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ABSTRACT 

 

PLANETARY SCALE FORCING OF MESOSCALE METEOROLOGICAL 

VARIABLES IN NEW ENGLAND 

by 

Vanesa Elaine Urango 

Plymouth State University, December 2015 

 

This study aimed to find relationships between planetary scale forcing patterns, 

specifically the PNA and NAO, and meso-alpha scale meteorological variation in sea 

level pressure, temperature, and vapor pressure fields in the New England region.  

Through Principal Component Analysis, it was found that only three Principal 

Components per variable were necessary to reach ~ 99% of the total variance in each of 

the meso-alpha meteorological fields.  Correlation values calculated between the global 

climate indices, the PNA and NAO, and Empirical Orthogonal Functions sampled from 

centers of variation within the Principal Components of sea level pressure, temperature, 

and vapor pressure, varied greatly in magnitude.  Results generated from the NAO were 

much larger than those found for the PNA, and were therefore the primary focus of the 

discussion in this study.   

 Results showed that the first set of Principal Components for each sea level 

pressure, temperature, and vapor pressure accounted for the large amounts of variation in 

their fields, 90.40%, 95.40%, and 95.57%, respectively.  Each of these Principal 

Components had strong, statistically significant cross-correlation values at a zero day 

time lag, indicating that the response in the meteorological variable field occurred at the 
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same time as the NAO forcing pattern was present.  The strongest of these cross 

correlations was a ~ 30% correlation between the NAO and the first Principal Component 

of sea level pressure.  Spectral analysis of daily values of the NAO and all of the first 

Empirical Orthogonal Functions of the first Principal Components of sea level pressure, 

temperature, and vapor pressure showed clear spectral peaks above the 95% confidence 

level near 126 days, roughly 4 months, in all four time series.   

 Additional results from the remaining two Principal Components of each 

meteorological variable, and their correlations to the NAO and associated time lags, were 

analyzed using a “top down” method order to find synoptic scale flow patterns involving 

jet stream position and amplitude, movement of surface pressures, and temperature 

advection that connected the phase of the planetary NAO forcing to the mesoscale 

response seen in the variance fields shown in the Principal Components.  It was found 

that the position of the trough immediately upstream of the location of the NAO pressure 

dipole was a primary factor in the relationship between the NAO and mesoscale 

variation. 

 Finally, the meteorological winter for 2004-05 was analyzed using the same 

methodology to provide additional results that would aid in determining if significant 

differences in variance patterns seen in Principal Component fields existed in one part of 

the year versus another.  These results were listed as a starting point for further research.    
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Chapter 1 

1. Introduction 

a. Overview 

The study of global climate indices, teleconnections, and their influence on 

synoptic and regional scale climate has been an increasingly popular area of research 

since the finding of rising global air temperatures became both scientifically important, 

and a reoccurring theme of social debate amongst many within the global political 

platform.  At the forefront of global climate research was Sir Gilbert Thomas Walker, a 

British physicist who is widely known and accepted in the scientific community for his 

work on the Southern Oscillation phenomenon (Taylor 1962).  Walker (1910, 1923, 

1924, 1925, 1931) published the first descriptions of oscillating atmospheric pressure 

between the Indian and Pacific Oceans and its correlation with temperature and rainfall 

patterns across the majority of the tropics.  The dynamics of the Southern Oscillation 

were later linked to the warming of the East Pacific (El Niño) by J. Bjerknes (1969) who 

identified the sinking motion of the air in the eastern equatorial Pacific Ocean and the 

rising motion in the western equatorial ocean and deemed it the “Walker Circulation” 

(Srinivasan 2006).   

Since these discoveries, an increasingly large number of global climate indices 

and teleconnection patterns have been identified and include various parts of the globe 

and many atmospheric variables, including sea level pressure, sea surface temperature, 

geopotential height at specified pressure levels, etc.  The development of these indices 

has aided in the advancement of global climate models and improved climate forecasting.  

The current challenge, a part of which is undertaken in this study, is the regional 
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downscaling of the influence of these indices.  The goal of this research is to determine 

how these indices are individually correlated with Principal Components (PCs) of 

variations in climate parameters such as temperature, sea-level pressure, and vapor 

pressure on a regional, or mesoscale, level.  The ultimate motivation of this study is to 

contribute to the growing body of scientific studies that are to be utilized in the regional 

downscaling of global climate models.  There are few studies that attempt to find direct 

correlations between global teleconnection indices and meteorological parameters in the 

northeastern U.S. — we aim to begin to fill in the gaps with this study.  The natural 

obstacles with a study like this one are numerous, and there is an inherent flaw in the 

assumption that oscillations on a global scale are independent of one another.  

Nonetheless, the relative importance of each of the following global climate indices was 

examined:  The Pacific/North America pattern (PNA), the North Atlantic Oscillation 

(NAO), the Pacific Decadal Oscillation (PDO), and the Southern Oscillation Index 

(SOI)—as part of the El Niño Southern Oscillation (ENSO).  These specific global 

climate indices were chosen based on their influences on the geographical location in 

question, their prevalence and acceptance in previous meteorological research, and 

availability of data.  

 

b. Principal Component Analysis (PCA) 

To understand and interpret teleconnection index values, one must first 

understand the method used to compute them.  Principal Component Analysis (PCA) is a 

statistical analysis technique that is used to reduce the dimensionality and redundancy of 

a dataset.  This mathematical tool has recently been gaining popularity in the field of 
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Atmospheric Science due to its ability to find statistically significant relationships within 

multidimensional datasets like those of climate (e.g. Ning and Bradley 2014; Bradbury, 

Keim, and Wake 2003; Barnston and Livezey 1987; Serreze et al. 1997).  The outcomes 

of PCA analysis are Principal Components (PCs) which represent the underlying 

structures within the dataset and show how different amounts of variance are explained 

by the patterns these underlying structures create.  These PCs are computed using matrix 

algebra that becomes more complicated with every subsequent dimension added to the 

analysis.  The following is the basic structure of a PCA computation adapted Smith 

(2002): 

a. Using a sample data set, compute the empirical mean.  This is achieved by 

subtracting the mean from each of the data dimensions and produces a new 

dataset whose mean is equal to zero. 

b. Calculate the covariance matrix using (1) below for a two dimensional 

dataset: 

Cn x n = (ci,j, ci,j = cov(Dimi, Dimj))      (1) 

where Cn x n is a matrix with n rows and n columns, and Dimi is the ith 

dimension.  The resulting matrix would have n rows and columns (a square 

matrix) and each entry in the matrix displays the covariance between two 

separate dimensions.   

c. Calculate the eigenvectors and eigenvalues.  These values come in pairs where 

the eigenvector represents a direction of a vector and the eigenvalue is a 

number which reveals how much variance there is in the data in that direction.   
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d. Determine which of the vectors calculated are the PCs of the dataset.  The 

primary PC of the dataset is defined as the eigenvector with the highest 

eigenvalue.  This vector represents the direction and magnitude of the line 

passing through the data that represents the most significant relationship 

between dimensions.   

PCA is typically done with computers due to it being inherently laborious and 

difficult to visualize, becoming more so as you add dimensions.  PCs that are generated 

via this method are then ranked based on how much of the variance within a dataset they 

are responsible for.  The primary PC is the pattern in the dataset that accounts for the 

greatest amount of variability, the second the PC is the pattern that accounts for the 

second highest amount of variability, and so on.  Each of these PCs represent an 

independent mode of variation within the dataset and are therefore independent of each 

other due to the fact that they are orthogonal, meaning that each mode of variation, or PC, 

can be attributed to its own specific atmospheric forcing patterns.  Rotated Principal 

Component Analysis (RPCA), noted in the calculation methods below for specific 

teleconnection indices, is used to identify patterns that have been rotated about a 2D 

axis—for example, a “trough-ridge-trough” pattern is the equivalent of a “ridge-trough-

ridge” pattern that has been reflected about an axis.   

There is debate over the usefulness and validity of unrotated vs. rotated PCs.  

Richman (1986) completed a study on unrotated PCs in which he determined that there 

are four characteristics shown by unrotated PCs that inhibit their ability to be an accurate 

representation of individual modes of variation.  These potential issues were defined as:  

domain shape dependence, subdomain instability, sampling problems, and inaccurate 
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portrayal of the physical relationships embedded within the input matrix (Richman 1986).  

Each is described in detail in his 1986 work and is further supported by the work of Buell 

(1975, 1979) who coined the term “Buell Sequence” which describes a typical PC 

structural pattern that is followed by these potentially problematic and unrepresentative 

unrotated PCs.  The Buell Sequence (1975) is defined by EOF/PCs displaying the 

following structural patterns which were computed using correlated noise signals:  

EOF/PC1— (+) one positive anomaly over the entire domain, EOF/PC2— (+ -) a 

positive anomaly in the west and a negative anomaly in the east, EOF/PC3— (- + -) a 

negative anomaly in the west, a positive anomaly in the center, and a negative anomaly in 

the east, EOF/PC4— (±) a positive anomaly to the north and a negative anomaly to the 

south, and finally EOF/PC5— (± ∓) positive anomalies in the northwest and southeast 

corners, and negative anomalies in the northeast and southwest corners.  These patterns 

also hold true for their inverses, where EOF/PC2 could also be defined as being (- +) with 

a negative anomaly to the west and a positive anomaly to the east, due to the reflective 

properties of EOF/PCs.  Buell’s (1975) work concluded that loading patterns produced 

via correlation analysis are dependent on the shape of the domain boundary, which has a 

large influence on the structure found in the EOF/PC patterns.   

In theory, it is thought that these issues in unrotated PCs highlighted by Richman 

(1986) can be minimized or negated by employing RPCA and analyzing rotated PCs.  A 

counter argument to Richman’s work was published by Legates (1991) in which he 

denounced Richman’s work saying it “inappropriately criticized” unrotated PCA.  This 

criticism of unrotated PC’s due to overdependence on domain shape was re-examined in 

Legates (1991) by using Buell’s correlation functions, studies cited by Richman, and  
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gauge corrected, global precipitation and global surface air temperature.  It was 

concluded by Legates (1991) that even though both fields, precipitation and temperature, 

were from the same domain and were mapped using rectangular projections, the resulting 

PC structures within PCs 1-4 were very different from each other.  Furthermore, his 

results indicated that the PC loading patterns were a function of the structure within the 

dispersion matrix and were only lightly influenced by the domain shape.  Additional 

information about PCA and RPCA methods can be obtained from:  Smith (2002); 

Hannachi (2004); Kutzbach (1967); Richman (1986); Buell (1975, 1979); and Legates 

(1991). 

Given the aforementioned findings and arguments over the usefulness and 

limitations of PCA, it was deemed necessary to screen our own results to assure that they 

did not suffer from a Buell sequence scenario.  It was found, as is shown in the Results 

Chapter in Fig. 13, that our PC loading patterns did not follow the Buell sequence, and 

were considered valid in this respect.   

 

c. Background:  Selected Global Climate Indices 

 1) Pacific North American (PNA)   

(i) Background Information 

The Pacific North American teleconnection index (PNA) is known to be one of 

the most prominent modes of low frequency variability in the extratropical regions of the 

Northern Hemisphere (NCDC 2014a).  Wallace and Gutzler (1981) aided in the 

identification of this oscillation pattern through their analysis of a dataset containing 

monthly mean sea level pressure (SLP) and 500 hectopascal (hPa) geopotential heights 

for a 15 year period.  Their research focused on the study of teleconnections, during 
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which they sought to identify and document reoccurring spatial patterns that operated on 

a temporal scale of a month or longer during the Northern Hemispheric winter.  The PNA 

and NAO (described below in this chapter) were strongly evident in their data.  The PNA 

was found to be associated with a N-S seesaw pattern in the central Pacific which acted in 

tandem with action centers of SLP over western Canada and the southeastern U.S. 

(Wallace and Gutzler 1981).  Furthermore, Wallace and Gutzler (1981) found that the 

PNA pattern was more clearly defined at mid-tropospheric levels than at the surface, 

where the horizontal structure at mid-levels (500 hPa) tended to be wavelike in nature 

with multiple centers of action, while the corresponding patterns at the Earth’s surface 

were apt to be more localized.  Previous to this work by Wallace and Gutzler, Allen et al. 

(1940) documented the existence of a negative correlation during the cold portion of the 

year between the SLP in the Aleutian Low and the Rocky Mountains over the western 

U.S.  They found that this correlation was most pronounced in the seasonal statistics, 

somewhat less pronounced in the 5-day mean statistics, and only weakly evident in the 

daily variation.  

The PNA pattern, among others used in this study, is identified by using Rotated 

Principal Component Analysis (RPCA).  This technique is used by the Climate Prediction 

Center (CPC) to confine individual primary teleconnection patterns for all months and 

construct a time series of these.  For the data set produced by the CPC, this RPCA 

technique is applied to monthly mean standardized 500 hPa height anomalies generated 

via the Climate Data Assimilation System (CDAS) for the area of 20°N-90°N between 

January 1950 and December 2000 (CPC 2014a).  Additional information about these 
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calculations can be found by referencing the documentation on the CPC website 

(http://www.cpc.ncep.noaa.gov/products/precip/CWlink/pna/pna_loading.html).  

The PNA index is defined as being in either one of two phases, positive or 

negative, each operating on a temporal scale of weeks to months—estimation based on 

historical PNA values (NCDC 2014a).  The determination of phase is calculated by 

projecting the PNA loading pattern onto the daily 00Z 500 hPa height field over the 

region of 0°N-90°N.  The PNA loading pattern is defined by the CPC as the second 

leading mode of the RPCA of monthly mean 500 hPa heights during the period of 1905-

2000 (CPC 2014b).  This second leading mode of variation is comprised of four distinct 

areas of height anomalies.   

These four locations make up a quadripole pattern with centers of like sign, 

positive or negative, situated in two distinct groups:  1.  Near Hawaii and the inter-

mountainous regions of North America (the Rocky Mountains),  2.  South of the Aleutian 

Islands and the southeastern United States (U.S.).  These locations are depicted as general 

centers for anomalous geopotential height features; however, the actual spread and 

position of these anomalies may extend further or shift into other territories—for 

example, the center over southeastern U.S. may extend over the entire eastern seaboard of 

the U.S. and Maritime Canada to include New England, Nova Scotia, etc.  During a 

positive PNA phase, seen in Fig. 1, above average heights are prominent in the vicinity of 

Hawaii and the Rockies, while below average heights are centered over the southeastern 

U.S. and the North Pacific south of the Aleutian Islands.  Corresponding areas of troughs 

and ridges, below/above normal geopotential height centers respectively, influence 

circulations at the surface resulting in changes in regional temperature, SLP, moisture, 
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etc.  Along the East Coast, below average temperatures are associated with below 

average heights due to surging of continental polar airmasses from Canada into the region 

caused by the circulation influenced by the trough.   

 

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.  Positive PNA:  Areas of geopotential height anomalies.  Red (blue) circles 

indicate the approximate location of above (below) average heights at 500hPa.  The 

position and spread of areas of geopotential height anomalies associated with the positive 

PNA are dependent on individual events.  NOTE:  Due to the map projection used in this 

figure, location centers shown and spread of height anomalies are approximate.   

 

 The opposite pattern, seen in Fig. 2, is observed during a negative PNA phase.  

Along the East Coast of the U.S., above average temperatures are associated with the 

above average heights due to the influx of warm, moist air flowing into the region from 

the Gulf of Mexico that is influenced by the circulation into and around the ridge.  The 
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centers of anomalous mid-tropospheric heights associated with the PNA were illustrated 

in a study by Dickson (1977) who composed a composite 700 hPa anomaly chart from 

five winters which were noted to have had below average temperatures over the eastern 

U.S.  The composite map showed a strong 700 hPa ridge of anomalously high heights 

which extended from the Pacific Northwest of the U.S. to the Alaska-Canada border, and 

two centers of anomalously low heights in the location of the Aleutian Low and along the 

east coast of the U.S., creating a positive PNA pattern.  

m 

 

 

 

 

 

 

 

 

   

 

 

 

 

 

 

 

Figure 2.  Negative PNA:  Areas of geopotential height anomalies.  Same as Fig. 1, 

but for the negative phase of the PNA.  Bolded circles indicate areas of stronger 

anomalies.   

 

These patterns are closely linked to large fluctuations in the strength and location 

of the East Asian jet stream and the associated East/West migration of the exit region of 
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this jet.  The position of the exit region of the East Asian jet stream, in addition to the 

locations of the centers of anomalous geopotential heights, can aid in identifying the 

phase of the PNA.  During a positive PNA, the exit region of the jet moves eastward 

toward the U.S. and allows for greater opportunity of cyclogenesis and trough deepening 

(anomalously low heights) over the eastern North Pacific Ocean.  These below average 

geopotential heights centered south of the Aleutians make up the primary trough in the 

synoptic-scale wave pattern present during a positive PNA.  To the east of this trough 

during a positive PNA, there is a ridge of above average heights centered over the Rocky 

Mountains, followed by another trough of below average heights over the eastern U.S.  

The positions of these troughs and ridges greatly affect temperature patterns throughout 

the U.S., including New England.  The resulting trough over the eastern seaboard of the 

U.S. during a positive PNA allows for the flow of continental polar air from Canada into 

the eastern U.S., causing below average temperatures in these areas.  

A westward retrogression of the exit region within the East Asian jet is indicative 

of a negative PNA.  This inverts the synoptic wave pattern and leads to the presence of a 

center of anomalous above average heights over the eastern seaboard of the U.S.  The 

presence of this ridge allows for the flow of moist, warm air from the Gulf of Mexico 

across the eastern U.S., leading to warmer than average temperatures in New England.   

 

(ii) PNA and U.S. Climate:  Previous Research   

In a study by Leathers et al. (1991), a modified PNA index was calculated to 

highlight changes in index values caused by the propagation of wave energy in the North 

American sector.  Using index values calculated from 1947 to 1982 and regional climate 
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data, correlations with temperature were produced for nine months out of the year, 

excluding summer. The summer seasons were specifically excluded in their study since 

weather patterns during that time of year in the mid-latitudes are primarily dominated by 

convection and not the synoptic scale upper level flow—the principal forcing involved in 

global climate indices.  The strongest correlations were found during the peak winter 

months, notably January, when high negative correlations were found over the 

southeastern U.S., strong positive correlations were present over the northwestern U.S., 

and a tight gradient was located between these opposing correlation sectors over the 

central plains and into New Mexico.   

These centers of high negative and positive correlation were explained by the 

amplification and dampening of the mean 700 hPa flow over North America.  High 

negative correlations in the southeastern U.S. were indicative of below average 

temperatures during positive index years, and above average temperatures during 

negative index years.  During positive index years, there was an enhanced meridionality 

of the 700 hPa flow which lead to a deepening of the trough over the eastern U.S.  The 

southern displacement of this trough allowed for the flow of continental polar and Arctic 

airmasses to surge into the southeastern U.S. with higher frequency, leading to below 

normal temperatures.  In addition to this deepened trough, the amplification of the ridge 

over the northwestern U.S. aided in the increased frequency of cold air outbreaks in the 

eastern U.S. because the ridge extended into higher latitudes in northwestern Canada.  

The opposite occurred during negative index value years during winter.  The polar jet 

stream was displaced further northward than usual over the eastern U.S. which reduced 

the occurrence of cold air surges into the eastern U.S., particularly the southeastern U.S., 
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and allowed for more frequent movement of maritime tropical air into the Eastern 

Seaboard. 

Each month had different peak correlation values centered in different portions of 

the U.S. that were dependent on the time of year, and the migration of the position of the 

mean stationary Rossby waves (Leathers et al. 1991).  The strongest correlations between 

temperature and the PNA in this study, with values between 0.7 and 0.8, were in the 

month of January, and were located in the southeastern and northwestern portions of the 

U.S.  The correlation values in the northeastern U.S., the focus area of our study, were 

shown by Leathers et al. (1991) to be weak, with only about 20-30% of the variance in 

temperature correlated with the PNA.  These results were dependent on the time of year 

and have potential to be biased because the calculated index values used were of their 

own derivation.   

The correlation patterns generated by Leathers et al. (1991) were shown to be 

most predominant during the fall-spring seasons, while very weak patterns may or may 

not have been present during summer depending on the location in question.  This is 

primarily because synoptic and mesoscale weather patterns in North America during the 

summer months are driven predominantly by convection.  It was expected for our study 

that the PNA would have little to no correlation with meso-alpha scale climate variation 

in New England in summer, and a stronger correlation values during colder months of the 

year.  (Note:  The “meso-alpha” scale referenced here and throughout the remainder of 

this study refers to the definition set by Fujita in 1986 as being an area with dimensions 

between 200 and 2000 km (COMET 2014)—New England falls within this domain).   
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The findings by Leathers et al. (1991) were in contrast to findings from a study by 

Bradbury et al. (2002) in which they used indices of their own calculation to quantify the 

mean longitudinal location of the common East Coast pressure trough and relative 

intensity of this trough at 45° N.  This was done in order to compare these indexes to 

regional meteorological records of winter precipitation, temperature, and snowfall in New 

England in an attempt to find connections between regional sea surface temperatures 

(SST), the NAO, and the PNA.  They found that despite relationships between their 

trough intensity index and both the regional SSTs and the PNA, there were no significant 

correlations between the PNA and any of the New England climate variables, whether 

winter mean or monthly, that they studied.     

 

2) North Atlantic Oscillation (NAO) 

(i) Background Information 

The North Atlantic Oscillation (NAO) index is one of the most prominent modes 

of variation over the North America with a signal being reported in all months (Barnston 

and Livezey 1987).  Its pattern is identified via the same method as that of the PNA and 

index values are generated by comparing the NAO loading pattern to the daily anomalous 

500 hPa heights between 0-90° N (NCDC 2014b).  The NAO consists of a north-south 

dipole of mid-tropospheric pressure centers, seen in Fig. 3, that fluctuate in strength and 

location based on phase and season, respectively.  This index can also be measured via a 

station based approach, known as the Hurrell NAO Index, which utilizes SLP as a means 

of comparing strength of the two pressure centers at the surface (UCAR 2016).  These 
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pressure centers are defined as being roughly located near Greenland (the Icelandic Low) 

and between 35-40° N over the North Atlantic Ocean (the Azores High) (CPC 2014c).   

 

 

             
 

Figure 3.  Positive NAO:  Areas of geopotential height anomalies.  During a positive 

NAO, there is a characteristic strengthening of the Iceland Low (blue) and the Azores 

High (red).  NOTE:  The position and strength of these centers of pressure are dependent 

on season and vary on an event-to-event basis. 

 

The phase of the NAO, whether positive or negative, is determined by the 

strength of these pressure centers and can persist for months at a time.  The location of 

this pressure dipole is regulated by season, migrating southward in winter and northward 
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in summer (Barnston and Livezey 1987).  During a positive NAO, seen in Fig. 3, a 

strengthening of both pressure centers occurs, which correlates with a deepening of the 

low pressure to the north, resulting in below average heights, and a strengthening of the 

high to the south, resulting in above average heights.  The subsequent increase in the 

pressure gradient between these two centers of pressure results an increase in the strength 

of the Westerlies in this region.  The increased geopotential height gradient between these 

strong pressure systems causes an increase in the strength of upper level winds and the jet 

stream is often “threaded” through the middle of the pressure dipole.   

The strengthening of the westerly winds allows for the drainage of cold air from 

the North American continent (NCSU 2014a).  The transport of the cooler air away from 

the continent prevents it from damming up along the eastern U.S. and leads to above 

average temperatures in this region.  These anomalous temperatures, in addition to the 

increased upper level winds that alter storm tracks, are predominant factors in the wetter 

than average winter seasons experienced in the northeastern U.S. during a positive NAO 

(NCSU 2014a).    

A negative NAO, seen in Fig. 4, is characterized by a weakening of both the low 

near Greenland and the high near the Azores.  This characteristic weakening of the 

westerly winds over the North Atlantic Ocean at upper levels, due to decreased pressure 

gradient between pressure centers, affects the placement and structure of the jet stream.  

The jet stream tends to be more variable and often digs into the eastern portion of the 

U.S.  This troughing of the jet stream, in addition to the weak Azores High located in the 

northern Atlantic, can induce a blocking pattern.  These mechanisms can allow for 

persistent cold air outbreaks, due to the surging of continental polar air into the base of 
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the trough over the eastern U.S., that occur at a higher frequency in this region when a 

negative NAO pattern is present.   

 

 

             
 

Figure 4.  Negative NAO:  Areas of geopotential height anomalies.  Same as Fig. 3, 

except for the negative phase of the NAO.   

 

It was hypothesized in our study that the NAO would show correlations to meso-

alpha scale climate signals in New England during all months of the year, with below 

average temperatures and pressures being found during negative NAO phases, and above 

average temperatures and pressures being present during positive NAO phases.  
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(ii) NAO and U.S. Climate:  Previous Research  

In a study of the effects of the NAO on winter season precipitation type and 

distribution in the eastern U.S. by Durkee et al. (2007), it was found that positive NAO 

phases tend to be associated with significant increases in both observed rainfall 

occurrences across their study area and increased snowfall frequency in northern portions 

of the eastern U.S.  The cause of the increased precipitation observations of rain versus 

snow within the winter season were determined to be due in part to the connection 

between the phase of the NAO and the dominant synoptic scale circulation patterns.  

During positive NAO phases, the increased zonal pressure gradient between the 

intensified dipole pressure pattern of the Icelandic Low and the Azores High caused an 

increase in the amount of warm, moist air advected into the eastern U.S.  The location of 

the jet stream was affected by the presence of an increased pressure gradient and became 

more zonal in nature, creating a barrier between maritime tropical air to the south and the 

continental polar airmass located just north of this barrier.   

The opposite situation was reported when negative phases of the NAO were 

present.  A mutual decrease in the strength of both centers of pressure in the dipole 

pattern resulted in a weakening of the westerly winds.  The equatorward migration of 

both pressure centers in winter, the temporal focus of their study, was shown to aid in the 

observed increase in frequency of cold air outbreaks due to the Azores High acting as a 

blocking mechanism which may often persist over the North Atlantic (Durkee et al. 

2007).  The equatorward translation of the Azores High aided in the amplification of the 

jet stream-induced synoptic scale trough/ridge wave pattern over the eastern U.S.  There 

was a significant deepening of the trough, with a mean location over the eastern U.S., 
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during negative NAO phases, which allowed for the transport of continental polar and 

Arctic airmasses within the trough leading to a greater number of cold air outbreaks in 

this area.  These findings were also supported by Yarnal and Leathers (1988) and 

Shabbar et al. (2001) who noted an increase in the frequency of a digging troughs 

associated with cold air outbreaks along the East Coast.  In addition, Bradbury et al. 

(2003) found that extreme negative NAO phases associated with persistent blocking 

patterns over the North Atlantic act to modify the normal track of U.S. coastal storms, 

leading to a decrease in snowfall totals in central New England.  This deficit in snowfall 

during a strong, negative NAO phases was shown to be attributed to an increase in the 

amount of polar air advected in the New England region as a result of the blocking 

pattern, which acted to inhibit coastal storms from tracking through the region as they 

would in the absence of a blocking mechanism. 

Although it was found by Durkee et al. (2007) that statistically significant 

increases in rainfall/snowfall occurrences were observed during positive NAO phases, 

correlations with SSTs and existing snow cover were also acknowledged in their study to 

be potential factors in the outcome of their conclusions.  Other studies, including Konrad 

(1998), examined the possibility that regional surface temperatures, which are directly 

linked to the type of winter precipitation produced, are also strongly connected to other 

low frequency modes of variation such as the PNA.  The NAO, however, is the only 

mode found in all seasons (Rogers 1990) and accounts for roughly one-third of the 

surface temperature variance over the entire northern hemisphere and one-third of the 

SLP variance over the North Atlantic Ocean between December and March (Hurrell and 

Dickson 2004).  Bradbury et al. (2002) confirmed the importance of the NAO as a 
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mechanism for New England climate variability, concluding that longitudinal translations 

of the East Coast trough correlated to the NAO was a potential mechanism that linked the 

North Atlantic to winter climate variability in New England.  They went on to further 

indicate that the NAO was significantly related to regional winter temperatures in New 

England (with the exception of northern Maine), and that the addition of the NAO to their 

multiple linear regression improved the model by 10%.  These findings further reinforce 

the idea that the NAO is a leading mode of variation for variables such as temperature, 

SLP, and precipitation, and vapor pressure by association; however, it is not the only 

major global scale forcing mechanism of these variables at regional level in areas such as 

New England.   

It is important to mention here that the Atlantic Oscillation (AO) pattern is closely 

linked to the NAO.  The AO consists of an opposing pattern of pressure between the 

Arctic and the Midlatitudes (NCSU 2014a).  When the AO is in a positive phase, there 

are below average heights present, indicative of an increase in strength of the low 

pressure.  When this occurs, there is a subsequent increase in the pressure gradient 

between the center of this low pressure and higher pressure to the south, which increases 

the strength of the prevailing westerly winds, keeping storm tracks further north.  The 

opposite occurs during a negative AO, when above average heights are present in the 

mid-troposphere.  This weakening of the cyclonic circulation causes a decrease in the 

strength of the westerly winds, allowing for artic air to surge southward in the U.S. and 

pushing storm tracks southward.  This southward plunge of frigid, dry air has recently 

been colloquially deemed as the “Polar Vortex”, named after the polar circulation from 

which it originates.  The NAO and AO often share phases, such that when one is positive, 
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the other is as well, and vice versa; however, the AO pattern was not a teleconnection 

index that was chosen as a focus of this research, and is beyond the scope of this study.  

This decision to omit the AO from this particular study does not suggest that there is not 

value in exploring potential connections and correlations between these two 

teleconnection patterns and regional meteorological variables in New England. 

  

 3) El Niño Southern Oscillation (ENSO) 

 (i) Background Information 

 The El Niño Southern Oscillation index (ENSO) is known to be a dominant 

forcing in changing climate patterns across the globe (Rasmusson and Wallace 1983).  

ENSO is comprised of two distinct components, which are linked via air-sea interactions:  

the Southern Oscillation Index (SOI), and El Niño/La Niña.  The ENSO cycle refers to 

the connection between fluctuations in SLP in the South Pacific Ocean and shifts in SST 

over the central and eastern equatorial Pacific.  ENSO episodes can persist anywhere 

from two years to a decade and have been shown to have profound effects on climate 

variability all over the globe including, but not limited to, monsoon rainfall and 

wintertime circulations over the mid-latitudes in the Northern Hemisphere (Rasmusson 

and Wallace 1983).   

The SOI is defined as the bimodal fluctuation in SLP between the subtropical 

high over the southeastern Pacific and the low pressure that stretches across the Indian 

Ocean from Africa to northern Australia.  This index is designed to measure the strength 

of the phase of the Southern Oscillation and is a representation of the standardized SLP 

differences between Tahiti, French Polynesia and Darwin, Australia.  These stations are 
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used for the longevity of their data sets (CPC 2014d).  The index values for the SOI are 

calculated by using an equation provided by NOAA (shown below) which takes the 

difference between the standardized Tahiti SLP and standardized Darwin SLP and 

divides by the monthly standard deviation (NCDC 2014c).  More information about 

calculation specifics may be obtained from the NCDC. 

 

𝑆𝑂𝐼 =  
(𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑖𝑧𝑒𝑑 𝑇𝑎ℎ𝑖𝑡𝑖 𝑆𝐿𝑃−𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑖𝑧𝑒𝑑 𝐷𝑎𝑟𝑤𝑖𝑛 𝑆𝐿𝑃)

𝑀𝑜𝑛𝑡ℎ𝑙𝑦 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛
       (2) 

 

A negative phase of the SOI is said to be occurring when there is lower than 

average SLP at Tahiti and higher than average SLP at Darwin.  The opposite is true for 

positive phases of the SOI.  Positive SOI phases accompany La Niña phases, while 

negative SOI phases are present during El Niño phases (CPC 2014d).   These phases are 

illustrated in Fig. 5.   

The accompanying phases of El Niño and La Niña are distinct in nature and are 

fairly predictable using tethered buoy data from the Tropical Atmospheric Ocean (TAO) 

project (NOAA 2014).  This is possible due to the nature in which these phases change.  

An El Niño (La Niña) phase is defined simply as a deep layer of warmer (cooler) than 

average SST’s that span over the central to eastern equatorial Pacific Ocean.  A neutral 

ENSO regime is defined as occurring when no significant SST’s anomalies are present.  

A precursor event of warming or cooling, depending on approaching phase, of sub 

surface SST’s occurs before the phase shift (NCSU 2014b).  This phenomenon allows for 

the TAO array of buoys to capture the changing SST’s at depth before they arrive at the 

ocean surface and a phase shift occurs.   
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Figure 5.  ENSO Warm and Cold Phases:  ENSO warm (cold) phases often coincide 

with negative (positive) SOI index values and warmer (colder) than average SST’s in the 

equatorial Pacific.  Here, warmer and colder than average SST’s are depicted in red and 

blue, respectively.  

 

Each phase of ENSO, typically defined by the state of the El Niño/La Niña, has 

distinct effects on climate and weather patterns across the globe, including significant 

influences on jet stream location in North America (CPC 2014d).  The shifting position 

of the warmer waters in the equatorial pacific has a profound effect on the location of the 

polar jet stream, which in turn affects storm tracks over North America.  During warm 

phases of ENSO (El Niño), the jet stream becomes displaced southward into the Eastern 
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Pacific—the amplitude of this trough in the jet is related to the strength of the warm 

phase.  During cold phases (La Niña), the same trough can be found, but its location is 

further to the west toward the Central Pacific (NWS 2014b).  It has been shown that 

ENSO phases are typically stronger during December-April because equatorial SST’s are 

the warmest during this time of year (CPC 2014d).  A slight warming or cooling of the 

SST’s during these months can cause significant deviations in an array of atmospheric 

variables across the globe that will lead to redistributions in rainfall and temperature 

patterns.  During winter, strong warm ENSO episodes will cause the Pacific jet to split 

into northern and southern tiers over North America and allow for wetter conditions over 

the southern U.S. and milder conditions over the northern U.S.  Coastal storms are also 

said to develop more frequently in the eastern U.S. during warm phases of ENSO (NWS 

2014a).   

Seasonal variations within cold phases of ENSO tend to be opposite that of warm 

phases and are associated with a higher amount of variability in both the jet stream and 

synoptic scale circulations (CPC 2014e).  Climate variables, such as temperature 

distribution and precipitation amounts, tend to become more variable in nature and the 

eastern U.S. experiences fewer coastal storms and a higher frequency of Alberta Clippers 

(fast moving storm systems that track in a fairly direct west-to-east fashion across the 

northern U.S.).  The central and eastern portions of the U.S. are also prone to an 

increased occurrence of cold air outbreaks when cold ENSO phases are present (NWS 

2014a).  There can be considerable variability in ENSO effects from one like phase to 

another, but the effects of cold phases tend to be more inconsistent between like phases 

(simply put, each warm episode can produce different synoptic scale weather patterns, 
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but the predominant weather patterns associated with cold ENSO phases tend to be much 

more inconsistent over time than those of warm ENSO) (NWS 2014a).   

Index values for cold and warm phases of ENSO are represented by the 

Multivariate ESNO Index (MEI).  The MEI, as calculated by NOAA Physical Sciences 

Division (PSD), is the first unrotated PC of the following six observed variables:  SLP, 

zonal (U) and meridional (V) components of surface wind, surface air temperature, total 

cloudiness as a fraction of the sky, and SST anomalies in four specific geographic regions 

within the equatorial Pacific Ocean that are depicted in Fig. 6 (PSD 2014).   

 

Figure 6.  Niño Regions:  The division of the equatorial pacific for measurement of 

different Niño index calculations.  Figure from Columbia University Earth Institute (2014). 

 

The NCDC defines warm ENSO phases as occurring when SST anomalies equal 

to or greater than 0.5°C are present in the Niño 3.4 region, and the presence of SST 

anomalies less than or equal to -0.5°C in the Niño 3.4 are indicative of cold ENSO phases 

(NCDC 2014d).  The NCDC also publishes an Oceanic Niño Index (ONI) in which SST 

anomalies are averaged over three month periods ending with the current month of the 

year.  If the ONI indicates a value corresponding to a warm or cold ENSO phase for five 

consecutive months or more, it is officially named an El Niño or La Niña event (NCDC 

2014d).   
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(ii) ENSO and U.S. Climate:  Previous Research  

In a study by Ropelewski and Halpert (1986), precipitation and temperature 

patterns associated with different ENSO events were analyzed to determine which 

specific geographical regions within North America defined for their study are correlated 

to the presence of an ENSO phase itself.  It was found that their predefined “Gulf and 

Mexican Area” and “Great Basin” areas of the study were the only areas in North 

America whose precipitation patterns were directly forced by ENSO phases, while 

“northwest North America” and “southeast U.S.” regions had the highest (significant) 

correlations to temperature patterns.  It was acknowledged, however, that although no 

other areas in this study showed significant ENSO related responses, did not rule out the 

possibility of ENSO in these areas as well.  Instead, the addition of the influence by the 

PNA (and possibly other indices not implicitly noted in their study) may help explain a 

greater amount of climate variability, further reinforcing the intrinsically dynamic nature 

of global teleconnections and the inherent nature of their strength and effects on regional 

climate to be related to one another.  

 

 4) Pacific Decadal Oscillation (PDO) 

 (i) Background Information 

 The Pacific Decadal Oscillation (PDO) is a dominant pattern of climate variability 

in the North Pacific defined by warm and cold phases of SST that occur north of 20°N 

latitude.  The PDO is very similar to ENSO in its appearance, but these two climate 

patterns are distinguishable via a few key differences.  The temporal scale of PDO phases 

are on the order of 20-30 years, while ENSO phases persist on time scales of months to 
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years (Mantua and Hare 2002; CPC 2014d; NRC 1998).  The effects of the PDO are most 

evident outside of the tropics, especially in North America and the North Pacific, and 

have a diminished significance in the tropics.  The opposite is true for ENSO, which 

dominates in the tropics—the majority of its variability occurs in the equatorial Pacific.  

The mechanisms responsible for the PDO are also poorly understood, whereas the causes 

for shifts in ENSO phase are reasonably well understood and can be attributed to a single 

physical mode of ocean variability which can be represented by the fluctuating pressure 

differences between Tahiti and Darwin.  

 There are two distinct phases of the PDO, warm and cold, and evidence for just 

two full cycles of this index have been found since the beginning of the 20th century 

(Mantua and Hare 2002).  The warm phase of the PDO, seen in Fig. 7, is characterized by 

below average SSTs that cover a broad area of the northern Pacific, and a horseshoe 

shaped area of warmer than average SSTs just south of the Aleutian Islands that hugs the 

coastline of North America before jutting back out into the Pacific, effectively wrapping 

around the area of anomalously cooler SSTs.  The opposite pattern of anomalous SSTs 

temperatures is present during a cold PDO phase—also depicted in Fig. 7.  These patterns 

of cooler and warmer than average SSTs alter the pattern and strength of the Pacific jet 

stream and, in turn, influence changes in storm track and thus regional climate variables, 

like snow pack depth (Mantua 2014).  In a study by Verdon and Franks (2006), it was 

suggested that the PDO and ENSO interact, working to amplify the effects of both or 

diminish them.  It was also stated in their results that if the PDO and ENSO are in the 

same phase, the effects of each may be strengthened due to mutual amplification, while 
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the opposite may occur when they are out of phase with each other, preventing the true 

effects of ENSO from occurring. 

 

 

             
 

Figure 7.  Warm and Cold Phases of PDO:  Red (blue) areas above indicate regions in 

the central Pacific where above average (below average) SSTs are present.  The 

“horseshoe” shape of the SST anomalies is a signature of the PDO pattern.   
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 (ii) PDO and U.S. Climate:  Previous Research  

 Many of the climate anomalies associated with the PDO are broadly connected to 

those expressed by ENSO phases.  In a study by Mantua and Hare (2002), correlations 

between the PDO index during November to April and 0.5 degree gridded global surface 

temperatures and precipitation were computed.  It was shown that warm phases of the 

PDO accompany wetter than average conditions in the southwestern U.S. and drier than 

average conditions in what was described as a zonally elongated belt from the Pacific 

Northwest to the Great Lakes and Ohio Valley.  Warm phases of the PDO were also 

shown to be linked to warmer than normal temperatures in northwestern North America 

and cooler than average temperatures in the southeastern U.S. (Mantua and Hare 2002).  

Their research suggested that relationships between the surface air temperature and 

precipitation in the northeastern U.S. and the PDO were weak or non-existent.   

  The PDO index, as defined and used by the NCDC, is calculated by regressing 

NOAA’s extended reconstruction of SSTs (ERSST) against the Mantua PDO index 

(NCDC 2014e).  The NCDC PDO index is similar to that of the Mantua Index.  The 

Mantua PDO index was developed by Hare (1996) and Zhang (1996) and is defined as 

being the leading principal component from an unrotated empirical orthogonal function 

(EOF) analysis of monthly “residual” North Pacific SST anomalies measure poleward of 

20°N.  “Residual” is defined as the difference between the observed anomalies and the 

monthly mean global average SST anomaly (Mantua and Hare 2002). 

Research on the mechanisms that cause the PDO and its effects on regional 

climate in North America are ongoing.  The absence of a more thorough understanding of 

the atmospheric and oceanic devices at work that cause a shift in phase of the PDO to 
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occur limit our ability to make forecasts for its change.  Furthermore, the global, 

synoptic, and mesoscale climate effects of each phase are still in review and more 

research is needed to show how this global teleconnection, along with the rest listed 

above, can be scaled down to make them useful in synoptic and mesoscale modeling. 

 

 5) Effects of Indices on the New England Region 

 Each of these indices can be correlated to different meso-alpha scale climate 

variables to see how much of the variance of each is explained by individual 

teleconnection patterns.  In a study performed by Ning and Bradley (2014), correlations 

between meso-alpha scale precipitation patterns in New England and five teleconnection 

patterns (PNA, NAO, ENSO, PDO, and AMO) were computed to determine how much 

of the variance in the observed monthly precipitation during winter during the years of 

1949-2010 could be attributed to these global indices.  Winter was defined in their study 

as January-March due to the persistence of winter weather patterns in this portion of the 

U.S. (Ning and Bradley 2014).  EOFs of precipitation were computed and three leading 

patterns were found to represent nearly 60% of the total variance.  These three patterns 

were then correlated with the five global climate indices to determine how much of the 

variance within each of the three leading modes of precipitation variation could be 

attributed to each index.   

The primary mode of variation, a uniformly negative distribution of precipitation 

values indicating a deficit in precipitation, represented 30.6% of the precipitation 

variance and was shown to have the strongest correlation (0.37) with the PNA.   This 

correlation value was explained by explicitly disregarding the effects of ENSO forcing.  



31 

High PNA values caused a more zonal wave train pattern to dominate the eastern half of 

the U.S. leading to a negative height anomaly over the Eastern Seaboard of the U.S. in 

the 500 hPa flow.  This negative anomaly induces a cyclonic circulation over the area, 

inhibiting the flow of moisture from the Gulf of Mexico and the Atlantic Ocean and thus 

reducing the amount of precipitation.  The position of this anomalous trough, present 

during positive PNA phases, would be expected to also attribute to below average SLP 

and temperatures as colder airmasses migrate with the upper level flow from Canada to 

the eastern U.S.  

The second mode of variation, a north-south (negative-positive) precipitation 

pattern with a reversal in sign at approximately 40°N, represented 14.6% of the 

precipitation variance and was shown to have the strongest correlation with the Atlantic 

Multidecadal Oscillation (AMO) (0.24) and the NAO (0.20).  During high NAO years, 

significant SLP anomalies were found over northern portions of the northeastern U.S. 

with the boundary between positive and negative SLP anomalies existing at ~ 40°N—

consistent with the boundary in the precipitation variation field.  Ning and Bradley (2014) 

showed that the area of higher SLP found in the anomaly field acted as a blocking 

mechanism and prevented winter storms from traveling further north leading to a deficit 

in precipitation there.  The AMO, which is defined through SSTs over the North Atlantic 

Ocean, was also found to be the cause of a significant amount of variance in mesoscale 

precipitation even though it operates on a temporal scale around 50 years in length 

(McCabe et al. 2004).  Focusing on the NAO for its relevance to our study, it is expected 

that the position and structure of the jet stream with relation to NAO phase will be the 

determining factor in regional climate differences caused by this forcing mechanism.  A 
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zonal jet pattern, as seen in Fig. 3, will allow for the division of continental polar air to 

the north of the jet and maritime tropical air to the south.  A more dynamic jet pattern 

with a mean trough axis through the Midwest, as seen in Fig. 4, will bring colder, drier 

air into the area.  These patterns are linked to the warmer/colder than normal 

temperatures that one would expect with positive/negative NAO patterns, respectively.   

 The third mode of variation, a coastal-inland pattern with a positive maximum 

over the East Coast and a negative maximum over the Ohio Valley with a border along 

the Appalachian Mountains, represented 13.6% of the precipitation variance and was 

shown to have strong correlations with the PNA (0.45) and ENSO, specifically NINO3 

(0.43).  During high PNA years with ENSO forcing, a meridional wave train was present 

over the eastern U.S., which induced anomalous positive geopotential heights over the 

northeastern U.S. and anomalous negative geopotential heights over the southeastern U.S.  

These anomalies in the 500 hPa height field induced circulation patterns that led to a 

change in low-level moisture patterns.  The cyclonic circulation further south inhibited 

moisture transport from the Gulf of Mexico to the Ohio Valley, but increased the amount 

of moisture flow from the Atlantic Ocean into the northeastern coast of the U.S.  In 

addition, the ENSO forcing during strong El Niño years was determined to be the cause 

for an increased number of winter storms originating in the Gulf of Mexico that traveled 

up the eastern seaboard.  These changes in circulation, moisture flow, and storm track 

due to PNA and ENSO forcings are directly linked to the precipitation patterns that were 

found in the third EOF.   

The research by Ning and Bradley (2014) offers insight to how individual global 

teleconnection patterns affect meso-alpha scale precipitation.  It also, however, provides 
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evidence that global climate indices are not independent of each other and, when their 

effects are combined, they account for a greater amount of regional climate variability in 

New England than one index alone.   

 

6) Our Research Goals 

In the case of our research, the following scientific questions were examined 

using the assumption that indices can act independently of each other. The objectives of 

this research will address the following questions:   

 What are the Principal Components of meso-alpha scale meteorological 

variables for New England, specifically surface temperature, SLP, and 

surface moisture fluctuations (represented by vapor pressure)?   

 How do these meso-alpha scale climate variables correlate with each other 

and what is the time lag between them?   

 What is the correlation between these PCs and the global scale 

teleconnection index values of the PNA and NAO?   

 Finally, what is the time lag between the onset of shifts in teleconnection 

index values and changes in meso-alpha scale weather pattern 

observations? 

The PNA and NAO were selected out of the original set of teleconnection indices 

discussed above due to time restraints and data restrictions, which are discussed in the 

Data and Methods section.  For the purpose of future work, and possibly a more 

comprehensive study worthy of being a dissertation, the background information on the 

indices not used in this study was retained in the background chapter.   
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In order to answer these questions, this study utilized PCA and other methods to 

quantify correlations between the PNA and NAO and meso-alpha scale climate 

variability.  These methods differ from those of Ning and Bradley (2014) and others 

mentioned in this chapter in that multiple linear regression was not applied and unrotated, 

as opposed to rotated, PCs were analyzed.  The results from the analysis were studied in 

order to explore connections between the teleconnection indices in question and their 

relation to temperature, SLP, and vapor pressure variability in the New England region.  

In addition to these results, the same process was repeated for the 2004-05 meteorological 

winter to determine potential differences between PCs generated using data from the 

meteorological winter verses those calculated using data from the entire year.  These 

results were not analyzed, but are addressed briefly in Appendix D for further study.  

Finally, suggestions for future works are made following the concluding discussion.  
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Chapter 2 

2.  Data and Methodology 

a. Data 

 The general area of study, New England—seen in Fig. 8, includes the following 

states:  Maine, New Hampshire, Vermont, Massachusetts, Rhode Island, and Connecticut.  

The New England area was chosen because its rough geographical center coincides with 

the location of where this research was performed, and also because of the current lack of 

studies of this nature that focus on the northeastern U.S.   

 

 

Figure 8.  A map of New England in which Plymouth, NH has been highlighted with a 

red star (Kappa Map Group, cited 2015). 

 

This region is of interest due to the fact that it is located at the terminus of the 

majority of low pressure system tracks exiting the country; but, it is this added 
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complexity that makes the regional downscaling of climate indices in the northeastern 

U.S. particularly challenging.  In addition, the proximity of the New England landmass to 

the Atlantic Ocean to its east and the presence of large mountain ranges, including the 

White Mountains, Green Mountains, Adirondacks, and Catskills, to its west provide an 

added layer of intricacy.  These factors, which contribute to the complexity of New 

England weather, are explicitly noted in the work of Keim, Meeker, and Slater (2005).   

Surface observations were chosen for this study, as opposed to RAOB data, for 

two reasons:  we are interested in the atmospheric interactions near the surface because of 

human habitation there, and also because there is an absence of upper air observation data 

over the ocean and limited coverage, both temporally and spatially, over land as well.  

Surface observations offer a greater wealth of data coverage, and the addition of buoy 

data allowed us to model important ocean-land interactions.   

The buoys, although a crucial dataset, were a limiting factor in this study.  Due to 

the small number of buoys with long term observation sets available in the Gulf of Maine 

and surrounding waters, the length of the dataset used in this study was limited to 11 

years.  Some interpolation based assumptions had to be made while using a data set as 

limited as buoys inherently are.  They are often subject to long periods of missing data 

due to the effort required to repair them when instrumentation fails.  The longest buoy 

datasets offered in the northeastern U.S. by the NDBC, where our data was procured, 

begin in roughly 1975 (NDBC 2015).  The majority of the buoys operated by the NDBC 

in the Northeast, however, offer yearly meteorological data beginning in 2004, hence the 

decision to use a 11 year dataset spanning from 2004-2014.  The necessity to shorten the 

dataset to 11 years was acceptable and supported by the nature of the global indices in 
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question, the PNA and NAO.  A single cycle of each of these indices operates with a time 

scale on the order of weeks to several months, as discussed in Chapter 1.  To properly 

resolve these phenomena and generate correlation coefficients, at least 10 repetitions of a 

cycle must be present in the dataset (S. Miller, PSU, 2015, personal communication).  

The 11 year dataset met this requirement.  

In addition to the data being limited temporally, the distribution of buoys in this 

region is very geographically skewed.  There is a large concentration of observation sites 

in coastal locations, but that number decreases rapidly as you go out to sea.  The 

southeastern edge of our study area was particularly prone to under-representation due to 

the complete lack of observation buoys past the continental shelf.  Using the rationale 

that the surface “texture” of the ocean is less complex and more uniform than the terrain 

found over land, it was assumed that changes in meteorological variables occur more 

“smoothly” across large areas of the ocean surface, compared to the sharp gradients 

found over land.  For this reason, it was deemed suitable to use what buoy observation 

sites were available to represent the entirety of the Atlantic that was included in our study 

area.   

The influence of the northernmost extent of the Gulf Stream, taken into account 

here due to its ability to completely modify the marine boundary layer, could not be 

resolved with the in-situ data that were available to us at the time of this study (Liu et al. 

2014).  The interactions of the Gulf Stream with the atmosphere directly above it are 

much too complex to be fully represented with the few buoys in our study area (more 

information about these ocean-atmosphere interactions can be referenced in text by 

Tomczak and Godfrey 1994).  In this research, we focused on studying the land and near 
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shore interactions—for this reason, it was acceptable to use what buoy data were 

available to us as the forcing for our grid for the ocean side of our domain. 

The final coordinates of the domain were chosen with the following in mind:  the 

climatological contiguousness of the New England landmass and the area around it, the 

restrictions of the dataset, and the meso-alpha scale that was previously defined.  The 

meso-alpha scale, as defined by Fujita (1981), is 200-2000 km and was adopted as the 

regional scale for this study; however, Holton defines synoptic scale as being greater than 

1000 km (Holton and Hakim 2013).  For this reason, we further limited the maximum 

length and width dimensions of our domain to 1000 km when defining the grid and data 

collection areas.   

 

 

Figure 9.  The operating grid with 191 observation points (land stations and buoys) 

plotted.  Image generated using MATLAB Airsea scripts developed by Miller (2015a). 
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The rectangular grid, hereby known as the operating grid which is seen in Fig. 9, 

had a northwest corner located at 47.9°N, -74.5°E and contains 28 grid points in the x-

direction and 35 grid points in the y-direction, each spaced 25 km apart for a total number 

of 980 grid points.  The grid spacing distance was chosen based on the distance between 

observation points.  By inspection, we find the average distance between a weather 

station and its nearest neighbor to be approximately 50 km (S. Miller, PSU, 2015, 

personal communication).  With the exception of some buoy locations, which are 

sporadic, we assume that we would be able to accurately interpolate meteorological 

values between a set of two weather stations with a grid spacing of 25 km.  

An additional two degrees in both latitude and longitude were added to the 

observation area outside of the operating grid to define the area from which data were 

collected, hereby called the data cloud, to interpolate to the empty grid points.  The 

addition of these two degrees latitude and longitude, chosen by adding three standard 

deviations of the smoothing parameter—a variable further explained in the Barnes 

Analysis section below, were added to force the edges of the operating grid in an effort to 

eliminate bias.  This area includes landmass that is outside of the New England territory.  

New England and its immediate surrounding landmass, including portions of 

southeastern Canada, were deemed to be climatologically contiguous due to the fact that 

the region as a whole exhibits many similar large-scale features.  With regard to 

teleconnections, the effects of these large-scale phenomena on meso-alpha scale 

variability within our grid boundaries were expected to be comparable throughout the 

entire region (B. D. Keim, LSU, 2014, personal communication).  It is also common 

practice to take territories with similar climate characteristics and classify them under a 
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singular climate description to perform studies with long term, historical data sets.  

Through climate analysis, the NCDC has divided the continental U.S. into nine 

climatologically contiguous regions, one of these being the “Northeast” (NCDC 2015f).  

Their classification includes all of New England, as well as the other states shown in Fig. 

10.  With this information in mind, it is acceptable to conclude that the entire area 

enclosed within our observation space has a climate contiguous enough to be considered 

uniform for our purposes.   

 

 

Figure 10.  The Northeast climate region, shaded in green, as classified by NOAA 

(NOAA U. S. Climate Regions, NCDC 2015f). 

 

 There were, at the time of this research, 86 buoys chosen from our data cloud over 

the Atlantic that met the temporal restriction for our dataset.  Many of the buoys were 

clustered together in areas near the coastline and very often contained fragmented 

datasets.  Therefore, to reduce the amount of computation time, the dataset was narrowed 

down using manual analysis.  Stations operating outside of the NDBC or NOAA that did 

not have data readily available from the NDBC online dataset were excluded from the 
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analysis.  There was an exception in two buoy locations, buoy numbers 44258 and 44137, 

where observations were crucial and data were not available directly from the NDBC.  

Data for these specific stations were downloaded from the NERACOOS database.  These 

stations were in the northeast corner of the grid where no other buoys were present.  In 

areas where the buoy concentration was high, only the buoys with the most complete 

datasets were kept.  The spacing of the buoys in these crowded data areas was also taken 

in to consideration, and those buoys containing dew point measurements, a crucial and 

often absent variable in these datasets, were kept regardless of distance to the nearest 

buoys.  An exception to this was made when a buoy nearby also contained a dataset with 

a more complete dew point record, in which case the more complete dataset was kept.  It 

is acknowledged that this process was subjective whereby the datasets where spot 

examined visually.  Buoy data were downloaded from the NDBC website and saved into 

flat ascii text files.  Each file contained metadata and one year of data with the following 

variables in hourly increments:  Woods Hole Oceanographic Institute-format (WHOI) 

dates, air temperature [°C or dC], dew point [°C or dC], sea level pressure [hPa], wind 

direction [angular degrees], and wind speed [m/s].  Wind direction and speed were not 

exclusively used in this study, but were retained for possible future analysis. 

 Land station locations and data used originated from NOAA (downloaded via 

NOAAPORT) and are maintained on the PSU database.  Dr. Samuel Miller (PSU) 

provided the datasets.  There were hundreds of land stations available within the 

observation grid and data cloud areas; therefore, a reduction of the dataset was necessary 

to reduce computation time.  It is known that land stations containing multiple numerical 

characters following their International Civil Aviation Organization (ICAO) identifier 
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may be less reliable and subject to datasets with limited meteorological variables due to 

them being fully automated and having no human input (S. Miller, PSU, 2015, personal 

communication).  Using this reasoning, stations containing multiple digits in their ICAO 

headers were eliminated from the dataset when they neighbored other stations which 

contained more complete datasets.  In addition, stations that were in proximity to well-

known and well-maintained stations, such as those at airports or regional weather offices, 

were eliminated as a quick way to reduce the density of the dataset.  We acknowledge 

that this method is subjective, but it provided a means of rapidly reducing the dataset as 

opposed to a time consuming manual analysis of hundreds of stations.   

 The final dataset contained 191 observation points, seen in Fig. 9, that were 

composed of both buoys and land stations.  These data were exported into 191 files that 

each contained an 11 year record of hourly observations for surface temperature (𝑇𝑠) 

[dC], dew point (𝑇𝑑) [dC], and sea level pressure (slp) [hPa].  The in-situ vapor pressure 

(e) [Pa] was computed using the equations provided below referenced from a text by 

Miller (2015b): 

a) The Classius-Clapeyron Equation: 

                       𝑒 = 𝑒0exp [
𝑙𝑣

𝑅𝑣
(

1

𝑇0
−

1

𝑇𝑑
)] (3) 

where e is the vapor pressure in pascals [Pa] which is being calculated, 𝑒0 is the 

reference vapor pressure (611.12 Pa), 𝑙𝑣 is the latent heat of vaporization (see 

equation 4), 𝑅𝑣 is the individual gas constant (461.21 J/KgK), 𝑇0 is the reference 

temperature (273.16 K or 0 dC), and 𝑇𝑑 is the observation dew point in dC as 

previously defined. 

  



43 

b) The Equation for the Latent Heat of Vaporization: 

 𝑙𝑣 =  𝑙𝑣𝑜 − (2369𝑇𝑐)     (4) 

 where 𝑙𝑣 is the latent heat of vaporization which is being calculated, 𝑙𝑣𝑜is the 

reference latent heat valid at 0 dC (2.5008 x 106 J/Kg), and 𝑇𝑐 is the observed 

temperature in dC.   

The latent heat of vaporization calculation provides a temperature dependent value, as 

opposed to a constant, that allows for a more accurate vapor pressure computation.  

Further information on these calculations can be referenced in Miller (2015b).  Vapor 

pressure was chosen as a measurement of surface moisture due to it being the most 

representative measurement of the amount of water vapor in the air.  Vapor pressure is 

the closest value to the actual physical quantity and it is easily sampled compared to 

precipitation, which has scattered measurement locations and is known to have inherently 

unreliable datasets due to the collection methods.   

 Once the values for vapor pressure were calculated and added to the existing 

datasets, a data filter was created using the Python scripting language which is referenced 

in Appendix B.  This filter was used to linearly interpolate bad/missing data points for 

periods up to a three-hour gap using a set of predetermined threshold values.  A three-

hour gap maximum was chosen based on the fact that linearly interpolated values would 

become increasingly unreliable beyond that point.  Threshold values were calculated and 

utilized as the maximum amount of change allowed in one hour for each of the three 

meteorological variables:  Temperature (TMP), Sea Level Pressure (SLP), and Vapor 

Pressure (VPR).  From this point forward,these variables will be referenced by their 

acronyms.  These threshold values were implemented in the script to allow the program 
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to decide when a bad/missing value was surrounded by data that was fit for interpolation.  

If the threshold value was not exceeded, the bad/missing value(s) would be linearly 

interpolated by computing the slope between the current observation point and its 

predecessor, and then using it to calculate new data points within the three-hour gap (if a 

gap that large was present).  If the threshold value was exceeded, the bad data would be 

marked as missing and missing data would remain marked as missing.   

 The threshold values were calculated two ways to find the most reliable values for 

each of the three variables in the dataset.  The first method was done via manual scrutiny 

of nine observation locations; three offshore, three near shore, and three inland.  In this 

study, blanket threshold values were chosen to represent the maximum amount of hourly 

change allowed for each of the three variables at all observation points.  This could be 

deemed as a source of error due to the fact that the average hourly change of a 

meteorological variable over land vs. at a coastal location vs. at an ocean location can 

vary greatly.  It is because of this possible source of error that the sample of nine stations, 

from which threshold analysis was performed, was taken evenly from the three different 

geographical areas previously listed.  It was considered acceptable to use the data from 

this sampling of stations to choose a single value to represent the maximum amount of 

hourly change allowed for each variable at all observation locations in an effort to reduce 

analysis and computation time.   

The manual analysis method consisted of plotting the hourly data within the 11 

year dataset for each of the nine locations within a MATLAB Airsea script, provided by 

Miller (2015a), and scrutinizing them to determine the average hourly change and the 

maximum valid hourly change.  The second method utilized another MATLAB Airsea 
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script which calculated the bulk statistics within the dataset.  The bulk statistics provided 

the first standard deviation value for each variable.  The first standard deviation values 

were compared to the manual analysis values in order to determine a single value for 

each SLP, TMP, and VPR that would both eliminate bad data and retain the signatures of 

major events, such as hurricanes and strong cold season cold fronts.   

 

Table 1.  Maximum hourly change threshold values used in Python data filter script. 

 

 

 

 

 

 

 

The resulting threshold values, seen in Table 1, as well as the relative complexity 

of the script, performed well in the goal to interpolate missing values, but struggled to 

identify erroneous data when they occurred repeatedly over a period of more than three 

hours.  These sections of bad data were improved, but they were not removed from the 

set entirely.  Additional manual scrutiny of the same nine observation points revealed that 

instances of clusters of bad data after the data filter were few.  Given the length of 11 

year hourly dataset and the knowledge that there is no such thing as a perfect dataset, the 

total number of bad data points within the clusters were vastly outnumbered by good data 

in the set, making in an acceptable error for this study.   

Meteorological 

Variable 
Threshold Value 

SLP 8.5 [hPa] 

TMP 10 [dC] 

VPR 625[Pa] 
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Once the 11 year, hourly dataset was filtered using the threshold values and data 

filter script, the hourly values were run through a triangular averaging filter, illustrated in 

Fig. 11, to compute daily values.  This was done to achieve consistency between the 

meso-alpha climate variables and the PNA and NAO daily index datasets.  

  

 

Figure 11.  Triangular Averaging Filter:  The shaded area in the center triangular area 

depicts the weight that the hourly values would receive, where the darker shaded area, 

centered at 12Z, would more heavily influence the final daily value than the lighter 

shaded areas, which would influence the daily value less.  

 

The triangular filter script, provided by Miller (2015a), used a 49 hour wide filter, 

centered at 12Z, and a weighted averaging scheme to generate daily averages from hourly 

observations.  The filter slides forward 24 hours to compute the next daily average. 

Calculating these daily averages from our hourly dataset was the final step in creating the 

filtered, daily, 11 year dataset for the 191 observation points that would be used for 

analysis.  This dataset was interpolated to a grid which was used to generate PCs in our 

study, as described in the Methodology section of this chapter.   
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b. Methodology 

 There were many stations within our study area that had large sections of missing 

data that, in some cases, spanned the length of years.  These large gaps in the dataset 

could not be linearly interpolated for accuracy reasons, and were instead accounted for 

during the Barnes Analysis interpolation.  This study utilized the Barnes Analysis 

technique to interpolate the filtered, daily datasets of TMP, SLP, and VPR to the 

operating grid (Barnes 1964).   

Barnes Analysis was implemented to create a uniform grid using the scattered 

observations in order to complete an analysis.  Barnes Analysis is a weighted 

interpolation scheme, seen in equation 5, that uses a Gaussian weighting function to 

determine how much influence a set of randomly spaced observations will have on the 

grid point that is being evaluated (J. Cordeira, PSU, 2014, personal communication).   

𝜙𝑗 ≅  
∑ 𝑊𝑖𝑗𝜙𝑖

𝑛
𝑖=1

∑ 𝑊𝑖𝑗
𝑛
𝑖=1

         (5) 

where 𝜙 is a meteorological scalar, i is an observation point, j a grid point, and W 

(seen below in equation 6) is a function of observations and grid points. 

𝑊𝑖𝑗 = 𝑒𝑥𝑝[−
(𝑅𝑖𝑗)2

𝛽2 ]       (6) 

where R represents the “Great Circle” function that is used to calculate the 

distance between the weather station i, and the grid point j.  The “Great Circle” 

function uses the latitudes and longitudes of both the observation point and the 

grid point to calculate distance (S. Miller, PSU, 2015, personal communication).   

Since Gaussian weighting functions tail off to infinity, a radius of influence 𝛽 is defined 

in order to assure that every observation is not used in the calculation of a single grid 

point—this would add unnecessary extra computation time to the procedure.  The radius 
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of influence can be modified based on the spatial distribution of the observation points 

within the raw dataset.  The radius of influence is typically set to be 𝛽 = 3Δx, where Δx is 

the grid spacing in the x-direction (S. Miller, PSU, 2015, personal communication).  This 

is justified by the knowledge that observations beyond three standard deviations of 

distance from the grid point, or 3Δx, will have negligible influence on the calculation of 

the meteorological value at the grid point due to the nature of the Gaussian weighted 

average used.  

Using the Barnes Analysis technique, scattered data observations within the entire 

“data cloud” were interpolated to the operating grid using a radius of influence 𝛽 equal to 

75 km, based on the 25 km grid spacing.  By implementing the Barnes Interpolation 

method (Barnes 1964), we were able to account for the missing data within our dataset.  

These portions of missing data were accounted for by using data from stations within the 

radius of influence.  For example, if there were three stations within the radius of 

influence and one out of the three was missing a month of data, data from the other two 

stations would be used in the interpolation calculation to allow for a complete dataset at 

the grid point being computed.   

 Three separate Barnes grids were generated, one for each of the meso-alpha 

climate variables, and used to calculate Principal Components (PCs) of variation.  These 

PCs were computed using a MATLAB Airsea script provided Miller (2015a).  The 

process by which Principal Component Analysis (PCA) is achieved is explained in 

greater detail in Chapter 1.  The variance of each of the PCs was calculated for each 

variable using the same suite of open source Airsea programs in order to determine how 

many PCs, or modes of variation, were needed to explain ~ 99% of the variance.  Once 
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the list of key PCs responsible for ~ 99% of the variance was generated, each was 

mapped to the operating grid.  After mapping each of the key PCs, a grid point located 

within each of the centers of variation for each variable was selected to generate an 

Empirical Orthogonal Function (EOF) time series.  The selection of EOF generation 

points can be seen in the Results Chapter in Fig. 13.  In areas where there was a paucity 

of data observation points to force the grid, namely the southeastern and northwestern 

corners of the grid, EOFs were sampled in close proximity to the observation point 

nearest to the center of variation being analyzed.   

 

 

 
 

Figure 12.  Four days of both daily NAO index values (top) and daily SLP PC1 EOF1 

values plotted above to provide a visual of the values used in the correlation process.   

 

Regression Analysis was computed between each of the global climate indices 

and the meso-alpha scale climate variables at the zero lag time on a selection of EOF 

sampling points using a variety of curve fits.  Cross Correlations (XCOR) values and 

corresponding time lags between the daily index values of the PNA and NAO and the 

meteorological variables were also computed in order to determine both the strength of 

the correlations between a planetary teleconnection pattern and mesoscale variability and 
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the onset of mesoscale response before or after the commencement of a teleconnection 

phase had begun.  The XCOR process, visualized in Fig. 12, compared daily values of 

meso-alpha scale meteorological variance to the global climate index daily values at each 

time step within the 11 year temporal range.  In addition, XCOR values were generated 

between the meso-alpha meteorological variance at a singular grid point (#491) located 

near the communal center of the main feature within the first PCs of each variable—SLP 

vs. TMP, SLP vs. VPR, and TMP vs. VPR. 

Spectral Analysis was completed on the NAO daily values and the first EOF of 

the first PC of each SLP, TMP, and VPR using a MATLAB Airsea script provided by 

Miller (2015a).  This script, written by L. David Meeker (1995), utilizes a Fast Fourier 

Transformation (FFT) to analyze uniformly sampled series using modified discrete 

Daniell smoothing referenced in Bloomfield (1976).  More information on FFT can be 

referenced in Cooley and Tukey (1965), Duhamel and Vetterli (1990), and Ramirez 

(1985).  These specific datasets were chosen for spectral analysis for reasons explained in 

the Results Chapter.   

Lastly, a single year (2004) of daily values of SLP and TMP were truncated to the 

length of the meteorological winter, Dec-Feb, and manipulated using the same 

methodology as the 11 year dataset.  This was done after the completion of this study in 

an attempt to quickly determine whether or not the modes of variation found in the PCs, 

and subsequent XCOR values between these PCs and NAO index values, would show a 

stronger signal in the colder season than those seen in the year-long dataset.  The year 

2004 was chosen arbitrarily.  Results for the purpose of future works can be viewed in 

Appendix D. 
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Chapter 3 

3.  Results 

a. Principal Components and Empirical Orthogonal Functions  

 There were three Principal Components (PCs) for each of the meteorological 

variables of interest out of the hundreds produced for this study.  These three primary 

PCs of each variable, seen in Table 2, accounted for ~ 99% of the variance.  PCs that 

accounted for the remaining ~ 1% of the variance were numerous and considered to be 

too small to warrant discussion at this time. Future researchers may wish to analyze these.   

 

Table 2.  Variance amounts for Principal Components (PCs) accounting for ~ 99% of the 

variance of SLP, TMP, and VPR.  

 

 

 

 

 

 

There are two ways to analyze a PC, forwards and backwards.  Simply put, the 

original mapped PCs, seen in Fig. 13, are the forward interpretations of the values.  

Backwards interpretations can be visualized by reversing the signs of all of the values.  

For example, a forward interpretation of a SLP PC map may show a large high pressure 

in the center, while a backwards interpretation of the same image would be viewed as a 

large low pressure.  All of the PCs described in the results below are referenced in Fig. 13 

where PC1 of each was mapped from 0 to 1, PC2 and PC3 of each were mapped -1 to 1.  

Contour intervals were not equal in each map. 

Variable      PC Number  

            
PC1 PC2 PC3 

Total 

Variance 

Sea Level Pressure (SLP) 90.40% 4.46% 3.97% 98.82% 

Temperature (TMP) 95.40% 2.23% 0.93% 98.55% 

Vapor Pressure (VPR) 95.57% 1.58% 1.39% 98.54% 
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Figure 13.  Principal Components and Empirical Orthogonal Function Locations:  
Above are the PCs that accounted for ~ 99% of the variance found by computing PCA for 

SLP, TMP, and VPR variables.  Rows 1-3 are SLP, TMP, and VPR, respectively.  

Columns 1-3 are PC1, PC2, and PC3, respectively. The center PC, for example, is PC2 of 

TMP.  Green squares indicate where EOF samples were taken.  
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1) Principal Components of Sea Level Pressure (SLP) 

PC1 of SLP accounted for 90.40% of the total variance in this variable.  The 

dominant feature in the forward (backward) interpretation of this PC was a large high 

(low) pressure located in the center of the grid.  The high (low) extended to the edges of 

the grid domain, decreasing slightly in strength with increasing distance from the center.  

The center had a maximum value of ~ 1 while a minimum of ~ 0.86 was present in the 

NE corner.  The feature was fairly symmetrical in nature with an appearance akin to the 

shape of a bulls-eye.   

PC2 accounted for 4.46% of the total variance in SLP.  The map of this PC was 

split between positive values to the north and negative values to the south.  The zero line, 

which was oriented from WNW to ESE at roughly a 110° angle, bisected the coast near 

Portland, ME.  The plot exhibited fairly regular contour spacing throughout.  The 

positive/negative centers of maxima were located in the NE (~ + 0.4) and SW (~ -0.3) 

corners, respectively.  This indicates that in a forward (backward) interpretation, the 

highest (lowest) pressure found within the domain would be located in the northeastern 

(southwestern) corner.   

PC3 accounted for 3.97% of the total variance in SLP.  The map of this PC was 

divided roughly in the center from N-S between roughly -69° W and -71° W by the zero 

line.  The greatest positive/negative values (~ 0.4 / ~ -0.3) were located in the NW and 

SE corners, respectively.  This pattern in PC3 suggested that in a forward (backward) 

interpretation, a center of relatively high (low) pressure was located over southern 

Quebec, Canada, and a center of relatively low (high) pressure was present in the North 

Atlantic, just south of Nova Scotia, Canada.   
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2) Principal Components of Temperature (TMP) 

 PC1 of TMP accounted for 95.40% of the total variance of this variable.  The 

primary feature in the forward interpretation map of this PC was a large area of warm 

temperatures in the center of the grid that was located in the same vicinity as the pressure 

center noted in PC1 of SLP.  The warm temperatures are predominant throughout the 

majority of the domain, extending and weakening slightly from the center toward the 

NW, NE, and SW corners.  There was a sharp gradient from the center of warm 

temperatures that extended to the SE corner of the grid.  The temperatures decrease more 

rapidly from just off shore of the coastline to the SE corner, highlighting a distinct coastal 

division in temperature with a maximum of ~1 near the center and minimum of ~ 0.88 

near the SE corner.  A backward interpretation of PC1 of TMP would show the opposite, 

with cooler temperatures inland and warmer temperatures off shore.   

 PC2 accounted for 2.23% of the total variance in TMP.  The map of this PC was 

split by the zero line which was oriented roughly along the coastline.  In the forward 

(backward) interpretation of this PC, cool (warm) temperatures extended from the zero 

line towards the NW corner of the grid, while slightly warmer (cooler) temperatures 

spread from the zero line to the SE corner of the domain.  The minimum value in the 

forward interpretation was ~ -0.15, while the maximum was ~ 0.4.  This indicated that in 

a forward interpretation, there were warmer temperatures immediately offshore of the 

coast and over the ocean and cooler temperatures over the land mass within the domain 

area.  The opposite scenario would be seen in a backward interpretation of PC2 of TMP. 

 PC3 accounted for 0.93% of the total variance in TMP.  In the forward 

interpretation, the zero line in this PC map was curved, dividing the domain by separating 
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the warmer temperatures in the SW corner of the grid from the cooler temperatures in the 

NE corner.   The zero line bisected the coastline just south of Downeast Maine, located in 

the eastern most portion of the state which borders New Brunswick and the Atlantic 

Ocean and is home to Acadia National Park.  There appeared to be a center within the 

temperature field in the SW corner where the warmest temperatures on the map were 

located.  In a backward interpretation, the potential center of warmer temperatures in the 

SW corner of the map would represent a center of cooler temperatures.   

 

 3) Principal Components of Vapor Pressure (VPR) 

 PC1 of VPR accounted for 95.47% of the total variance of this variable, and had 

the largest variance amount of any PC in this study.  The structure of this PC was very 

similar to that of PC1 of TMP.  The forward interpretation showed a large center of high 

VPR values that decreased in all directions away from the center.  The center had positive 

values ~1, while the NW and SE corners had the lowest values, ~ 0.96.  The range of 

values seen across the grid was small; therefore, a forward (backward) interpretation of 

the map of PC1 of VPR was described being very moist (dry) throughout the domain. 

PC2 accounted for 1.58% of the total variance in VPR.  This PC also had 

characteristics similar to that of PC2 of TMP.  The zero line within the PC map was 

oriented WSW to ENE, dividing the grid roughly in half with negative (positive) values 

to the north and positive (negative) values to the south for a forward (backward) 

interpretation.  The maximum value in the forward interpretation was ~ 0.225 located in 

the SE corner, while the minimum was ~ -0.175 located in the NW corner.  In a backward 

interpretation, the signs would be reversed placing the maximum VPR values in the NW 



56 

corner. The locations of these features were very similar to those found in PC2 of TMP.  

The contour spacing, however, differentiated the two PCs—PC2 of VPR had fairly even 

contour spacing throughout, whereas PC2 of TMP had a tight gradient in the SE corner of 

the grid over the ocean. 

PC3 accounted for 1.39% of the total variance in VPR.  This final PC in the set of 

nine used for analysis in this study had characteristics similar to that of PC3 of TMP, 

with the exception that the zero line was oriented more N-S, as opposed to being curved.  

The zero line in PC3 of VPR was more dynamic in nature, meaning there were many 

shortwave moisture features embedded within the dividing zero line.  In the forward 

interpretation, the maximum VPR value was ~ 0.175 located just south of the SW corner 

of Nova Scotia, Canada, and the minimum VPR value was ~ -0.2 located in the SW 

corner of the domain.  There also appeared to be two centers of variation within the map, 

the first of which was in the same location as the positive center found in PC3 of TMP, 

and the second was a negative center located on the eastern edge of the domain.  A 

backward interpretation would yield the same pattern, but with the signs reversed.   

  

b. Cross Correlations of the PNA and Principal Components 

 The Cross Correlation (XCOR) values computed between the -30 and +30 day 

time lag window varied greatly between the planetary scale index being observed and the 

variance of the meteorological variable it was correlated against.  The value of a positive 

time lag indicated how many days it took to see a response in the mesoscale 

meteorological variance from a planetary forcing mechanism.  A negative time lag value 

indicated how many days a change in the dependent variable’s variation precedes the 
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planetary scale index pattern in question.  The majority of the PNA XCOR values were 

small in nature and did not surpass ± 0.05 (5%), meaning that the majority of the results 

from calculations using PNA index values and the meso-alpha scale meteorological 

variables used in this study were found to be 95% uncorrelated.  The maximum XCOR 

value in the PNA dataset was 0.105 (10.5%).  For this reason, only the most robust PNA 

XCOR results, seen in Table 3, were shown.  These values were selected based on their 

statistical significance, meaning that they were above the 95% confidence level (95CL) 

of 0.0079 (0.79%) for the purposes of our study.  Of the XCOR values that were above 

the 95CL threshold in this study for both the PNA and NAO, only the most robust results, 

defined here to have been greater than or exactly equal to one order of magnitude larger 

than the 95CL, ± 0.079 (7.9%), were shown.  One exception was made in the weak PNA 

results where all TMP XCOR values were below this threshold.  The strongest PNA TMP 

XCOR result, 0.070, was shown to provide representation of the correlations between 

them. 

 

Table 3.  Selected maximum Cross Correlation (XCOR) values between the PNA and 

variation of each meso-alpha scale meteorological variable, and associated time lags. 

Maximum XCOR values were defined as the value furthest away from zero, regardless of 

sign.  PC3 was the largest XCOR value for TMP and was therefore shown for 

completeness.  

 

PNA XCORs 

Max XCOR Value  

(to the nearest 

thousandth) 

Associated Lag Time  

(in days) 

SLP: PC1, EOF1 -0.081 +1 

TMP: PC3, EOFs 1 & 2 ±0.070 +2 

VPR: PC1, EOF1 +0.083 -60 

VPR: PC3, EOFs 1 & 2 ±0.105 +1 
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1) Cross Correlations of PNA and SLP Variation 

PC1 of SLP had a maximum XCOR value of -0.081 at a lag of +1 day.  The first 

Empirical Orthogonal Function (EOF1) of PC1 was chosen to represent all EOFs for PC1 

due to the fact that the XCOR values calculated for each EOF sampling point for this PC 

were extremely similar.  The structure of the XCOR across the two month time lag 

window showed a series of statistically significant positive XCOR values persisting from 

-27 days to -5 days.  At a time lag of -5 days, the XCOR values then became negative and 

approached the maximum XCOR value at +1 day before tapering off to non-statistically 

significant/near zero values near +12 days.   

 

2) Cross Correlations of PNA and TMP Variation 

 PC3 of TMP had a maximum XCOR value of ±0.070 at a lag of +2 days.  EOFs 1 

and 2 were both reviewed because they exhibited a maximum feature with the same 

structure and magnitude.  EOF1 was sampled from the center of the positive feature in 

PC3 and had a negative maximum XCOR value, while EOF2 was sampled from the 

center of the negative feature and had a positive maximum XCOR value.  The XCOR 

maximum was the predominant feature within the two month time lag window—XCOR 

values tapered off to non-statistically significant/near zero values in both positive and 

negative time lag directions within +5 days and -4 days, respectively, from the maximum. 

  

3) Cross Correlations of PNA and VPR Variation 

PC1 of VPR was shown to have continuously increasing, positive XCOR values 

in the negative lag direction.  To find the maximum XCOR value, the time lag window 
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was extended to approximately one full year, ±180 days specifically.  There were several 

local maxima prsent throughout the increased time lag window, but the maximum value 

was -0.083 at -60 days.  EOF1 was chosen to represent all of the EOFs calculated for PC1 

of VPR for the same reasons as PC1 of SLP.  The structure of the XCOR values, once 

viewed in a year-long window, appeared to mimic a sin wave operating on a temporal 

scale of less than one year.  A full cycle of the sin wave, seen in Fig. 14, could be 

observed between -125 to +152 days, a 278 day cycle. 

 

 

 

Figure 14.  Cross Correlation values and associated time lags between the PNA and VPR 

PC1 EOF1 (top) mapped in a ±180 day lag window, and VPR PC3 EOF1 (bottom) 

mapped in a ±30 day lag window. 

 

 PC3 of VPR, seen in Fig. 14, had a maximum of XCOR value of ±0.105 at +1 

day within the ±30 day time lag window.  This was the highest XCOR value seen in the 

PNA calculations computed in this study.  Both EOFs 1 and 2 of VPR were used to 

represent PC3 for the same reasons expressed in PC3 of TMP.  EOF1 expressed a 

negative maximum XCOR value, while EOF2 expressed a positive maximum XCOR 

value, again for the same sampling reasons as explained in PC3 of TMP.  The XCOR 
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maximum was the main feature within the time lag window—XCOR values decreased 

quickly as the time lag increased in the positive (negative) direction, reaching non-

statistically significant/near zero values by +10 days (-13 days) from the time lag of the 

maximum XCOR value. 

 

c. Cross Correlations of the NAO and Principal Components  

 The XCOR values computed for the NAO, seen in Table 4, were significantly 

larger than those found in the PNA dataset.  Each of the EOFs computed contained 

statistically significant XCOR values that met our analysis threshold of being at least 

equal to or greater than one order of magnitude larger than the 95CL.  All EOFs were 

plotted in the original -30 to +30 day time lag window, except when the XCOR values 

within that window were all greater or all less than zero.  In these cases, it was found to 

be most advantageous to view the XCOR values in a -180 to +180 day, or approximately 

one year, window.  Also, as with the PNA, when all EOFs within a PC appeared to be 

have the same characteristics, the first EOF was chosen to represent the set.  Additional 

XCOR figures for the NAO not shown in this chapter have been made available in 

Appendix C for reference.  

 

1) Cross Correlations of NAO and SLP Variation 

The maximum XCOR value for the entire study, and the NAO, was +0.293 

(29.3%) in EOF1 of PC1 for SLP at a time lag of zero days.  This EOF was sampled from 

the center of the large bulls-eye like feature found in the middle of the center of variation.  

The maximum at zero, seen in Fig. 15, diminishes more quickly in the negative time lag 
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direction, reaching a value of less than 5% by -10 days.  The maximum XCOR value took 

twice as long, +20 days, to diminish to less than 5% in the positive time lag direction.  

 

 

Figure 15.  Cross Correlation values and associated time lags between the NAO and SLP 

PC1 EOF1 mapped in a ±30 day lag window. 

 

 

Table 4.  Maximum Cross Correlation (XCOR) values computed using the NAO and all 

PCs, and associated time lags. The maximum XCOR value is defined as the value 

furthest away from zero, regardless of sign.  

 

NAO XCORs 

Max XCOR Value  

(to the nearest 

thousandth) 

Associated Lag Time  

(in days) 

SLP: PC1, EOF1 +0.293 0 

SLP: PC2, EOFs 1 & 2 ±0.105 -1 

SLP: PC3, EOFs 1 & 2/3 ±0.079 -26 

TMP: PC1, EOF1 +0.193  +166 

TMP: PC2, EOFs 1 & 2 ±0.169 +78 

TMP: PC3, EOFs 1 & 2 ±0.200 +6 

VPR: PC1, EOF1 +0.188 +165 

VPR: PC2, EOFs 1 & 2 ±0.127 +2 

VPR: PC3, EOFs 1 & 2 ±0.141 +6 
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 PC2 of SLP had a maximum XCOR value of ±0.105 at -1 days.  EOFs 1 and 2 

were both chosen because they exhibit the same structure and magnitude, with the 

exception that EOF1 was sampled from the center of the negative feature in PC2 and had 

a positive XCOR value, while EOF2 was sampled from the center of the positive feature 

in PC2 and had a negative XCOR value.  The maximum positive (negative) XCOR value 

in EOF1 (EOF2) tapered off quickly in the positive time lag direction, diminishing to 

values less than our analysis threshold by +9 days.   

   PC3 of SLP had XCOR features similar to, but weaker than those of PC2 of 

SLP.  The maximum XCOR value was ±0.079 at -26 days.  EOF1 had a positive 

correlation maximum sampled from the center of the positive feature in PC3, while EOFs 

2 and 3 had a negative correlation values which were sampled from areas in and near the 

center of the negative feature in PC3.  The XCOR values around the maximum quickly 

decreased to values lower than our analysis threshold within ±1-2 days in all EOFs.  

 

2) Cross Correlations of NAO and TMP Variation 

PC1 and PC2 of TMP had to be graphed in a ±180 day time lag window to see 

the major features in the series.  PC1 of TMP had a maximum XCOR value of +0.193 at 

+166 days.  The structure of the XCOR values in the extended viewing window, seen in 

Fig. 16, had the appearance of a cosine function phase shifted by +90°.  The minimum 

XCOR value was -0.187 at -23 days.  The XCOR value at the zero day lag (-0.157) was 

noted to compare results between this and the maximum peak feature at the zero day lag 

seen in the XCOR between EOF1 of PC1 of SLP and the NAO. 
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Figure 16.  Cross Correlation values and associated time lags between the NAO and 

TMP PC1 EOF1 mapped in a ±180 day lag window. 

 

PC2 of TMP had a maximum XCOR value of ±0.169 at +78 days.  The structure 

of the XCOR series within the extended lag viewing window was a sine wave with a 

center at +7 days, but was not as smooth in its appearance as the cosine wave seen in PC1 

of TMP.  EOF1 of PC2 of TMP showed positive correlations in the positive time lag 

direction beyond the +7 day canter, and negative correlations in the negative time lag 

direction previous to the center.  EOF2 had the same structure, but was phase shifted 

+90° from EOF1 essentially inverting the sine wave on the zero correlation axis.     

EOF1 of PC3 of TMP had a peak of positive XCOR values with a maximum of 

±0.200 at +6 days within the ±30 day time lag window.  EOF2 had the same structure 

and magnitude, but was reverse in sign.  The XCOR values around the maximum 

decreased quickly in both the positive and negative time lag directions, a feature that 

separates PC3 from the other two PCs of TMP.   

 

3) Cross Correlations of NAO and VPR Variation 

PC1 of VPR was mapped in a ±180 day time lag window in order to view the 

maximum of its features.  The structure of this XCOR series, seen in Figure 17, was very 

similar to that of PC1 of TMP.  Both had the appearance of a cosine function that has 

been phase shifted by +90°.  Their maximums were very close in value and position in 
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the time lag series, PC1 of VPR being +0.188 at +165 days.  The minimum XCOR value 

was -0.187 at -25 days.  The XCOR value at the zero day lag (-0.147) was noted in order 

to compare results between this and the maximum peak feature at the zero day lag seen in 

the XCOR between EOF1 of PC1 of SLP and the NAO. 

PC2 of VPR had a maximum XCOR value of ±0.127 at +2 days.  This maximum 

was the primary feature within the ±30 day time lag window.  XCOR values surrounding 

the maximum reached values below the analysis threshold by -5 days and +10 days.  

Both EOFs 1 and 2 had the same primary feature, but EOF1 was sampled from the 

negative center within the PC and had a negative maximum XCOR value, while EOF2 

was generated from the positive center within the PC and had positive maximum XCOR 

value.  

 

 

Figure 17.  Cross Correlation values and associated time lags between the NAO and 

VPR PC1 EOF1 mapped in a ±180 day lag window. 

 

PC3 of VPR had a maximum XCOR value of ±0.141 at +6 days.  In EOF1, 

which was sampled from the positive center within the PC, the maximum value was 

positive and surrounded by positive XCOR values that extend in both positive and 

negative time lag directions, decreasing to values below the analysis threshold more 

slowly in the positive lag direction.  EOF2 had the same feature seen in EOF1, but had a 
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maximum XCOR of opposite sign and was sampled from the negative center of variation 

within the PC.  

 

d. Regression Analysis 

Regression Analysis (RA) was computed between the first EOF of each PC and 

both the PNA and NAO.  Several curve fits were applied to the data, but the correlations 

found in these analyses were very weak.  The maximum coefficient of determination, or 

R2 value, was 0.0877, which was generated from a fourth order polynomial.  This 

maximum R2 value was from the RA of the NAO vs. EOF1 of PC1 of SLP, seen in Fig. 

18.  Given that the RA results were weak, they were not included in the detailed analysis 

found in the Discussion and Conclusions Chapter.  

 

 

Figure 18.  Regression Analysis results from multiple curve fit equations for the NAO 

vs. EOF1 of PC1 of SLP.  X-axis: NAO Daily Values; Y-axis: Daily SLP Values. 

 

 

 

e. Cross Correlations between Meso-Alpha Scale Meteorological Variation  

 XCOR time series of SLP, TMP, and VPR, seen in Fig. 19, were mapped in a 

±30 day window.  Maximum XCOR values are shown in Table 5.  The XCOR between 

VPR and TMP showed a maximum of +0.945 (94.5%) which occurred at a zero lag time.  
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This shows that VPR and TMP were highly correlated to one another at any 

instantaneous sampling, during what was the present, of either variable.  This strong 

relationship weakens over time in both the positive and negative time lag directions away 

from the zero time lag maximum.  

   

 

 

 

Figure 19.  Cross Correlation values and associated time lags between mesoscale 

meteorological variables at a single grid point (#491) mapped in a ±180 day lag window.  

SLP vs. TMP (top), SLP vs. VPR (middle), VPR vs. TMP (bottom).  Red box indicates 

area of interest for analysis. 

 

 

The XCOR series for both SLP vs. TMP and SLP vs. VPR were very similar in 

structure and magnitude, with the exception that the maximum XCOR values for SLP vs. 

VPR were slightly stronger.  Both had negative XCOR values immediately before and at 

the zero day time lag, and positive XCOR values immediately after the zero day lag time.  

The maximum XCOR for SLP vs. VPR, -0.155 at -1 day, was greater in magnitude than 
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that of SLP vs. TMP, -0.104 at -1 day.  The maximum XCOR values for all three 

correlations run on the meso-alpha scale were statistically significant in that they not only 

met the 95CL threshold, but were two orders of magnitude larger than the 95CL.   

 

Table 5.  Maximum and zero day lag XCOR values for correlations between meso-alpha 

scale meteorological variables.  

 

 

f. Spectral Analysis of the NAO and First Principal Components 

Spectral Analysis was performed on the daily time series datasets for the NAO 

and first EOFs of PC1 of SLP, TMP, and VPR.  The NAO was chosen over the PNA for 

reasons explained at the beginning of this chapter.  EOF1 of PC1 of each meteorological 

variable was chosen because it represented the center of the feature responsible for the 

greatest amount of variance in its respective field and each showed strong XCOR values 

at the zero time lag. 

The Spectral Analysis maps for both the NAO and the three PCs, seen in Fig. 20, 

showed a large, broad hump of values that peaked above the 95CL threshold around 126 

days—approximately 4 months.  A secondary, unexpected peak within the TMP and VPR 

Spectral Analysis maps was located above the 95CL around 22 years. 

Mesoscale Variable 

XCORs 

XCOR Value at 

Zero Day Lag 

Max XCOR Value  

(to the nearest 

thousandth) 

Associated Lag 

Time  

(in days) 

SLP vs. TMP -0.094 -0.104 -1 

SLP vs. VPR -0.140 -0.155 -1 

VPR vs. TMP +0.945 +0.945 0 
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Figure 20.  Spectral Anlysis maps of daily datasets of the NAO and EOF1 of PC1 of 

each SLP, TMP, and VPR.  Dashed red line indicated the 95% Confidence Level.  

  

NAO SLP 

TMP VPR 
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Chapter 4 

4.  Concluding Discussion and Future Works 

 This thesis served to explore potential correlations between meso-alpha scale the 

meteorological variables SLP, TMP and VPR in New England, and the planetary 

teleconnection patterns of the PNA and NAO.  This study utilized PCA to generate maps 

of variance, called PCs, for the regional meteorological variables over an 11 year dataset.  

EOFs produced from the centers of variance found in these PC maps were cross 

correlated to the PNA and NAO daily index time series.  Time lags for these correlations 

were computed for analysis.  Results showed that there were weak, although statistically 

significant, correlations found between the PNA and the meteorological variables 

analyzed.  Much stronger correlations were found between that of the NAO and the 

meteorological variables, the strongest being the relationships between the NAO and the 

first PC of SLP (29.3% at a zero day lag) where this PC accounted for 90.4% of the total 

variance in SLP within the domain centered on New England.  The following discussion 

mentions the strongest of the weak results found for the PNA, but the focus was directed 

at exploring and analyzing the results for the NAO which were much more robust by 

comparison.  

     

a. Third Principal Component of VPR and Positive and Negative PNA Phases 

 Cross Correlation (XCOR) values computed between the meteorological variation 

of SLP, TMP, and VPR, and the PNA proved to be much smaller than those calculated 

for the NAO.  The XCOR between the PNA and PC3 of VPR had the strongest maximum 

correlation found in the PNA dataset.  This peak XCOR value was ±0.105 at +1 day lag.  
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Although this was the highest correlation value found for the PNA, it was connected to a 

PC that accounted for a small amount of the total variance in VPR.  In this case, 10.5% of 

the third mode of variation in VPR, which accounted for 1.39% of the total variance in 

VPR, was correlated to the PNA index.  PC3 of VPR, referenced in Fig. 13, had a seesaw 

feature of high and low VPR values.  Analysis showed that EOF1 had a negative XCOR 

relationship between the PNA and VPR at that sampling point, meaning that the VPR 

decreased (increased) when the PNA index value was positive (negative).  The positive 

correlation found in EOF2 showed that when the PNA was positive (negative), there was 

an associated increase (decrease) in VPR.   

Examination of XCOR relationships with respect to the seesaw feature in the PC 

showed that changes in VPR correlated to a positive (negative) PNA phase was highly 

dependent on the location of the trough (ridge) axis along the Eastern Seaboard of the 

U.S.  The trough/ridge axis referenced here is the most easterly component in the 

synoptic scale wave train that makes up the PNA pattern.  The placement of this axis 

determined the type of airmass being advected into the New England region, and 

therefore influenced the VPR pattern seen in the third mode of variation being analyzed.  

Furthermore, there was lag of +24 hours after the onset of a PNA phase before the 

response was seen in the VPR field.   

Results showed that during a positive PNA phase, when a trough was present over 

the eastern half of the U.S. with an axis over the Midwest, enhanced upper level 

divergence upstream of the trough allowed for the formation of a surface low that tracked 

through the New England region.  Cyclonic circulation around this surface low advected 

a cold, dry airmass from the north into the western portion of our domain west of the 
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surface low, and a warm, moist airmass into the eastern portion of our domain east and 

northeast of the surface low, 24 hours after the onset of the trough in the positive PNA 

phase pattern.  The location of this trough within the positive PNA pattern, and the 

associated surface low, was responsible, in part, for the moisture advection at the surface 

that lead to the VPR pattern seen in PC3 of this variable.  

Results also showed that during a negative PNA phase, when the axis of a ridge 

was present over the eastern half of the U.S., subsidence air motion in the column lead to 

a surface high pressure.  The anticyclonic flow around this high lead to warm air 

advection (WAA) around the western side of high from the Gulf of Mexico into the 

western portion of the domain, and cold air advection (CAA) from the northern side of 

the high into the eastern side of the grid.  The presence of this ridge in the negative PNA 

pattern, and associated high pressure at the surface, explained, in part, this VPR pattern. 

These synoptic discussions of the linkage between PNA phase and this VPR 

variance pattern are a conceptualization of how these correlations could be realized in the 

New England area; however, it is important to reiterate that the correlation values were 

very weak between the PNA and this mode of variability in VPR.  There are many other 

potential meteorological factors which would be attributed to the synoptic scale patterns 

and regional VPR effects discussed above. 

Similar logic could be applied to determine the influences of the PNA on each PC 

generated in this study; however, given the relative weakness of the PNA results when 

compared to those found for the NAO, the remainder of this discussion focused on 

exploring the more robust results found in the NAO.    
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b. First Principal Components and Positive and Negative NAO Phases 

The most robust results in this study were found in the correlations between the 

first PCs of all three meteorological meso-alpha scale variables and the NAO.  When 

analyzing these correlations, an assumption was made that the planetary NAO pattern 

was the forcing for a mesoscale response in the meteorological variables of SLP, TMP, 

and VPR.  This assumption of a forcing and response is based on the knowledge that 

large, planetary scale motions are directly related to and therefore responsible for smaller, 

mesoscale motions via an energy transfer.  This assumption is also made with the 

knowledge that correlations provide information on relationships between variables, but 

do not provide evidence of causation.   

Assuming that the NAO is the forcing and these PCs are the response, given the 

reasoning stated above, we found that the NAO was correlated to the following varaince 

amounts in our New England grid area:  29.3% to SLP, 19.3% to TMP, and 18.8% to 

VPR.  This indicated that the NAO was correlated to 29.3% of the response in SLP seen 

in the first mode of variation of that variable, which represented 90.4% of the total 

variance in SLP in the domain.  Furthermore, 19.3% and 18.8% of the first mode of 

variation in TMP and SLP, respectively, which both accounted for ~ 96% of the total 

variance in their fields, was correlated to an NAO forcing.  It is worthy of note that PC1 

of SLP accounted for less of the total variance, but had a higher XCOR value.  

Additionally, first PCs of TMP and VPR were responsible for higher amounts of variance 

in their fields, but had lower XCOR values.  Considering all of the other meteorological 

phenomena occurring at the same time as the NAO that may have influenced the meso-

alpha scale surface meteorological variation being studied, it is significant that the NAO 
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was correlated to such high percentages of the total variance—the most impressive of 

these being the ~ 30% of possible variation in the SLP field being attributed to the NAO.    

In the case of SLP, there was a positive XCOR relationship between it and the 

NAO, meaning that when the NAO was positive (negative), there was high (low) SLP 

present throughout the domain.  This strong positive relationship had a time lag of zero, 

indicating that the response of the SLP to the correlated NAO forcing was instantaneous.  

The peak XCOR values for TMP and VPR were negative in nature, meaning that when 

the NAO was positive (negative), there was an increase (decrease) in TMP and VPR 

throughout the domain.  These XCOR peaks occurred at a roughly +165 day lag.  This is 

far beyond the meso-alpha scale of this study; therefore, the XCOR values at a zero day 

lag were analyzed to compare them to the strong result found in PC1 of SLP.  This 

additional analysis showed both also had secondary peaks near the zero time lag—TMP, 

18.7% at -15 days, and VPR, 17.6% at +17 days.  Furthermore, both TMP and VPR had 

significant negative XCOR values of 15.7% and 14.7%, respectively, at the zero time lag.   

When the NAO is in a positive phase, there is a mutual strengthening of both the 

Icelandic Low and the Azores High that causes an increase in the strength and speed of 

the westerly winds. This forces a more zonal jet stream pattern which divides continental 

polar air in Canada to the north of the jet and tropical maritime air from the Gulf of 

Mexico to the south.  Our results showed that during a positive NAO phase, there was a 

high pressure at the surface in the center of the domain that was associated with cooler, 

drier air at a zero day lag.  An occurrence of a high pressure located over the center of 

New England was previously classified as a “New England High (NEH)” in a work by 

Keim, Meeker, and Slater (2005), who described this phenomena as having little to no 
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pressure gradient at all present in the region.  This high pressure, which could be aptly 

described as an NEH, was a result of the cold, dense, sinking air to the north of the jet 

axis.  Continental polar (cP) air from the north was wrapped anticyclonically around the 

surface high, allowing for the cooler, drier conditions that were seen in the first PCs of 

TMP and VPR.  This response in the SLP, TMP, and VPR over New England occurred at 

the same time as the presence of a positive NAO over the Atlantic, indicated by the zero 

lag time from which these conclusions were made.  It is also worth note that the division 

between the landmass and the ocean seen in PC1 of TMP and VPR were thought to be 

the product of a seasonal relationship, where in the summer (winter) the ocean is cooler 

(warmer) relative to the landmass.  This is further supported by the fact that the 

maximum XCOR values in the first PCs of both TMP and VPR were found in peaks for 

long time lags in the yearly mapped cosine waves seen in Figs. 16 and 17.     

During a negative NAO phase, there is a mutual decrease in the strength of the 

pressure dipole pattern which causes weaker westerly winds that allow for a more 

amplified polar jet stream pattern.  The weak Icelandic Low aids in the formation of 

blocking patterns that frequently set up during a negative NAO.  A blocking pattern over 

the North Atlantic is known to cause cold air outbreaks in New England due to the 

digging of the jet stream trough that is caused by the block.  Our results showed that 

during a negative NAO phase, a surface low pressure was present throughout the domain 

and was accompanied by a warm, moist airmass.  The low pressure developed in the 

center of our grid area due to the digging of the upper level trough, likely with an axis 

over the Midwest, which offered enhanced upper level divergence downstream.  

Furthermore, the increased VPR and TMP seen across the domain were due to WAA 
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along the flow east of the trough which wrapped cyclonically around the surface low, 

effectively pulling moisture into the grid area from both the Gulf of Mexico to the south, 

and the Gulf of Maine to the east.  It is important to note that the position of the trough 

axis aloft would be a major determining factor in the type of airmass that would be 

advected into the study domain.  Our correlations support the trough axis position as 

being present to the west of New England, placing the domain in the downstream side of 

the trough.  This location of the trough axis would achieve the synoptic setup previously 

discussed.  This conclusion is fairly obvious, given what we know about meteorology; 

but, it reinforces that in order to relate planetary forcing to a mesoscale response, one 

must first go through the synoptic scale.   

Our results from the first PCs of SLP, TMP, and VPR correlated to NAO forcing 

were in contrast with previous research by Durkee et al. (2007) who concluded that 

positive NAO phases cause an increase in the amount of warm, moist air advected into 

the eastern U.S.  However, our results were consistent with those reported by Ning and 

Bradley (2014).  It is possible that our findings were similar to the Ning and Bradley 

study due to the fact that they also focused solely on studying the New England region, 

rather than the entire U.S.  Their analysis took a regional, or mesoscale, approach similar 

to ours, rather than a synoptic scale approach like Durkee et al. (2007).   

 

c. Second Principal Components and Positive and Negative NAO Phases 

 The second PCs of SLP and VPR had significant XCOR peaks at a -1 day and +2 

day lag, respectively.  The XCOR values for the second PC of TMP, seen in Fig. 22 in 

Appendix C, were mapped in a ±180 day lag window and had a maximum XCOR peak 
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at a +78 day lag.  This peak was the result of the seasonal signal seen in the mapped TMP 

variation correlations.  There were no additional peaks near the zero day lag that met the 

analysis threshold defined in the results; therefore, PC2 of TMP was excluded from 

further analysis due its peak falling outside of the meso-alpha scale focus of this study. 

 The remaining meso-alpha scale meteorological secondary modes of variation 

were examined with respect to positive and negative NAO phases.  Our results showed 

that the NAO forcing was correlated to 10.5% (12.7%) of the response in the SLP (VPR) 

variance pattern seen in the second PC, where the second mode of variation accounted for 

4.46% (1.58%) of the total variance in SLP (VPR) in the domain.  Furthermore, there was 

a -1 day (+2 day) lag before this peak response in the SLP (VPR) field was seen. 

The XCOR values obtained from the EOF sampling points in the second PCs of 

both SLP and VPR showed that at a -1 day lag, a surface low pressure located in the 

northwestern portion of the domain, and a surface high pressure present in the 

southeastern corner of the grid, were correlated with a positive NAO pattern.  Our results 

further showed that at a +2 day lag, a dry airmass was present in the northwestern portion 

of the grid and a moist airmass was located in the southeastern corner.  Given the typical 

tracks of surface low pressures in New England to the northeast, it is likely that the 

moisture advection into the grid at the +2 day lag was due to the movement of the high 

and low surface pressures present in the grid at the -1 day lag.  These changes in moisture 

over time within the domain are consistent with observed and known patterns associated 

with surface low pressure movement in the New England region.  The low pressure likely 

tracked northeastward out of New England and into the North Atlantic, as many low 

pressure systems do in the U.S.  It is known that the majority of low pressure systems 



77 

which form over the eastern U.S. become vertically stacked over the North Atlantic, as 

this is where low pressure systems typically reach maturity, become quasi-barotropic, and 

begin the cyclolysis process.  Following through with this scenario, it is likely that at the 

same time that this low had moved out of the northern part of the grid area, the surface 

high had also traveled eastward and settled over the Atlantic a few days later, effectively 

strengthening the positive NAO dipole pressure pattern.  The moisture advection seen in 

VPR fields at the +2 day lag was caused, in part, by the advection of airmasses into the 

domain behind these surface pressures.  A dry, and likely cold, airmass was advected into 

the northern portion of the domain as it traveled east behind the surface low; the driest air 

behind the surface low continued to be advected into the northern New England region at 

a +2 day lag as the surface flow was pulled east and wrapped cyclonically around the 

mature low pressure in the positive NAO pressure dipole.  The increase in moisture seen 

at the +2 day lag in the southern portion of the domain was due to a moist, and likely 

warm, airmass being pulled from the south, likely originating from the Gulf of Mexico, 

into the anticyclonic flow associated with the surface high offshore of the New England 

region. 

 These results showed that a negative NAO pattern was correlated to a high 

pressure located in the northeastern portion of the domain and a low pressure in the 

southwestern corner of the domain at a -1 day lag.  Furthermore, results indicated that a 

negative NAO was correlated to a moist airmass in the northwestern corner of the grid 

and a dry airmass in the southeastern corner of the grid at a +2 day lag.  A likely scenario 

that could have explained the locations and time lags of the variation in these meso-alpha 

scale meteorological variables, in relation to a negative NAO phase, was a highly 
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amplified trough with an axis over the Midwest at the -1 day lag.  The enhanced upper 

level divergence downstream of this trough axis aided in the development of the surface 

low in the southwestern corner of the domain.  Surface pressure in the northeastern 

corner of the grid was higher relative to the surface low.  Three days later, at the +2 day 

lag, the trough axis was present over New England, pushing the center of the surface low 

offshore.  Further movement of this trough was blocked by the weak Azores High 

associated with a strongly negative NAO phase.  With the center of the low located just 

east of the southeastern corner of the grid, moisture advection associated with the 

cyclonic flow around the low influenced the VPR pattern seen in the second mode of 

variation.  Dry air was advected into the southern portion of the grid following the 

northwesterly flow to the west of the low center, while moist air was advected into 

northern New England via the easterly flow from the Atlantic to the north of the center of 

the low.   

  

d. Third Principal Components and Positive and Negative NAO Phases 

 The third PCs of SLP, TMP, and VPR had significant XCOR peaks at a -26 day, 

+6 day, and +6 day lag, respectively.  The correlation peak that occurred at a -26 day lag 

for SLP was too far out to be within the meso-alpha temporal scale.  For this reason, an 

additional peak was sought out closer to the zero lag.  A secondary peak of XCOR values 

located around the zero lag time had a maximum of 5.2% at the zero lag.  This value, 

although statistically significant, was below the previously defined analysis threshold in 

this study; however, it is utilized here for a more complete analysis of the relationships 

between SLP, TMP, and VPR, and NAO phase.  This peak value represented the 
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percentage of the response in the SLP field seen in the third PC of this variable, which 

accounted for 3.97% of the total variation in SLP within the domain that was correlated 

to NAO forcing.  Results also showed that the NAO forcing was correlated to 20% 

(14.1%) of the response in the TMP (VPR) variance pattern seen in the third PC, where 

the third mode of variation accounted for 0.93% (1.39%) of the total variance in TMP 

(VPR) in the domain.  Although the correlation amounts were significant, the third PC of 

each TMP and VPR accounted for particularly small amounts of the total variance in their 

respective fields.  Given that knowledge, they were still analyzed to gain insight into how 

these variance patterns related to NAO phases.   

 Our results showed that a positive NAO phase was associated with a surface low 

in the northwestern corner of the grid and a surface high over the southeastern portion of 

the grid at a zero day time lag.  The zero day time lag here indicates that the presence of 

these centers of pressure occurred at the same time as the positive NAO phase.  At the 

zero day lag, a positive NAO phase with a shallow trough aloft over the Midwest would 

allow upper level divergence upstream to influence the rising motion necessary for the 

presence of a surface low over the western portion of the domain.  A strong, broad high 

pressure at the surface, the Azores High associated with the positive NAO pattern, 

explained the high pressure (high relative to the low pressure to the west) present in the 

eastern portion of the grid over the Atlantic Ocean.  Six days later, when the max 

correlations occurred for TMP and VPR, another rapidly moving surface low, such as an 

Alberta Clipper, had likely passed quickly through the New England region due to the 

fast, zonal jet stream present during a positive NAO.  This low exited the study domain 

and matured over the Atlantic, leading to increased CAA, via enhanced 
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northerly/northwesterly flow to the west of the surface low and into the eastern portion of 

the grid.  The shallow upper level trough that was associated with the Alberta Clipper 

moved over New England by the +6 day time lag, allowing for upper level convergence 

upstream of the trough to be centered over the southwestern corner of the grid.  A surface 

high pressure, which formed due to the sinking motion enhanced by the trough position, 

would act to increase the amount of warm, moist air in that area via enhanced southerly 

flow of air originating from the Gulf of Mexico.   

 During a negative NAO phase, results showed high pressure located in the 

northeastern corner of the grid and low pressure in the southeastern corner at a zero day 

lag.  The locations of these variations in surface pressure are related, in part, to the upper 

level trough that was present over the eastern half of the U.S. during a negative NAO 

phase.  A likely scenario that would explain these variance patterns would be a low at the 

surface which was a result of enhanced rising motion supported by upper level 

divergence on the downstream side of the trough, while the higher pressure seen in our 

correlations to the west was a “high pressure” relative to the stronger surface low.  Due to 

the persistent blocking pattern that is present during a negative NAO phase, the variations 

in TMP and VPR, in relation to the NAO phase, were likely caused by the cyclonic flow 

around the surface low.  Cold, dry air was transported via CAA along the 

northerly/northwesterly flow into the western portion of the domain.  The digging of the 

trough associated with this CAA is supported in findings by Leathers et al. (1991) who 

showed connections between this pattern and cold air outbreaks in the eastern U.S., 

including New England.  The increase in TMP and VPR in relation to the negative NAO 
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shown in our results was supported by this trough in a scenario where the axis was to the 

west of New England, allowing WAA via the enhanced southerly flow east of the trough. 

 It is important to note that these conditions described above, which explain the 

locations and presence of centers of variance in SLP, TMP, and VPR fields in the New 

England region in relation to the positive and negative phases of the NAO, are only 

responsible for a portion of the total variance seen in those fields—that portion being the 

one that is correlated to the phase of the NAO.  There are many other meteorological 

mechanisms at play that act to change and modify SLP, TMP, and VPR near the surface.  

That being said, correlation amounts were surprisingly high considering the fact that the 

NAO is a single, albeit large, pressure dipole feature near the region studied.     

 

e. Cross Correlations between Meso-Alpha Scale Meteorological Variation 

 Results from cross correlations between the meso-alpha meteorological variation 

in SLP, TMP, and VPR showed that the strongest relationship existed between TMP and 

VPR.  There was a 94.5% correlation between TMP and VPR at the zero time lag, 

indicating a nearly one-to-one correlation between the two values existed at any 

instantaneous sampling time.  This strong relationship is not surprising given that fact 

that there is an inherent connection between the temperature of an airmass and the 

amount of moisture that it can hold.  Furthermore, the VPR values calculated in this study 

took into account the observed temperatures, rather than used a fixed value, in order to 

provide more accurate results.   

 Correlation maps between SLP and TMP, and SLP and VPR were redundant, 

again not surprising given that TMP and VPR were so highly correlated.  The structure of 
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the XCOR values and accompanying time lags of both plots, referenced in Fig. 19, were 

likely representative of the movement and passage of surface pressure systems and their 

associated airmass over time. 

 

f. Spectral Analysis 

There were clear spectral peaks above the 95CL near 126 days, roughly 4 months, 

in all four time series:  the NAO, SLP, TMP, and VPR.  The PCs of these meteorological 

variables constitute a large majority of the total variation in their respective parameters 

and have correlation values that are two orders of magnitude larger than the 95CL, 

meaning that these results are strongly statistically significant.  These corresponding 

peaks also suggest that all of these features are oscillating together on the same temporal 

frequency, a frequency which also happens to be the same as the approximate phase 

duration of the NAO that operates on a time scale of several months, as discussed in the 

Introduction Chapter.  Additionally, all components of the analysis between first PCs of 

SLP, TMP, and VPR and the NAO are synoptically sound, which further supports the 

significance and applicability of the results.  There was an unexpected peak in the 

spectral analysis above the 95CL at approximately 22 years.  There is the potential that 

this feature is spectral noise; however, it is of interest, but is beyond the scope of this 

research and should be a subject of future works. 

 

g. Future Works 

 This study is a small piece of the large body of research which is the regional 

downscaling of global climate teleconnection patterns for the Northeast U.S.  In this 
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work, we were able to find correlations between meso-alpha scale meteorological 

variation and the indices of the PNA and the NAO.  The methods of analysis used should 

be duplicated for other teleconnection patterns that have may have influence on the New 

England region, such as ENSO and the Arctic Oscillation.  In this study, an assumption 

was made that global teleconnection indices operate independently of each other in order 

to simplify and narrow down the analysis.  It is well known that these patterns are, in fact, 

linked, and further research would benefit from computing correlations between the 

global climate indices themselves using a method such as multiple linear regression 

analysis, which was employed in the study by Ning and Bradley (2014).   

Additional work could be done to the datasets used in this study, such as dividing 

each year in the 11 year period into seasons and noting any differences in PC structure 

and variance amount, cross correlation amounts and associated time lags, and 

relationships of these to the phase of the particular planetary forcing it is being correlated 

to.  A more dynamic data filter and interpolation script could be written to fill in more of 

the data gaps that are inherent with datasets such as buoys. The data could also be 

standardized to remove the averaging that inevitably occurs when using a year long 

dataset.  A procedure for standardizing data is highlighted in a study by Powell and Keim 

(2014) which may be useful for future works. 

These analysis methods could also be duplicated for other areas of the country to 

explore relationships between planetary forcing and meso-alpha scale response.  Finally, 

additional analysis is necessary to determine the reasoning behind the unexpected 22 year 

peak found in the spectral analysis. 
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APPENDIX A 

 

List of Acronyms and Abbreviations 

-A- 

AMO  Atlantic Multidecadal Oscillation 

-C- 

CAA Cold Air Advection 

CDAS Climate Data Assimilation System 

cP Continental Polar (Airmass-Cold and Dry) 

CPC Climate Prediction Center 

-D- 

DJF December-January-February  

-E- 

ENSO El Niño-Southern Oscillation  

EOF Empirical Orthogonal Function 

-M- 

MEI Multivariate ESNO Index 

mT Maritime Tropical (Airmass-Warm and Moist) 

-N- 

NAO North Atlantic Oscillation 

NDBC National Data Buoy Center 

NEH “New England High” 

NOAA National Oceanic and Atmospheric Administration 

NWS National Weather Service 

-O- 

ONI Oceanic Niño Index 

-P- 

PC  Principal Component 

PCA Principal Component Analysis 

PDO Pacific Decadal Oscillation 

PNA Pacific North American (Pattern) 
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PSD NOAA Physical Sciences Division 

-R- 

RA Regression Analysis  

RPCA Rotated Principal Component Analysis 

-S- 

SLP Sea Level Pressure 

SOI Southern Oscillation Index 

SST Sea Surface Temperature 

-T- 

TAO Tropical Atmospheric Ocean (Buoy System) 

TMP Temperature 

-V- 

VPR Vapor Pressure 

-W- 

WAA Warm Air Advection  

-X- 

XCOR Cross Correlation   
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APPENDIX B 

 

Data Filter Python Script 

 

Note:  Sections of code have been bolded to show purpose, and comments have been 

italicized to differentiate them from the code.   

 

 

#!/usr/local/bin/python 

# 

# Script to filter data based on set thresholds, and linearly interpolate missing data up 

using up to 3 hours of data (interpolating up to 2 missing points) 

# 

# Last Modified: 10/19/15  

# Written by: Vanesa Urango & Mike Wessler 

# 

# Td_VP_Script.py 

#_______________________________________________________________________ 

# Create a .txt with all of the export file names to be used 

# Must be in directory with export files and script 

 

import os      #Command works only within python 

os.system("ls *SFCdat.txt > flist.txt")       #Grab all of the files ending in SFCdat.txt--

>put in flist.txt 

raw_input("imported file list") #indicate in the terminal window when file 

list has been created 

 

flist=open('flist.txt','r') 

 

#_______________________________________________________________________ 

#Define Threshold Variables: 

WHOIthresh = 0     #null value 

Tthresh    = (float(10))   #[deg C] 

Tdthresh   = (float(10)) #[deg C]     

  

#*I am not filtering Td for a purpose, this 

threshold is just a place-holder so the script 

doesn't crash 10/18/2015* 

 

SLPthresh  = (float(8.5))   #[hPa] 

VPthresh   = (float(625))   #[Pa] 

MissingVal = (float(-999.00000000))  

 

for FileName in flist: 

 fopen = FileName.rstrip() 
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raw_input(fopen) #Toggle to see each export file open in the 

terminal 

  

ExportFiles = open(fopen,'r')            #rfp is the 'read file pointer'-->aka DataFile 

in this script(the input data) 

 

 newfilename = "Filtered_"+str(FileName.rstrip())    

#creates new file to write updated data--

>adds "Filtered" to the beginning of the old 

file name to distinguish it from old 

 

NewFile = open(newfilename,'w+')   #wfp is the 'write file pointer'-->the new file 

that is being written aka NewFile 

 with ExportFiles as DataFile: 

  for line in DataFile: 

if line[0] == '%':  #If the line begins with the character %, 

where [0] represents that 0th element in the 

row 

 

   NewFile.write("%s\n" %line.rstrip())   

#Write this line to the NewFile, bc it is 

metadata 

  

 ExportFiles = open(fopen, 'r') 

 with ExportFiles as DataFile:         

#Used to skip the lines of metadata in open 

read file before reading in lines of data--

specific to the format of my export files 

**HARD CODED** 

  for _ in xrange(9): 

   next(DataFile) 

 #_________________________________________________________________ 

 #Loop to read each line and parse data 

  

data = [ ]      

#Initialize empty array to feed in parsed 

data-->each line of data from the file 

(WHOI, T, Td, SLP, VP) is an element in the 

array  

  for line in DataFile: 

   Parsed = line.rstrip().split("\t")                               

ColsArray = [Parsed[0],Parsed[1],Parsed[2],Parsed[3],Parsed[4]]   

#WHOI, Ta(dC), Td(dC), SLP(hPa), 

VaporPressure (Pa) 
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data.append(ColsArray)        

#Append the string gathered in ColsArray to the 

array data 

   ColsArray = [ ]            

 #Clear the array for the next iteration of the loop 

 ExportFiles.close() 

  

 #_________________________________________________________________ 

 #Process data:  Apply hourly thresholds for change, interpolate BAD data 

(up to 3 hours), and mark bad data occurring over a time period > 3 hours as 

missing 
 

 Thresholds = [WHOIthresh, Tthresh, Tdthresh, SLPthresh, VPthresh]  

#Define each threshold variable at the 

beginning of the file 

 EOD = (len(data))           

 #EOD = End of Data 

  

 for j in range(1,5):           

#Where j is the element in the ColsArray 

structure--skipping the 0th element bc we 

are not using interpolating WHOIs 

  Threshold = Thresholds[j]            

#Grab the threshold value relevant to the 

met variable being worked on-->NOTE that 

the WHOI threshold is a null value since we 

are not using it, it simply occupies space in 

the array 

  for i in range(1,(EOD)):           

#Where i is the list occupied by each 

element in the array data--skipping the 0th 

element bc we cannot compare the 1st data 

point in the set to a previous one 

   val = data[i][j]          

#Grab the piece of data located in position j 

(the variable type), and i (the exact value of 

the variable located within the list element) 

   valb1 = data[i-1][j]         

#Value of data point one hour previous of 

current data point being examined 

    

   if (float(val)) != MissingVal: 

    if (float(valb1)) != MissingVal: 

     Slope = ((float(val))-(float(valb1))) 
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if (abs(Slope)) <= Threshold: 

       () 

       #Good data here, jump out of loop  

       

     else: 

      k=1      

      #Initiate hour counter 

 

while ((abs(Slope))>(k*Threshold)) and 

((i+k)<(EOD)):       

#While the slope > allowed 

threshold, keep searching for 

the next good data point 

       k=k+1     

       #Check the next point 

 

       if (float(data[i+k][j])) != MissingVal: 

Slope = ((float(data[i+k][j]))-

(float(valb1)))    

#If value is missing, it will 

keep previous slope value 

and look for next good point 

where slope passes threshold 

test 

         

      if ((i+k)<(EOD)) and (k==2):   

       

(data[i][j]) = 

((float(Slope/2))*(1)+(float(valb1))) 

#Interpolates val 

        

      if ((i+k)<(EOD)) and (k==3): 

(data[i][j]) = 

((float(Slope/2))*(1)+(float(valb1))) 

#Interpolates val 

 

(data[i+1][j]) = 

((float(Slope/3))*(2)+(float(valb1))) 

#Interpolates valf1 

        

 if ((i+k)<(EOD)) and (k>3):   

#Replaces all values within k 

to MissingVal (the last val of 

k not used bc range uses 0th 

element as a number) 
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for i in range(0,k): 

        (data[i+k][j]) = MissingVal 

#________________________________________________________________  

 #This set of loops will go through and interpolate MISSING data where 

applicable   
 for j in range(1,5):        

  Threshold = Thresholds[j]  

  for i in range(1,(EOD)): 

   val = data[i][j] 

   valb1 = data[i-1][j] 

       

   if ((float(valb1)) == MissingVal): 

()        

#Can't interpolate without valb1, next i 

iteration  

 

elif ((float(valb1)) != MissingVal) and ((float(val)) == 

MissingVal): 

    Done = 0 

    h=0 

        

while (Done == 0) and ((i+h+1)<(EOD)):   

 #While loop to check for the next value that 

is not missing 

     h=h+1 

     if ((float(data[i+h][j])) == MissingVal): 

      #Continue in the while loop 

      ( )   

       

     elif ((float(data[i+h][j])) != MissingVal): 

Done = 1      

#To break the while loop bc the value found 

is not missing   

            

           

    if ((i+h)<(EOD)) and (h==1): 

     try: 

      Slope = ((float(data[i+h][j]))-(float(valb1))) 

   

(data[i][j]) = 

((float(Slope/2))*(1)+(float(valb1))) 

#Interpolates val    

      

    

     except IndexError: 

      ( )   
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    if ((i+h)<(EOD)) and (h==2): 

     try: 

      Slope = ((float(data[i+h][j]))-(float(valb1))) 

(data[i][j]) = 

((float(Slope/2))*(1)+(float(valb1))) 

#Interpolates val 

 

(data[i+1][j]) = 

((float(Slope/3))*(2)+(float(valb1))) 

#Interpolates valf1    

      

   

     except IndexError: 

      ( ) 

          

    if ((i+h)<(EOD)) and (h>=3): 

     try: 

      ( )      

        

except IndexError:     

    ( )      

   #Leave all MissingVals Missing bc beyond 3 hours 

 #________________________________________________________________  

#Write the completed filtered data lists stored in data to the NewFile  

 for v in range(len(data)):  

  try: 

NewFile.write("%12s\t%13.8f\t%13.8f\t%13.8f\t%13.8f\n" 

%((data[v][0]),(float(data[v][1])),(float(data[v][2])),(float(data[v][

3])),(float(data[v][4])))) 

  except ValueError: 

   ( ) 

 

 DataFile.close 

 NewFile.close 

flist.close    

#Start the for FileName loop over with the next export file  
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APPENDIX C 

Additional NAO Cross Correlation Figures 

 Shown here are additional NAO cross correlation figures, which are discussed in 

the Results Chapter.  The first PCs of each SLP, TMP, and VPR were shown in the 

results section to assist the reader in the visualization of the magnitude of the correlations 

discovered.  The first PCs provided the most robust correlation values, in relation to the 

NAO, found in this study.  The remainder of the correlations and associated lag times for 

the second and third PCs are located here for the reader to reference.  

 

 

 
 

Figure 21.  Cross Correlation values and associated time lags between the NAO and SLP 

PC2 EOF1 (top) and SLP PC3 EOF1 (bottom) mapped in a ±30 day lag window. 
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Figure 22.  Cross Correlation values and associated time lags between the NAO and 

TMP PC2 EOF1 mapped in a ±180 day lag window (top), and TMP PC3 EOF1 mapped 

in a ±30 day lag window (bottom). 

 

 

 

 

 

 

Figure 23.  Cross Correlation values and associated time lags between the NAO and 

VPR PC2 EOF1 (top) and VPR PC3 EOF1 (bottom) mapped in a ±30 day lag window. 
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APPENDIX D 

Additional Results:  2004-05 Meteorological Winter 

 These results were an addition to the original study to determine if a significant 

difference in the structure of PCs would result from using data strictly from the 

meteorological winter months (DJF) vs. yearly data from the New England region.  It was 

found that there were notable differences in some, but not all, of the PCs generated.  The 

number of PCs needed to account for ~ 99% of the total variance, seen in Table 6, 

remained the same for SLP, whereas an additional PC was needed to reach this analysis 

threshold in TMP.  VPR PCs for DJF were not calculated due to the approximate one-to-

one correlation between the first PCs of TMP and VPR, highlighted in the Results 

Chapter.  The results for TMP DJF PCs were deemed sufficient to represent both TMP 

and VPR.  Selected seasonal PCs for SLP can be seen in Fig. 21, while those for TMP 

can be seen in Fig. 22. 

   

Table 6.  Variance amounts for Principal Components (PCs) for 2004-05 cold season 

(DJF) accounting for ~ 99% of the variance of SLP and TMP.  PC’s accounting for         

< 0.5% of the variance were not analyzed. 

 

The DJF PC1 of SLP accounted for 92.87% of the total variation in SLP during 

those months.  This percentage of total variance was approximately 2% higher than that 

of the 11 year PC1 of SLP.  The structure of this PC was very similar to that of 11 year 

Variable      PC Number 

     
PC1 PC2 PC3 PC4 

Total 

Variance 

Sea Level Pressure (SLP) 92.87% 3.32% 2.70% < 0.5% 98.90% 

Temperature (TMP) 87.50% 5.50% 3.70% 1.41% 98.10% 
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PC1 of SLP with the exception of a potential secondary center of pressure that was 

located over the Atlantic just south of Nova Scotia, Canada.  The forward and backward 

interpretations of this PC were also the same as that of the 11 year dataset, with either a 

large high or low pressure center dominating the grid area. 

 

Figure 24.  Principal Components (1-3 from left to right) of SLP computed for 2004-05 

meteorological winter (DJF). 

The DJF PC2 of SLP accounted for 3.32% of the total variance in SLP.  The zero 

line was oriented SW to NE, roughly perpendicular to that of the 11 year equivalent.  In a 

forward interpretation of this PC, the zero line divided higher pressure to the NW and a 

center of lower pressure to the SE.  The pressure feature in the NW corner of the domain 

was stronger that that found in the SE corner.  The opposite would have been seen in a 

backward interpretation.   

Unlike the 11 year PC3 of SLP, the zero line in the DJF PC3 of SLP bisected the 

coastline near Portland, Maine and split the domain between the SW and NE halves.  

This zero line was characterized by embedded shortwave trough and ridge features.  This 
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PC pattern was responsible for 2.70% of the total variance in SLP in DJF.  In a forward 

(backward) interpretation, higher (lower) pressure was present in the NE (SW) corner of 

the grid with an apparent center of high (low) pressure located over southern Nova 

Scotia, Canada—a feature not seen in the 11 year PC equivalent.    

 

Figure 25.  Principal Components (1-4 from top left to right, then bottom) of TMP 

computed for 2004-05 meteorological winter (DJF). 

 

The DJF PC2 of SLP accounted for 87.5% of the total variation in the seasonal 

TMP, approximately 8% less than the 11 year PC1 of TMP.  The main feature in the DJF 

PC was similar to that of its 11 year counterpart, with the exception that its center was 
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more symmetrical in nature and did not have a clear division in TMP between the 

landmass and the Atlantic.  In a forward (backward) interpretation, the bulls-eye like 

feature seen in the seasonal PC1 of TMP had a center of warm (cool) air which cooled 

(warmed) quickly towards the NW and SE corners of the study domain.   

The DJF PC2 of TMP accounted for 5.5% of the total seasonal variance in TMP, 

3.27% more than its 11 year equivalent.  The 11 year PC2 of TMP showed a clear 

division between the landmass and the ocean with centers of variation located in the NW 

and SE corners of the domain; while the seasonal PC2 of TMP retained those variation 

centers, it differed in the respect that the zero line was oriented more W-E, a pattern 

almost identical to that of the 11 year PC2 of VPR.  In a forward (backward) 

interpretation, warmer (cooler) temperatures were present in the NW corner of the grid, 

while cooler (warmer) temperatures existed in the SE corner of the grid.   

PC3 of TMP for DJF accounted for 3.7% of the total variation in TMP for the 

meteorological winter, 2.77% more than the total variance in TMP accounted for by its 

11 year counterpart.  The locations of the centers of variation in both of these PCs were 

the same, but were opposite in sign.  In a forward (backward) interpretation, the seasonal 

PC3 of TMP had warmer (cooler) temperatures in the NE corner of the grid area and 

cooler (warmer) temperatures in the SW corner.  The structure of the zero line also 

differed between the seasonal and 11 year PCs.  The zero line was oriented more N-S in 

the seasonal PC, bisecting the coastline near Portland, Maine. 

The DJF calculations for TMP required a fourth PC to reach the ~ 99% total 

variance analysis threshold.  PC4 of TMP accounted for 1.41% of the total seasonal 
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variation in TMP.  The structure of this PC, seen in Fig. 22, was very different than any 

of the other PCs generated in this study.  There were two zero lines which were oriented 

diagonally at approximately 70° from SW to NE.  The more southerly zero line, located 

just offshore, offered a more amplified pattern which roughly followed the New England 

coastline, while its northern counterpart was straighter in nature and was located mainly 

outside of the New England states within the Canadian and northern New York 

territories.  In a forward (backward) interpretation, the areas within the domain north of 

the northerly zero line and south of the southerly zero line were warmer (cooler), while 

the area between the dual zero lines was cooler (warmer).  Furthermore, the area within 

the two zero lines contained two variation peaks, one centered at the junction of VT, NH, 

and MA, and the other centered off the grid domain over New Brunswick, Canada.   
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