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The work that we present below includes what will be Chapter 2 of Part II of the 
doctoral thesis that we are developing, This thesis, whose main title is: “SOUTH WIND 
AND “REFUGE-ZONE” CANTÁBRICA-PIRENAICA WESTERN DURING THE 
FINAL PHASES OF THE LAST GLACIATION”, part of the idea-force or hypothesis 
by which we consider that the region of southwestern Europe that we have called the 
Cantabrian-Western Pyrenees constituted a “refuge-zone” of a bioclimatic nature during 
the icy final phases (Upper and Late Pleniglacial periods) of the last Pleistocene 
glaciation or Würnmiense Glaciation1. 

In Part I of the research we have carried out an extensive analysis of a statistical-
descriptive nature on the correspondence between situations in the South or days in 
which the South Wind, in any of its three sectoral directions: Southeast (SE), South (S) 
and southwest (SW), constitutes the predominant wind direction (mode) and the daily, 
monthly or annual average values registered or obtained, especially for the autumn-
winter period, in thirteen meteorological stations in the region, for two annual series 
comprising one between 1961-1971 and 1971-2010 the other and for different variables 
or parameters: atmospheric pressure, direction, speed and strength of the wind, 
temperatures, relative humidity and insolation. 

Parameters which, together with other orographic and geographic characteristics, 
configure the climatic conditions of the Cantabrian-Western Pyrenean region. This 
region spans both its Iberian peninsula and continental European slopes (New Aquitaine 
region) or southwestern European region around the central territorial axis of the Bay of 
Biscay, flanked at its western end by the geographical environment of the Cordillera 
Cantabrian and in the east by the Aquitaine Basin around the Western Pyrenees, Region 
that historically has also been known as Franco-Cantabrian and which we will call, with 
greater geographical specificity, as the Cantabrian-Western Pyrenean region. 

In the general theoretical context of mountain winds and the influence of orography on 
the thermodynamic development of wind flows (Ledesma; 1959; Gerbier and Berenger, 
1961; Hoinka, 1985; Thillet, 1998; Zuñiga Loez and Crespo del Arco, 2010)2 both in 
surface and in height, in its vertical and horizontal structure and at different scales, 
either planetary, synoptic or regional, there have also been notable studies on the 
physical behavior and the climatic, environmental influence and even with reference to 
the health effects of the South Wind or South winds, Wind flows intensely transformed 
in their thermal and hygrometric characteristics by the so-called Föhn Effect, when 
acting on the atmospheric conditions of the peninsular Cantabrian slope and on other 
areas on both sides of the Pyrenean Mountain Range (Viers, 1964; Ugarte, 1982; 
Geography of Euskal Herria; Climate and Waters; 1996 and Rasilla, D.F.; 1990) 
                                                   
1 According to the denomination used for Western or Alpine Europe. 
2 Only a few references among an extensive and multidisciplinary bibliography. 



South Wind or the South winds observe on the peninsular Cantabrian slope and areas of 
the subregion of the French Atlantic Pyrenees and even in other areas of the Garona-
Adour Basin or region of Aquitaine (currently called New Aquitaine), its highest 
frequencies in the autumn-winter period, between October and March (Uriarte, 1985 
and 1996; Rasilla, 1990; Fernández García and Rasilla, 1992). In Part II that we are 
currently developing: “FACTORS, TELECONNECTION AND SYNOPTIC AND 
CLIMATE ANALYSIS OF THE SOUTHERN SITUATIONS OVER THE 
CANTABRIAN-WESTERN PYRENEAN REGION ”the aim is to define, classify and 
analyze those types of atmospheric circulation at synoptic and regional scale that project 
winds from the South over the study region. For this, in a first chapter we have studied 
the patterns and planetary and regional factors or agents of ocean-atmospheric 
circulation (together with other parameters such as solar radiation, volcanism, etc,) that 
have the greatest influence on the climatology of the North Atlantic-Southwestern 
Europe (NASwE). 

Once the theoretical behavior of these patterns and of the teleconnection between 
phenomena and climatic events very distant from each other have been defined and 
studied, the analysis of statistical correlation and linear regression between the indices 
of the ocean-atmospheric climatic patterns that we have considered most determinant 
and influential when defining those atmospheric circulation conditions that characterize 
climatic variability in the North Atlantic-Western Europe region. 

This analysis constitutes the fundamental objective of this article and that, prior to the 
study and classification of the different synoptic situations that configure the different 
types of atmospheric circulation and that configure the climatology of the region 
(NAWE), provides us with a deductive mathematical vision precise force, sign and 
significance of this linear relationship between the variables that represent each of the 
respective indices of the main climatic patterns that act on the North Atlantic region. 

1.-The most decisive ocean-atmospheric circulation patterns in the climatology of 
the North Atlantic-Western Europe region (NAWE). 

The Cantabrian-Western Pyrenean region is located in the geographical area of south-
western and Atlantic Europe, in the climatic space of the middle latitudes (35º-70º N) of 
the eastern Atlantic façade of the Northern Hemisphere, an area in which the climatic 
characteristics, in its most generic sense but within a wide diversity, are determined by 
climate patterns and factors on a planetary and / or synoptic scale (North Atlantic) and / 
or regional (Western Europe), either on the surface or in the middle and upper zones of 
the troposphere, of an atmospheric type such as the West Winds (Westernies) and the 
Jet Stream or polar and subtropical Jet Stream or of an oceanic type such as the North 
Atlantic Oscillation (NAO), the Arctic Oscillation (AO), the Atlantic Multidecadal 
Oscillation (AMO), the Gulf Stream or Gulf Stream, the Southern Atlantic Overturning 
Ciculation Oscillation (AMOC), the Western Mediterranean Oscillation (WeMO), and 
also on a planetary scale El Niño Southern Oscillation (ENSO) and other regional 
ocean-atmospheric weather patterns closely related to the latter (Fig. 1). 

Now, for this statistical analysis article, we have selected, as variables or parameters, 
only the climatic patterns expressed by their respective indices with the highest 
incidence in the NAWE region, Indices that express the variability in the values of 
atmospheric pressure (SSP) and temperature of oceanic surface waters (SST) in the 
geographical scope of each of these patterns and that facilitate the statistical analysis of 



each of them and the interrelation or correlation between them, as the basis of the 
various teleconnection processes. 

 
Fig. 1: Ocean-atmospheric climatic patterns of great influence in the variability of the atmospheric 
circulation and the climatology of the Western European region. 

 

2-Statistical analysis of linear correlation between the indices of the selected 
oceanic-atmospheric and climatic circulation patterns. 

Teleconnection, in general terms, is defined as a model of significant correlations 
between simultaneous fluctuations that occur between meteorological variables or 
parameters and between remote geographic areas. Therefore, it serves to explain, to one 
degree or another, the relationship between climatic events that may be very distant 
from each other, In this line, we have selected those weather patterns that, without the 
need to work statistically with a complex number of variables (indices), will allow us to 
mathematically define the strength, direction or sign and the possible significance of the 
interrelation between ocean-atmospheric weather patterns or variables that better define 
or determine (together with other atmospheric factors or fluxes, solar radiation, ocean 
currents, etc.) the types of atmospheric circulation and climatic characteristics of the 
region (NAWE): 

-El Niño South Oscillation Index (NOI)3  
-Atlantic Multidecadal Oscillation Index (AMO)4 
-Artic Oscillation Index (AO)5,  
-North Atlantic Oscillation Index (NAO)6,  
-West Mediterranean Oscillation Index (WeMO)7.  

 

                                                   
3 Source: Climate Prediction Center-ONI (NOAA-Gov.) 
4 Source: AMO (NOAA. Gov. 
5 Source: NAO-CPC-Teleconnections: Arctic Oscillation (NOAA-Gov.) 
6 Source: NAO-CPC-Teleconnections: Arctic Oscillation (NOAA-Gov.) 
7 Source: Martin-Vide J. and Lopez-Bustins J. A. (2006) 



The values of the indices with which we work are annual, for the 1961-2010 series, In 
order to define an El Niño (warm) or La Niña (cold) phenomenon, observations of the 
temperature of ocean surface waters (SST-Sea Surface Temperature) must record a 
minimum period of five seasons, each of which includes three consecutive and 
overlapping months, with variability data higher (El Niño) or lower (La Niña) at 0.5ºC. 
The other annual indices have been obtained by the average of the corresponding 
monthly records. 

We work in the SPSS and R programs with a list (data-frame) of 50 rows (years) and 5 
variables (indexes) to which we have added a sixth factor that discriminates three 
groups from the three phases acquired by the phenomenon, Niño Southern Oscillation 
(ENSO): neutral period (Ne: SST> -0.5º and <0.5º), El Niño phase (Ni: SST> 0.5º) and 
La Niña period (Na: SST <-0.5º), The complete series consists of 19 El Niño (Ni) 
periods or phases, 18 La Niña (Na) periods and 13 neutral (Ne) phases (Table 1 and 
Annexes). 

 

Year NOI N AMO AO NAO WeMO 

1961 -0.10 Ne 0.03 -0.05 0.04 0.12 

1962 -0.25 Ne 0.03 -0.21 -0.14 0.49 

1963 1.30 Ni 0.00 -0.46 -0.18 0.48 

1964 -0.80 Na -0.02 0.01 0.00 0.37 

1965 1.90 Ni -0.04 -0.45 -0.01 0.93 

1966 1.20 Ni -0.08 -0.74 -0.11 0.90 

1967 -0.42 Ne -0.12 0.50 0.20 0.13 

1968 0.70 Ni -0.16 -0.53 -0.41 0.20 

1969 0.90 Ni -0.18 -0.81 0.00 0.09 

1970 -0.90 Na -0.21 -0.33 -0.09 0.59 
#....with 40 more rows 

Table 1: Annual values of the indices of each of the variables (climatic patterns) selected, 1961 2010 
series. 

 

Likewise, we have obtained the most significant statistical values of each of the 
variables (Minimum; 1st Quartile; Median; Average; 3rd Quartile and Maximum), 
which offer us a comprehensive view of the distribution of the values for each sample or 
for each one of these variables (Table 2). 

 

 

 

 

 



 

                          Table 2: Descriptive statistics of each variable (indices) 

 

In principle, we are going to explore how the values of each sample or variable are 
distributed, a function that indicates the frequency or probability of occurrence of the 
values of each of these selected variables, taking into account the observed records. This 
study of distribution or probability of occurrence allows us to obtain general 
conclusions by statistical inference of the behavior of a population, starting from a 
sample such as the one we use in this case, the 1961 2010 series. Statistical tests or tests 
of significance constitute a step statistically obligatory prior, because any of the 
statistical analyzes that we subsequently want to develop, such as correlation analysis, 
linear regression or inference and interrelation or influence between variables, analyzes 
that are the fundamental objective of this section, are based on the assumption that we 
work with variables (samples) that observe a normal distribution and a homogeneous 
variance (homoscedasticity). 

 

 

 

 

 

 



3,-Normality Analysis 

The histogram of each variable will indicate the frequency with which the data is 
distributed and “the Normal Distribution Curve (Gaussian) or Central Limit Theorem 
allows us to affirm that when a measure of a population (median, mean…) from a 
sample is subject to random values, in the long run that statistic adjusts to a distribution 
normal” (Begueria, S, 2020), In addition, this Normal Distribution Curve of some 
values in a sample allows us to statistically model any phenomenon, in this case 
climate, from a sample subjected to random values, so that it adjusts to a normal 
distribution, with a centred distribution, symmetric, with a similar mean and median and 
with extreme values close to zero or very scarce and all of this enables us to infer the 
probability that a certain value is present; while, finally, the Probability Density Curve 
is a function that indicates the most probable behavior of a sample or continuous 
random variable, as is our case, observing a certain value. 

 

NOI 

As observed in the histogram for the NOI variable, as well as in the probability density 
curve (Fig. 2), the highest density of values is concentrated around the mean (-0. 0036), 
although with a slight negative asymmetry with a bias towards the right of the mean and 
the density shows a trend that decreases as we move away from the mean towards the 
tails. The distribution of this sample of El Niño South Oscillation Index (NOI) values, 
with an asymmetry of -0.183 and a kurtosis of -0.710. observes some slight differences 
with respect to the normal or standard or Gaussian distribution curve model8. 

 

 

 

 

 

 

 

 

 

 

 

 

                                                   
8 Mean, skewness and kurtosis values obtained through the "Descriptive" statistic of the SPSS program. 
 

 



                                                                                                              

                   
 
                                                         Fig. 3: Histograma y Curva de Densidad de Probabilidad de la variable NOI 

 
 

 



Analyzing the distribution of the values of the sample or NOI variable, by means of the 
Kolmogorov-Smirnof9 statistical tests of significance and especially the Shapiro-Wilk 
statistic, which is much more sensitive and precise, allow us to affirm the null 
hypothesis that the data or sample values come from a population that observes a 
normal or theoretical distribution, since the "p value" = 0.289 is above the threshold or 
critical level of significance (Sig.), commonly established (0.05), with 95% confidence 
that we are not making an error when affirming the null hypothesis that does not say 
that the analyzed sample (NOI) comes from a normally distributed population10 (Table 
3). 

 

Kolmogorov-Smirnovª 
 

Shapiro-Wilk 
 

Statistic df Sig., Statistic df Sig. 

NOI ,102 50 ,200* ,972 50 ,289 
 
*,This is a lower bound of the true significance, 

a,Lilliefors Significance Correction 

 

                                                            Table 3: NOI Test of Normality 

 

Shapiro-Wilk test of normality; p-value = 0. 2886 
 
 
Continuing with the study of the normal distribution of the NOI variable, the QQ Plot 
graph allows us to compare the quantiles of that variable with the values corresponding 
to said quantiles in a normal distribution, In general, and in this case of the NOI 
variable, the adjustment between the observed and the expected values is adequate, 
these values being fairly well adjusted or aligned along the 1: 1 quantile line (Fig. 4). 
 
 
 
 
 
 
 

                                                   
9Since for the K-S test we have not indicated neither the mean nor the standard deviation, the statistic is 
applied automatically. 
10 Normality tests obtained through the R program. 
 
 
 
 
 
 
 
 
 
 



 
 
 
 

 
                                        Fig. 4: Normal QQ-Plot para la variable NOI 
 
 
 
AMO 
 
Both the histogram and the density curve, as well as the probability density curve (Fig. 
5) present a distribution of the values of the sample or AMO variable with a positive 
skewness of 0.346 and significantly skewed to the left of the mean (-0.066) and a 
kurtosis statistic of -1.212. indicating that many of the values in this sample are located 
at a notable distance from the region of the mean, that the curve is flatter and that the 
tails are less thick than it would be that corresponding to a normal distribution, This 
distribution of values does not correspond to a normal distribution. 
 
 
 
 

 

 

 

 



 

                               

                                                    Fig. 5: Histograma y Curva de Densidad de Probabilidad de la variable AMO 

 
 



The Kolmogorov-Smirnof significance test, as well as the Shapiro-Wilk test, with 
greater precision or sensitivity than the first, allow us to reject the null hypothesis that 
the data or values of the sample come from a population that observes a normal 
distribution, , given that the p-value (0.001) is much lower than the pre-established 
critical level of significance (Sig.: 0.05), In order to have a more detailed analysis on the 
normality test for this sample of the AMO variable we have introduced in the function 
the variable or parameter N (Na, Ne, Ni), as a discriminant factor of the groups 
generated based on the different phases or periods of the El Niño Oscillation index 
(NOI) (Table 4). 

And when applying the KS-Shapiro-Wilk normality test, we observed that only for 
values of the NOI index corresponding to the neutral (Ne) and Niño (Ni) situations we 
found a statistical significance of 0.2. which represents the lower limit of significance in 
in the case of the KS statistic and greater than 0.05, which is the critical level of 
significance (Sig. or p-value), in the case of the Shapiro-Wilk statistic. Therefore, we 
assume that it is the values corresponding to the Niña (Na) phase that influence the fact 
that the sample as a whole does not fit a normal distribution (Table 5). 

 

 

Kolmogorov-Smirnova 

 
Shapiro-Wilk 

 
Estatistic df Sig. Estatistic df Sig. 

AMO ,157 50 ,003 ,914 50 ,001 
 

*.This is a lower bound of the true significance,* 

a,Lilliefors Significance Correctiona 

                                                     Table 4: AMO Test of Normality 

 

Shapiro-Wilk test of normality; p-value = 0.001726 

 

 
 
 

N 

Kolmogorov-Smirnovª 
 

Shapiro-Wilk 
 

 Estatistic df Sig. Estatistic df Sig. 
AMO Na ,194 18 ,072 ,888 18 ,036 

Ne ,165 13 ,200* ,932 13 ,367 
Ni ,160 19 ,200* ,904 19 ,057 

*. This is a lower bound of the true significance,* 

      a,Lilliefors Significance Correctiona 
  

                                                        Table 5: AMO-N Test of Normality 
 

 
Likewise, the normal QQ Plot graph, in which the quantiles of a variable, AMO in this 
case, are compared with the values corresponding to said quantiles in a normal 



distribution, or the observed values with respect to the expected values, indicate that the 
range of values between -0.2 and 0.00 fit well to the normal distribution line 1: 1. 
However, there is also a notable bias and greater weight towards a thick left tail and 
extreme values in both tails, values with notable influence on the distribution and that 
deviate or do not adjust to what would correspond to them in a normal distribution (Fig. 
6). 
 
     

 
                                     Fig. 6: Normal QQ Plot para la variable AMO 

 
 
AO 
 
The histogram corresponding to the sample of the Arctic Oscillation (AO) variable fits 
quite adequately to the norm or Gaussian distribution curve and this is also reflected, 
although with a slight positive skewness (0.369) and a bias towards the left of the mean 
(-0.096), both in histogram and in the density curve in the density curve of the 
distribution. The kurtosis statistic (0.476) also does not indicate that the curve of the 
graph is more pointed, with heavier tails or thicker than what would correspond to a 
normal distribution and that observes a notable concentration of values in the central 
region of the mean, Now, taking into account the values of both statistics (asymmetry 
and kurtosis), in both cases lower than 0. 5, we can speak of being before a sample with 
a normal distribution (Fig. 7). 
 
 
 
 
 
 
 



 
 

  

 

                                                Fig. 7: Histograma y Curva de Densidad de Probabilidad de la variable AO 

 



The study of the distribution of the values of the sample or variable AO, by means of 
the statistical tests of significance of Kolmogorov-Smirnof and Shapiro-Wilk allow us 
to affirm the null hypothesis that the data or values of the sample come from a 
population or variable that observes a normal or theoretical distribution, since "p value": 
0.655 is well above the threshold or critical level of significance (Sig.), commonly 
established (0.05), with 95% confidence that we are not making a mistake in affirming 
the null hypothesis that tells us that the AO sample comes from a normally distributed 
population (Table 6). 
 

 

Kolmogorov-Smirnovª 
 

Shapiro-Wilk 
 

Estatistic df Sig. Estatistic df Sig. 
AO ,060 50 ,200* ,982 50 ,655 

*. This is a lower bound of the true significance,* 

      a,Lilliefors Significance Correctiona 
                                                        Table 6: Test of Normality 

Shapiro-Wilk test of normality; p-value = 0. 6549 

The normal QQ Plot graph (Fig. 8) for the AO sample allows us to compare the 
quantiles of that variable with the values corresponding to said quantiles in a normal 
distribution. In this case, the fit between the observed and expected values is adequate, 
leaving these values quite well fitted or aligned along the 1: 1 quantile line. However, 
some atypical values are observed in its right tail, between the interval 0.5 and 1.0; as 
the histogram and the density curve already indicated; Values that can distort the fit of 
the sample to the condition of belonging to a normally distributed population, If we 
dispense with these atypical values, we observe the statistics of both asymmetry (0.143) 
and kurtosis (0.215) fit much better to a population normally distributed, 

 
                                       Fig. 8: Normal QQ Plot para la variable AO 



NAO 

Both the histogram and the density curve and the statistics corresponding to the variable 
NAO show (Fig. 9) a moderate negative asymmetry (-0.515) and bias towards the right 
wing from the mean (0.0210), showing a very low density of negative values; For this 
reason, the histogram does not fit very well to the normal distribution curve and 
observes a distribution of values with a certain trend opposite to that seen for the 
variable AO, In parallel, the kurtosis statistic (0.637) indicates that the curve is more 
pointed compared to normal, thicker tails and a notable concentration of values around 
the central region of the mean.  

Both statistics, as well as the histogram and the density distribution curve, show us that 
we are not, albeit slightly, that we could be facing a population with a normal 
distribution. However, the KS normality test like Shapiro- Wilk indicate values of 
significance and p-value (0.116) higher than the lower level of significance in the case 
of Kolmogorov-Smirnov (0.2) and also higher than the critical level of significance 
(Sig.: 0.05) in the case of the Sh-W statistic, with which we cannot reject the null 
hypothesis that the NAO sample belongs to a population with a normal distribution 
(Table 7). 

 

Kolmogorov-Smirnovª 
 

Shapiro-Wilk 
 

Statistic      df Sig. Statistic df Sig. 

NAO      ,087 50 ,200* ,963 50 ,116 

*.This is a lower bound of the true significance, 

              a,La,Lilliefors Significance Correctiona 

                                             Table 7: NAO Test of Normality 

 

Shapiro-Wilk test of normalility; p-value = 0. 1156 

 

 

 

 

 
 
 
 
 
 
 



 
 

 
 

 

                

                                                          Fig. 9: Histograma y Curva de Densidad de Probabilidad de la variable NAO 
                                                                                                       



The QQ Plot Normal graph (Fig. 10) for the NAO variable allows us to compare the 
quantiles of that variable with the values corresponding to said quantiles in a normal 
distribution. In this case, the fit between the observed and expected values is adequate, 
leaving these values, in the range of -0.3 to 0.3, fairly well adjusted or aligned along the 
1: 1 quantile line; although, a very atypical value is observed in its left wing that could 
very notably influence the characterization of this sample as a normally distributed 
population. Therefore, if we dispense with this atypical value, we observe that both the 
asymmetry values (-0.069), as the kurtosis (-0.540) are remarkably consistent with those 
of a population showing a normal distribution. 

 

 

                                  Fig. 10: Normal QQ Plot para la variable NAO, 

 
 
WeMO 

 
Although both graphs, the histogram and the density curve, as well as the skew statistic 
(-0.335) for the WeMO variable show a certain higher concentration of values or bias in 
the right wing from the mean (0.170), the kurtosis statistic (-0.225), notably less than 
0.5 shows us a distribution curve less pointed than what corresponds to a normal or 
Gaussian curve, less heavy or thick tails and low concentration of values in the central 
area of the mean. All these characteristics make this a sample that fits quite adequately 
to a normally distributed population (Fig. 11). 
 

 

 



 

 

 

      
              

                                                      Fig. 11: Histograma y Curva de Densidad de Probabilidad de la variable WeMO 
 
 



Likewise, and although the critical level of significance in the KS test (Sig.: 0.039) is 
lower than the previously established minimum threshold of significance (Sig.: 0.05), 
the p-value (0.265) of the Shapiro-Wilk test, shows a value moderately higher than the 
established significance and therefore, we can confirm the null hypothesis that the 
sample belongs to a normally distributed population (Table 8). 

 

 

Kolmogorov-Smirnov Shapiro-Wilk 
 

Statistic 
 

gl 
 

Sig. 
 

Statistic 
 

gl 
 

Sig. 
WeMO ,128 50 ,039 ,971 50 ,258 

*.This is a lower bound of the true significance, 

   a.La,Lilliefors Significance Correctiona 
 
                                                            Table 8: WeMO Test of Normality 

Shapiro-Wilk test of normality; p-valor = 0. 2658 

Perhaps more expressive is the Nornal QQ-Plot (Fig. 12) for the WeMO variable, since 
it clearly shows that most of the values of the variable fit remarkably well to the 1: 1 
quantile line, Although, several extreme values that are not atypical are observed, due to 
the tail of the negative values, an aspect that was also indicated by the histogram curve 
and the density curve, with a certain bias towards the right wing or tail of both graphs. 

 

 
                                  Fig. 12: Normal QQ Plot para la variable WeMO 
 

 



The assumption of normality of distribution in the AMO sample and even in that of the 
WeMO variable does not observe a notable solidity and this will have to be taken into 
account later when working with the different models or statistics (correlation and linear 
regression, inference, etc.). 

If we introduce in the Kolmogorov-Smirnov and Shapiro-Wilk statistical tests the 
discriminating factor of groups N (NOI phases), as an independent variable, we observe 
that exclusively for the indices of the climatic variables or patterns Arctic Oscillation 
AO) and the Atlantic Oscillation North (NAO) all the Shapiro-Wilk statistics offer us a 
p-value higher than the minimum or critical level of significance established (Sig.: 
0.05), indicating that for any of the NOI phases these analyzed samples belong to a 
population normally distributed (Table 9). 

 

                                 Table 9: Test of Normality for the set of variables     
 
 
 
4,-Homogeneity of the variances or homoscedasticity assumption, by means of 
which we confirm that the variance between different groups, generated based on a 
factor (N or NOI phases in our case), is constant. This assumption is very suitable for 
sizes of small samples, which are the ones with the greatest variance and the null 
hypothesis (H0) is considered to be that the variance is homogeneous or equal between 
the groups, Some different tests allow evaluating the distribution of the variance, but 



mainly with populations that observe a distribution normal. The tests that work with the 
median are the most accurate, when the data follow an asymmetric distribution or 
doubtful assumption of normal distribution; which has happened to us in the normality 
study, especially for the AMO sample or variable, In our case we are going to work 
with the Levene test to analyze the variance, both based on the mean and the median of 
each group, without corrections as usual in this type of test, since the results obtained do 
not vary significantly (Table 10). 
 

       

 
Levene 

Statistic df1 df2 Sig. 
NOI Based on Mean ,796 2 47 ,457 

Based on Median ,442 2 47 ,645 

Based on Median and 
with adjusted df 

,442 2 42.431 ,646 

Based on trimmed mean ,676 2 47 ,514 

AMO Based on Mean 2.282 2 47 ,113 

Based on Median 2.054 2 47 ,140 

Based on Median and 
with adjusted df 

2.054 2 46,108 ,140 

Based on trimmed mean 2.331 2 47 ,108 

AO Based on Mean ,103 2 47 ,902 

Based on Median ,100 2 47 ,905 

Based on Median and 
with adjusted df 

,100 2 43,410 ,905 

Based on trimmed mean ,113 2 47 ,894 

NAO Based on Mean ,234 2 47 ,792 

Based on Median ,224 2 47 ,800 

Based on Median and 
with adjusted df 

,224 2 41.262 ,800 

Based on trimmed mean ,244 2 47 ,785 

WeMO Based on Mean ,771 2 47 ,468 

Based on Median ,468 2 47 ,629 

Based on Median and 
with adjusted df 

,468 2 46,908 ,629 

Based on trimmed mean ,759 2 47 ,474 
Table 10: Test of Homogeneity of Variance 

 
 
For a commonly predetermined critical value or threshold of significance of 0.05, we 
observe that all the values, for any of the central tendency estimators (mean, median…) 
and above which we obtain the differences, is greater than 0.05, so we cannot reject or 
we can reaffirm the null hypothesis (H0) that there is homogeneity between the 
variances or that the variance is constant in the different groups or levels of the 
discriminant factor (N). In addition, when working the test also with the median 



improve their results, when the data follow an asymmetric distribution or belong to a 
population that does not observe a normal distribution, as we have observed in some of 
our samples. 
 
In addition to what we have seen so far, we are now going to analyze the distribution of 
each sample, of each continuous variable, as a function of the discriminant N (Ni, Na, 
Ne) and by means of the Box Plots, because these types of diagrams, accompanied by 
some of the statistics that define them, help us to make a simple graphic and descriptive 
interpretation of the data distribution of each variable; distribution that describes the 
morphology of these samples and see if they meet the necessary conditions (with 
respect to a normal distribution) to be able to apply other statistics on them and on the 
set (matrix) that indicate the interrelation between these variables and what they 
represent and that allow us to explain and infer variations of some based on others. 
 
Now, being practical and with the main objective of contrasting if we are before 
samples (scale variables in our case) with a normal distribution, which will condition 
our subsequent statistical analyzes, we will pay special attention to the parameters 
referring to Asymmetry or horizontal deviation of the values with respect to the 
arithmetic mean and to the Kurtosis or the degree of concentration that the values 
present in the central region of the distribution. 
 
If the distribution is symmetric, approximately the same amount of values are observed 
in both and if it is asymmetric, most of the values are located to the right (negative 
asymmetry) or to the left of the mean (positive asymmetry). The kurtosis indicates the 
concentration greater or lesser of values in the central region of the mean, if the kurtosis 
is positive the distribution curve is more pointed with respect to the normal or Gaussian, 
the thicker tails and the greater the concentration of values in the central region of the 
distribution o region of the mean, and if it is negative, the curve is less pointed, the tails 
are less thick or lighter and the concentration of values in the central region of the 
distribution is lower. For a sample to be considered to obey a distribution normal, both 
the asymmetry and kurtosis values must be below a value of + - 0.5, taking this as a 
valid reference value, given the difficulty or unusual result of observing values of 
asymmetry and kurtosis equal to 0. which would be statistically the ideal 
(http://www,spssfree,com/curso-de-spss/analisis-descriptivo/medidas-de-distribucion-
curtosis-asimetria,html), 
 
In the case of the NOI as a function of factor N, he asymmetry values for the parameters 
Ni (1.311) and Na (-1.177), as well as their respective box diagrams, indicate a non-
uniform distribution (> + - 0.5) of these values on both sides of the respective mean 
(0.8811 and -0.9928) and much closer to a normal distribution, in terms of the 
asymmetry statistic, for the parameter Ne (-0.664), Regarding the kurtosis, the statistic 
indicates that, both for the parameters Na (0.717) and Ne (-0.773), the respective curve 
(although with a different sign, more pointed, with heavier tails and a higher 
concentration of values in the central region of the mean for the variable Na and less 
pointed, lighter tails and low concentration of values in the central region of the mean in 
the case of the parameter Ne) are close to that of a normal distribution. Not so in the 
case of the variable Ni, which for both statistics shows a distribution very far from the 
normal or Gaussian (Fig. 13). 
 

 



 

                                                     Fig. 13: NOI (N) Box Plot 
 
 
 

AMO as a function of factor N. 

 

 

 
                                                                         

                                                  Fig. 14: AMO (N) Box Plot 
 
 
The asymmetry values (0.379, 0.109 and 0.703 respectively in the three cases (Ni, Na, 
Ne) are less than or close to 0.5, which indicates that the data observe a considerably 
symmetric or uniform distribution on both sides of the respective mean (-0.0479; -
0.0567 and -0.1054), especially in the case of the discriminant Na. And, however, 



both for the parameter Ni and for the sample Na the kurtosis values (-1.150 and -
1.654) so far from 0 clearly indicates that we are dealing with samples that observe a 
notable concentration of values very far from the central region of the mean, with 
which we cannot affirm that we are dealing with diagrams for samples of normal 
distribution, In the case of the Ne sample, as was the case for the NOI variable, both 
values, asymmetry and kurtosis, are close to or less than 0.5, which indicates that if 
we are dealing with a normally distributed sample (Fig. 14). 
 
 
AO as a function of factor N. 

 

 

 
                                                                        

                                                Fig. 15: AO (N) Box Plot 
 
 
 
Both the interpretation of the diagrams, as well as the asymmetry statistics 
corresponding to the Na and Ni samples that show values of 0.185 and -0.105 (<+ - 
0.5), respectively, indicate a remarkably symmetric or uniform distribution on both 
sides of the corresponding mean (-0.0794 and -0.1374), Now, the kurtosis statistics, 
very different for both cases, positive for the Na factor: 1.236 (considerable 
concentration of values in the central region of the mean, curve more pointed and 
heavier or thicker tails) and negative regarding the Ni factor: -1.024 (poorly pointed 
curve, low concentration of values in the central region of the mean and less thick or 
heavy tails) indicate that we are not facing the graph of a sample with a normal 
distribution. 
 
In the case of the discriminant factor Ne, both values, asymmetry: 1.271 and kurtosis: 
2.065, are very high; which indicates that we are facing an asymmetric distribution and 
with values very far from the central range of the mean. However, this distribution is 
highly conditioned by the existence of an outlier that has a disproportionate effect on 



the statistical results and that can lead us to misleading interpretations, in contrast to 
what we observe in the corresponding box plot, In fact, if we dispense with this extreme 
and atypical value, the values of both asymmetry (0.545) and kurtosis (0.837) vary very 
notably, considerably approaching the statistic of a normal distribution (+ - 0.5) (Fig. 
15). 
 
 
NAO as a function of factor N. 

 
 

 
                                                                        

                                                  Fig. 16: NAO (N) Box Plot 
 
 

The data or the asymmetry statistic (Ni: -0.289; Na: -0.930; Ne: 0.369), as well as the 
box plots for the three factors and especially in the cases of the Ni and Ne phases, 
indicate a distribution of the values with a different sign, but showing notable 
uniformity on both sides of the respective mean (-0.0184 and 0.0477) and considerably 
lower in the case of the Na factor (mean: 0.0044). However, these values are very 
different for each of the factors in the case of the kurtosis statistic, showing a 
distribution of values very close to a normal distribution in the case of the Ni factor (-
0.529), with a low concentration of values in the region of the mean, a less pointed 
curve and tails that are less thick or heavy than in the normal distribution. The kurtosis 
value in the case of the parameter or variable Ne (-1.233) is very far from being 
considered as corresponding to a normal distribution. 

And it is worth highlighting the high kurtosis statistic (2.170) in the case of the 
discriminatory Na, due to the existence of an atypical value that totally conditions the 
interpretation of the distribution and the graph (also in its asymmetry statistic), Once 
this value has been eliminated, the distribution based on the Na factor observes values 



of skewness (0.340) and kurtosis (-0.821), much more in accordance with a normal 
distribution (Fig. 16). 

 
WeMO as a function of factor N. 

 

 

 
                                                                         

                                                Fig. 17: WeMO (N) Box Plot 
 
 

Regarding the data of asymmetry (-0.404) and kurtosis (0.089), as well as what is 
observed in the box plot for the factor Ni, we can affirm that the distribution of values 
with respect to the mean (0.1853) draws a graph of notable uniformity on both sides, 
slightly less pointed, with less thick tails and a moderately low concentration of values 
around the central region of that mean, which would correspond to a normal 
distribution, but close to it. Regarding the asymmetry for the variables Na (-0.275) and 
Ne (-0.770) and always with respect to the respective means (0.0117 and 0.3669), it is 
also observed, especially for the parameter Na, a remarkable uniformity in the 
distribution of values close to what would correspond to a normal distribution. Now, the 
kurtosis statistic in the case of the Na parameter is notably higher (-1.208) than that of 
the Ne variable (-0.853), indicating that the Na curve is considerably less pointed, with 
lighter tails and a low concentration of values in the central region of its mean than what 
would correspond to a sample with normally distributed values or a Gaussian 
distribution curve (Fig. 17). 

 

 



5.-Correlation Analysis 

By means of the correlation statistic we are going to evaluate or quantify the linear 
dependence, not causality, between each pair of the variables or indices of the climatic 
patterns that we are analysing. Thus, the correlation coefficient will provide us with 
information on the magnitude, sign and statistical significance in the relationship 
between two or more continuous variables. 

First, we have carried out the Pearson correlation study between the four variables that 
represent parametric samples of populations that meet the normal distribution condition 
and the correlation by the Spearman and Kendall statistical methods to analyze the 
correlation between the AMO variable, whose sample did not obey decidedly to a 
normally distributed population, and the rest of climatic variables or indices. 

In the table in Table 11 we can highlight that only a significant statistical correlation 
(Sig.: <0.01) is observed, bilateral and very solid in the cases of the variables AO and 
NAO, a correlation that indicates a p-value in “R” of 2.04e-08 and that allows us to 
reject the null hypothesis based on the independence or no significant relationship 
between the variables. 

 
 NOI AO NAO WeMO 
NOI Pearson Correlation 1 -,102 ,014 ,176 

Sig. (2-tailed)  ,482 ,923 ,222 
N 50 50 50 50 

AO Pearson Correlation -,102 1 ,696** -,161 
Sig. (2-tailed) ,482  ,000 ,265 
N 50 50 50 50 

NAO Pearson Correlation ,014 ,696** 1 ,114 
Sig. (2-tailed) ,923 ,000  ,432 
N 50 50 50 50 

WeMO Pearson Correlation ,176 -,161 ,114 1 
Sig. (2-tailed) ,222 ,265 ,432  
N 50 50 50 50 

 
*,.Correlation is significant at the 0.05 level (2-tailed), 

**.Correlation is significant at the 0.01 level (2-tailed 

                                                   Table 11: Correlations  
 

To deepen the correlation analysis between the variables corresponding to the indices of 
the climatic patterns that we are studying and as we have done in the normality tests, we 
are going to observe those resulting correlation coefficients, but once groups of samples 
have been generated in based on the discriminant factor N (phases of the El Niño 
Oscillation: Ni, Na, Ne) (Table 12). 

 

 



                                           Correlations (Ni) 
 

 NOI AMO AO NAO WeMO 
NOI Pearson Correlation 

1 -,140 -
,502* 

-,252 ,303 

Sig. (2-tailed)  ,568 ,029 ,297 ,208 
N 19 19 19 19 19 

AMO Pearson Correlation -,140 1 ,183 -,058 -,347 
Sig. (2-tailed) ,568  ,454 ,815 ,146 
N 19 19 19 19 19 

AO Pearson Correlation -,502* ,183 1 ,753** -,131 
Sig. (2-tailed) ,029 ,454  ,000 ,594 
N 19 19 19 19 19 

NAO Pearson Correlation -,252 -,058 ,753** 1 ,153 
Sig. (2-tailed) ,297 ,815 ,000  ,533 
N 19 19 19 19 19 

WeMO Pearson Correlation ,303 -,347 -,131 ,153 1 
Sig. (2-tailed) ,208 ,146 ,594 ,533  

N 19 19 19 19 19 
*. Correlation is significant at the 0.05 level (2-tailed), 

    **. Correlation is significant at the 0.01 level (2-tailed 
                                                   Table 12: Correlations Ni 
 
 

When comparing the correlation coefficients (Pearson) when in the statistic we 
introduce the discriminant factor N (Ni) (index of the warm El Niño phase): 

-A significant bilateral correlation is observed at the level of 0.05, with a 
negative sign and of notable intensity between the ONI and AO variables. 

-Remarkably strong linear correlation, with a positive and significant sign, we 
have between the AO-NAO variables (Table 12). 

When we introduce the N (Na) factor (cold phase or La Niña index) into the function or 
statistic, the bilateral correlation analysis between the five variables tells us that: 

-Only a significant bilateral correlation coefficient is observed, of very notable 
intensity and of a positive nature between the AO-NAO variables (Table 13). 

 

 



                                                  CORRELATIONS  (Na) 
 

 NOI AMO AO NAO WeMO 
NOI Pearson Correlation 1 ,011 ,188 ,070 -,320 

Sig. (2-tailed)  ,966 ,455 ,782 ,196 
N 18 18 18 18 18 

AMO Pearson Correlation ,011 1 -,312 -,280 -,360 
Sig. (2-tailed) ,966  ,208 ,260 ,142 
N 18 18 18 18 18 

AO Pearson Correlation ,188 -,312 1 ,607** -,043 
Sig. (2-tailed) ,455 ,208  ,008 ,866 
N 18 18 18 18 18 

NAO Pearson Correlation ,070 -,280 ,607** 1 ,306 
Sig. (2-tailed) ,782 ,260 ,008  ,216 
N 18 18 18 18 18 

WeMO Pearson Correlation -,320 -,360 -,043 ,306 1 
Sig. (2-tailed) ,196 ,142 ,866 ,216  
N 18 18 18 18 18 

      **. La Correlación (bilateral) es significativa al nivel de 0.01 

                                                       Table 13: Correlations Na 
 

 

When we introduce the factor N (Ne) (El Niño neutral phase index) into the function or 
statistic, the bilateral correlation analysis between the five variables tells us that: 

-This is the only case in which a significant correlation of notable intensity and 
negative sign is observed between the variables NAO and WeMO. 

-In the same way, the significant bilateral correlation with a positive sign 
between the AO-NAO variables continues to show and with very strong intensity (Table 
14). 

 

 

 

 

 

                                                        



                                                 Correlations (Ne) 
 

 NOI AMO AO NAO WeMO 
NOI Pearson Correlation 1 ,040 -,057 ,143 ,133 

Sig. (2-tailed)  ,896 ,853 ,641 ,664 
N 13 13 13 13 13 

AMO Pearson Correlation ,040 1 -,021 -,216 -,288 
Sig. (2-tailed) ,896  ,946 ,479 ,339 
N 13 13 13 13 13 

AO Pearson Correlation -,057 -,021 1 ,796** -,520 
Sig. (2-tailed) ,853 ,946  ,001 ,069 
N 13 13 13 13 13 

NAO Pearson Correlation ,143 -,216 ,796** 1 -,611* 
Sig. (2-tailed) ,641 ,479 ,001  ,026 

N 13 13 13 13 13 
WeMO Pearson Correlation ,133 -,288 -,520 -,611* 1 

Sig. (2-tailed) ,664 ,339 ,069 ,026  

N 13 13 13 13 13 
      

*. Correlation is significant at the 0.05 level (2-tailed), 

    **. Correlation is significant at the 0.01 level (2-tailed 
                                                    Table 14: Correlations Ne 
 

Since the AMO sample does not offer certainty regarding the assumption of belonging 
to a normally or theoretically distributed population, we have studied its possible 
correlation with the rest of the samples or variables by means of two non-parametric 
statistical tests: Kendall's Tau-b- and Spearman's Rho, The correlation coefficients 
obtained by means of these two statistics indicate only a significant correlation, of 
moderate intensity and with a negative sign between the variables AMO and WeMO 
(Table 15), 

 NOI AO NAO WeMO 

Tau-b-de Kendall AMO 

Correlation Coefficient ,032 ,002 -,112 -,241* 

Sig. (2-tailed) ,744 ,980 ,258 ,015 

N 50 50 50 50 

Rho Spearman AMO 

Correlation Coefficient ,046 ,010 -,147 -,334* 

Sig. (2-tailed) ,750 ,947 ,307 ,018 

N 50 50 50 50 
*.La Correlación es significativa (bilateral) al nivel de 0.05 

                                                  Table 15: AMO Correlation Coefficients



 

                                                                                         Table 16: Synthesis of significant correlations 

 

 

Serie  NOI AMO AO NAO WEMO  
NOI 
(Na)  NOI AMO AO NAO WEMO 

 NOI  + - + +   NOI  
- -Sig. - + 

 AMO + 
 

- - -Sig 
  AMO - 

 
+ - - 

 AO - -  
+Sig. -   AO -Sig. + 

 
+Sig. - 

 NAO + - +Sig. 
 +   NAO - - +Sig. 

 
+ 

 WeMO + -Sig. - +    WeMO + - - + 
 

               
NOI 
(Ni)  NOI AMO AO NAO WEMO  

NOI 
(Ne)  NOI AMO AO NAO WEMO 

 NOI  
+ + + - 

  NOI  
+ - + + 

 AMO + 
 

- - -   AMO + 
 

- - - 

 AO + - 
 

+Sig. - 
  AO - - 

 
+Sig. - 

 NAO + - +Sig. 
 

+ 
  NAO + - +Sig. 

 
-Sig. 

 WeMO - - - + 
   WeMO + - - -Sig. 

 



 

When we perform the Correlation analysis for the set of samples that collect the values 
of the respective indices of the climatic patterns or variables with which we are 
working, without introducing the discriminant factor N (NOI) in each of its phases or 
periods (Ni, Na, Ne), we observe that four significant correlation coefficients are shown, 
either positive or negative: AMO-WeMO and NAO-AO, both bilateral correlations, 
However, when introducing the discriminant factor N (Ni) or warm phase El Niño itself, 
the only significant bilateral correlation coefficient is shown between the AO-NAO 
variables. This correlation in all cases, regardless of the discriminating factor, is positive 
(Table 16). 

Faced with the discriminant factor N (Na), a period known as La NIña or cold phase of 
the El Niño phenomenon, the observed significant correlation coefficients are again 
four: NOI-AO, the only situation in which the correlation coefficient is significant 
between the index of the ENSO phenomenon and any other of the variables (indices) 
analyzed and again AO-NAO, both bilateral correlations. In the case of NOI-AO this 
relationship is negative. 

And, when the discriminating factor for the Correlation analysis is the index of the 
neutral phase of the ocean-atmospheric pattern El Niño N (Ne), in addition to the 
significant bilateral and positive relationship between the AO-NAO variables, we 
observe that also A significant correlation coefficient is shown between the variables 
WeMO and NAO, negative in character and expressing the only situation in which there 
is a significant correlation between both variables (Table 16). 

Some other conclusions about the correlation analysis (Table 16). 

When we work with the set of the series and the variables (indices), without using (N) 
as a discriminating factor for groups, the correlation coefficients observed by the other 
variables are both positive (10) and negative (10) and two of them show a significant 
correlation (p-value: <0.05), this is the case of the AMO-WeMO and AO-NAO 
oscillation indices. All significant correlations carry 95% reliability with respect to the 
correlation model used. 

When we introduce N (phases of the El Niño South Oscillation-ENSO phenomenon) as 
a group discriminating factor, we see that: 

-N (Ni); the correlation coefficients between the variables are both positive (10) 
and negative (10); but now only one of them shows a significant p-value (Sig. <0.05), 
corresponding to the bilateral AO-NAO correlation. 

-N (Na); in this case the coefficients with a negative sign are more (12) than the 
positive ones (8) and two of them show a p-value lower than 0.05 or what is the same, 
we can test the hypothesis that the correlation is significant. It is noteworthy that only 
for this cold phase, “La Niña”, the NOI index observes a significant bilateral correlation 
coefficient, specifically with the Arctic Oscillation (AO). The other bilateral correlation 
coefficient that shows statistical significance, p-value: <0.05, is recorded between the 
AO-NAO variables. 

-N (Ne); As for the cold phase or “La Niña” (Na), for the neutral period of 
thermal variability of the surface waters (SST) of the Central Equatorial Pacific (Ne: 
<0.5ºC /> -0.5ºC), the negative coefficients are more (12) than positive ones (8), and 



two bilateral coefficients with statistical significance are observed, p-value <0.05, in the 
case of the NAO-WeMO coefficients (the only case observed between these variables) 
and AO-NAO. 

Among the most noteworthy we find the fact that the linear correlation coefficients 
between the indices of the Arctic Oscillation-Artic Oscillation (AO) and the North 
Atlantic Oscillation Oscillation (NAO) in all the assumptions (complete series and 
samples N- Ni; N-Na and N-Ne) observe a remarkable, solid and always positive linear 
correlation. 

6.-Multiple Linear Regression Analysis for two or more independent and continuous 
variables, on which we want to perform a multivariate exploratory analysis of 
interrelation that allows us to explain and predict the values that a variable will acquire, 
taken as dependent, based on other independent variables and for which it will be 
necessary to establish the relationship of a variable with respect to the rest, adjust the 
regression model used and evaluate its quality or what is known as performing the 
regression diagnosis. In the first place and at first glance by means of a correlation 
matrix, we are going to see some aspects of the relationship between the five variables 
or samples with which we are working, basically looking at the correlation coefficients 
and not so much in the respective "scatter plots ”or “dot diagrams”, in the distribution 
curves that we have previously analyzed or in the intervals of the coefficients, since we 
have small samples (50 or <50) (Fig. 18) (Annexes: samples Ni, Na, Ne). 

In the analysis we have introduced as a discriminating factor the variable N which, as 
we have been using and explaining, registers the three phases of the El Niño Southern 
Oscillation phenomenon (ENSO), the neutral period (Ne) and both the phase of 
sustained thermal anomalies. for more than five overlapping quarterly periods and 
greater than 0.5ºC of the surface waters of the Central Pacific or the El Niño 
phenomenon itself (Ni), such as the phase of negative anomalies (<0.5ºC) or the La 
Niña period. Observing the values of the Pearson correlation coefficients that appear in 
the four matrices of Figure 18 we can conclude that: 

-The correlation coefficients between the variable N with the rest of the 
variables (AMO, AO, NAO and WeMO) is higher when the discriminant factor is Ni 
and the vast majority of these coefficients have a negative sign; and yet, mostly positive 
with the discriminants Na and Ne. The lowest coefficients for the four matrices and of a 
bilateral nature are observed between the pair of variables NOI-AMO and the highest, 
both positive and negative, with the variables AO and WeMO. 

-The correlation coefficients between the AMO variable (Atlantic Multidecadal 
Oscillation) and the rest of the variables (NOI, AO, NAO and WeMO) indicate in 
practically all cases negative signs of correlation and these are higher in relation to the 
variable WeMO (Western Mediterranean Oscillation). 

-The variable AO (Arctic Oscillation-Artic Oscillation) registers the highest 
bilateral correlation coefficients and always with a positive sign with the variable NAO 
(North Atlantic Oscillation) and they also constitute the most solid coefficients of the 
four matrices. On the contrary, the correlation coefficient between the continuous 
variables AO and WeMO is always negative in sign. 



       NOI                                                                                                             

Ne  

      Ni                                                                                                             Na 

       

Fig. 18: Correlation graphs between categorical variables for the matrix as a whole and for each of the samples generated by the discriminant 
variable or factor N. 



-The variable NAO logically shows the same characteristics in terms of its bilateral 
correlation coefficients as the variable AO; but it also observes moderately solid and 
mostly positive coefficients with the WeMO variable. 

-The variable WeMO shows the highest bilateral correlation coefficients with the viable 
NOI and AMO, except in the case of the neutral phase (Ne) of the El Niño phenomenon, 
in which the highest coefficients are recorded with the variables AO and NAO. 

-The multiple regression model (Pearson) is commonly used to predict, infer or explain 
the variability of a dependent variable (response) based on the other variables or 
predictor or explanatory variables and for this, once the model is adjusted, it offers us: 

-The Residuals or the difference between the observed responses as a function of the 
predictor variables and the predicted responses, If the median is 0 or close to 0 and if the 
value of the 1st quartile and the 3rd quartile are symmetric, they would indicate that the 
residuals are distributed according to a normal distribution (Paladino, M. : 2027). 

-A matrix of coefficients estimated by the model, with the value of the effect of the 
predictor variables on the response variable. "The regression coefficients represent the 
mean change in the response variable for a unit of change in the predictor variable while 
the other predictors present in the model remain constant" 
(https://blog.minitab.com/es/como- interpret-the-results-of-regression-analysis-p-
values-p-coefficients). 

-The Standard Error of each coefficient of the model or average of the residuals. 

-The results of the “student's t” statistic from the estimated coefficient for each variable 
and the standard error, with its adjusted significance level (Pr (<| t |). 

-The Standard Residual Error that indicates the “size of the error” between the values 
indicated by the adjusted model and the observed values for the dependent variable or 
response variable. 

-The R squared or R2. percentage of the variance of the dependent variable explained by 
the model. 

-And the F statistic (Anova) that comes to contrast the null hypothesis or hypothesis 
according to which the coefficients of the explanatory or predictor variables have no 
effect on the response variable; that is, they are zero (0); This statistic offers its 
corresponding p-value, which if it is less than a critical value of significance, commonly 
established at 0.05, would lead us to reject the null hypothesis and at the same time 
confirm the validity of the regression model used, with a confidence of the 95%. 

The Table of values of the indices corresponding to the weather patterns on which we 
are going to work is a data-frame of 50 rows x 6 variables and which we will call “ind” 
(Table 17). 

 

 

 

 



NOI N AMO AO NAO WeMO 
-0.1 Ne 0.0283 -0.05 0.04 0.117 
-0.25 Ne 0.0288 -0.21 -0.14 0 .491 
1.3 Ni -0.0024 -0.46 -0.18 0.476 
-0.8 Na -0.0202 0.01 0 0.371 
1.9 Ni -0.0388 -0.45 -0.01 0.927 
1.2 Ni -0.0810 -0.74 -0.11 0.895 

-0.42 Ne -0.124 0.5 0.2 0.13 
0.7 Ni -0.159 -0.53 -0.4 0.203 
0.9 Ni -0.185 -0.81 0 0.085 
-0.9 Na -0.208 -0.33 -0.09 0.591 

#...with 40 more lines. 

Table 17: Matrix of annual mean values for the variables (climatic standard indices) 
studied, corresponding to the 1961-2010 series. 

First, we are going to use a multiple regression model, in which we consider the index 
of the only ocean-atmospheric phenomenon of planetary character or influence, the NOI 
index, as a dependent variable or response variable, and the rest of the Atlantic indices 
as independent or predictive variables.  

The model is adjusted by means of the linear regression formula (lm): m <-lm (NOI ~ 
AMO + AO + NAO + WeMO. Data = ind), where “m” is the adjusted model, NOI the 
dependent variable or of response and AMO, AO, NAO and WeMO would be the 
predictor or independent variables and “ind”: table of indexes with which we work. The 
results are the following: 

-lm (formula = NOI ~ AMO + AO + NAO + WeMO. data = ind) 

-Residuals: 

     Min           1Q           Median         3Q          Max  

2. 28682   -0. 62724    0. 05696     0. 59547    1. 54348 

-Coefficients: 

 Estimate Std. Error t value Pr(>|t|) 

(Intercept) -0.07259 0.15074 -0.482 0.632 

AMO 0.43997 0.97750 0.450 0.655 

AO -0.32650 0.47556 -0.687 0.496 

NAO 0.51655 0.99055 0.521 0.605 

WeMO 0.32849 0.33195 0.990 0.328 
                     Table 18: Linear regression with NOI as the dependent variable. 

 



-Residual standard error: 0. 9027 on 45 degrees of freedom 
-Multiple R -squared: 0. 04537 
-F-statistic: 0. 5346 on 4 and 45 DF; p-value: 0.711 
 

In the Table 18 of coefficients, we fundamentally observe that all the values, Pr (<| t |) 
or adjusted p-value obtained through the “student's t” statistic (or test of the difference 
of means between various populations) on the coefficients of regression, indicate that 
none of the coefficients of the model are significant at a significance level alpha = 0.05 
or what is the same, none of the predictor variables (AMO, AO, NAO, WeMO) is 
explanatory or exerts a significant influence on the values acquired by the dependent or 
response variable (NOI). Furthermore, the F test statistic widely used in statistical 
inference to perform hypothesis tests and applied to the model as a whole, indicates a 
remarkably high p-value: 0.711; which tells us that the model is not globally valid and 
that it only explains 5% of the variance of the dependent variable (R2: 0.045). 

It is also important to analyze the confidence intervals of the coefficients (Table 19) 
within which it is expected that the true coefficient of the model will be found, since 
those that we have previously obtained are an estimate of that true coefficient and carry 
a level of error, depending on the level previously determined trustworthiness. A 95% 
confidence interval is commonly used and the higher the confidence, the wider the 
interval (Paladino. M.: 2027). 

 2.5 % 97.5 % 

(Intercept) -0.3762027 0.2310282 

AMO -1.5288227 2.4087695 

AO -1.2843209 0.6313202 

NAO -1.4785205 2.5116115 

WeMO -0.3400995 0.9970705 
Table 19: Confidence coefficients for the regression model when NOI is the dependent or response 
variable. 

When interpreting these coefficients we see that in all the variables the value 0 of the 
coefficient is between these intervals and that, therefore, the line of the scatter diagram 
can be flat. This would indicate that the changes in the predictor variables do not affect 
the response dependent variable, NOI in this case. 

Now we are going to see the results of this model in which we have introduced the 
discriminating factor N (phases or periods of the El Niño phenomenon), under the 
formula: lm (NOI ~ N + AMO + AO + NAO + WeMO.data = ind): 

-Residuals: 

     Min             1Q         Median       3Q            Max  

0. 95740    -0. 25933     0. 04422     0. 25103    0. 98990  

 



-Coefficients: 

 
Estimate Std. Error t value Pr(>|t|) 

 

(Intercept NNa) -1.00549 0.08674 11.592 5.79e-15 *** 
NNe 1.07029 0.13909 7.695 1.11e-09 *** 
NNi 1.86646 0.12108 15.415 < 2e-16 *** 

AMO -0.13921 0.39825 -0.350 0.728  
NAO 0.14115 0.39632 0.356 0.723 

 
AO -0.15522 0.19150 -0.811 0.422 

 
WeMO -0.02084 0.13111 -0.159 0.874 

 
              Table 20: Regression coefficients with variable N as discriminant factor. 
 
 
 
-Signification Levels: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘´ 1 
-Residual standard error: 0.3616 on 44 degrees of freedom 
-Multiple R-squared: 0.8502    
-F-statistic: 49.95 on 5 and 44 DF; p-value: < 2.2e-16 
 

The model now expresses the relation of the factor N with the intercept NOI (Na) and it 
is a very solid relation and with a significance level of 0. That is, the model shows 
100% confidence, is valid (p-value <0) and explains 85% of the dependent or response 
variable; although only for the case of the different NOI phases (Na. Ni. Ne), as is 
totally logical (Table 20). 

Likewise, if we apply the regression statistic using the least squares method (model reg 
<-lm (NOI ~ N + AMO + AO + NAO + WeMO.data = ind), a model widely used to 
calculate the linear regression line that minimizes the residuals or the differences 
between the real values and those estimated by the model. The result obtained is 
practically the same: 

-Residuals: 

 Min          1Q            Median           3Q           Max  

-0.92418   -0.23560     0.04266        0.23962     1.00208  

 

 

 

 

 



-Coefficients: 

  Estimate Std. Error t value Pr(>|t|) 
(Intercept NNa) -1.01333 0.09044 -11.204 2.45e-14 *** 

NNe 1.06981 0.14051 7.614 1.68e-09 *** 
NNi 1.87063 0.12289 15.222 < 2e-16 *** 

AMO -0.13921 0.39825 -0.350 0.728 
AO -0.15736 0.19354 -0.813 0.421 

NAO 0.12884 0.40188 0.321 0.750 
WeMO -0.03701 0.14029 0.264 0.793 

                         Table 21: Regression model by the method of least squares 

 

-Signification Levels: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1 
-Residual standard error: 0.3653 on 43 degrees of freedom 
-Multiple R-squared: 0.8506;  
-F-statistic: 40.81 on 6 and 43 DF; p-value: 3.426e-16 
 

We are going to carry out the same multivariate linear regression study, but now 
working only with the variables (indices) typical of the North Atlantic region (AMO, 
AO, NAO and WeMO) and taking each of them as a dependent or response variable and 
the others as predictors or independent variables; starting from the variable with the 
highest local-zonal characterization (WeMO) (Table 22). 

We fit the model using the multiple linear regression formula; m <-lm (WeMO ~ AMO 
+ AO + NAO.data = ind) and the results obtained are the following: 

-Residuals: 
      
      Min           1Q           Median        3Q          Max  
-0. 86297   -0. 23786    0. 04377   0. 29992   0. 74628  
 
-Coefficients: 
 

  Estimate Std. Error t value Pr(>|t|) 

(Intercept) 0.0403 0.06669 0.604 0.5486 
AMO -101.814 0.4074 -2.499 0.0161 * 
AO -0.47143 0.19946 -2.363 0.0224 * 

NAO 0.804 0.4237 1.898 0. 0640 . 
             Table 22: Regression coefficients when WeMO is the dependent or response variable 
 

-Signification Levels: 0 ‘***’ 0.001 ‘**’ 0. 01 ‘*’ 0.05 ‘.’ 0.1 ´´ 1 
-Residual standard error: 0.401 on 46 degrees of freedom 
-Multiple R-squared: 0. 2285.    
-F-stadistic: 0.4542 on 4 and 45 DF; p-value: 0.00718 



The value of the “student's t” statistic applied to the regression coefficients of the 
variables indicates that both the predictor variables AO and NAO observe significant or 
explanatory values of the dependent variable (WeMO), at a significance level (*) of 
0.05, a risk of less than 5% of making a mistake in the interpretation of the model or, 
what is the same, a 95% confidence in the model; a p-value of 0. 00718 (<0. 05) of the 
F statistic that evaluates the explanatory capacity of the group of independent or 
predictive variables on the variation of the dependent variable and that indicates that we 
can reject the null hypothesis (the variances of the samples or variables are independent) 
and confirm that the model is globally valid and significant, with an R2 value of 0.4542. 
which expresses that the model explains 45% of the variance of the dependent variable 
(WeMO). 

 

  2.5 % 97.5 % 

(Intercept) -0.09043002 0.17873430 
NOI -0.06712659 0.19679519 

AMO -1.84583013 -0.20413971 
AO -0.84703783 -0.03340101 

NAO -0.10637208 1.61314400 
    Table 23: Coefficient interval when WeMO is the dependent or response variable 

When interpreting the intervals between the coefficients in Table 23, we see that both 
for the variables AMO and AO there is no value 0 for the coefficient and that, therefore, 
the line of the scatter plot cannot be flat, which It would indicate with 95% confidence 
that the variability in the predictor variables, especially in the case of AMO, but also in 
that of AO, would explain the variance of the dependent or response variable WeMO. 

Taking the variable NAO as dependent or response variable and the variables AMO, 
AO and WeMO as predictors, the multiple linear regression model tells us that: 

lm (formula = NAO ~ AMO + AO + WeMO. data = ind) 
 
-Residuals: 
     Min        1Q          Median         3Q         Max  
-0.29187 -0.07676    0.01138    0.07309    0.35490  
 

-Coefficients: 
 

  Estimate Std. Error t value Pr(>|t|) 

(Intercept) 0.03381 0.02188 1.545 0.129 
 

AMO -0.07892 0.14503 -0.544 0.589 
 

AO 0.34639 0.04901 7.067 7.22e-09 *** 

WeMO 0.09029 0.04758 1.898 0.064 . 
   Table 24: Regression coefficients when NAO is the dependent or response variable 



 
 
-Signification Levels: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘.´ 1 
-Residual standard error: 0.1344 on 46 degrees of freedom 
-Multiple R-squared: 0.5391 
-F-statistic: 17.94 on 3 and 46 DF; p-value: 7.526e-08 
 
The predictor variable AO shows a very high significance or explanation value             
(Pr (> | t |) : <0) of the dependent variable NAO, with a reliability of 100%. Likewise, 
the regression model is valid as indicated by the p-value (<0) of the F or Anova statistic 
and the model can globally predict 54% (R2: 0.5391) of the variance of the dependent 
variable NAO (Table 24). 
 

 2.5 % 97.5 % 

(Intercept) -0.01003628 0.07893448 
NOI -0.03328490 0.05654216 

AMO -0.37856214 0.21143657 
AO 0.24837733 0.44783443 

WeMO -0.01213274 0.18399434 
      Table 25: Coefficient interval when NAO is the dependent or response variable 
 
 
The corresponding table of confidence intervals of the coefficients of each variable 
shows us that in the case of the predictor variable AO it is not possible that the value 0 
is between the interval and that, therefore, we can contrast at a confidence level 95% 
that the variability in the AO variable can explain the variance in the response or 
dependent variable NAO (Table 25). 
 
Taking the AO variable as a dependent or response variable and the AMO variables. 
NAO and WeMO as predictors, the multiple linear regression model shows us that: 
 
lm (formula = AO ~ AMO + NAO + WeMO. data = ind) 
 
-Residuals: 
 
     Min         1Q         Median       3Q          Max  
-0.71233  -0.15244   0.01411   0.18120    0.61131  
 
-Coefficients: 
 

Estimate Std. Error t value Pr(>|t|)   
(Intercept) -0.09470 0.04460 -2.123 0.0391 

AMO -0.08965 0.30278 -0.296 0.7685 

NAO 1.50284 0.21265 7.067 7.22e-09 *** 

WeMO -0.22970 0.09719 -2.363 0.0224 * 
     Table 26: Regression coefficients when AO is the dependent or response variable 



 

 
-Signification Levels: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘.’ 1 
-Residual standard error: 0. 2799 on 46 degrees of freedom 
-Multiple R-squared: 0.5428.     
-F-statistic: 18. 21 on 3 and 46 DF; p-value: 6.262e-08 
 
The predictor variable NAO shows a very high significance or explanation value          
(Pr (> | t |) : <0) of the dependent variable AO, as we saw in the previous regression 
analysis, with a reliability of 100%. Likewise, the predictor variable WeMO observes a 
very high value of explanation of the dependent AO, with an adjusted significance 
value, Pr (> | t |), lower than the critical signification value established of 0.05, or with a 
reliability of 95%. The regression model is valid as indicated by the p-value (<0) of the 
F or Anova statistic and the model can globally predict or explain 54% (R2: 0.5428) of 
the variance of the dependent variable AO (Table 26). 
 
 

  2.5 % 97.5 % 

(Intercept) -0.1864653 -0.005589855 
NOI -0.1248909 0.061391305 

AMO -0.6896634 0.540168196 
NAO 1.0728752 1.934437564 

WeMO -0.4173221 -0.016456147 
         Table 27: Coefficient interval when AO is the dependent or response variable. 
 
 
For both the confidence intervals of the variables NAO and WeMO, it is not possible 
that the value of the coefficient of the linear regression is equal to 0 and the line of the 
scatter plot is flat. Therefore, we can contrast that both variables and especially the 
NAO variable whose interval is much wider than that of the WeMO variable, are 
explanatory of the variance of the dependent variable AO at a confidence level of 95% 
(Table 27). 
 
Finally, considering the AMO sample as a dependent or response variable, the 
regression model offers us the following results: 
 
lm ( formula = AMO ~ AO + NAO + WeMO. data = ind) 
 
-Residuals: 
     
      Min         1Q           Median       3Q          Max  
-0.24846   -0.10307   -0.01682    0.08969   0.24856  
 
 
 
 
 
 



-Coefficients: 
 
 

  Estimate Std. Error t value Pr(>|t|) 

(Intercept) -0.04631 0.02169 -2.135 0.0381 

AO -0.02122 0.07166 -0.296 0.7685 

NAO -0.08104 0.14893 -0.544 0.5890 

WeMO -0.11741 0.04698 -2.499 0.0161 * 
   Table 28: Regression coefficients when AMO is the dependent or response variable 
 
 
-Signification Levels: 0 ‘***’ 0.001 ‘**’ 0. 01 ‘*’ 0.05 ‘.’ 0.1 ‘.’ 1 
-Residual standard error: 0. 1362 on 46 degrees of freedom 
-Multiple R-squared: 0.1569.     
-F-statistic: 2.853 on 3 and 46 DF; p-value: 0.04743 
 
The predictor variable WeMO represents a high explanation or prediction value           
(Pr (> | t |) : <0.05) of the dependent variable AMO, as we saw in the regression analysis 
when the dependent variable was the latter. The regression model is valid as indicated 
by the p-value (<0.05) of the F or Anova statistic, at a level of 95% reliability and the 
model can globally predict or explain 16% (R2: 0.1569) of the variance of the dependent 
variable AMO (Table 28). 
 

2.5 % 97.5 % 

(Intercept) -0.08962806 -0.001089154 
NOI -0.03539614 0.055769143 
AO -0.16420212 0.128608769 

NAO -0.38932832 0.217449752 
WeMO -0.21652191 -0.023946256 

      Table 29: Coefficient interval when AMO is the dependent or response variable 
 
 
In this Table 29 of confidence intervals of the coefficients of each variable we see that 
only in the case of the predictor variable WeMO it is not possible that the value 0 is 
between the interval and that, therefore, we can affirm at a confidence level 95% than if 
there are values of this variable that explain the variance of the response or dependent 
variable AMO. 

All the multivariate linear regression models analyzed for the four samples or variables 
corresponding to the indices of the selected North Atlantic climate patterns (AMO, AO, 
NAO, WeMO) observe a relationship, with different levels of significance, between any 
of these variables, when one of them is considered as a dependent or response variable 
and the others as factors or predictor variables. In such a way that the four models 
analyzed are valid to explain or predict or infer any of the dependent variables based on 
one or more of the independent or explanatory variables. This relationship is especially 
strong and significant in the case of the AO and NAO indices. 



On the contrary, the model used to analyze the possible relationship between all the 
selected variables does not offer significant relationship coefficients for any of the 
predictor variables, when we consider NOI as the dependent variable. Now, after 
introducing this NOI variable in the multivariate linear regression formula used to 
analyze the relationship between the four samples of the Atlantic indices, no significant 
influence is observed on the result of each of the models used previously. 

On the contrary, the significant relationship between the variables corresponding to the 
Atlantic indices varies in some cases if we introduce in the multiple linear regression 
formula (lm) the discriminant factor N that collects the indices for each of the phases of 
the El Niño oscillation. (Ni, Na, Ne) and that we have already used in the Correlation 
analysis 

And so, when we take the AMO variable as a dependent or response variable, we 
observe that applying the multiple linear regression formula, and including the NOI 
variable (global El Niño index), the WeMO predictor variable indicates an explanatory 
relationship of the AMO variable to a significance level of 0.05. And if we introduce the 
discriminant Ne (NOI neutral phase) into the formula, we also observe a significant 
relationship between the predictors NAO and WeMO and the dependent AMO, but at a 
significance level of 0.1. Now, the model as a whole and whatever the discriminant 
variable (NOI, Ni, Na, Ne) is apparently not valid (the p-value is not an infallible 
indicator but a guideline) (p-value: > 0.05) to explain the variance of AMO through the 
independent variables. On the contrary, in the Child (Ni) and Girl (Na) phases, no 
significant relationship is observed between the predictor variables (AO, NAO, WeMO) 
and the response variable (AMO) (Table 30). 

 
Table 30: Adjusted linear regression coefficients, p-value and R-squared when AMO is the 
dependent variable and including in the model the variable NOI and the discriminant factor N 
(Ni, Na, Ne). (*) Sig. at the level of 0.05; (.) Sig. at  the level of  0.1. 

The multiple linear regression formula when we introduce the variable NOI and the 
discriminant N (Ni. Na. Ne) and when we take as dependent the variable AO and 
predictors to the rest of the Atlantic variables-indices shows in all cases a significant 
relationship, although with a different level of significance, between the response 
variable AO and the independent NAO. This relationship is moderately robust for 
whatever the discriminating factor is. However, the critical or minimum level of 



significance is 0.001 for the NOI and Ni factors, 0.01 for the discriminant factor Na and 
0.1 for the sample corresponding to the neutral phase of El Niño (Ne). This relationship 
for a significance level of 0.05 is also observed between the WeMO predictor variable 
and the AMO response variable, when we include the NOI variable in the model. 

In all cases, the predictor variables or some of them (while the others remain constant) 
explain almost 50% or more of the variance of the dependent variable AO and the 
model is valid and reliable to explain this relationship in all cases ( p-value <0.05) 
(Table 31). 

 
Table 31: Adjusted linear regression coefficients, p-value and R-squared when AO is the 
dependent variable and including in the model the variable NOI and the discriminant factor N 
(Ni, Na, Ne). (***) Sig. at the level of 0.001; (**) Sig. at the level of 0.01; (*) Sig. at the level 
of 0.05 and (.) Sig. at the level of   0.1. 

 

The multiple linear regression formula when we introduce the NOI variable and the 
discriminant factor N (Ni. Na. Ne) into the model and when we take the NAO variable 
as dependent and the rest of the variable-indices of the Atlantic weather patterns as 
predictors shows in all cases and logically the same significant bilateral relationship 
with OA, at a significance level of 0.001 for the inclusion of the variable NOI and the 
discriminant Ni, 0.01 for the Na phase and 0.05 for the discriminant factor Ne. But in 
addition, it also shows a significant relationship, albeit at the level of 0.1. with the 
predictor variables AMO and WeMO in the case of the inclusion of the variable NOI 
and the discriminant factor Ne (Table 32). 

 



 
Table 32: Adjusted linear regression coefficients, p-value and R-squared when NAO is the 
dependent variable and including in the model the variable NOI and the discriminant factor N 
(Ni, Na, Ne). (***) Sig. at the level of 0.001; (**) Sig. at the level of 0.01; (*) Sig. at the level 
of 0.05 and (.) Sig. at the level of   0.1. 

In all cases the predictor variables, or some of them, explain almost 50% or more of the 
variance of the dependent variable AO, reaching 80% when the discriminating factor is 
the Ne factor. The model is valid and reliable in all the assumptions of discrimination 
by factor to explain this relationship (p-value <0.05) (Table 32). 

Finally, when we apply the multiple linear regression formula, including the variable or 
sample NOI and the discriminant factor N (Ni, Na, Ne) and taking as dependent the 
variable WeMO and as independent predictors the other variables that collect the data of 
the indices from the other Atlantic weather patterns with which we are working, we 
observe that only in the cases corresponding to the inclusion of the variable NOI and the 
discriminant factor Ne (neutral phase of NOI) are coefficients of significant relationship 
recorded. In the case of NOI, this explanatory relationship of the variance in the WeMO 
sample is registered for the variables AMO and AO, with a significance level of 0.05 
and 0.1 with respect to the predictor NAO. 

In the case of the regression model when the discriminant factor is Ne, the significant 
relationship is observed with respect to the independent or explanatory variables AMO 
and NAO, at the significance level of 0.1. And in both cases the model is valid to 
explain this relationship (p-value: > 0.05) and the variance of the WeMO variable by 
25% in the case of the inclusion of the NOI variable and by 56% when the discriminant 
factor is the neutral phase of NOI (Ne) (Table 33). 



 
Table 33: Adjusted linear regression coefficients, p-value and R-squared when WeMO is the 
dependent variable and including in the model the variable NOI and the discriminant factor N 
(Ni, Na, Ne). (*) Sig. at the level of 0.05 and (.) Sig. at the level of   0.1. 

 

7.-Diagnosis of the regression model that we have used. 

To do this, we will analyze the residuals or errors of the model that express the 
difference between the values predicted by the model and those observed. Thus, “when 
we have adjusted a linear relationship between a response variable and some predictor 
variables, by dispensing with that linear relationship is where the problems of the model 
take refuge. Therefore, analyzing the residuals is where we see if the necessary 
conditions are met to validate the multiple linear regression model that we have used 
previously” (Beguería Portugués, S.; 2020). Although, in the regression analysis 
previously carried out for each response or independent variable, the corresponding 
model already indicated its global validity (p-value <0.05), except for the case of the 
NOI variable, if the type of model that we have used is not adequate, we will observe 
some trends in the model in relation to these residuals and to know that it is adequate we 
will have to contrast some assumptions or characteristics regarding these residuals. 

-Normality of the residuals: the residuals are normally distributed and are independent. 
We diagnose the model for when we consider the NOI variable as dependent or 
response and the other variables (indices) as predictors or independent (Fig. 19). 

The graph of the Residuals against the predicted value (Fitted) shows us that the 
parametric fit line (red line) is remarkably close to a straight line, without being a steep 
slope, except in the bias of its section or tail right that could indicate non-linearity of the 
model. However, the width along the x-axis or variability of the residuals is quite 
homogeneous and this indicates that there is no heterodasticity between the independent 
variables and if this were not the case, the model would be invalidated in one of its 
essential characteristics. 

The QQ-Plot graph between the theorized quartiles and the standardized residuals does 
not observe asymmetry, but does observe a certain bias in its left tail, with some point 
away from the zero line. What could be interpreted as a slight deviation with respect to 
the fulfillment of the theoretical normal distribution condition of the sample. 



 

 

Fig. 19: Normality of Residuals 

 

-Homoscedasticity of the variance of the residuals. Despite what is observed in the 
previous graphs, in the graph corresponding to Scale-Location, or of predicted values 
(Fitted) against standardized residuals (Standardized residuals), we observe a fan or 
funnel type figure that indicates that the variance of these residuals increases along the 
x-axis, which would indicate a clear feature of non-homoscedasticity or heterodasticity 
that would invalidate the linear regression model (Fig. 19). 

The graph of residuals against the influence (Leverage) of the point (s) on the model 
indicates that if there is a value that is very far from the line and is also located at the 
end of the x-axis and that we have already observed it in the others graphs and not also 
indicate this pattern of influence that there is a trend or bias that suggests that the 
regression function is not linear and that in the case of the NOI variable it would have 
been more appropriate to use a non-linear model. 

None of the other multiple regression models used for any of the other variables, when 
they have been taken as dependent or response variables (AMO, AO, NAO and WeMO) 
show graphs that indicate the non-normality in the distribution of the residuals or 
heteroscedasticity; Although and especially in the case of the dependent variable 
WeMO, more extreme values than expected are observed, with a moderate bias in the 



QQ-Plot graph and in both cases extreme values that significantly influence (Residuals 
vs Laverage) in the fit of the model.  

However, we consider that these are minor problems in the patterns of the models and 
that they do not substantially alter the precision we need for our regression model 
(Ferrero. L and Lopez. J. L.; 2020). Now, by eliminating these extreme values in each 
of the samples of these variables, their influence disappears and the patterns of the 
respective models better comply with the conditions of a properly adjusted model. 

-Linearity of the effects. Through this diagnosis we are going to ensure that the effects 
between the independent or predictor variables are linear or that they are not highly 
correlated with each other. Non-linearity that would be indicative and that would 
constitute one of the fundamental characteristics or conditions to consider the regression 
model used invalid. By analyzing the residuals with respect to the values of each of the 
independent variables that we have used in the linear regression model, we are going to 
observe, through the diagnostic graphs for each variable, if each of them adjusts to a 
straight line or slope 0. which is expected if linearity is observed and we will also see 
how the linearity or not of the variables influence the final joint result (Expected Values 
or Fitted Values with respect to the Pearson Residuals) (Fig. 19). 

In Fig. 20 obtained by means of a linear regression formula and a “plot” of residuals of 
the variables used, including the discriminant factor N (phases of the El Niño index), we 
can observe that in most cases the plot of the residuals (blue line) fits the straight line 
quite well, although with some curvature, especially in the cases of the variables AO 
and NAO. And, above all, that these slight curvatures do not constitute a considerable 
influence on the final result (“Fitted values”); result that perfectly fits line 0 of linear 
regression. Therefore, if we can affirm that none of the independent or predictor 
variables shows determining signs of non-linearity. 



 

                                               Fig. 20: Linearity of the effects. 

 

-Colinearity of the variables. One of the most precise and commonly used formulas to 
observe if high correlations and collinearity or multicollinearity are observed in our 
model, is the one calculated using the variance inflation factor (VIF). The VIF factor 
indicates the increase in the variance of the model coefficients generated by 
multicollinearity. At first glance, Table 34 shows that only remarkably high correlations 
are shown between the variables AO and NAO, which may be indicative of collinearity. 

 

 

 

 

 

 

 



  
(Intercept 

NNa) NNe NNi AMO AO 
(Intercept 

NNa) 1.0000000 
-

0.584102786 
-

0.67690337 0.247798361 0.18633077 

NNe -0.5841028 1.000000000 0.48109741 0.009754196 
-

0.04920133 

NNi -0.6769034 0.481097408 1.00000000 
-

0.096939827 0.05934338 

AMO 0.2477984 0.009754196 
-

0.09693983 1.000000000 0.03161162 

AO 0.1863308 
-

0.049201326 0.05934338 0.031611625 1.00000000 

NAO -0.1160423 
-

0.001098435 
-

0.06411455 0.087619193 
-

0.72230751 

WeMO 0.1246096 
-

0.286687054 
-

0.16601571 0.329723834 0.32435227 

  NAO WeMO       
(Intercept 

NNa) -0.116042328 0.1246096       

NNe -0.001098435 -0.2866871       

NNi -0.064114546 -0.1660157       

AMO 0.087619193 0.3297238       

AO -0.722307511 0.3243523       

NAO 1.000000000 -0.2546626       

WeMO -0.254662552 1.0000000       
                                            Table 34: Collinearity of the variables 
 

But if we apply the VIF-FIV factor (Variance Inflaction Factor-Variable Inflation 
Factor) to the lm model (NOI ~ N + AMO + AO + NAO + Wemo.data = ind) with 
which we have been working from the beginning of the chapter and more specifically if 
we interpret the square root of the VIF (GVIF ^ (1 / (2 * Df)) “which indicates how 
much larger the standard error of the coefficient is with respect to that which would be 
obtained if the variable had no correlation with the other variables independent” 
(Begueria, 2020), we observe that none of the values found is equal to or greater than 2. 
which if not, would generate collinearity problems for the model used. 

 
GVIF Df GVIF^(1/(2*Df)) 

N 1.144267 2 1.034265 

AMO 1.202331 1 1.096509 

AO 2.212598 1 1.487480 

NAO 2.181156 1 1.476874 

WeMO 1.413868 1 1.189062 
                                   Table 35: Variance Inflaction Factor (VIF) 
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