexes and SMP-Annual 

were observed for the winter season (same year), except for those indexes related to MJO 

which showed significant correlation for summer (same year) and spring seasons (1-year 

back). The scatter plot observed from Figure 19 shows the different results obtained for 

annual precipitation and each winter climatic index. Winter SOI for the same year shows a 

significant negative correlation with annual precipitation; on the other hand, the Winter 
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BEST Index shows a significant positive correlation. In summary the SMP-Annual in 

Central Chile be mainly associated to the winter and spring activity of oceanic and 

atmospheric interactions associated to ENSO and MJO during the same year of analysis. 

 

Figure 19. Scatter plots between Winter (JJA) Climatic Indexes for the same year and 

PC1. Significant correlations were obtained from t-Test. Red squares represent the best 

two observed relations Source: own work. 

 
 

 

The temporal correlations between Annual Precipitation Anomalies and Winter 

SOI and BEST indexes corresponding to the same year (JJAt), showed a strong and 

significant spatial influence of both indexes mainly concentrated in Central Chile (30
o
S – 

35
o
S). This influence gradually diminishes towards the North and South regions of Chile 

(Figure 20). 
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Figure 20. Correlation Maps for winter (JJAt) SOI Index (Up-left) and BEST Index (Up-

right), and annual precipitation anomalies series at each station (1979-2012). Significant 

correlations, calculated using t-Test, are represented below each correlation map. Source: 

own work. 

 

 
 

 

4.5.4 Spatial Correlation of Summer (DJF) Anomalies and EOF/PCs 

 

According to the results obtained from the Eigenvalue Spectrum Analysis, three 

Significant Modes of Summer (DJF) Precipitation along Chile (SMP-DJF) were identified, 

which explained about 46%, 20% and 8.7%, respectively. The First SMP-DJF showed 

mostly negative and significant correlations between 30
o
S and 40

o
S. Similar results were 
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found for the Second SMP-DJF but this time the significant influence was reduced and 

displaced southwards (Figure 21). 

 

Figure 21. Correlation Map between the Summer Precipitation Anomalies (DJF) and the 

First (left), Second (middle), and Third (right) SMP-DJF (1979-2012). Significant 

correlations, calculated using t-Test, are represented below each correlation map. Source: 

own work. 

 

 

 

The third SMP-DJF shows significant and positive correlations over the North 

regions of Chile (17
o
S and 25

o
S), which could be explaining the influence of the Bolivian 

Winter on those regions. Additionally, some stations located close to Andes Mountains 

around 33
o
S showed significant and negative correlations, but also a few stations south of 
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40
o
S presented significant and negative correlations. It should be mentioned that the 

spatial resolution is too coarse (or the number of stations too small) to draw any 

conclusion about it. 

 

4.5.5 Temporal Correlation of Climatic Indexes and SMP-DJF 

 

Similar to SMP-Annual, the variance of the SMP-DJF (obtained from PC1, PC2, 

and PC3) was related to each Seasonal Climatic Index by using different temporal lags 

correlations. Details about the correlations for each PC, as those presented in Table 6, is 

presented in section 7.6 of the Appendix. For the First SMP-DJF, significant correlations 

were found only when correlating against the MJO6 (phase 7) and MJO7 (phase 7) 

corresponding to the spring season immediately before (SONt-1) of summer precipitation 

contribution. The positive phase of both indexes was directly correlated to the positive 

phase of the First SMP-DJF (Figure 22). 

 

Figure 22. Scatter plots between Spring (SONt-1) Climatic Indexes, and the First SMP-

DJF (PC1) (1979-2012). Significances were evaluated using a t-Test. Red squares 

represent the best two observed correlations Source: own work. 

 

 

Only one significant correlation was observed for the Second SMP-DJF, 

specifically for the Pacific Decadal Oscillation (PDO) corresponding to the summer 
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season (DJFt-1) of the previous year. In this context, positive phases of PDO seem to be 

related to positive phases of the Second SMP-DJF (Figure 23). 

 

Figure 23. Scatter plots between spring (DJFt-1) Climatic Indexes, and the Second SMP-

DJF (PC2) (1979-2012). Significances were evaluated using a t-Test. Red squares 

represent the best two observed correlations Source: own work. 

 

 

According to the spatial results, the third SMP-DJF showed significant spatial 

correlations over the Northern regions of Chile (17
o
S and 25

o
S). On the other hand, the 

temporal correlations showed a significant activity related to ENSO indexes of the same 

summer season (DJFt) and also those observed at the previous spring season (SONt-1), for 

example, SOI, N3.4, BEST, MEI, and ONI. Furthermore MJO indexes of the same 

summer season (DJFt) showed significant correlations against SMP-DJF. In general, the 

two best observed indexes (N3.4 and BEST) showed that negative phases of spring ENSO 

(El Niño) of the previous year are strongly correlated to SMP-DJF (Figure 24). 
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Figure 24. Scatter plots between summer and spring indexes (DJFt-1 and SONt-1), and the 

Third SMP-DJF (PC3) (1979-2012). Significances were evaluated using a t-Test. Red 

squares represent the best two observed correlations Source: own work. 

 

 

From the previous analysis it was found that the index that best represents the 

variability explained by the first, second, and Third SMP-DJF. In conclusion, Spring MJO 

was related to the first SMP-DJF, Summer PDO was linked to the Second SMP-DJF, and 

Spring N3.4 was associated to the Third SMP-DJF. The temporal correlations between 

Summer Precipitation anomalies and each one of these indexes, showed a strong and 

significant spatial influence of the MJO indexes (Phases 7 and 8) over the regions above 

35
o
S (Figure 25, left); however, the spatial significance, i.e. number of significant stations, 

of these results do not permit to draw strong conclusions about this influence. Furthermore 

the correlation maps obtained for SMP-DJF and Summer Precipitation Anomalies were 

strongly significant between 30
o
S and 40

o
S, and differed to the correlation maps obtained 

in this analysis. With this in mind it could be also possible to state that despite the fact that 

MJO is temporally correlated to DJF anomalies, it cannot be considered as the principal 

oscillation influencing SMP-DJF, because they are not spatially correlated.  

On the other hand, the Summer PDO Index showed to be the exclusive pattern 

strongly correlated with both the Second SMP-DJF and DJF anomalies. Both correlation 

maps showed to be spatially significant from around 33
o
S until 40

o
S, therefore, it can be 
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established that Summer (DJF) PDO is the dominant pattern associated to the second 

significant mode of DJF precipitation (Figure 25, middle). 

Finally the Third SMP-DJF and DJF anomalies were significantly correlated to 

Spring N3.4 Index. The correlation maps agreed in terms of the significant spatial 

influence, mainly observed over North regions between 17
o
S and 25

o
S. Also some spatial 

influence was detected around 33
o
S (Figure 25, right) 

 

Figure 25. Correlation Maps between Summer Precipitation Anomalies (DJFt) and the 

climatic indexes Spring MJO7 (SONt-1), Summer PDO (DJFt-1), and Spring N3.4 (SONt-1). 

The selection of the indexes correspond to those best correlated to PC1 (left), PC2 

(middle), and PC3 (right) (1979-2012). Significant correlations, calculated using t-Test, 

are represented below each correlation map. Source: own work. 
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4.5.6 Spatial Correlation of Autumn (MAM) Anomalies and EOF/PCs 

 

From the Eigenvalue Spectrum Analysis, three Significant Modes (EOF/PCs) of Autumn 

Precipitation (SMP-MAM) were identified for Chile (51%, 13.6%, and 6.5% of explained 

variance, respectively). The First SMP-MAM showed mostly positive and significant 

correlations between 30
o
S and 40

o
S with the strongest activity around 35

o
S (r = 0.85 – 

0.95). Negative relations (r = -0.26 to -0.11) were observed in Northern regions of Chile 

between 17
o
S and 24

o
S, however, all the stations were not statistically significant. A 

meridional dipole was observed for the Second SMP-DJF (EOF/PC2) with positive values 

between 30
o
S and 33

o
S (r = -0.6 to -0.3), and negative values between 38

o
S and 40

o
S (r = 

0.6 to 0.3). A similar dipole pattern was observed for the second EOF by Montecinos et al. 

(2011) for non-ENSO winters (JJA) (1958–2000) along Central Chile (30
o
S - 40

o
S). The 

Third SMP-MAM showed another possible dipole pattern strongly marked in northern 

Chile (about 25
o
S northwards); but it is weakened in South-Austral regions since only two 

stations were found to be significantly correlated to the time series anomalies of MAM, 

one of them located about 45
o
S and the other a little South of 50

o
S (Figure 26). 

 

Figure 26. Correlation Map between the Summer Precipitation Anomalies (MAM) and 

the First (left), Second (middle), and Third (right) SMP-MAM (1979-2012). Significant 

correlations, calculated using t-Test, are represented below each correlation map. Source: 

own work. 
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4.5.7 Temporal Correlation of Climatic Indexes and SMP-MAM 

 

Again, the variance explained by each First, Second, and Third SMP-MAM was 

related to Seasonal Climatic Indexes through different temporal lags correlations. Detailed 

results showing the correlations for each seasonal index and each significant EOF/PC can 

be observed in section 7.7 of the Appendix. Results showed that the First SMP-MAM is 

significantly negatively correlated with same autumn season (MAMt) activity of the 

Antarctic Oscillation Index (AAO) (r = -0.53), and also with the positive phase of the 

Southern Oscillation Index (SOI) of the same season (r = 0.45). This is because negative 

(positive) phases of the AAO are dominant when patterns of SST, convection, and 

circulation anomalies look similar to El Niño (La Niña) phases of ENSO (Carvalho et al., 

2005) (Figure 27). 

The spring AAO of the previous season (SONt-1) was the exclusive pattern 

significantly correlated to the Second SMP-MAM (r = 0.36). This relationship was 

specifically observed for the negative phase of the AAO (Figure 28). This means that 

during the positive (negative) phase of the AAO, there is a reduction (increase) of rainfall. 

Regarding this topic, Garreaud et al. (2008) indicated that this relationship may be 

explained by the reduction in the mid-latitudes zonal flow and the associated frontal 

activity during the AAO.  
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Figure 27. Scatter plots between autumn indexes (MAMt) and the First SMP-MAM (PC1) 

(1979-2012). Significances were evaluated using a t-Test. Red squares represent the best 

two observed correlations Source: own work. 

 

 

Figure 28. Scatter plots between spring indexes (SONt-1) and the Second SMP-MAM 

(PC2) (1979-2012). Significances were evaluated using a t-Test. Red squares represent the 

best two observed correlations Source: own work. 

 

 

The Third SMP-MAM was found to be significantly correlated to autumn MJO7 

index (Phase 7) corresponding to the same season or zero lag correlation (r = 0.39) (Figure 

29). Barrett et al. (2012) carried out composites analysis of rainfall and rainfall intensity in 
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central-south of Chile (30°- 45°S) in relation with the real-time multivariate MJO index, to 

show that above normal precipitation and greater frequency of heavy precipitation 

occurred during phases 8, 1 and 2; and that below normal precipitation took place in 

phases 3 to 7.  In other words, when the deep convective clouds and rainfall is located in 

the Pacific sector, the atmospheric circulation can show ENSO-like pattern, and therefore, 

during this phase is more likely that precipitation and heavy rainfall events occur 

(Carrasco, 2006). 

 

Figure 29. Scatter plots between autumn indexes (MAMt) and the Third SMP-MAM 

(PC2) (1979-2012). Significances were evaluated using a t-Test. Red squares represent the 

best two observed correlations Source: own work. 

 

 

The spatial patterns associated to the First SMP-MAM showed to be strongly 

correlated to precipitation anomalies and also with the Autumn AAO corresponding to the 

same season in course. The significant spatial influence of the AAO pattern in MAM 

precipitation was distributed from 30°S to 40°S with largest values observed between 

35°S and 40°S. Negative (positive) phases of the index were related to high (low) MAM 

precipitation amounts.  

The dipole pattern observed from the correlation maps for the Second SMP-MAM 

was not observed when correlating MAM precipitation anomalies and AAO of the 

previous spring season (SONt-1). The main spatial influence extracted from the results 
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show that AAO influences MMA precipitation pattern specifically between 30°S and 

35°S, therefore, another mechanism is probably explaining the southern pole. According 

to the results found for the Third SMP-MAM, it can be indicated the spatial influence of 

the autumn MJO7 (phase 7) pattern of the same season, is specifically concentrated over 

regions located 25°S northwards. A positive phase of the index is related to high 

precipitation amounts. 

 

Figure 30. Correlation Maps between Autumn Precipitation Anomalies (MAMt) and the 

climatic indexes Autumn AAO (MAMt), Spring AAO (SONt-1), and Autumn MJO7 

(SONt). The selection of the indexes correspond to those best correlated to PC1 (left), PC2 

(middle), and PC3 (right) (1979-2012). Significant correlations, calculated using t-Test, 

are represented below each correlation map. Source: own work. 
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4.5.8 Spatial Correlation of Winter (JJA) Anomalies and EOF/PCs 

 

From the results obtained from the Eigen Spectrum Analysis, the explained 

variance for the three first principal components was 52.3%, 14.5%, and 6.3%, 

respectively. Therefore three Significant Modes of Winter Precipitation (SMP-JJA) were 

identified mainly affecting regions between 27°S and 40°S for the case of the First SMP-

JJA (Figure 31, left). A dipole pattern (positive around 32°S and negative around 37°S), 

was again observed for the Second mode of JJA (SMP-JJA2) precipitation variability and 

also with some influence along Northern regions (Figure 31, middle). The Third SMP-JJA 

showed to be significantly correlated to those stations located in regions above 25°S. 

 

Figure 31. Correlation Map between the Winter Precipitation Anomalies (JJA) and the 

First (left), Second (middle), and Third (right) SMP-JJA (1979-2012). Significant 

correlations, calculated using t-Test, are represented below each correlation map. Source: 

own work. 

 



 65 

 

 

4.5.9 Temporal Correlation of Climatic Indexes and SMP-JJA 

 

Similar to those results obtained for annual precipitation patterns, the temporal 

correlations observed for each one of the indexes and the First SMP-JJA showed that 

ENSO phenomenon is the main pattern affecting winter (JJA) anomalies along Chile. The 

negative phase of the Southern Oscillation Index (SOI) and the positive phases of the 

BEST coupled pattern, both corresponding to the same season (JJAt), showed to be 

strongly and significantly correlated to the PC1 or the First SMP-JJA. The Second SMP-

JJA and its dipole pattern were found to be only significantly correlated to the autumn 

activity of the AAO index (MMAt). Finally, the Third SMP-JJA was found to be 

significantly correlated to autumn El Niño 3.4 activity (r = -0.47). 
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Figure 32. Scatter plots between winter indexes (JJAt) and the First SMP-JJA (PC1) 

(1979-2012). Significances were evaluated using a t-Test. Red squares represent the best 

two observed correlations Source: own work. 

 

 

Figure 33. Scatter plots between autumn indexes (MAMt) and the Second SMP-JJA (PC2) 

(1979-2012). Significances were evaluated using a t-Test. Red squares represent the best 

two observed correlations Source: own work. 
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Figure 34. Scatter plots between autumn indexes (MAMt) and the Third SMP-JJA (PC3) 

(1979-2012). Significances were evaluated using a t-Test. Red squares represent the best 

two observed correlations Source: own work. 

 

 

The spatial patterns observed for each one of these indexes showed that negative phases of 

the Southern Oscillation Index (SOI) (El Niño events) mainly influences the regions of 

Central Chile (30°S-40°S), with strongest correlations between approximately 31°S and 

35°S (Figure 35, right). Also some significances were observed in Northern Chile around 

20°S and Austral regions south of 50°S; however these latter results were mainly 

associated to the positive phases of SOI (La Niña events) in the southern portion. The 

spatial dipole pattern observed for the Second SMP–JJA (PC2) was not entirely explained 

by the Autumn AAO pattern, since only those stations located between 37°S and 40°S 

were found to be significantly correlated. The positive phases of the AAO were observed 

to be associated to high precipitation contributions over this area, however, the correlation 

values just ranged between 0.3 and 0.4 (Figure 35, Middle), suggesting a moderate 

influence of this pattern as the variance explained by the second mode of JJA 

precipitation. The Third SMP-JJA showed significant influence over North regions above 

25°S, and also a significant correlation to El Niño 3.4 Index (N34) was observed (r = 0.3 - 

0.4). Other stations located along the Andes Cordillera were found to be also significantly 

correlated to N34. These latter results agree to those found by Diaz et al. (2003) who 
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stated that freezing levels and snow cover changes in the American Cordillera (Andes) are 

strongly modulated by the El Niño/Southern Oscillation (ENSO) phenomenon and the 

freezing level heights (FLH) respond to both interannual and decadal-scale change in 

tropical Pacific sea surface temperature (SST) (see also Bradley et al., 2009). 

 

Figure 35. Correlation Maps between Winter Precipitation Anomalies (JJAt) and climatic 

indexes: Winter SOI (JJAt), Autumn AAO (MAMt), and Autumn N3.4 (MAMt-1). The 

selection of the indexes correspond to those best correlated to PC1 (left), PC2 (middle), 

and PC3 (right) (1979-2012). Significant correlations, calculated using t-Test, are 

represented below each correlation map. Source: own work. 
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4.5.10 Spatial Correlation of Spring (SON) Anomalies and EOF/PCs 

 

Similar to the annual scale, only one Significant Mode of Spring Precipitation 

(SMP-SON), which explained about 43% of the SON precipitation variability, was 

detected at this seasonal scale. The correlation between SON anomalies and the SMP-

SON showed to be significant for Central Chile between 30°S and 40°S, and strongly 

correlated around 35°S (r = -0.9 to -0.8). Some significant stations were also observed 

around 20°S and some about 53oS with correlations about 0.3. 

 

Figure 36. Correlation Map between the Spring Precipitation Anomalies (SON) and the 

First SMP-SON (1979-2012). Significant correlations, calculated using t-Test, are 

represented below each correlation map. Source: own work. 

 

 

4.5.11 Temporal Correlation of Climatic Indexes and SMP-SON 

 

The Significant Mode of Spring Precipitation (SMP-SON) was strongly correlated 

to winter positive period of MJO6 and the negative period of MJO9 (phases 6 and 9). This 

spatial pattern agreed to those observed from the previous analysis; however with this 

assessment the area of influence spanned mainly between 33°S and 40°S, and the spatial 

significance previously found for northern regions was not well captured with this 

analysis. The MJO6 index showed to be strongly correlated to stations located between 
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35°S and 40°S accounting as one of the most important atmospheric factors accounting for 

SON precipitation variability over Central Chile. 

 

Figure 37. Scatter plots between winter indexes (JJAt) and the First SMP-SON (PC1) 

(1979-2012). Significances were evaluated using a t-Test. Red squares represent the best 

two observed correlations Source: own work. 

 

 

Figure 38. Correlation Maps between Spring Precipitation Anomalies (SONt) and the 

climatic index Winter MJO6 (JJAt) (left). The selection of the index corresponds to the 

one that was best correlated to PC1 (1979-2012). Significant correlations, calculated using 

t-Test, are represented below each correlation map. Source: own work. 
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A summary of the results stated from sections 4.5.2 to 4.5.10 for the annual and 

seasonal precipitation patterns can be observed in Table 7. 

 

Table 7. Summary for EOF/PC results for annual and seasonal precipitation patterns and 

climatic indexes along Chile. 

Anomalies Pattern 
Significant Mode of Annual or Seasonal Precipitation 

1 2 3 

Annual 

PCs 

First SMP-Annual explained 55.3% of 

variance with significant correlations 

between 20oS and 40oS; however, the 

most substantial spatial pattern of SMP-

Annual was found to be mainly 

concentrated in Central Chile (30oS - 

40oS). 

Second SMP-Annual explained 9.3% of 

variance however the mode is not 

significant. 

Third SMP-Annual explained 7.9% 

of variance however the mode is not 

significant. 

Best 

Climatic 

Index 

Winter SOI (negative phase) and BEST 

(positive phase) indexes corresponding to 

the same year (JJAt), with a strong and 

significant spatial influence mainly 

concentrated in Central Chile (30oS – 

35oS) 

Not significant mode was observed. 

Therefore no correlations against 

climatic indexes were carried out. 

Not significant mode was observed. 

Therefore no correlations against 

climatic indexes were carried out. 

DJF 

(Summer) 

PCs 

First SMP-DJF explained 46% of 

variance with mostly negative and 

significant correlations between 30oS and 

40oS. 

Second SMP-DJF explained 20% of 

variance with similar results that the 

first mode; however, this time the 

spatial significant influence was mainly 

observed between 33oS and 40oS. 

Third SMP-DJF explained 8.7% of 

variance and it was significantly 

correlated in North regions above 

25oS. 

Best 

Climatic 

Index 

Spring MJO (phases 7 and 8) (SONt) was 

related to the First SMP-DJF, especially 

significant over regions 35oS northwards. 

Summer PDO (positive phase) (DJFt) 

showed to be the exclusive pattern 

significantly correlated with both the 

Second SMP-DJF and DJF anomalies 

for the region spanning between 33oS 

and 40oS 

Spring N3.4 (negative phase) (SONt-

1) was associated to the Third SMP-

DJF mainly observed over North 

regions between 17oS and 25oS. Also 

some spatial influence was detected 

around 33oS 

MAM 

(Autumn) 

PCs 

First SMP-MAM explained 51% of 

variance and it showed mostly positive 

and significant correlations between 30oS 

and 40oS with strongest activity around 

35oS. 

Second SMP-MAM explained 13.6% of 

variance observing significant 

correlations as a meridional dipole with 

positive values between 30oS and 33oS, 

and negative values between 38oS and 

40oS. 

Third SMP-MAM explained 6.5% of 

variance and it showed another dipole 

pattern strongly marked in northern 

Chile (about 25oS northwards and 

some significances observed about 

45oS and South of 50oS as well. 

Best 

Climatic 

Index 

Autumn season activity (MAMt) of the 

same year of the Antarctic Oscillation 

Index (AAO) (negative phase). 

Significant spatial influence was 

distributed from 30oS to 40oS with largest 

values observed between 35oS and 40oS. 

Spring AAO (negative phases) of the 

previous season (SONt-1), was 

significantly correlated to the Second 

SMP-MAM, influencing MMA 

precipitation pattern specifically 

between 30oS and 35oS. 

Autumn MJO7 Index (phase 7, 

positive) of the same season (MAMt) 

was found to be significantly 

correlated the Third SMP-MAM. The 

spatial influence is specifically 

concentrated over regions located 

25oS northwards. 

JJA 

(Winter) 

PCs 
First SMP-JJA explained 52.3% of 

variance and spanned between 27oS and 

40oS. 

Second SMP-JJA explained 14.5% of 

variance. A dipole pattern was observed 

to be positive around 32oS and negative 

around 37oS. 

Third SMP-JJA explained 6.3% of 

variance. It showed to be 

significantly correlated to those 

stations located in regions 25oS 

northwards. 

Best 

Climatic 

Index 

Winter SOI (negative phase) and BEST 

(positive phase) indexes corresponding to 

the same season (JJAt), with a strong and 

significant spatial influence mainly 

concentrated in Central Chile (30oS – 

35oS). 

Autumn AAO (negative phase) of the 

previous season (MAMt-1). The spatial 

dipole pattern was not entirely 

explained by the pattern. Only those 

stations located about 37oS and 40oS 

showed significant correlations. 

Autumn N34 (negative phase) of the 

previous season (MAMt-1). It showed 

significant influence over North 

regions above 25oS. 
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SON 

(Spring) 

PCs 

First SMP-SON explained 43% of 

variance and spanned significant 

correlations for Central Chile between 

30oS and 40oS, and strongly correlated 

around 35oS. 

Second SMP-SON explained 16.7% of 

variance; however the mode is not 

significant. 

Third SMP-SON explained 14.4% of 

variance; however the mode is not 

significant. 

Best 

Climatic 

Index 

Winter MJO6 (phase 6, positive), 

strongly correlated to those stations 

located between 35oS and 40oS. 

Not significant mode was observed. 

Therefore no correlations against 

climatic indexes were carried out. 

Not significant mode was observed. 

Therefore no correlations against 

climatic indexes were carried out. 

 

4.6 Discrete Fourier Transform Analysis (DFT) 

 

The power spectral analysis usually shows an evident peak about the frequency 

where the signal is more important. An identification of the main frequencies associated to 

monthly climatic indexes (best indexes obtained from previous analysis for annual and 

seasonal modes of Precipitation), and also for monthly long-record stations distributed 

along the country, was carried out with the objective to determine the cyclic components 

of precipitation and climatic patterns along Chile. The null hypothesis of red noise was 

evaluated to determine the statistical significance of spectral peaks. When data fall 

exponentially it implies red noise (autocorrelation in time); on the other hand, there is 

equal power at all frequencies (no persistence or autocorrelation) which is denominated 

white noise. 

The monthly climatic indexes related to ENSO (SOI, N34, BEST, and PDO) 

showed that H0 can be accepted at 90%. The significant observed frequencies ranged from 

about 0.1 to below 0.5; that is, from 2 to 10 years. A seasonal component can be also 

observed ranging from 3 to 6 months in the case of SOI; however, those results are not 

within the range that is considered significant. This intraseasonal characteristic can be 

more clearly noticed for MJO indexes (phases 6, 7, and 8); however, not a clear evidence 

of red noise in the analyzed time series was found, therefore, these results cannot be 

considered consistent enough to draw conclusions as well. The Monthly AAO index 

(1979-2012) showed three significant spectral peaks (3, 5, and 10 months) ranging from a 

seasonal to a quasi-annual cycle. 
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Figure 39. Power Spectral Analysis for different Climatic Indexes AAO, BEST, N34, 

MJO6, MJO7, MJO8 (all of them for 1979-2012), SOI (1893-2012), PDO (1900-2012), 

Copiapó (1897-2012), La Serena (1869-2012), Santiago (1866-2012), and Punta Arenas 

(1888-2012). The Confidence limit (green line) associated with the red-noise spectrum 

(red noise) was calculated assuming chi-square distribution with v = 2 degrees of freedom 

(alpha = 0.1).  

 

 

 The four long-record stations analyzed in this section showed an annual to bi-

annual oscillation of monthly patterns of precipitation. Despite mentioned, evidence of red 

noise spectra was not observed for these time series. The presented method can be 

considered not appropriate to extract wave components with high resolution. With this in 

mind, the SSA and M-SSA were additionally applied with the objective to detect 

oscillatory and trends components as well.  
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4.7 Singular Spectrum Analysis (SSA) and Multi-Channel Singular Spectrum 

Analysis (M-SSA) 

 

SSA or M-SSA is a more general method compared to DFT, and it can better 

extract amplitude-modulated sine wave components with high resolution. The SSA and 

M-SSA methods were applied to monthly climatic indexes SOI, PDO, AAO, MJO6, 

MJO7, and also for monthly precipitation of ten stations distributed along Chile (1979-

2010). As mentioned in methods section, the whole procedure of the SSA/M-SSA 

techniques depends upon two parameters: 1) the window length (L), and 2) the number of 

EOF’s needed to reconstruct original series (r). An improper choice of the value of 

parameters L and r may yield incomplete reconstruction and misleading results in 

forecasting. According to this, different combinations of windows lengths ranging from 

seasonal to interannual and decadal frequency (L = 3, 6, 12, 60, and 120 months), were 

used to construct the Grand Data Matrix (Henkel matrix with indexes and precipitation 

time series). Figure 40 shows the leading EOF mode for L=3 month. This pattern explains 

about 9.5% of the total variability and it can be associated with the monthly cycle. 

  

Figure 40. Eigenvalue spectrum for the Grand Data Matrix (Henkel matrix with indexes 

and precipitation time series) by considering L=3 months. 

 

 

The explained variance obtained after making Singular Value Decomposition 

(SVD) to the Grand Data Matrix of different windows length showed that the each 

component explains more variance in oscillations larger than one-year. The larger window 

length is increased, the smaller the first singular Eigen triple (or SVD) will be. Therefore, 

a proper window length (L) will have a smooth trend or regular pattern. If we decrease 
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window length L, the trend reverses, and becomes rough or shows an irregular pattern 

because it contains other components. In general the SSA/M-SSA method performed 

better when L was larger than one-year, and also a clearer oscillatory component was 

observed when correlating EOF1 and EOF2 from the Grand Data Matrix (Figure 41).  

 

Figure 41. Phase diagram obtained for the relation between different EOF and different 

windows length (L) applied to the Grand Data Matrix (1979-2012). 

 

 

Figure 42 shows the monthly eigentriples for L = 60 and 120 months, where it is 

possible to observe that oscillatory components of monthly precipitation are better 

represented by windows length of 120 months, especially for the precipitation time series 

obtained from the ground stations. 
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Figure 42. First six retained Principal Components (monthly eigentriples) by considering 

L=12 months (up) and L=120 months (down) (1979-2012). 

 

 

 

Despite mentioned above, the original time series were reconstructed to obtain the 

oscillatory components or trends associated to the monthly precipitation and climatic 

patterns (indexes). The oscillatory components were satisfactorily reconstructed by 

considering L=12 and the first 180 eigentriples as observed in Figure 43. 
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Figure 43. The monthly precipitation and climatic patterns trends reconstructed by 1-180 

eigentriples (r = 180) when L = 12 months. 

 

 

The use of SSA/M-SSA methodology presented in this section was used to briefly 

expose how the selection of L and r can affect the results obtained from this approach. 

More detailed analyses are required to obtain specific oscillatory modes of climatic 

indexes and monthly precipitation patterns. 

4.8 Discussion of Main Findings 

 

The EOF/PCA method was used with the objective to describe and analyze the 

main modes of interannual and seasonal precipitation variability along Chile, and the 

influence of different ocean-atmospheric oscillations on secular long-term patterns. The 

following research questions were stated in the Introduction section of this study: 

 

1) How much precipitation variability is explained by using the Empirical Orthogonal 

Functions (EOF) approach to identify patterns at seasonal or annual scales? 

 

In general the applied approach showed that the explained variance of the First 

Significant Modes of Annual and Seasonal Precipitation ranged between 43% (SON) and 
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55% (Annual) depending on the time scale. Additionally the Second Significant Mode of 

Precipitation ranged between 13.6%, which was observed in fall precipitation (MAM), up 

to 20% which was observed for the case of summer precipitation (DJF). Regarding annual 

and spring (SON) precipitation patterns, no significances were observed for the Second 

SMP. Finally the Third SMP ranged from 6.3% (JJA) up to 8.7% (DJF), and again the 

annual and spring (SON) precipitation patterns were observed to be no significant. 

 

2) Which spatial precipitation patterns may be identified from the analysis?  

 

The observed spatial and significant precipitation patterns were mainly 

concentrated in Central Chile (30°S to 40°S), especially for the First Modes of 

Precipitation. However, North (25°S Northwards) and South (40°S Southwards) regions 

were identified by the second and third significant modes (EOFs) of annual and seasonal 

precipitation. As a way to compare the results obtained for the ground stations by the 

previous EOF/PC analysis, the gridded University of Delaware dataset was additionally 

used to calculate their EOF/PC patterns. The dataset can be downloaded directly from 

NOAA web site, and it is available at: 

http://www.esrl.noaa.gov/psd/data/gridded/data.UDel_AirT_Precip.html#source. The 

dataset corresponds to monthly precipitation (V3.01), with time series ranging from 1900 

to 2010 and a spatial resolution of 0.5 degree by 0.5 degree (latitude/longitude grid). In 

this study, the period 1979-2012 for the domain spanning all of South America was used. 

Specific details about the dataset can be obtained at: 

http://climate.geog.udel.edu/~climate/. In this context, it is important to mention that 

several studies have defined precipitation modes for South America, for instance, Zhou 

and Lau (2001), Aravena and Luckman (2009), Carrillo (2010), Zamboni et al. (2012). 

The objective of the analysis presented in this section is not to state precipitation patterns 

along South America, but rather to compare how the results obtained from the ground 

meteorological stations agree with those obtained for all South America through a 

modeled gridded product, as provided by the University of Delaware. The eigenvalue 

spectrum results for all South America showed no Significant Modes (SMP) for the annual 

precipitation and also for summer (DJF) precipitation. Similar eigenvalue spectrum results 

http://www.esrl.noaa.gov/psd/data/gridded/data.UDel_AirT_Precip.html#source
http://climate.geog.udel.edu/~climate/
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were observed in both of them (Figure 44). As mentioned in Table 3 (methods section), 

the size of the spatial domain can be a source that affects the analysis of PC/EOF; 

therefore, it is probably that annual and summer precipitation datasets are being affected 

by the spatial domain selection. On the other hand, autumn (MAM), winter (JJA) and 

spring (SON) precipitation variability can be clearly explained by the First Significant 

Mode of Precipitation (SMP), where the First SMP-MAM explains around 29%, First 

SMP-JJA explains about 35%; and the First SMP-SON explains about 50% 

 

Figure 44. Eigenvalue Spectrum calculated through North Test (1982), for annual (up-

left), summer (DJF, up-middle), autumn (MAM, up-right), winter (JJA, up-left), and 

spring (SON, down-right) precipitation, precipitation. Source: own work. 

 

 

 

The First SMP-Annual showed a significant spatial pattern, observed in both 

datasets, spanning from about 27°S to 34°S; however the regions between 34°S to 40°S 

showed to be significant only for the meteorological stations (Figure 45, up-left). Much 

better results can be observed for the First SMP-DJF (Figure 45, up-middle), SMP-JJA 

(Figure 45, down-left), and SMP-SON (Figure 45, down-right) with similar spatial 

patterns observed from both datasets and analysis. On the other hand, the First SMP-

MAM is strongly significant from 30°S to 40°S, but only in the dataset obtained from 

meteorological stations. A few significant grid points (Delaware Dataset) were observed 
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over the Andes Mountains but they do not constitute a strong pattern as the one observed 

from meteorological stations.  

 

Figure 45. Significant Correlation Maps calculated using t-Test, between the First 

Significant Mode of annual and seasonal Precipitation (SPM) for Chile (meteorological 

stations dataset) and South America (U. Delaware Dataset), against Annual Anomalies 

(up-left), DJF Anomalies (up-middle), MAM Anomalies (up-right), JJA Anomalies 

(down-left), and SON Anomalies (down-right) (1979-2012). Source: own work. 

 

 

 

Under the same context, when only the spatial domain of Chile was used for 

EOF/PCA analysis (Figure 46), the spatial patterns of each First Significant Mode of 

Precipitation (SMP) are much closer to those observed for all South America. Again, 
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strongest significant correlations were observed for annual Precipitation anomalies and the 

First SMP-Annual, the First SMP-JJA, and the First SMP-SON, especially between 35
o
S 

and 40
o
S. For summer (DJF) and fall (MAM) precipitation strongest correlations were 

observed around 40
o
S; this latter showed a completely different pattern compared to the 

one observed for South America domain, since now the significances are observed along a 

larger latitudinal extension, and only the region around Atacama Deserts show to be not 

associated to the First SMP-MAM. Furthermore, this pattern is larger than the one 

observed from ground stations which maybe could be explained because a lack of 

statistically significant data around 25
o
S, and also between 40

o
S and 50

o
S.  

 

Figure 46. Significant Correlation Maps calculated using t-Test, between the First 

Significant Mode of annual and seasonal Precipitation (SPM) for (U. Delaware Dataset), 

against Annual Anomalies (up-left), DJF Anomalies (up-middle), MAM Anomalies (up-

right), JJA Anomalies (down-left), and SON Anomalies (down-right) (1979-2012). 

Source: own work. 

 

 

As a summary it can be concluded that the use of gridded products allowed a 

comparison with the main findings with results obtained from the meteorological stations. 
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Gridded data can be understood as good tool for analyzing climatic patterns in Chile; 

however, the complicated geography of the country requires high resolution products able 

to deal with narrow distances from Andes to Pacific Ocean, and also able to record 

information over the extreme South regions of the country. 

 

3) Which coupled Ocean-Atmosphere indices are most strongly correlated with Chilean 

annual and seasonal patterns precipitation at different spatial scales?  

 

It can be indicated that Winter Southern Oscillation Index explained most of the 

Annual and JJA variability. This close relation between JJA/Annual is in agreement with 

the results (seasonal ratio greater than 40% for Central Chile), since in the subtropical 

domain along the West coast of the continent more than 50% of precipitation falls during 

austral winter (JJA), mostly associated to extratropical systems that reach this region when 

the subtropical anticyclone in the southeast Pacific and the mid-latitude band of migratory 

low pressure systems are at their northernmost position (Montecinos and Aceituno, 2003).  

Despite the origins or causes of the ENSO phenomena (El Niño and La Niña 

Events) are not completely understood, NOAA (2014) indicates that the two components 

of ENSO, Sea Surface Temperature (SST) and atmospheric pressure are strongly related. 

During an El Niño event, the easterly trade winds converging across the equatorial Pacific 

decline. Therefore, the cold ocean current (Peruvian Current) that comes from the western 

coast of South America is reduced in speed, and the upwelling of cold nutrient-rich water 

from the deeper ocean is reduced as well. This process allows increasing the mass of 

warm surface water in the eastern part of the Pacific Ocean. Based on mentioned above, it 

is also worth to complement that the strengthening or weakening of the trade winds is a 

function of changes in the pressure gradient of the atmosphere over the tropical Pacific 

(because winds move from regions with high pressure to those with low pressure); in this 

sense, the warming of the sea surface helps to decrease the atmospheric pressure above it 

by transferring more heat to the atmosphere and making it lighter. An example of stated 

above can be observed from Figure 47, which it is possible to indicate that changes on sea 

level pressure in Southern Hemisphere, along different months (seasons), are strongly 
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related to changes on trade winds, since lower SLP values are commonly observed when 

stronger westerlies reach the South American continent. 

In this study, the Antarctic Oscillation (AAO) was found to be the main source of 

MAM precipitation variability in Central Chile (30°S to 40°S). For its part, Quintana and 

Aceituno (2012) stated that AAO plays a significant role in modulating the interannual 

rainfall variability in all central Chile, especially during the austral winter semester (April-

September), because this pattern is partially connected to changes in the meridional sea 

level pressure gradient at mid and high-latitudes in the southeast Pacific. On the other 

hand, Villalba et al. (2012) mentioned that negative (positive) precipitation anomalies in 

in northern Patagonia (38
o
S – 42

o
S) are related to positive (negative) phases of the AAO. 

Moreover no significant results were observed for AAO in southern regions (South of 

45
o
S); however, again the lack of data in the intermediate regions between 40

o
S and 50

o
S 

can be the most important source of misleading results. Finally it is important to add that 

Carvalho et al. (2005) indicated that negative (positive) phases of the AAO are stronger 

when patterns of sea surface temperature (SST), convection, and circulation anomalies 

look similar to El Niño (La Niña) phases of ENSO. Additionally, the authors indicated 

that improved intraseasonal activity from the tropics to the extra-tropics of the Southern 

Hemisphere is associated with negative phases of the AAO. Furthermore, they suggested 

that the start of negative phases of the AAO is related to the propagation of the Madden–

Julian oscillation (MJO).  

On the other hand, the atmospheric circulation associated with the MJO explained 

most of the summer (DJF) precipitation variability (phases 7 and 8), and also most of the 

spring (SON) variability (MJO6, phase 6). Barrett et al. (2012) carried out composites 

analysis of rainfall and rainfall intensity in central-south of Chile (30°- 45°S) in relation 

with the real-time multivariate MJO index, and showed that above normal precipitation 

and greater frequency of heavy precipitation occurred during phases 8, 1 and 2; and that 

below normal precipitation took place in phases 3 to 7.  In other words, when the deep 

convective clouds and rainfall is located in the Pacific sector, the atmospheric circulation 

can show ENSO-like pattern, and therefore, during this phase is more likely that 

precipitation and heavy rainfall events occur in the extratropical region like the Chilean 

territory facing the southeastern Pacific Ocean (Carrasco, 2006). 
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Figure 47. Sea Level Pressure (up) and U-Trade Winds (down) trends for different 

seasons and different years between 1950 and 2011, showing how changes in Trade 

Winds (Easterlies and Westerlies) are related to changes in trade winds (easterlies and 

westerlies) . 

 

 

 



 85 

4) Can temporal changes in regional precipitation patterns be explained by atmospheric 

circulation changes? 

 

The changes in the annual and seasonal rainfall regime along Chile were described 

in the context of the evolution of major regional and large-scale factors controlling rainfall 

variability along the extratropical west coast of South America: the Southern Oscillation 

Index (SOI), The Antarctic Oscillation (AAO), some phases of MJO Index, and the 

Pacific Decadal Oscillation (PDO) are strongly related to meridional gradient of sea-level 

pressure and geopotential height at mid-latitudes in the southeast Pacific. For instance, 

Power et al. (2013) developed robust twenty-first-century projections of El Niño and 

related precipitation variability using four different scenarios for CO2 and other 

radioactively active gases. The authors indicated that by the mid- to late twenty-first 

century, the projections include an intensification of both El-Niño-driven drying in the 

western Pacific Ocean and rainfall increases in the central and eastern equatorial Pacific. 

Also some experiments with an Atmospheric General Circulation Model revealed that 

robust projected changes in precipitation anomalies during El Niño years are primarily 

determined by a nonlinear response to surface global warming. Uncertain projected 

changes in the amplitude of ENSO-driven surface temperature variability have only a 

secondary role; and the projected changes in key characteristics of ENSO are consequently 

much clearer than previously realized.  

In the same sense, England et al. (2014) showed a pronounced strengthening in the 

Pacific trade winds over the past two decades without precedent in observations/reanalysis 

data and never captured by climate models. These patterns are stated to be sufficient to 

account for the cooling of the tropical Pacific and a substantial slowdown in surface 

warming of the Ocean. In the same context faster trade winds have increased equatorial 

upwelling in the central and eastern Pacific, which has produced lower temperatures in 

those regions. Finally the authors stated that these winds also influenced the global 

average surface air temperature (2012) in about 0.1-0.2
o
C which has been related to most 

of the surface warming decrease observed since 2001. This phenomenon denominated 

Global Warming Hiatus could persist along the next decade if trade winds trends continue. 
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Despite mentioned, a quick warming is probable to restart once the anomalous wind trends 

decline. 

The precipitation trends over in central Chile (30°S to 43°S) have been recently 

analyzed by Quintana and Aceituno (2012) stating positive recent trends (since 1980s) 

between 30 and 35º S. In the southern portion of central Chile (37°S to 43°S) a significant 

downward trend in annual rainfall prevailed since the 1950s, as a direct result of a 

decreasing frequency of rainfall episodes and a weakening of daily precipitation intensity 

that lasted until the 1990s. On the other hand, Valdés-Pineda et al. (2013) showed Mann-

Kendall trends for Chile between about of 25°S and 55°S, stating that most of the negative 

significant trends are located around 45°S. Surprisingly, about 900 km. southwards, 

significant positive trends without precedent were identified. In this study, running 

correlation was used to show increases/decreases of annual precipitation amounts for the 

five stations with longest records along Chile. Most of the analyzed stations did not show 

a clear temporal trend, however, the station Punta Arenas, located about 55°S showed a 

marked upward trend that seems to be consistent especially over the last 50 years (Figure 

47). The sources of a possible climate change affecting the southern hemisphere have been 

robustly documented in the last several years. It has altered the atmospheric circulation in 

a surprising number of ways: a rising global tropopause, a poleward intensification of the 

westerly jet, a poleward shift in storm tracks, a poleward expansion of the Hadley cell, and 

many others (Seok-Woo Son et al., 2009). 

 Finally it should be mentioned that the discussion of future climate trends 

affecting the Southern Hemisphere storm track and trends in ocean-atmospheric patterns 

(for example, SOI, AAO, or PDO, among others), should be focused on the competing 

influences from increasing greenhouse gases and from recovery of the Antarctic ozone 

hole (especially in the summer season). The influence of these two patterns can be also 

affecting trends in precipitation and climatic patterns; however, the net effect of both 

factors is still undefined (Arblaster et al., 2011) 
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Figure 48. Running correlation (windows = 10 years) between 1893 and 2013 for longest 

records ground stations in Chile (n > 120 years).  
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5. CONCLUSIONS 

 

 

The EOF/PCA method was used to describe and analyze the main modes of 

interannual and seasonal precipitation variability along Chile, and the influence of 

different ocean-atmospheric oscillations on secular long-term patterns. The SPI 

standardization was initially used to analyze the drought events along Chile and the 

probability of wet and dry conditions. The results showed that SPI can satisfactorily 

explain the droughts over Chile; and it can be considered as a good tool to analyze 

droughts influence along the national territory. Despite mentioned it is not a valid index in 

arid regions where precipitation often varies from zero to several inches over relatively 

short periods, similar to those regions located above 25
o
S (Atacama Desert) in North of 

Chile. From the probability analysis was demonstrated that there is more chance of 

observing very dry and extremely dry conditions during La Niña years. On the contrary, 

very and extremely wet conditions were mostly observed during El Niño years. 

The annual/seasonal ratio showed that most of the contribution of seasonal 

precipitation over annual amounts occurs in Central Chile (30
o
S and 40

o
S), especially for 

JJA precipitation. This situation was completely different in North regions (above 25
o
S) 

because most of the annual precipitation is contributed by summer (DJF) amounts. 

The annual and seasonal rainfall variability is mostly explained by the First 

Significant Mode of Precipitation (PC1), and especially for Central regions of Chile 

spanned between 30
o
S and 40

o
S. The second and third modes of precipitation were found 

to be significant only for MAM, JJA, and SON precipitation. Regarding the climatic 

indexes, significant correlations were found between SOI and annual/winter precipitation, 

suggesting that most of the interannual and winter precipitation variability in Chile is 

associated to ENSO phenomena. Also significant correlations were found between MJO 

indices and spring/summer precipitation, suggesting that the seasonal SON/DJF 

precipitation variability in central Chile can be associated to MJO phenomena, especially 

for the phases 6, 7, and 8. Finally, fall precipitation (MAM) was better explained by the 

fall AAO, demonstrating that this low-frequency variability mode also accounts for part of 

seasonal precipitation in Central Chile. 
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The spectrum analysis through Discrete Fourier Transform and SSA/M-SSA 

methods showed that Enso indexes are well represented by cycles that range closer to 

interannual and interdecadal scales. The selection of the window length (L) and the 

reconstruction factor (r) are the most important parameter governing results of SSA/M-

SSA analysis. In this study the selection of time windows larger than 1 year displayed 

more marked cyclic behavior than those patterns observed at monthly and seasonal scales. 

The selection of the reconstruction factor is usually established with the objective to 

obtain good reconstructions of the original data. In this context, a higher number of 

retained EOFs can better reconstruct the original time series, however, the selection of 

how many PCs are retained is still one of the most important points to implement the 

method. It will depend on the objective stated for the study, for example, finding for 

oscillatory components, reconstruction, or trends components. 

Finally it is worth to mention that Quintana and Aceituno (2012) indicated that the 

ocean-atmospheric processes affecting Chile are probably more complex than we currently 

know because there are other factors that may also contribute to shape the long-term 

changes observed in annual rainfall in Chile. Under this context a detailed analysis of 

changes at the seasonal (3-months) scale was suggested by the authors. In this study we 

carried out a detailed annual and seasonal precipitation analysis; however, despite that the 

level of detail accomplished in this investigation is higher compared to others analysis, 

more depth and detailed investigation is still required to determine specific patterns of 

precipitation patterns along Chile. This level of detail can be more important if new 

techniques and methods are implemented, for example, Canonical Correlation Analysis. 
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7. APPENDIX 

 

7.1 Southern Oscillation Index (SOI) 

 

The Southern Oscillation Index can be calculated as: 
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And where, 

 

 SOI is the Southern Oscillation Index for the month i. 

    is the Standardized Tahiti defined as: 

    is the Standardized Darwin defined as: 

 MSD is the Monthly Standard Deviation. 

       is the Actual Tahiti Sea Level Pressure. 

     ̅̅ ̅̅ ̅̅  is the Mean Tahiti Sea Level Pressure (anomalies are departures from the 

1951-1980 base period). 

       is the Actual Darwin Sea Level Pressure. 

     ̅̅ ̅̅ ̅̅  is the Mean Darwin Sea Level Pressure. 

 n is the number of months. 
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7.2 Standardized Precipitation Index (SPI) 

 

 

Computation of the SPI involves fitting a gamma probability density function by 

using the following expression: 
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Where, 

   are the precipitation observations. 

   is the shape parameter. 

   is the scale parameter. 

      is the gamma function 

 

One of the maximum likelihood approximations for the gamma distribution is due to 

Thom (1958). The Thom estimator for the shape parameter is: 
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 n is the number of precipitation observations. 

 

The resulting parameters are then used to find the cumulative probability of an 

observed precipitation event. The cumulative probability is given by: 

 

     ∫     
 

 

   
 

 ̂
 ̂
    

∫   ̂       ̂  
 

 

 

  

Since the gamma function is undefined for x=0 and a precipitation distribution 

may contain zeros, the cumulative probability becomes: 



 104 

 

                 

And  

      

 

Where, 

      is the normal standard transformation for gamma function. 

    is the probability of a zero. 

   is the number of zeros in the precipitation dataset. 

   is the total number of precipitation observations. 

      is the gamma cumulative probability function. 

 

Then the SPI or Z value is more easily obtained by using the approximation 

suggested by Abramowitz and Stegun (1965) that converts cumulative probability to the 

Standard Normal Random Variable Z: 
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7.3 Empirical Orthogonal Functions (EOF), and Principal Component Analysis 

(PCA) 

 

 Derivation and use of EOFs 

 

 

A brief description of EOF/PCA method is presented here, more details about it 

can be obtained from Obukhov (1947), Kutzbach (1967), Preisendorfer (1988), Wilks 

(1995), Storch (1993), Storch and Zwiers (1999), Joliffe (2002), Hannachi et al. (2007), 

and Wilks (2011). In this study EOF/PCA was applied to SPI series, however it can also 

be applied over precipitation anomalies. An example for both can be observed from the 

following mathematical conceptualization. Annual and seasonal precipitation anomaly for 

each station or grid point was calculated by: 

        ̅    

Where, 

   is the annual and seasonal precipitation anomaly matrix (mm) for the station 

or grid point i,j,k. 

      is the the annual and seasonal precipitation matrix (mm) for the station or 

grid point i,j,k. 

  ̅ is the yearly/seasonally average precipitation (mm) for the whole domain 

over a defined period of time k = 1….n. 

   is the number of rows considered in the domain, where       

   is the number of columns considered in the domain, where       

   is the number of years (averaged months) considered in the domain, 

where       

 

If gridded data is used, weights (because latitude) for each grid point must be 

calculated and the multiplied by the original precipitation anomaly matrix as a correction 

for latitude by using the following expression: 

  √          
 

 

Where, 

   is the weight for the grid point i,j,k. 
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      is the latitude for the grid point i,j,k. 

   is the number of rows (longitude) considered in the domain, where 

      

   is the number of columns (latitude) considered in the domain, where 

      

   is the number of years (averaged months) considered in the domain, 

where       

 

Once the SPI or anomaly data matrix or its weighted version is calculated, the 

covariance matrix is then defined by: 

  
 

   
     

Where, 

 

 A represents the covariance matrix between any pair of stations and grid points.  

 X
T
 is the transposed SPI or anomaly matrix of annual/seasonal precipitation. 

 n is the number of years or seasons. 

 

The objective of EOF/PCA is to find the linear combination of all the variables, i.e. 

stations or grid points that explains maximum variance. Therefore the direction e = 

(e1,…,ep)’ must be obtained such that X*e has maximum variability. Now the variance 

(     of the time series X*e is calculated as: 

    
 

   
               

 

If the problem is unbounded the vector e must to be unitary. Therefore the problem can be 

expressed as: 

          
Subject to: 

      

 

Then the solution can be expressed as an eigenvalue problem (EVP): 
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Where, 

 

 A is the n × n covariance matrix of precipitation.  

 λ are called the eigenvalues of A which are only valid if there is a non-zero 

eigenvectors (v ≠ 0). 

 

In other words, the matrix A stretches the eigenvector v by an amount specified by 

the eigenvalue λ. The eigenvalue equation is a system of linear equations but is “mildly” 

nonlinear as a combined system for λ and v. Gaussian Elimination in itself will not solve 

the problem, and we are in need of a new conceptualization of the problem. Therefore, by 

rewriting the equation in the form: 

          

Where, 

 

 A is the n×n covariance matrix of precipitation.  

 I is the identity matrix 

   are the Eigen values 

   are the Eigen Vectors 

 

For given    the last equation is a homogeneous linear system for v, and always has 

the trivial zero solution (v = 0), however the result must be a nonzero solution (v ≠ 0). A 

homogeneous linear system has a nonzero solution if and only if its coefficient matrix, 

which in this case is       , is singular. This observation is the key to resolving the 

eigenvector equation. 

A scalar   is an eigenvalue of the matrix A if and only if   is a solution to the 

characteristic equation: 

det      =0 

In practice, when finding eigenvalues and eigenvectors by hand, one first solves 

the characteristic equation. Then, for each Eigen value   one uses standard linear algebra 

methods, i.e., Gaussian Elimination, to solve the corresponding linear system for the Eigen 

vector v. 
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By definition the covariance matrix A is symmetrical and therefore diagonalizable. 

The k’th EOF is simply the k’th eigenvector vk of A after the eigenvalues, and the 

corresponding eigenvectors, have been sorted in decreasing order. The covariance matrix 

is also semi-definite, hence all its eigenvalues are positive. The eigenvalue  k 

corresponding to the k’th EOF gives a measure of the explained variance by vk, k = 1,…,p. 

It is usual to write the explained variance in percentage as: 

 

     

∑   
 
   

 

 

Finally the projection of the SPI or anomaly field X onto the k’th EOF vk, is the 

k’th Principal Component (PC): 

         

 

In practice is not necessary to solve the EVP. It is also possible to use a powerful 

tool taken from linear algebra defined Singular Value Decomposition (SVD), (Linz and 

Wang 2003) to factor any time by space matrix Xm×n as: 

        

Where, 

 u is a m×m (time by time) matrix containing the left singular vectors, also 

denominated Principal Components of X.   

 v is n×n matrix (space by space) or eigenvectors matrix containing the right 

singular vectors, also denominated EOF of X.   

   is a diagonal matrix of the same dimension as X (m×n), with nonnegative 

diagonal elements, which are √  . 
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7.4 Harmonic Analysis and Discrete Fourier Transform 

 

 

Harmonic analysis is the interpretation of a time or space series as a summation of 

contributions from harmonic functions, each with a characteristic time or space scale. 

Consider that we have a set of N values of y(ti) = yi. Then we can use a least-squares 

procedure to find the coefficients of the following expansion 

 

Where, 

 T is the length of the period of record.  

 y(t) is a continuous function of t.  

 

Normally on a computer we would have discrete data and y(t) would be specified 

at a set of times t = t0 + iΔt . Note that Bk = 0 when k=N/2, since is not possible to 

determine the phase of the wave with a wavelength of two time steps. If the data points are 

not evenly spaced in time then we must be careful. The results can be very sensitive to 

small changes in y(ti). The effects of this sensitivity by imposing small variations in yi and 

be particularly careful where there are large gaps should be tested. Where the data are 

unevenly spaced it may be better to eliminate the higher harmonics. In this case one no 

longer achieves an exact fit, but the behavior may be much better between the data points. 

 

 Evenly Spaced Data - Discrete Fourier Transform 

 

On the interval 0 < t < T chosen such that t1=0 and tN+1 = T where N is an even 

number. The analytic functions are of the form cos(2π k iΔt T ), sin(2π k iΔt T ) Δt is the 

(constant) spacing between the grid points. In the case of evenly spaced data we have: 

 

1. ao is the average of y on interval 0<t<T. 

2. The functions (predictors) are orthogonal on the interval 0 < t < T so that 

the covariance matrix is diagonal and the coefficients can be determined 

one at a time. Hence 
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3. The functions each have a variance 

 

 
 

Except for AN/2 and BN/2, whose variances are 1 and 0. These results can also be 

obtained by analytic integration if the data points define the sine and cosine waves exactly. 

Hence we derive the rather simple algebraic formulas for the coefficients: 

 
Or, 

 
Or alternatively, 

 

 
 

Of course, normally these formulas would be obtained analytically using the a 

priori information that equally spaced data on a finite interval can be used to exactly 
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calculate the Fourier representation on that interval (assuming cyclic continuation ad 

infinitum in both directions). 

 

Then the fraction of the variance explained by a particular function is given by: 

 
 

And the variance explained by a particular k is: 

 

 
 

 The Power Spectrum 

 

The plot of Ck
2
 vs. k is called the power spectrum of y(t) (the frequency spectrum if 

t represents time and the wavenumber spectrum if t represents distance. Strictly speaking 

Ck
2
 represents a line spectrum since it is defined only for integral values of k, which 

correspond to particular frequencies or wavenumbers. If we are sampling a finite data 

record from a larger time series, then this line spectrum has serious drawbacks. 

 

1. Integral values of k do not have any special significance, but are simply 

determined by the length of the data record T, which is usually chosen on 

the basis of what is available, and is an important design parameter of the 

analysis. The frequencies that are resolved are a direct result of the length 

of the time series chosen for Fourier Transform. 
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2. The individual spectral lines each contain only about 2 degrees of freedom, 

since N data points were used to determine a mean, N/2 amplitudes and 

N/2-1 phases (a mean and N/2 variances). Hence, assuming that a 

reasonable amount of noise is present, a line spectrum may (should) have 

very poor reproducibility from one finite sampling interval to another; even 

if the series is stationary (i.e., its true properties do not change in time). To 

obtain reproducible, statistically significant results we need to obtain 

spectral estimates with many degrees of freedom. 

3. With the notable exceptions of the annual and diurnal cycles and their 

higher harmonics, most interesting “signals” in geophysical data are not 

truly periodic but only quasi-periodic in character, and are thus better 

represented by spectral bands of finite width, rather than by spectral lines. 

 

 

7.5 Singular Spectrum Analysis (SSA) and Multi-Channel SSA  

 

 

The steps for calculating the SSA approach were obtained from Mahmoudvand 

and Mohammad (2012). The first step is to define the Hankel matrix which can be finite or 

infinite and its (i,j) entry is a function of i+j. In other words, a matrix whose entries are the 

same along the anti-diagonals is called the Hankel matrix. Specifically, an L x K Hankel 

matrix H is a rectangular matrix of the form 

 

 
Where, K = N - L + 1. 

 

Hankel matrices play many roles in diverse areas of mathematics, such as 

approximation and interpolation theory, stability theory, and system theory among others. 

The SSA decomposes the original time series into a sum of small numbers of 

interpretable components, such as slowly varying trend, oscillatory component and noise. 

The basic SSA method consists of two complementary stages: decomposition and 
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reconstruction; each stage includes two separate steps. At the first stage, the series are 

decomposed and, at the second stage, the noise free series is reconstructed by using the 

reconstructed series for forecasting new data points. 

 

The whole procedure of the SSA technique depends upon two parameters: 

 

i. The window length, which is usually denoted by L. 

ii. The number of needed singular values, denoted by r, for reconstruction. 

 

1. Stage I. Decomposition. 

1
st
 Step: Embedding. Embedding is as a mapping that transfers a one-

dimensional time series YN = (y1,…….,yN) into the multi-dimensional 

series X1,……,XK with vectors Xi = (yi,……..,yi+L-1)
T 

ϵ R
L
, where L (2 < 

L < N-1) is the window length and K = N-L+1. The result of this step is the 

trajectory matrix. 

 

2
nd

 Step: Singular Value Decomposition. (SVD). In this step the SVD of 

X is performed. Denote by: λ1,…….¸λL the eigenvalues of XX
T
 arranged in 

the decreasing order (λ1 > λ2 > λ3…….¸ > λL) and by V1,……,VL the 

corresponding eigenvectors. The SVD of X can be written as X = X1+…+ 

XL; where Xi is =   √   
 . 

 

2. Stage II. Reconstruction. 

 

1
st
 Step: Grouping. The grouping step corresponds to splitting the 

elementary matrices into several groups and summing the matrices within 

each group. Let I = i1,……,ip, for p < L, be a group of indices i1,….., ip. 

Then, the matrix XI corresponding to the group I is defined as XI = Xi1 

+…+ Xip . The split of the set of indices {      } into disjoint subsets 

I1,….,Im corresponds to the representation X = XI1 +…..+ XIm. The 

procedure of choosing the sets I1,…..,Im is called the grouping. For a given 
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group I, the contribution of the component XI is measured by the share of 

the corresponding eigenvalues ∑       ∑   
 
   , where d is the rank of X. 

 

2
nd

 Step: Diagonal Averaging. The purpose of diagonal averaging is to 

transform a matrix Z to the form of a Hankel matrix HZ, which can be 

subsequently converted to a time series. If zij stands for an element of a 

matrix Z, then the k
th

 term of the resulting series is obtained by averaging 

zij for all i, j such that i + j = k + 1. Hankelization HZ is an optimal 

procedure, which is nearest to Z with respect to the matrix norm. 

 

7.6 Temporal Correlations between Climatic Indexes and SMP-DJF 

 

PC1 

  
AAO SOI PDO MEI ONI TWI N34 TNI MJO6 MJO7 MJO8 MJO9 BEST 

DJF(t) 
Correlation r 0.15 0.26 0.09 -0.31 -0.30 0.27 -0.31 0.09 0.14 0.12 0.04 -0.10 -0.26 

T-Test 0.85 1.50 0.48 -1.82 -1.77 1.55 -1.83 0.53 0.81 0.67 0.25 -0.56 -1.53 

SON(t-1) 
Correlation r 0.18 0.33 0.12 -0.30 -0.23 0.37 -0.24 0.03 0.30 0.38 0.41 0.19 -0.27 

T-Test 1.03 1.99 0.71 -1.75 -1.31 2.29 -1.38 0.18 1.76 2.32 2.57 1.09 -1.58 

JJA(t-1) 
Correlation r -0.13 0.19 0.20 -0.14 -0.12 0.09 -0.12 0.09 0.20 0.16 -0.05 -0.16 -0.14 

T-Test -0.74 1.11 1.13 -0.82 -0.68 0.53 -0.70 0.54 1.15 0.92 -0.27 -0.92 -0.82 

MAM(t-1) 
Correlation r -0.28 0.06 0.15 0.12 -0.04 -0.09 -0.03 0.16 -0.10 -0.11 -0.10 -0.02 -0.04 

T-Test -1.65 0.37 0.88 0.71 -0.25 -0.51 -0.18 0.93 -0.56 -0.63 -0.58 -0.11 -0.24 

DJF(t-1) 
Correlation r -0.12 -0.14 0.22 0.09 0.11 -0.07 0.11 0.12 0.01 0.03 0.05 0.05 0.08 

T-Test -0.66 -0.82 1.29 0.51 0.62 -0.42 0.61 0.70 0.03 0.17 0.30 0.28 0.46 

SON(t-2) 
Correlation r -0.19 -0.03 0.03 0.05 0.08 -0.03 0.07 0.12 -0.16 -0.15 -0.12 0.02 0.04 

T-Test -1.09 -0.20 0.14 0.26 0.44 -0.15 0.40 0.67 -0.90 -0.87 -0.69 0.09 0.20 

JJA(t-2) 
Correlation r -0.18 -0.08 -0.18 0.00 0.01 0.13 0.01 -0.01 0.06 0.07 0.01 -0.04 0.02 

T-Test -1.01 -0.44 -1.06 -0.02 0.08 0.77 0.04 -0.07 0.34 0.38 0.08 -0.21 0.10 

MAM(t-2) 
Correlation r -0.04 0.17 -0.14 -0.29 -0.23 0.11 -0.24 0.00 0.08 0.02 -0.07 -0.19 -0.23 

T-Test -0.22 0.96 -0.82 -1.73 -1.35 0.62 -1.39 0.00 0.46 0.09 -0.39 -1.09 -1.32 
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PC2 

  
AAO SOI PDO MEI ONI TWI N34 TNI MJO6 MJO7 MJO8 MJO9 BEST 

DJF(t) 
Correlation r 0.17 0.00 0.12 0.03 0.01 -0.01 0.00 0.19 0.05 0.00 -0.06 -0.12 0.00 

T-Test 0.96 0.01 0.70 0.15 0.03 -0.06 0.01 1.09 0.29 0.01 -0.36 -0.70 0.00 

SON(t-1) 
Correlation r 0.14 0.00 0.16 0.05 0.08 -0.02 0.08 0.08 -0.10 -0.09 -0.06 0.04 0.04 

T-Test 0.77 -0.03 0.93 0.25 0.42 -0.12 0.46 0.46 -0.53 -0.49 -0.35 0.21 0.21 

JJA(t-1) 
Correlation r -0.08 -0.14 0.30 0.11 0.11 0.06 0.12 -0.01 0.03 0.00 -0.04 -0.04 0.13 

T-Test -0.44 -0.79 1.76 0.60 0.64 0.34 0.70 -0.06 0.17 0.00 -0.23 -0.22 0.75 

MAM(t-1) 
Correlation r -0.22 -0.18 0.25 0.15 0.10 0.01 0.13 -0.07 -0.03 -0.10 -0.16 -0.17 0.15 

T-Test -1.27 -1.03 1.45 0.84 0.54 0.08 0.72 -0.39 -0.15 -0.54 -0.89 -0.99 0.85 

DJF(t-1) 
Correlation r 0.00 -0.17 0.43 0.15 0.19 0.03 0.20 -0.11 0.17 0.24 0.26 0.09 0.15 

T-Test 0.00 -0.98 2.65 0.84 1.07 0.19 1.11 -0.63 0.97 1.39 1.48 0.51 0.86 

SON(t-2) 
Correlation r -0.01 -0.28 0.26 0.23 0.18 0.00 0.18 -0.12 -0.30 -0.28 -0.22 0.06 0.22 

T-Test -0.08 -1.61 1.48 1.27 0.99 0.02 1.02 -0.69 -1.70 -1.63 -1.26 0.30 1.23 

JJA(t-2) 
Correlation r -0.11 -0.28 0.22 0.14 0.17 0.13 0.17 -0.16 -0.08 0.04 0.20 0.18 0.23 

T-Test -0.63 -1.62 1.22 0.76 0.95 0.73 0.92 -0.90 -0.46 0.24 1.14 0.99 1.30 

MAM(t-2) 
Correlation r -0.08 0.03 0.07 -0.18 -0.18 0.22 -0.16 -0.07 0.05 -0.05 -0.17 -0.27 -0.09 

T-Test -0.44 0.14 0.40 -0.99 -1.02 1.23 -0.88 -0.40 0.28 -0.28 -0.92 -1.56 -0.49 

 

PC3 

  
AAO SOI PDO MEI ONI TWI N34 TNI MJO6 MJO7 MJO8 MJO9 BEST 

DJF(t) 
Correlation r 0.14 0.52 -0.13 -0.57 -0.56 0.29 -0.55 0.26 0.38 0.48 0.46 0.11 -0.55 

T-Test 0.77 3.45 -0.72 -3.96 -3.80 1.73 -3.73 1.49 2.30 3.07 2.90 0.65 -3.68 

SON(t-1) 
Correlation r 0.00 0.53 -0.32 -0.53 -0.57 0.32 -0.58 0.14 0.48 0.47 0.38 -0.07 -0.58 

T-Test -0.03 3.48 -1.90 -3.48 -3.89 1.88 -4.01 0.76 3.01 2.96 2.28 -0.40 -3.98 

JJA(t-1) 
Correlation r 0.00 0.40 -0.09 -0.39 -0.45 0.11 -0.46 0.22 0.44 0.53 0.18 -0.19 -0.50 

T-Test 0.02 2.43 -0.50 -2.35 -2.83 0.62 -2.85 1.27 2.70 3.48 1.01 -1.09 -3.17 

MAM(t-1) 
Correlation r -0.01 0.29 0.28 0.00 -0.13 -0.20 -0.12 0.30 -0.01 0.06 0.13 0.19 -0.27 

T-Test -0.06 1.66 1.62 -0.02 -0.72 -1.14 -0.69 1.77 -0.04 0.33 0.73 1.05 -1.56 

DJF(t-1) 
Correlation r -0.27 -0.14 0.12 0.04 0.02 -0.21 0.01 0.32 -0.04 -0.16 -0.26 -0.21 0.03 

T-Test -1.57 -0.76 0.69 0.25 0.09 -1.20 0.07 1.86 -0.20 -0.91 -1.52 -1.22 0.15 

SON(t-2) 
Correlation r 0.22 -0.04 0.07 0.00 -0.01 -0.24 -0.01 0.41 0.07 -0.07 -0.21 -0.37 -0.01 

T-Test 1.21 -0.20 0.40 0.02 -0.03 -1.37 -0.03 2.44 0.39 -0.36 -1.20 -2.20 -0.07 

JJA(t-2) 
Correlation r 0.37 -0.04 -0.07 0.03 -0.03 -0.19 -0.02 0.26 -0.06 -0.29 -0.37 -0.17 -0.05 

T-Test 2.21 -0.21 -0.40 0.19 -0.19 -1.09 -0.11 1.49 -0.35 -1.67 -2.21 -0.97 -0.27 

MAM(t-2) 
Correlation r 0.58 0.05 -0.14 0.06 0.16 -0.26 0.17 0.09 0.00 -0.09 -0.17 -0.20 0.04 

T-Test 3.93 0.29 -0.75 0.31 0.89 -1.47 0.96 0.49 -0.01 -0.47 -0.92 -1.14 0.22 
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7.7 Temporal Correlations between Climatic Indexes and SMP-MAM 

 

PC1 

  
AAO SOI PDO MEI ONI TWI N34 TNI MJO6 MJO7 MJO8 MJO9 BEST 

DJF(t) 
Correlation r -0.53 -0.45 0.22 0.29 0.25 0.10 0.24 -0.13 -0.25 -0.21 -0.12 0.10 0.40 

T-Test -3.56 -2.87 1.27 1.71 1.43 0.57 1.39 -0.73 -1.43 -1.22 -0.71 0.59 2.49 

SON(t-1) 
Correlation r -0.29 -0.12 0.16 0.06 0.06 0.18 0.06 -0.28 -0.38 -0.25 0.00 0.36 0.11 

T-Test -1.72 -0.68 0.91 0.33 0.35 1.02 0.36 -1.65 -2.31 -1.44 -0.03 2.20 0.65 

JJA(t-1) 
Correlation r -0.06 -0.18 0.20 0.05 -0.03 0.19 -0.04 -0.30 -0.21 -0.05 0.14 0.45 0.08 

T-Test -0.36 -1.06 1.16 0.26 -0.15 1.11 -0.23 -1.80 -1.19 -0.31 0.80 2.84 0.44 

MAM(t-1) 
Correlation r -0.09 0.06 0.06 0.03 0.05 0.29 0.01 -0.19 -0.06 0.24 0.48 0.32 0.01 

T-Test -0.49 0.36 0.35 0.16 0.28 1.75 0.04 -1.07 -0.33 1.39 3.11 1.93 0.05 

DJF(t-1) 
Correlation r -0.36 -0.09 0.03 0.07 0.04 0.16 -0.01 -0.14 -0.10 0.04 0.19 0.35 0.08 

T-Test -2.15 -0.51 0.18 0.37 0.22 0.94 -0.06 -0.78 -0.55 0.24 1.12 2.14 0.43 

SON(t-2) 
Correlation r -0.41 -0.11 -0.15 0.08 0.04 0.11 0.03 -0.12 -0.01 -0.05 -0.07 -0.05 0.08 

T-Test -2.56 -0.61 -0.83 0.47 0.23 0.64 0.19 -0.68 -0.07 -0.27 -0.42 -0.29 0.48 

JJA(t-2) 
Correlation r -0.07 -0.13 0.06 0.05 -0.02 -0.01 -0.05 -0.02 -0.13 -0.14 -0.12 0.01 0.04 

T-Test -0.39 -0.73 0.32 0.26 -0.13 -0.05 -0.29 -0.12 -0.76 -0.77 -0.66 0.05 0.20 

MAM(t-2) 
Correlation r 0.03 0.00 -0.19 -0.09 -0.08 0.14 -0.13 -0.02 -0.10 -0.01 0.15 0.16 -0.07 

T-Test 0.14 0.01 -1.07 -0.53 -0.43 0.81 -0.71 -0.13 -0.58 -0.05 0.84 0.94 -0.41 

 

PC2 

  
AAO SOI PDO MEI ONI TWI N34 TNI MJO6 MJO7 MJO8 MJO9 BEST 

DJF(t) 
Correlation r 0.23 -0.11 0.15 0.20 0.19 -0.26 0.20 0.00 -0.17 -0.16 -0.10 0.06 0.12 

T-Test 1.32 -0.64 0.85 1.17 1.09 -1.51 1.16 -0.02 -0.98 -0.90 -0.60 0.32 0.71 

SON(t-1) 
Correlation r 0.09 -0.21 0.20 0.23 0.25 -0.26 0.25 -0.08 -0.25 -0.23 -0.14 0.08 0.27 

T-Test 0.49 -1.24 1.17 1.34 1.47 -1.51 1.45 -0.44 -1.45 -1.35 -0.81 0.47 1.60 

JJA(t-1) 
Correlation r -0.37 -0.15 0.12 0.17 0.20 -0.10 0.22 -0.16 -0.15 -0.04 0.10 0.30 0.22 

T-Test -2.19 -0.86 0.66 0.95 1.13 -0.56 1.25 -0.88 -0.84 -0.20 0.58 1.76 1.25 

MAM(t-1) 
Correlation r -0.36 -0.06 -0.07 0.12 0.09 -0.04 0.12 -0.17 -0.19 -0.13 0.07 0.15 0.11 

T-Test -2.13 -0.36 -0.40 0.67 0.52 -0.20 0.68 -0.94 -1.06 -0.74 0.38 0.86 0.61 

DJF(t-1) 
Correlation r -0.19 -0.05 -0.25 -0.07 -0.07 0.10 -0.03 -0.08 0.10 0.06 -0.01 -0.14 0.02 

T-Test -1.10 -0.26 -1.43 -0.38 -0.38 0.57 -0.17 -0.46 0.58 0.31 -0.06 -0.77 0.12 

SON(t-2) 
Correlation r 0.14 0.20 -0.05 -0.10 -0.06 0.02 -0.05 -0.07 -0.09 -0.03 0.05 0.12 -0.15 

T-Test 0.77 1.14 -0.30 -0.58 -0.32 0.11 -0.29 -0.38 -0.50 -0.16 0.27 0.70 -0.83 

JJA(t-2) 
Correlation r 0.23 0.15 -0.17 -0.05 0.06 -0.10 0.07 -0.04 0.09 0.07 0.02 -0.09 -0.05 

T-Test 1.28 0.85 -0.94 -0.29 0.35 -0.53 0.38 -0.22 0.52 0.36 0.12 -0.48 -0.28 

MAM(t-2) 
Correlation r 0.05 0.07 -0.32 0.02 0.08 -0.11 0.09 0.09 0.12 0.20 0.13 -0.01 0.02 

T-Test 0.26 0.36 -1.87 0.13 0.42 -0.60 0.49 0.47 0.66 1.11 0.74 -0.03 0.12 
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PC3 

  
AAO SOI PDO MEI ONI TWI N34 TNI MJO6 MJO7 MJO8 MJO9 BEST 

DJF(t) 
Correlation r -0.03 0.15 -0.19 -0.28 -0.29 0.20 -0.30 -0.07 0.35 0.39 0.37 0.09 -0.21 

T-Test -0.19 0.86 -1.12 -1.65 -1.72 1.15 -1.77 -0.39 2.10 2.43 2.22 0.50 -1.24 

SON(t-1) 
Correlation r 0.10 0.28 -0.04 -0.29 -0.28 0.21 -0.29 0.05 0.26 0.31 0.28 0.03 -0.26 

T-Test 0.59 1.63 -0.20 -1.69 -1.65 1.23 -1.70 0.31 1.54 1.87 1.64 0.17 -1.55 

JJA(t-1) 
Correlation r 0.08 0.36 -0.29 -0.24 -0.26 0.16 -0.27 0.08 0.31 0.34 0.31 0.04 -0.29 

T-Test 0.44 2.13 -1.69 -1.36 -1.48 0.89 -1.54 0.45 1.84 2.01 1.85 0.20 -1.67 

MAM(t-1) 
Correlation r 0.21 0.15 -0.26 -0.14 -0.26 0.09 -0.27 0.28 0.19 0.33 0.24 0.01 -0.22 

T-Test 1.22 0.82 -1.52 -0.79 -1.53 0.51 -1.55 1.60 1.08 1.95 1.35 0.03 -1.25 

DJF(t-1) 
Correlation r 0.12 0.06 0.08 0.13 -0.05 -0.42 -0.05 0.59 0.00 -0.04 -0.07 -0.07 -0.10 

T-Test 0.67 0.35 0.43 0.75 -0.28 -2.55 -0.26 4.05 0.01 -0.20 -0.36 -0.37 -0.57 

SON(t-2) 
Correlation r 0.12 0.01 -0.02 -0.03 -0.12 -0.24 -0.12 0.59 0.03 -0.16 -0.34 -0.36 -0.10 

T-Test 0.67 0.07 -0.12 -0.18 -0.66 -1.36 -0.68 4.08 0.19 -0.88 -2.01 -2.14 -0.57 

JJA(t-2) 
Correlation r 0.24 0.11 -0.04 -0.10 -0.13 -0.18 -0.12 0.51 0.05 -0.06 -0.17 -0.29 -0.15 

T-Test 1.34 0.63 -0.23 -0.53 -0.73 -0.98 -0.66 3.24 0.27 -0.33 -0.97 -1.67 -0.81 

MAM(t-2) 
Correlation r 0.20 -0.08 0.07 0.10 -0.12 -0.12 -0.10 0.41 -0.01 -0.05 -0.06 -0.03 -0.04 

T-Test 1.13 -0.46 0.37 0.58 -0.65 -0.64 -0.55 2.45 -0.05 -0.25 -0.34 -0.17 -0.21 

 

7.8 Temporal Correlations between Climatic Indexes and SMP-JJA 

 

PC1 

  
AAO SOI PDO MEI ONI TWI N34 TNI MJO6 MJO7 MJO8 MJO9 BEST 

DJF(t) 
Correlation r -0.17 -0.61 0.15 0.50 0.53 -0.08 0.53 -0.04 -0.45 -0.38 0.09 0.35 0.59 

T-Test -0.95 -4.34 0.87 3.24 3.57 -0.45 3.49 -0.25 -2.85 -2.33 0.49 2.13 4.13 

SON(t-1) 
Correlation r -0.05 -0.06 -0.02 -0.01 0.06 -0.11 0.08 -0.06 -0.19 -0.19 -0.15 0.00 0.11 

T-Test -0.27 -0.34 -0.10 -0.03 0.34 -0.62 0.44 -0.33 -1.09 -1.09 -0.89 0.00 0.61 

JJA(t-1) 
Correlation r -0.07 0.19 -0.04 -0.22 -0.16 0.24 -0.16 -0.12 0.02 0.16 0.29 0.27 -0.17 

T-Test -0.39 1.11 -0.22 -1.27 -0.93 1.38 -0.90 -0.66 0.13 0.94 1.72 1.61 -1.00 

MAM(t-1) 
Correlation r 0.21 0.21 -0.25 -0.24 -0.22 0.34 -0.22 -0.26 0.27 0.40 0.50 0.33 -0.20 

T-Test 1.24 1.22 -1.45 -1.37 -1.30 2.07 -1.28 -1.49 1.59 2.50 3.22 1.97 -1.14 

DJF(t-1) 
Correlation r -0.05 0.28 -0.17 -0.26 -0.29 0.15 -0.29 -0.22 0.24 0.39 0.26 -0.01 -0.25 

T-Test -0.31 1.67 -0.98 -1.51 -1.72 0.86 -1.69 -1.28 1.39 2.43 1.54 -0.07 -1.45 

SON(t-2) 
Correlation r -0.02 0.09 0.06 -0.08 -0.11 -0.03 -0.11 -0.10 0.02 0.04 0.07 0.08 -0.11 

T-Test -0.14 0.52 0.36 -0.44 -0.64 -0.19 -0.61 -0.60 0.11 0.25 0.40 0.48 -0.60 

JJA(t-2) 
Correlation r -0.05 -0.17 0.07 0.06 0.03 0.05 0.03 -0.02 -0.18 -0.27 -0.30 -0.14 0.11 

T-Test -0.27 -0.98 0.41 0.34 0.14 0.31 0.15 -0.12 -1.04 -1.59 -1.81 -0.78 0.65 

MAM(t-2) 
Correlation r 0.05 -0.20 -0.03 0.08 0.07 0.04 0.07 -0.07 -0.13 -0.12 -0.08 0.05 0.15 

T-Test 0.27 -1.13 -0.18 0.46 0.41 0.20 0.39 -0.37 -0.77 -0.68 -0.47 0.27 0.86 
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PC2 

  
AAO SOI PDO MEI ONI TWI N34 TNI MJO6 MJO7 MJO8 MJO9 BEST 

DJF(t) 
Correlation r -0.04 -0.07 0.14 0.27 0.32 0.09 0.29 0.26 -0.16 0.02 0.29 0.29 0.17 

T-Test -0.23 -0.38 0.79 1.56 1.92 0.50 1.71 1.51 -0.94 0.11 1.72 1.68 0.95 

SON(t-1) 
Correlation r -0.389 -0.32 0.10 0.33 0.22 -0.25 0.21 0.27 -0.23 -0.30 -0.32 -0.14 0.25 

T-Test -2.386 -1.93 0.56 1.98 1.27 -1.48 1.20 1.62 -1.36 -1.81 -1.89 -0.83 1.48 

JJA(t-1) 
Correlation r -0.25 -0.15 0.10 0.11 0.13 -0.15 0.13 0.13 -0.14 -0.10 0.00 0.16 0.11 

T-Test -1.47 -0.84 0.59 0.62 0.72 -0.84 0.75 0.77 -0.82 -0.55 0.01 0.90 0.65 

MAM(t-1) 
Correlation r 0.13 -0.07 0.22 0.04 0.05 -0.03 0.02 0.23 -0.15 -0.12 -0.05 0.12 0.03 

T-Test 0.75 -0.41 1.26 0.22 0.30 -0.14 0.11 1.32 -0.85 -0.65 -0.30 0.67 0.17 

DJF(t-1) 
Correlation r -0.05 0.28 -0.17 -0.26 -0.29 0.15 -0.29 -0.22 0.24 0.395 0.26 -0.01 -0.25 

T-Test -0.30 1.64 -0.97 -1.48 -1.69 0.84 -1.67 -1.26 1.37 2.392 1.52 -0.07 -1.43 

SON(t-2) 
Correlation r -0.02 0.09 0.06 -0.08 -0.11 -0.03 -0.11 -0.10 0.02 0.04 0.07 0.08 -0.11 

T-Test -0.14 0.51 0.35 -0.44 -0.63 -0.19 -0.60 -0.59 0.11 0.25 0.39 0.47 -0.59 

JJA(t-2) 
Correlation r -0.05 -0.17 0.07 0.06 0.03 0.05 0.03 -0.02 -0.18 -0.27 -0.30 -0.14 0.11 

T-Test -0.26 -0.96 0.40 0.33 0.14 0.30 0.15 -0.11 -1.02 -1.57 -1.78 -0.77 0.64 

MAM(t-2) 
Correlation r 0.05 -0.20 -0.03 0.08 0.07 0.04 0.07 -0.07 -0.13 -0.12 -0.08 0.05 0.15 

T-Test 0.26 -1.09 -0.18 0.45 0.40 0.20 0.38 -0.36 -0.74 -0.66 -0.46 0.26 0.83 

 

PC3 

  
AAO SOI PDO MEI ONI TWI N34 TNI MJO6 MJO7 MJO8 MJO9 BEST 

DJF(t) 
Correlation r -0.19 0.04 -0.32 0.02 0.06 -0.02 0.08 0.02 0.00 0.05 0.06 0.03 0.02 

T-Test -1.09 0.25 -1.90 0.12 0.32 -0.11 0.46 0.09 0.03 0.26 0.35 0.15 0.09 

SON(t-1) 
Correlation r -0.09 -0.01 -0.40 -0.11 -0.11 0.02 -0.10 0.03 -0.06 -0.08 -0.09 -0.06 -0.02 

T-Test -0.50 -0.06 -2.47 -0.62 -0.62 0.11 -0.59 0.18 -0.34 -0.46 -0.53 -0.35 -0.13 

JJA(t-1) 
Correlation r 0.05 0.13 -0.22 -0.10 -0.04 0.00 -0.04 0.01 0.10 0.17 0.20 0.10 -0.08 

T-Test 0.31 0.75 -1.30 -0.57 -0.22 -0.02 -0.22 0.03 0.59 0.99 1.18 0.58 -0.43 

MAM(t-1) 
Correlation r -0.26 0.13 -0.19 -0.10 0.02 0.05 0.00 -0.04 0.03 0.08 0.12 0.11 -0.05 

T-Test -1.47 0.72 -1.10 -0.57 0.12 0.28 0.03 -0.20 0.16 0.44 0.67 0.62 -0.30 

DJF(t-1) 
Correlation r -0.11 0.22 -0.31 -0.16 -0.10 -0.07 -0.13 -0.03 0.03 0.03 0.00 -0.02 -0.16 

T-Test -0.60 1.24 -1.80 -0.92 -0.58 -0.37 -0.72 -0.19 0.15 0.16 0.01 -0.10 -0.88 

SON(t-2) 
Correlation r 0.02 0.34 -0.28 -0.43 -0.45 0.17 -0.47 0.00 0.37 0.40 0.35 0.03 -0.42 

T-Test 0.09 2.02 -1.65 -2.68 -2.79 0.98 -3.00 0.02 2.25 2.44 2.10 0.15 -2.55 

JJA(t-2) 
Correlation r 0.40 0.39 -0.30 -0.37 -0.39 0.25 -0.40 0.13 0.34 0.23 0.00 -0.32 -0.39 

T-Test 2.45 2.34 -1.75 -2.25 -2.34 1.42 -2.41 0.72 2.03 1.29 0.02 -1.90 -2.34 

MAM(t-2) 
Correlation r 0.36 0.35 -0.20 -0.33 -0.28 0.16 -0.31 0.18 0.42 0.28 0.07 -0.42 -0.33 

T-Test 2.11 2.05 -1.13 -1.91 -1.62 0.88 -1.77 1.00 2.57 1.61 0.37 -2.54 -1.92 
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7.9 Temporal Correlations between Climatic Indexes and SMP-SON 

 

PC1 

  
AAO SOI PDO MEI ONI TWI N34 TNI MJO6 MJO7 MJO8 MJO9 BEST 

DJF(t) 
Correlation r 0.19 0.49 -0.30 -0.55 -0.53 0.49 -0.52 -0.02 0.49 0.53 0.49 0.07 -0.52 

T-Test 1.07 3.14 -1.77 -3.72 -3.57 3.22 -3.43 -0.11 3.21 3.57 3.21 0.38 -3.43 

SON(t-1) 
Correlation r -0.08 0.51 -0.10 -0.45 -0.41 0.07 -0.38 0.07 0.60 0.41 -0.26 -0.56 -0.45 

T-Test -0.45 3.32 -0.57 -2.83 -2.58 0.38 -2.36 0.37 4.23 2.55 -1.55 -3.79 -2.87 

JJA(t-1) 
Correlation r -0.06 0.10 -0.02 0.02 -0.04 -0.08 -0.04 0.17 -0.04 -0.12 -0.19 -0.19 -0.11 

T-Test -0.33 0.57 -0.10 0.11 -0.24 -0.46 -0.20 0.97 -0.22 -0.68 -1.07 -1.07 -0.64 

MAM(t-1) 
Correlation r 0.02 -0.12 0.01 0.18 0.15 -0.32 0.16 0.19 0.03 -0.02 -0.08 -0.12 0.10 

T-Test 0.13 -0.69 0.06 1.02 0.88 -1.89 0.89 1.09 0.18 -0.13 -0.47 -0.67 0.55 

DJF(t-1) 
Correlation r -0.22 -0.13 0.08 0.16 0.16 -0.23 0.18 0.08 -0.16 -0.25 -0.32 -0.24 0.11 

T-Test -1.27 -0.76 0.43 0.94 0.94 -1.34 1.01 0.43 -0.91 -1.46 -1.88 -1.38 0.65 

SON(t-2) 
Correlation r -0.16 -0.34 0.03 0.14 0.17 -0.06 0.19 -0.14 -0.08 -0.20 -0.20 -0.06 0.24 

T-Test -0.93 -2.05 0.20 0.82 0.95 -0.34 1.12 -0.78 -0.45 -1.14 -1.13 -0.36 1.42 

JJA(t-2) 
Correlation r -0.03 -0.05 -0.10 0.02 0.15 0.10 0.16 -0.32 -0.07 0.00 0.08 0.16 0.12 

T-Test -0.17 -0.29 -0.59 0.09 0.85 0.54 0.92 -1.90 -0.40 0.01 0.45 0.91 0.71 

MAM(t-2) 
Correlation r 0.02 0.07 -0.10 0.05 0.12 0.04 0.12 -0.40 0.13 0.30 0.42 0.28 0.02 

T-Test 0.13 0.38 -0.59 0.31 0.69 0.23 0.70 -2.45 0.74 1.78 2.62 1.65 0.12 

 

 


