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Abstract 

This paper presents the results of a multivariate spatial analysis of 38 vowel formant 

variables in the language of 402 informants from 236 cities from across the contiguous 

United States, based on the acoustic data from the Atlas of North American English (Labov, 

Ash & Boberg, 2006). The results of the analysis both confirm and challenge the results of 

the Atlas. Most notably, while the analysis identifies similar patterns as the Atlas in the West 

and the Southeast, the analysis finds that the Midwest and the Northeast are distinct dialect 

regions that are considerably stronger than the traditional Midland and Northern dialect 

region indentified in the Atlas. The analysis also finds evidence that a western vowel shift is 

actively shaping the language of the Western United States. 
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1. Introduction 

Most research on regional linguistic variation in American English has been based on the 

subjective analysis of linguistic survey data (e.g. Kurath, 1949; Carver, 1987; Labov et al, 

2006). The traditional and standard approach to data analysis in American dialectology 

involves manually analyzing maps that plot the values of numerous linguistic variables across 

a region in order to identify individual and common patterns of regional variation. Usually, 

isoglosses are drawn to divide each map into the regions where the different values of the 

linguistic variable predominate. Common patterns of regional linguistic variation are then 

identified by searching for linguistic variables with isoglosses that follow similar paths and 

dialect regions are located based on how these bundles of isoglosses divide the region into 

sub-regions.  

While the traditional approach to the analysis of regional linguistic variation follows a 

logical series of steps, each stage of the analysis ultimately relies on the judgment of the 

dialectologist. Descriptive statistics and replicable procedures are often used to help guide the 

analysis, but key decisions such as the selection of the subsets of linguistic variables that 

define a particular region (e.g. Carver, 1987) or the design of the algorithm that generates 

isoglosses (e.g. Labov et al, 2006) are still based on the dialectologist’s judgment. For this 

reason it is difficult to choose between competing theories of American dialect regions, such 

as the whether there are two or three dialect regions on the East Coast of the United States. It 

is also possible that patterns of regional linguistic variation exist in American English that 

have not been observed in previous research, either because they are insufficiently clear to be 

identified based on manual analyses or because they disagree with the assumptions upon 

which dialectologists base their analyses. An impartial statistical analysis of the relevant data 

can help resolve issues such as these. 
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It would seem that statistical analysis has not replaced subjective analysis in 

American dialectology primarily because an adequate statistical method for analyzing 

regional linguistic variation that follows the same series of steps as a traditional analysis has 

not been made available until very recently (Grieve, 2009; Grieve, Speelman & Geeraerts, 

forthcoming). For example, the statistical methods commonly used in variationist 

sociolinguistics to analyze the relationships between linguistic variables and social variables 

are not suitable for regional dialectology. Unlike social variables, the relationship between a 

linguistic variable and regional variables such as longitude and latitude cannot be reliably 

identified using simple linear regression because regional linguistic variation is potentially 

nonlinear. Consider, for example, a linguistic variable that has a high value in the center of a 

region but low values elsewhere; a simple linear regression cannot identify a relationship 

between the values of such a variable with either longitude or latitude. Linear patterns such as 

a change in the value of a linguistic variable from the northeast to southwest can be identified 

using such methods, but non-linear patterns such as a central cluster of high or low values 

cannot. As such, the standard statistics used in variationist sociolinguistics and in most social 

sciences, are simply insufficient for all but the most rudimentary regional analyses. 

While variationist statistical methods are of limited use to dialectologists, in Europe a 

quantitative approach to regional dialectology known as dialectometry has become common 

(e.g. Séguy 1971, 1973; Goebl, 1982, 2006; Heeringa, 2004; Nerbonne, 2006). Dialectometry 

analyzes regional linguistic variation using replicable and statistically justified methods; 

however, because dialectometry does not follow the same series of steps as a traditional 

analysis, it does not allow for regional patterns to be identified in a way that is satisfactory to 

many dialectologists. In particular, a standard dialectometry analysis does not allow for 

regional patterns to be identified in the values of individual linguistic variables or for more 

than one common regional pattern to be identified in a set of linguistic variables. This is 



 4	  

because dialectometry focuses on aggregated analysis, and as such the first step of a 

traditional dialectometry analysis involves computing a linguistic distance matrix based on 

the complete set of linguistic variables, making it difficult to determine if individual variables 

exhibit regional patterns or to determine if different subsets of variables exhibit different 

regional patterns.  

While the methods used in sociolinguistics and dialectometry therefore cannot replace 

the traditional subjective approach to data analysis commonly applied in American 

dialectology, the basic methods needed to quantify the traditional approach are common in 

geography and in many other fields where geographical data are subjected to statistical 

analysis. Indeed, the basic statistical starting point for a more complete quantitative approach 

to the analysis of regional linguistic variation was introduced in Lee and Kretzschmar (1993) 

and Kretzschmar (1996), where lexical data from LAMSAS was analyzed using the join-

count global spatial autocorrelation statistic for binary data. A measure of global spatial 

autocorrelation allows for statistically significant patterns of spatial clustering to be identified 

in the values of an individual variable, but despite their obvious application in regional 

dialectology and their common use in other fields, global spatial autocorrelation statistics 

have not become common in dialectology. Presumably the reason that global spatial 

autocorrelation statistics have not become common in dialectology is because they do not 

fully quantify the traditional method. Testing a linguistic variable for significant global 

patterns of spatial clustering is an important first step in an analysis of regional linguistic 

variation, but while measures of global spatial autocorrelation identify variables that exhibit 

significant spatial clustering, they do not identify the locations of these clusters nor do they 

identify aggregated patterns of regional linguistic variation.  

In order to identify the location of spatial clusters in the values of a variable, it is 

necessary to employ measures of local spatial autocorrelation, which have only recently been 
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introduced to dialectology (Grieve, 2009, forthcoming; Grieve et al, forthcoming). These 

statistics pinpoint the location of high and low value clusters, similar to plotting an isogloss. 

By then subjecting the results of the local autocorrelation analysis for a set of variables to a 

factor analysis, in a manner similar to a multidimensional text type analysis (e.g. Biber, 

1989), it is possible to identify and map common patterns of regional variation. The results of 

the factor analysis can then be subjected to further multivariate analysis, similar to the 

approach taken in dialectometry, in order to identify dialect regions. By combining global 

and local measures of spatial autocorrelation with multivariate statistical methods, it is thus 

possible to conduct a statistical analysis of regional linguistic variation that identifies both 

individual and common patterns of variation in a manner that parallels the traditional 

approach to data analysis adopted in American dialectology.  

This paper describes the results of a multivariate spatial analysis (Grieve, 2009; 

Grieve et al, forthcoming) of regional linguistic variation in the vowel formant data from the 

Atlas of North American English (Labov et al, 2006), which is the standard data source on 

regional phonetic variation in modern American English.  As one would expect, given the 

results of the Atlas, the analysis finds that most vowel formant variables are regionally 

patterned in American English. However, while the analysis identifies similar regional 

patterns as the traditional analysis presented in the Atlas, the method also identifies additional 

patterns that had previously gone unnoticed, some of which challenge traditional taxonomies 

and theories of American dialect regions.  

 

2. Data 

This study is based on the data gathered for the Atlas of North American English (Labov et 

al, 2006). Data collection for the Atlas took place during the 1990s through linguistic 

interviews conducted over the telephone with informants in cities from across English-
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speaking North America. On average 2 to 4 informants were selected per city by consulting 

the local phone book and by randomly calling people who were part of the major ethnic 

group of that city based on their surnames. Only people who had lived in that city for their 

entire lives were interviewed. The age and gender of speakers were kept approximately stable 

across the major regions of the United States. Each informant was interviewed and recorded 

for approximately 30 to 45 minutes in order to elicit a range of features. In total the language 

of 762 informants was analyzed for the Atlas. 

The analysis presented here is based on the results of acoustic analysis, which is 

provided in the CD-ROM that accompanies the Atlas. Based on the recorded interviews, the 

Atlas computed the average formant 1 and formant 2 values for 48 vowel formant variables 

for 439 of the 762 informants. The raw maps generated by these analyses are presented in 

Chapter 10 of the Atlas. This study is based on the data for 402 of these 439 informants. 

Canadian informants were excluded from the analysis in order to focus on regional linguistic 

variation by controlling for the influence of national linguistic variation. Alaskan informants 

were excluded from the analysis because as extreme geographical outliers their inclusion 

would confound the spatial analysis. In addition, the one speaker from Bloomington, Illinois 

was removed from the analysis because he is an extreme outlier on formant 2 for all vowels.  

The Atlas dataset contains values for 48 vowel formant variables, consisting of 

average formant 1 and formant 2 values for 16 vowels, 8 of which are measured in two 

different phonemic environments (e.g. word internally vs. word finally).  Because the 

statistical methods being applied here require that each location be associated with a single 

value, each vowel formant variable was averaged over all informants from the same city in 

order to produce one value per city. Despite the fact that the Atlas treats each informant as a 

separate observation, pooling the data at each location has several advantages in addition to 

statistical considerations. The most obvious benefit is that a raw map plotting the values of a 
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variable over a set of locations is easier to interpret than a raw map plotting the values of a 

variable over a set of informants, especially when there is considerable variation in the 

number of informants per location, as is the case here. Pooling data at each location also 

controls to some extent for variation in gender and age in the dataset. In addition, pooling 

data reduces the proportion of missing data in the dataset. Because the values of vowel 

formant variables are occasionally missing for informants in the dataset, combining the data 

from locations represented by multiple informants reduces missing data as different 

informants tend to be missing data for different variables. 

However, even after pooling the data, 10 of the 48 vowel formant variables (formant 

1 and formant 2 for /oy/, /aeh/, /eyr/, /uwr/, and /ah/) were still missing data for over 10% of 

the locations in the dataset. As such, these 10 vowel formant variables were excluded from 

the analysis, leaving 38 vowel formant variables in the final dataset analyzed here. Another 

12 vowel formant variables (formant 1 and formant 2 for /uh/, /u/, /ay/ before voiceless 

consonants, /iw/, /uw/ word internal, /ohr/) were retained despite containing missing data 

after pooling because in each case data was missing for less than 5% of the locations. In order 

to retain these vowels, missing data were replaced with the mean for that vowel formant 

variables across all locations in the dataset.1 

To summarize, the final dataset analyzed here consists of 38 vowel formant variables 

measured across 236 cities. The 15 distinct vowels represented in the dataset are listed in 

Table 1 using the phonetic transcription system used in the Atlas, as well as the IPA 

equivalent (in parentheses) and an example of the vowel in context. The system of vowel 

categorization presented in the Atlas is also used to organize Table 1. The system 

distinguishes between three levels of height and between front and back or round and 

unrounded vowels. In addition, the system divides the vowels into two basic categories 

consisting of short and long vowels, with the long vowels being further divided into ingliding 
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vowels and both front and back upgliding vowels. There are 4 additional vowel measures 

because 4 vowels were analyzed in two distinct phonological contexts, specifically /ay/ was 

analyzed before voiced (/ayv/) and voiceless (/ay0/) consonants, /uw/ was analyzed word-

internally (/uwc/) and word-finally (/uwf/), /ow/ was analyzed before /r/ (/owr/) and before all 

other consonants (/owc/), and /oh/ was analyzed before /r/ (/ohr/) and in all other contexts 

(/oh/). In addition, /iy/ and /ey/ were only analyzed word internally (/iyc/ and /eyc/), and /ah/ 

was only analyzed before /r/ (/ahr/). The overall average formant 1 and formant 2 value for 

each of the 19 vowel measures are displayed Figure 1. 

Finally, before conducting the statistical analysis, the values of the 38 variables were 

mapped across the 236 locations. Examples for four of the variables are presented in Figures 

2-5. Figure 2 plots the raw values for /eyc/ on formant 1, showing that high values appear to 

predominate in the South and the West and low values appear to predominate in the North. 

Figure 3 plots the raw values for /ae/ on formant 1, showing that low values appear to 

predominate in the Midwest and high values appear to predominate in the Northeast and the 

West. Figure 4 plots the raw values for /oh/ on formant 2, showing that low values appear to 

predominate in the Northeast and high values appear to predominate in the West. Finally, 

Figure 5 plots the raw values for /ay/ on formant 2, showing that low values appear to 

predominate in the Midland and Florida and high values appear to predominate in the rest of 

the South and in the Upper Midwest. In each case a regional pattern is discernable; however, 

because these patterns are not absolute, their significance is unclear. 
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Table 1 The English Vowel System 

Long 

Upglide Short 

Front Upglide Back Upglide 
Inglide 

 

 

 

 
Front Back Front Back Front Back Unround Round 

High 
i (ɪ) 

bit 
u (ʊ) 

book 
iy (i) 

beat 
 

iw (u) 

suit 
uw (u) 

boot 
  

Mid 
e(ɛ) 

bet 
uh (ʌ) 

 but 
ey (e) 

bait 
  

ow (o) 

boat 
 

oh (ɔ) 

caught 

Low 
ae (æ) 

bat 
o (a) 

cot 
 

ay (ai) 

bite 
 

aw (aʊ) 

bout 
ah(a:) 

balm 
 

 

Figure 1 Average Formant 1 and Formant 2 Values for all Vowel Measures 
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Figure 2  Raw Value Map for non-word-final /ey/ (e.g. bait) on Formant 1 

 

 

Figure 3  Raw Value Map for /ae/ (e.g. bat) on Formant 1 
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Figure 4  Raw Value Map for /oh/ (e.g. caught) on Formant 2 

 

 

Figure 5 Raw Value Map for /ay/ before voiced consonants (e.g. bide) on Formant 2 
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3. Individual Patterns of Regional Linguistic Variation 

In order to identify statistically significant patterns of regional variation in the values of the 

38 individual vowel formant variables, each variable was subjected to an analysis of spatial 

autocorrelation.2 First, each variable was subjected to an analysis of global spatial 

autocorrelation using global Moran’s I (Moran, 1948) in order to identify significant patterns 

of spatial clustering. A significant negative value for Moran’s I indicates that the values of a 

variable exhibit spatial dispersion, where the values of nearby locations tend to have different 

values to a greater degree than would be expected by chance. A significant positive value for 

Moran’s I indicates that the values of a variable exhibit spatial clustering, where the values of 

nearby locations tend to have similar values to a greater degree than would be expected by 

chance. The values of each variable were tested for positive spatial autocorrelation by 

calculating global Moran’s I based on Equation 1 (Odland, 1988). 

(1)  

Where N is the total number of locations, xi is value of the variable at location i, xj is value of 

the variable at location j, is the mean for the variable across all locations, and wij is the 

value of the spatial weighting function for the comparison of location xi and xj.  

The spatial weighting function is a set of rules that assigns a weight (wij) to the 

comparison of every pair of locations (i, j) in the distribution of a variable (x) so that 

comparisons between locations that are close together are given greater weight than 

comparisons between locations that are far apart (Odland, 1988). Two types of spatial 

weighting functions are most common: a binary spatial weighting function assigns a weight 

of 1 to all pairs of locations within a certain distance and a weight of 0 to all other pairs of 

locations; a reciprocal spatial weighting function assigns a weight to each pair of location 

based on the reciprocal of the distance between the locations so that the weight decreases 
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with distance. In this study a reciprocal weighting function was selected because it allows for 

the measure of global spatial autocorrelation to be based primarily on the closest locations. 

This is particularly important because previous subjective analyses of regional variation in 

this dataset have found that some dialect regions can be quite narrow, such as the Midland 

dialect region or the extension of the northern dialect region around the Great Lakes. A 

weighting function that focuses primarily on nearby locations was therefore selected because 

it is better suited for replicating these results. In order to calculate the distance between each 

pair of cities the great sphere distance formula was used (Sinnott, 1984) based on centralized 

decimal longitude and latitude values for each city as listed by the U.S. Census Bureau. 

In order to interpret the significance of Moran’s I, a standardized z-score was obtained 

under the assumption of randomization (Odland, 1988), which was then subjected to a one-

tailed significance test, as the goal of the analysis is only to identify positive spatial 

autocorrelation. A variable was deemed to exhibit significant global autocorrelation if the 

computed z-score was larger than or equal to 3.01—corresponding to a one-tailed .0013 

significance level, which was selected based on a Bonferroni correction for 38 variables 

(.05/38 = .0013). A Bonferroni correction controls for the fact that every time a variable is 

added to the analysis the likelihood that a significant pattern will be found by chance 

increases. The results of the global spatial autocorrelation analysis are presented in Table 2, 

which for each vowel formant variable lists the mean value, the Moran’s I value, the 

associated z-score, and the associated 1-tailed p-value. Based on the global spatial 

autocorrelation analysis using a reciprocal weighting function, 25 out of the 38 variables 

were found to exhibit significant levels of spatial clustering at the adjusted .0013 significance 

level.3  
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Table 2 Global Autocorrelation Results (Reciprocal Weighting Function, N = 236) 

Vowel Formant Mean (Hz) Moran’s I z-score p (1-tailed) 
/oh/ 1 755 0.446 30.56 < 0.0001 
/oh/ 2 1177 0.303 20.82 < 0.0001 
/aw/ 2 1600 0.251 17.3 < 0.0001 
/uwc/ 2 1373 0.227 15.62 < 0.0001 
/uwf/ 2 1787 0.202 13.95 < 0.0001 
/ae/ 1 744 0.199 13.79 < 0.0001 
/owc/ 2 1267 0.195 13.47 < 0.0001	  
/ahr/ 2 1227 0.169 11.76 < 0.0001	  
/o/ 2 1334 0.169 11.74 < 0.0001	  
/iw/ 2 1843 0.143 9.98 < 0.0001	  
/u/ 2 1425 0.134 9.35 < 0.0001	  
/eyc/ 1 584 0.134 9.34 < 0.0001	  
/uh/ 2 1447 0.116 8.14 < 0.0001	  
/eyc/ 2 2017 0.105 7.4 < 0.0001	  
/ae/ 2 1869 0.098 6.9 < 0.0001	  
/uwf/ 1 452 0.075 5.35 < 0.0001	  
/e/ 2 1826 0.067 4.85 < 0.0001	  
/i/ 2 1933 0.067 4.8 < 0.0001	  
/ay0/ 1 777 0.066 4.75 < 0.0001	  
/ay0/ 2 1481 0.054 3.96 < 0.0001	  
/ahr/ 1 721 0.054 3.94 < 0.0001	  
/ayv/ 2 1462 0.052 3.81 < 0.0001	  
/e/ 1 653 0.047 3.48 0.0003 
/iyc/ 1 422 0.047 3.46 0.0003 
/ohr/ 2 925 0.041 3.08 0.001 
/o/ 1 822 0.039 2.95 0.0016 
/owr/ 1 533 0.037 2.8 0.0026 
/owr/ 2 906 0.032 2.47 0.0068 
/uh/ 1 702 0.032 2.45 0.0071 
/owc/ 1 625 0.03 2.33 0.0099 
/aw/ 1 804 0.026 2.08 0.0188 
/iyc/ 2 2322 0.021 1.71 0.0436 
/uwc/ 1 456 0.02 1.63 0.0516 
/i/ 1 517 0.012 1.09 0.1379 
/iw/ 1 425 0.011 1.04 0.1492 
/ohr/ 1 548 0.01 0.95 0.1711 
/u/ 1 552 0.002 0.42 0.3372 
/ayv/ 1 813 0 0.27 0.3936 
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While a global spatial autocorrelation analysis allows for variables exhibiting 

significant overall levels of spatial clustering to be identified, a local spatial autocorrelation 

analysis identifies the location of these clusters. Unlike a measure of global spatial 

autocorrelation, which returns one value for a variable indicating the degree of clustering 

across the entire distribution of a variable, a measure of local spatial autocorrelation returns 

one value for each location for a variable indicating the degree to which that particular 

location is part of a high or low-value cluster. The results of the local spatial autocorrelation 

analysis can then be mapped in order to identify the locations of high- and low-value clusters 

for each variable—patterns that may not have been obvious based on an analysis of the raw 

values of the variable. While local spatial autocorrelation statistics have never been applied in 

regional dialectology except for in our own research (e.g. Grieve, 2009, 2011, forthcoming; 

Grieve et al, forthcoming), these statistics are very well suited to the needs of dialectologists 

as they are essentially statistical methods for plotting isoglosses.4  

In order to measure local spatial autocorrelation, local Getis-Ord Gi* (Ord and Getis, 

1995) was calculated for each location for each variable using Equations 2 and 3.  

(2)  

(3)  

Local Getis-Ord Gi* returns a z-score indicating the degree to which a location is surrounded 

by locations with similar values. A significant negative Getis-Ord Gi* z-score indicates that 

that location is part of a low-value cluster, whereas a significant positive Getis-Ord Gi* z-

score indicates that the location is part of a high-value cluster. A Getis-Ord Gi* z-score was 

interpreted as significant if it was larger than or equal to ±3.21, which corresponds to a two-

tailed 0.0013 alpha level, based on the Bonferroni correction described above. A two-tailed 
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test of significance was used instead of a one-tailed test because the goal of the analysis was 

to identify both high- and low-value clusters. 

When the results of the local spatial autocorrelation analysis were mapped, clear high 

and low value clusters were identified in the majority of the vowel formant variables. Local 

autocorrelation maps are provided for four variables in Figures 6-9, corresponding to the raw 

maps presented in Figures 2 through 5. These local autocorrelation maps support the 

interpretation of the raw value maps presented above: /eyc/ on formant 1 contrasts the South 

and West with the North (Figure 6), /ae/ on formant 1 contrasts the Midwest with the 

Northeast and the West (Figure 7), /oh/ on formant 2 contrasts the Northeast with the West 

(Figure 8), and /ay/ on formant 2 contrasts the Midland with the Upper Midwest and the 

South (Figure 9). By comparing the raw maps with these smoothed maps, it is clear that the 

local autocorrelation analysis has successfully identified underlying patterns of spatial 

clustering. 

Figure 6  Local Autocorrelation Map for non-word-final /ey/ on Formant 1 
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Figure 7 Local Autocorrelation Map for /ae/ on Formant 1 

 

 

Figure 8  Local Autocorrelation Map for /oh/ on Formant 2 
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Figure 9  Local Autocorrelation Map for /ay/ before voiced consonants on Formant 2 

 

 

4. Common Patterns of Regional Linguistic Variation 

In order to identify common patterns of regional variation in the values of the 38 vowel 

formant variables, the Getis-Ord Gi* z-scores for the complete set of variables were subjected 

to a factor analysis. Given a set of variables measured over a large number of observations, a 

factor analysis extracts a series of factors that each represents a common pattern of variation 

in the dataset, as well as identifying the variables associated with each of these patterns (Hair 

et al, 2006). Because the local Getis-Ord Gi* z-scores represent the location of spatial 

clusters in the values of the vowel formant variables, subjecting this dataset to a factor 

analysis identifies common patterns of spatial clustering, as well as the specific vowel 

formant variables that are associated with each of these clusters.  

While factor analysis (and principal component analysis5) are not as common in 

dialectometry as the related technique known as multidimensional scaling, these statistics 
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have been used to a limited degree in dialectometric research (Nerbonne, 2006; Shackleton, 

2005) to identify linguistic variables that exhibit common patterns of variation—the type of 

information that is lost in a multidimensional scaling. A principal component analysis of the 

vowel formant variables being analyzed in this study was also briefly presented in the Atlas, 

where two components were extracted and used to cluster the informants. The Atlas, 

however, only presented scatter plots based on the first two components; other components 

were not discussed and the variables loading on the components were never reported. 

Furthermore, in none of these studies were the factor or component scores mapped, which 

would have identified the location of the regional clusters identified by the analysis. It is not 

entirely clear why factor analysis and principal component analysis are not commonly used in 

dialect studies; however, when the raw values of linguistic variables are subjected to these 

types of analyses, as is the case in all of these studies, the extracted dimensions do not 

identify regional patterns as clearly as when the smoothed variables (i.e. the Getis-Ord Gi* z-

scores) are analyzed. This is because the raw values of a linguistic variable tend to reflect 

numerous other sources of linguistic variation in addition to geography, including social 

variation and variation in data collection procedures. Clear and common regional patterns 

identified by the local spatial autocorrelation analysis can therefore be lost in the multivariate 

noise if the values of linguistic variables are analyzed directly (Grieve, 2011). In this 

analysis, the factor analysis is therefore applied to the results of the local spatial 

autocorrelation analysis as opposed to the raw value of the variables. 

Before conducting a factor analysis, it is necessary to select the number of factors to 

be extracted, which can be determined by identifying the point where retaining further factors 

would explain relatively little additional variance. In this case 4 factors were selected because 

together these factors accounted for 86% of the variation in the values of the 38 vowel 

formant measures, with additional factors explaining relatively little additional variation. The 
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final factor analysis was thus run to extract 4 factors, with the results being rotated using 

varimax rotation. Varimax rotation was used to limit the number of factors onto which each 

of the variables loads, causing the factors to more clearly reflect the spatial patterns visible in 

the local autocorrelation maps of the individual linguistic variables.  

The results of the factor analysis are presented in Table 3, which lists the loadings 

(larger than .300) of the 38 variables on the 4 factors and the uniqueness values associated 

with each of the variables. As noted above, these 4 factors account for 86% of the variation in 

the Getis-Ord Gi* z-scores, indicating that the regional patterns exhibited by the 38 vowel 

formant variables can largely be accounted for by these 4 basic patterns. Furthermore, based 

on the uniqueness values, which are all relatively low (well under .800), it is clear that the 4 

factors account for the regional patterns exhibited by all 38 variables relatively well.  

Each factor was analyzed in three ways. First, the factor loadings for each factor were 

inspected. A high positive or negative factor loading for a variable indicates that that variable 

exhibits the basic pattern of spatial clustering represented by that factor. As such variables 

with high factor loadings on the same factor are identified as exhibiting similar patterns of 

spatial clustering. Second, the factor scores for each factor were mapped (Figures 10-13), 

which allows for the general pattern of spatial clustering identified by each factor to be 

visualized. Third, the average locations of each vowel measure in the spatial clusters 

identified by the factor analysis are identified by plotting the average vowel space for the 

cities with the highest (larger than 1.00) and lowest (smaller than -1.00) factor scores on each 

factor (Figure 14).6 In essence, these pairs of plots show the vowel space of the average 

informant in the two opposing regions identified by each factor. As one would expect, in all 

cases the vowels that load on each factor change position in the pairs of opposing vowel 

spaces, with vowels changing the most in the vowel spaces for those factors upon which they 

load most strongly.7  
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Factor 1 represents the strongest pattern of spatial clustering in the dataset, accounting 

for 39.0% of the variation, and contrasting the Southeast with the North, with the 

approximate area of transition between these two regions running along the northern borders 

of the Virginias, through north-central Ohio, Indiana and Illinois, and along the 

Iowa/Missouri border (Figure 10). Numerous vowel formant variables distinguish between 

these two regions, as indicated by the large number of variables that load strongly on Factor 

1. Most notably, six long vowels load strongly on Factor 1 for both formant 1 and formant 2, 

with /eyc/, /iyc/ and /aw/ tending to be higher and fronter in the Southeast, /owr/ and /owc/ 

tending to be higher and backer in the Southeast, and /ahr/ tending to be lower and fronter in 

the Southeast. Formant 2 values for an additional six long vowels also load strongly on 

Factor 1, with /ayv/, /ay0/ and /ohr/ tending to be backer in the Southeast, and /iw/, /uwc/ and 

/uwf/ tending to be fronter in the Southeast. Finally, format 1 values for four short vowels 

load strongly on Factor 1, with /uh/, /u/, /i/ and /e/ all tending to be higher in the Southeast. 

Other variables also load on Factor 1 and shift in the opposing vowel spaces for this factor, 

but these variables all shift to greater degrees on other factors. 

Factor 2 accounts for 23.4% of the variation in the dataset and contrasts the Midwest 

with the rest of the United States, especially the West and the Middle Atlantic States (Figure 

11). The Midwest region identified here encompasses the core Midwestern states, but also 

stretches into New York, Pennsylvania, West Virginia, Kentucky, Missouri, Iowa, and the 

Dakotas. The factor loadings identify numerous vowel formant variables that distinguish 

between the Midwest and the rest of the United States. Most notably, two short vowels load 

strongly on Factor 1 for both formant 1 and formant 2, with /ae/ tending to be higher and 

fronter in the Midwest and with /o/ tending to be lower and fronter in the Midwest. 

Furthermore, the second formant of the four short vowels whose first formants were found to 

load strongly on Factor 1 load strongly on Factor 2, with all four vowels tending to be backer 
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in the Midwest, especially /i/ and /e/. Three long vowel formant variables also load strongly 

on Factor 2, with /ay0/ and /uwc/ tending to higher in the Midwest, and with /aw/ tending to 

be backer in the Midwest. In addition, numerous other variables load less strongly on this 

factor and also shift to some degree in the opposing vowel spaces. 

Factor 3 accounts for 17.8% of the variation in the dataset and contrasts the Northeast 

with the West, with the Northeast extending into eastern Ohio as well as the Virginias and the 

Carolinas (Figure 12). The vowel that loads most strongly on Factor 3 is /oh/ on both formant 

1 and formant 2, with /oh/ tending to be higher and backer in the Northeast; /ohr/ also loads 

strongly on Factor 3 on formant 1, with /ohr/ tending to be slightly higher in the Northeast. In 

addition, /iw/ and /uwf/ load strongly on Factor 3 on formant 1 and formant 2, with both 

vowels tending to be backer in the Northeast, and formant 1 for /iyc/ loads on Factor 3, with 

/iyc/ being lower in the Northeast. Two short vowels also load strongly on Factor 3 for 

formant 2, with both /u/ and /uh/ tending to be backer in the Northeast.  

Finally, Factor 4 accounts for 6.2% of the variation in the dataset and contrasts the 

Midland with the rest of the country, especially the Southeast and the Upper Midwest (Figure 

13). The Midland as identified by Factor 4 stretches from Philadelphia, Baltimore and 

southern New Jersey through all of Pennsylvania and western New York State, and into 

northern West Virginia and Kentucky, southern Michigan, and all of Ohio, Indiana, Illinois, 

Missouri, and Kansas, and to a lesser extent across the West. Only two variables load 

strongly on Factor 4—/ayv/ on formants 1 and 2, with /ayv/ tending to be slightly higher and 

backer in the Midland. Overall, the position of all of the vowels have changed far less in the 

average vowel spaces for the Midland and the non-Midland regions identified by Factor 4, 

than in the other opposing vowel spaces identified by the factor analysis. This is not 

surprising given the relatively small amount of variance explained by this factor. 

 
 



 23	  

Table 3 Factor Loadings and Uniqueness values 

Vowel Formant Uniqueness Factor 1 Factor 2 Factor 3 Factor 4 
/i/ 1 0.214 0.828    
/i/ 2 0.115  0.898   
/e/ 1 0.175 0.691  -0.413 -0.37 
/e/ 2 0.097  0.871   
/ae/ 1 0.051  0.927   
/ae/ 2 0.206  -0.852   
/o/ 1 0.406 0.382 -0.595   
/o/ 2 0.140 0.352 -0.839   
/uh/ 1 0.156 0.915    
/uh/ 2 0.068  0.627 0.714  
/u/ 1 0.267 0.827    
/u/ 2 0.080  0.496 0.812  
/iyc/ 1 0.069 -0.689  -0.522 0.325 
/iyc/ 2 0.061 0.839   -0.42 
/eyc/ 1 0.014 -0.866 0.448   
/eyc/ 2 0.012 0.98   -0.162 
/ayv/ 1 0.478    0.65 
/ayv/ 2 0.214 0.317 -0.428 0.455 0.544 
/ay0/ 1 0.098 -0.524 0.595 0.498  
/ay0/ 2 0.067 0.95    
/iw/ 1 0.269   -0.762 0.324 
/iw/ 2 0.033 -0.758 0.521 0.333  
/uwc/ 1 0.276 -0.388 0.736   
/uwc/ 2 0.019 -0.786 0.517 0.308  
/uwf/ 1 0.180  0.574 -0.642  
/uwf/ 2 0.023 -0.618 0.484 0.52 -0.302 
/owc/ 1 0.147 -0.857    
/owc/ 2 0.025 -0.822 0.503   
/aw/ 1 0.300 0.644  0.372 -0.348 
/aw/ 2 0.022 -0.668 0.621 -0.37  
/oh/ 1 0.064   0.947  
/oh/ 2 0.024 0.315  0.901  
/ahr/ 1 0.172 0.753  0.396  
/ahr/ 2 0.093 0.761 -0.554   
/ohr/ 1 0.148 0.49  0.634 0.395 
/ohr/ 2 0.183 0.774  0.362  
/owr/ 1 0.116 0.676 -0.388 0.483  
/owr/ 2 0.092 0.933    
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Figure 10 Factor 1 

 

 

Figure 11 Factor 2 
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Figure 12 Factor 3 

 

 

Figure 13 Factor 4 
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Figure 14 Average Vowel Positions for Locations with High and Low Factor Scores 

 
 

5. Overall Pattern of Regional Linguistic Variation 

In order to produce a single map representing the overall pattern of regional linguistic 

variation in the dataset, the common patterns of regional variation extracted by the factor 

analysis were combined to form a single classification of the locations in the dataset. This 

was accomplished in two ways, which differ in terms of the goal of the analysis—to identify 

a set of discrete dialect regions or to identify a continuous pattern of regional linguistic 

variation. Based on the raw maps, as well as the results of the local autocorrelation analysis 

and the factor analysis, it would appear that a continuous analysis is more appropriate, as 
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discrete borders between regions have not been identified up to this stage of the analysis. 

Nonetheless, because the Atlas and most previous surveys of American English identify 

discrete dialect regions, both a continuous and a discrete analysis are presented below. 

In order to identify an overall continuous pattern of regional linguistic variation, the 

four sets of factor scores are mapped using CMYK mapping. This technique is based on the 

approach to RGB mapping commonly used in dialectometry, where three dimensions 

extracted by a multidimensional scaling are plotted on a single map by associating each 

location with a hue based on a red, green and blue RGB value derived from the three 

extracted dimensions. Had three factors been extracted by the factor analysis, an RGB 

mapping would have been sufficient; however, because four dimensions were extracted by 

the factor analysis RGB mapping could not be applied. This problem can be resolved, 

however, by mapping the four sets of factor scores onto a CMYK color system, which is 

based on four color parameters: cyan, magenta, yellow, and black. By transforming each of 

the sets of factor scores to values ranging from 0 to 1 and then associating each set of 

normalized factor scores with one of the four CMYK parameters, a single hue can be defined 

for each location that represents the values of all four factors simultaneously, which can then 

be mapped in order to produce a single overall picture of continuous regional linguistic 

variation.  

The results of the CMYK mapping are presented in Figure 15, which shows a clear 

regional pattern, plainly derived from the four factor maps reproduced in Figures 10-13. This 

aggregate factor map identifies at least four clear clusters, consisting of the Northeast, the 

Midwest, the Southeast and the West, with areas of transition of varying widths between 

these clusters. Regions of transitions include Maryland, West Virginia, southern Ohio and 

Indiana, Kentucky, Missouri, the northern Great Plains and the Southwest, with the transition 

between the Midwest and the Southeast being particularly wide and gradual. Gradual internal 
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change is also identified within each of these regions. The clearest changes are from north to 

south and are found in both the Northeast, where Midland and New England sub-clusters can 

be perceived, and the Midwest, where Upper and Lower Midwestern sub-cluster can be 

perceived. In addition, in the Southeast there appears to be three sub-clusters consisting of 

Virginia and the Carolinas, the Deep South, and Texas. The West is characterized by less 

internal structure than the other clusters presumably because of the sparse sampling in this 

large region, in addition to its more recent history of settlement. Nonetheless, a gradual 

change from North to South is apparent here as well.  

In addition to aggregating the four sets of factor scores in order to produce an overall 

map of continuous linguistic variation, it is also possible to identify dialect regions by 

clustering the locations based on their factor scores using an agglomerative hierarchical 

cluster analysis (Hair et al, 2006) using Ward’s method (Ward, 1963)—a technique that is 

commonly used in dialectometry to identify dialect regions (e.g. see Goebl, 2007; Nerbonne 

and Heeringa, 2009; Prokic and Nerbonne, 2008; Wieling and Nerbonne, 2010). The results 

of the cluster analysis are represented by a tree diagram called a dendrogram, which shows 

the order in which the clusters were formed, and which can be used to identify clusters and 

sub-clusters of observations in the dataset. The use of a cluster analysis to identify varieties 

of language based on factor scores is very similar to a text type analysis (Biber, 1989), where 

registers are identified based on a cluster analysis of factors representing common patterns of 

functional linguistic variation.   

Based on the dendrogram reproduced in Figure 15, the hierarchical cluster analysis 

identified 5 clear dialect regions, which are mapped in Figure 16: the Northeast, the 

Southeast, the West, the Lower Midwest, and the Upper Midwest, with the Upper and Lower 

Midwest being further combined to form a Midwestern super-region. These five dialect 

regions are clearly derived from the four common patterns of regional linguistic variation 
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extracted by the factor analysis. Although the cluster analysis also groups the Northeast with 

the Midwest, and the West with the Southeast, because these two super-regions are formed so 

late in the cluster analysis these clusters are not particularly meaningful, and as such these 

classifications should not be emphasized. On the other hand, the most distinct internal 

clusters within each of the 5 main clusters identified above are of some importance, although 

the clusters do lose spatial consistency as one descends into the lower levels of the 

dendrogram. In particular, the Northeast is divided roughly into New England and Mid 

Atlantic sub-regions, with northern New Jersey, New York City, and Albany in the New 

England region, and all of eastern Pennsylvania, as well as Binghamton in the Mid Atlantic 

region. In addition, the Lower Midwest is divided into northern and southern sub-regions 

through central Ohio, Indiana, and Illinois, and the Upper Midwest is divided into eastern and 

western sub-regions, separating the Dakotas from Wisconsin and Minnesota. These dialect 

regions can be compared to the dialect regions identified in the Atlas, which are reproduced 

in a simplified form in Figure 17 (based on the dialect regions presented in Map 11.5 and the 

taxonomy presented in Figure 11.9 of the Atlas). In addition, the average vowel spaces for 

the five clusters are plotted in Figure 18. 
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Figure 14 CMYK Map for Factors 1, 2, 3 and 4 

 

  

Figure 15 HCA Dendrogram based on Factors 1, 2, 3 and 4 
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Figure 16 HCA 5 Cluster Map based on Factors 1, 2, 3 and 4  

 

 

Figure 17 Dialect Regions in the Atlas  
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Figure 18 Average Vowel Spaces for the Five Clusters Identified by the Cluster Analysis 

 

6. Discussion 

The multivariate spatial analysis of the 38 vowel formant variables measured across 236 

American cities identified clear and consistent patterns of regional variation. This basic result 

was to be expected, as the Atlas of North American English (Labov et al, 2006) has already 

mapped these variables, clearly showing that vowel formants are regionally patterned in 

American English. However, the statistical approach to data analysis applied here has 

allowed for a more precise picture of regional linguistic variation to be obtained than is 

possible through the subjective analysis of these maps.  

At the core of this multivariate spatial analysis is the use of factor analysis to identify 

common patterns of spatial clustering in the set of linguistic variables based on the results of 

the local spatial autocorrelation analysis, which identified four basic patterns of regional 

variation in the vowel space of American English. Factor 1 contrasts the Southeast and the 
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North. The Southeast is very similar to the Southern dialect region identified in the Atlas, 

although the region identified here extends further north. The North is also similar to the 

Northern dialect region identified in the Atlas, although the region identified here is far 

larger, stretching from coast to coast and extending south on either coast. Factor 1 also 

identifies an inland zone of transition that is similar to the Midland as identified in the Atlas. 

Factor 2 identifies a Midwest region that contrasts with weaker regions on the East Coast and 

in the West. Unlike the North as identified by Factor 1, the Midwest stretches much further 

south and does not extend to either coast. The Atlas does not identify a distinct Midwest 

region, but the Inland North is at the core of the Midwest region identified here. The Atlas, 

however, classifies the Inland North as part of the North, whereas the Midwest contrasts 

strongly with the rest of the North as defined by Factor 1. Factor 3 contrasts the Northeast 

with the West, which were grouped together on the first two factors. The West is very similar 

to the West as defined in the Atlas, but the Northeast is not recognized as a major dialect 

region by the Atlas, which splits the region between the North and the Midland. Finally, 

Factor 4 identifies a distinct Midland region, which is somewhat larger than the Midland as 

defined by the Atlas. The Midland, however, is not nearly as strong as it is described in the 

Atlas. It would appear that the strength of the Midland has been overestimated because it 

roughly coincides with the area of transition between the North and the South on Factor 1, 

and with the overlap between the South on Factor 1 and the Midwest on Factor 2, although 

only Factor 4 identifies a true Midland, with Philadelphia grouped with the cities of the 

Lower Midwest. 

Based on the four common patterns of spatial clustering identified by the factor 

analysis two maps of American dialect regions were generated. The first map presents a 

continuous mapping of American dialect regions based on a CMYK mapping of the four sets 

of factor scores (Figure 14). The second map presents a discrete mapping of American dialect 
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regions generated by a cluster analysis based on the four sets of factor scores (Figure 16). 

While these two maps are very similar, the discrete dialect mapping is less detailed, primarily 

because it is unable to represent the zones of transition identified in the previous stages of the 

analysis. Nonetheless, the discrete mapping is easier to interpret and is especially useful for 

comparing the results of this analysis to the dialect regions identified in the Atlas (Figure 17), 

which are quite similar overall. Most notably, the West and the South are identified as dialect 

regions in both analyses and have very similar dimensions. The main differences between the 

two analyses are in the Northeastern quarter of the country.8 The Atlas divides the region 

north-to-south, identifying Northern and Midland dialect regions, whereas the multivariate 

spatial analysis divides the region east-to-west, identifying Northeastern and Midwestern 

dialect regions, with the Midwest being divided into the Upper and Lower Midwest and with 

the Northeast being divided into New England and the Mid Atlantic States. The combination 

of the Mid Atlantic and the Lower Midwest dialect regions would be similar to the Midland 

dialect region identified in the Atlas, but this grouping is not supported by the analysis, as 

both regions are more similar to their northern neighbors than to each other.9 

While the patterns of regional linguistic variation identified by the multivariate spatial 

analysis differ in some ways from the patterns identified in the Atlas, it appears that these 

results can still largely be explained by chain shifts as proposed in the Atlas. A chain shift is a 

phonetic process where the movement of one phoneme causes a related movement of a 

second phoneme, resulting in the preservation of the phonemic distinction between the two 

phonemes (Gordon, 2002; Labov, 2004). Vowel shifts like the Southern Shift and the 

Northern Cities Shift (Labov, 2004; Labov et al, 2006) can involve numerous vowels whose 

location in the vowel space change in a series of interrelated movements. The results of the 

factor analysis support the claim made in the Atlas that these two chain shifts in particular are 

primarily responsible for regional patterns in the vowel systems of speakers of American 
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English, with the Southeastern region identified by Factor 1 being associated with the 

Southern Shift and with the Midwest region identified by Factor 2 being associated with the 

Northern Cities Shift. In addition, the third pattern identified by the factor analysis, which 

identifies the Western region, appears to be associated with a distinct western shift, which is 

not discussed in the Atlas. All three of these shifts, which are discussed in greater detail 

below, can be seen by comparing the vowel spaces charting the average positions of the 

vowels in the regions identified by the factor analysis (Figure 14) and the cluster analysis 

(Figure 16). 

The Southern Shift appears to account for the majority of vowel formant variables 

loading on Factor 1 (Table 3), which identifies a strong Southeast region. As depicted in 

Figure 19, the Southern Shift begins with the fronting of /ay/, followed by the lowering and 

backing of /iy/ and /ey/ and the rising and fronting of /i/, /e/ and /ae/, and then the fronting of 

/uw/ and /ow/ and the rising of /ohr/ and /ahr/. Not only do all of these vowel formant 

variables load on Factor 1, aside from /ae/, but the Southeast region identified by Factor 1 is 

characterized by a vowel space where all of these vowels have shifted as predicted by the 

Southern Shift, except for /ay/. While three of the four /ay/ vowel formant variables do load 

on Factor 1, /ay/ is not fronted in the Southeast vowel space as predicted by the Southern 

Shift, but rather lowered and backed. This is surprising given that /ay/ fronting is the first step 

of the Southern Shift. Nonetheless, the downward movement of /ay/ still leaves a gap to be 

filled by the long front vowels. While it is not generally seen as participating in the Southern 

Shift, /aw/ also loads on Factor 1 and is fronted in the Southeast—a change that would appear 

to be consistent with the Southern Shift. Finally, the first formant for both /u/ and /uh/ also 

load on Factor 1, with both vowels being higher in the Southeast.  While the raising of these 

two variables is clearly related to each other, it is unclear how the movement of these vowels 
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are related to the Southern Shift, although the raising of both vowels does fill the space left 

behind by the fronting of /ow/ and /uw/. 

 

Figure 19 Southern and Northern Cities Shifts (Labov, 2004; Labov et al, 2006) 

      

 

Similarly, the Northern Cities Shift appears to account for the majority of the vowel 

formant variables loading on Factor 2 (Table 3), which identifies a strong Midwestern region 

centered around the Northern Cities. As depicted in Figure 19, the Northern Cities Shift 

begins with the fronting and raising of /ae/, followed by the fronting of /o/ and the lowering 

of /oh/, the lowering and backing of /e/, the lowering of /uh/, and finally the lowering and 

backing of /i/. Aside from /oh/, all of the vowel formant variables involved in the Northern 

Cities Shift load on Factor 1. Furthermore, by comparing the vowel space for the Midwest to 

the average vowel space (Figure 14), it is clear that the relative position of these vowels have 

all shifted in the directions predicted by the Northern Cities Shift, except again for /oh/, 

which remains unexpectedly stable. While /aw/ is not supposed to participate in this shift, 

/aw/ is also fronted in the Midwest vowel system, which would seem to be in line with the 

fronting of /ae/ and /o/, as /aw/ is located between these two vowels. In addition, /uwc/, /uwf/, 

/iw/, and /u/ are relatively back in the Midwest vowel system, which is not predicted by the 

Northern Cities Shift. Nonetheless, the movement of all these vowels seems to be related to 
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each other, and may reflect the fact that the Midwest is distinct from the South (see above) 

and the West (see below), whose vowel spaces are characterized by fronted back vowels. 

Finally, /ay0/ is also relatively high in the Midwest vowel space, which is not predicted by 

the Northern Cities Shift.  

While the two major chain shifts described in the Atlas explain the majority of vowel 

formant variables loading on the first two factors as well as the regions identified by these 

factors and the vowel spaces associated with these regions, the chain shifts discussed in the 

Atlas cannot explain the variables loading of Factor 3. The vowel formant variables identified 

as most strongly distinguishing the West from the East are the lowering and fronting of /oh/ 

(resulting in the low-back merger with /o/), the fronting of /uh/ and /u/, and the raising and 

fronting of /iw/ and /uwf/. The raising of /e/ and /iyc/ and the lowering of /ay0/ are also 

identified by the factor analysis as weaker western features. All of these distinctions can 

clearly be seen by comparing the average western vowel space to the average vowel space for 

the Northeast. In addition, despite not loading strongly on Factor 3, as it shifts more on other 

factors, /uwc/ is also considerably fronted in the Western vowel space. Some of these vowel 

formant variables are identified by the Atlas as western markers, specifically the fronting of 

/uw/ (and the lack of fronting of /ow/ and /aw/, which accompany /uw/ fronting in the 

Southeast) and the fronting and lowering of /oh/ (resulting in the low back merger with /o/). 

However, the other vowel formant variables loading on Factor 3 are not listed as western 

features in the Atlas, despite the fact that they distinguish the vowel space for the West, 

which is defined similarly in the Atlas, from the vowel space for the rest of the United 

States.10 

Despite the fact that the Atlas does not discuss the possibility of a distinct western 

shift, the Western Shift (or alternatively the Californian Shift) has been discussed in other 

studies, which have focused on the language spoken in several western states including 
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California (Hinton et al, 1987; Fought, 1999), Utah (Di Paolo, 1988), Nevada (Fridland, 

2008), Arizona (Hall-Lew, 2004, 2005), Oregon (Conn, 2000; Ward, 2003), and Texas 

(Koops, 2010). This Western Shift is defined somewhat differently in these various studies 

but the shift primarily involves the fronting of /uw/ and /ow/ (Fridland, 2008; Hall-Lew, 

2004, 2005; Ward, 2003; Hinton et al, 1987), and occasionally the fronting of /u/ (Fridland, 

2008; Hall-Lew, 2004, 2005; Koops, 2010; Fought, 1999), the fronting of /o/ (Ward, 2003) 

and raising of /ae/ (Hall-Lew, 2004, 2005; although cf. Conn, 2000). 

The acoustic data from the Atlas, however, tells a somewhat different story: the 

fronting of /uw/ and /u/ are both identified by Factor 3 as being western markers, but no /ae/, 

/o/ or /ow/ vowel formant variables load on Factor 3, with /ae/ actually at its lowest average 

position in the West and /o/ at its backest average position in the West. Furthermore, as 

discussed in the Atlas, the relative stability of /ow/ in the West is a defining feature of the 

region, compared to the Southeast, for example, where /uw/ fronting is accompanied by /ow/ 

fronting (as identified by Factor 1). In addition, numerous other vowels formant variable also 

load on Factor 3 that have not previously been considered to be part of a western shift, but 

which appear to be consistent with the theory of a Western Shift. In particular, the fronting of 

the high vowels /iw/ and /iyc/ is clearly consistent with the fronting of the high and mid back 

vowels (/uw/, /u/, /uh/), as is the raising of the high vowels (/uwf/, /iw/, /iyc/), all of which 

form a clear sequence of interrelated change in the Western vowel space, which is perhaps 

triggered by the fronting and lowering of /oh/. Given that these vowels appear to form a chain 

of interrelated change in the western vowel space it seems plausible that Factor 3 has in fact 

identified a distinct Western Shift involving a large number of vowels that has only been 

partially observed in previous research. This putative western shift is diagrammed in Figure 

20, based on the strongest loading variables, although further research is needed to verify the 

existence and composition of this proposed chain shift. 



 39	  

Figure 20 The Putative Western Shift 

 

While chain shifts provide an internal explanation for the patterns identified in this 

analysis, the external explanation for the regions identified in the Atlas does not explain the 

results of this analysis. In particular, the standard view that the location of historical 

settlement patterns corresponds to the location of American dialect regions does not account 

for the regions identified here. This explanation fails specifically because this analysis found 

little support for a Midland dialect region and because this study identified distinct Midwest 

and Northeast dialect regions, despite the fact that both of these regions were settled by 

people from New England in the north and the Midland in the south.  

Nonetheless, an alternative explanation is obvious: the four regions identified here do 

correspond closely to modern American cultural regions (Zelinsky, 1973), as codified, for 

example, in four major administrative regions of the United States Census Bureau. The 

identification of the Northeast, the Midwest, the Southeast and the West as dialect regions is 

therefore completely in line with a standard conception of the cultural regions of the United 

States, as is the division between the Lower and Upper Midwest (Zelinsky, 1973).  It would 

therefore appear that modern American dialect regions do not correspond to historical 

settlement patterns but rather to modern American cultural regions. Furthermore, this cultural 

theory of American dialect regions (see also Grieve, 2009) also explains the correspondence 

between historical settlement patterns and historical American dialect regions, as historical 
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settlement patterns are historical cultural regions. In other words, it appears that the Midland 

was identified as a strong region in earlier studies because the Midland was a strong cultural 

region; however, the Midland is only identified as a weak dialect region in this analysis 

because this study is based on modern American English. This cultural theory of regional 

linguistic variation therefore explains all of the patterns identified here, as well as patterns 

identified in previous American dialect surveys. 

Finally, it is also important to acknowledge the advantages of using a multivariate 

spatial analysis to analyze the vowel formant data from the Atlas. Most notably, the method 

has allowed for regional patterns to be identified that were overlooked in the Atlas, especially 

the existence of Northeastern and Midwestern dialect regions. It would appear that these 

patterns were overlooked in Atlas, despite being clearly visible in raw maps plotting the 

values of numerous individual vowel formant variables, because these patterns are not 

consistent with the standard theory that American dialect regions correspond to historical 

settlement patterns. However, because the statistical analysis is not biased by previous 

findings and assumptions, these patterns were identified by the analysis nonetheless, clearly 

showing that the standard theory of American dialect regions is incorrect. As such, an 

alternative cultural theory of American dialect regions was proposed that accounts for both 

the findings of this analysis and the findings of historical American dialect surveys. In 

addition, the multivariate spatial analysis not only allowed for the Southern and Northern 

Cities chain shifts identified in the Atlas to be statistically verified, but the method has also 

allowed for a western chain shift to be identified that was not identified in the Atlas. These 

findings were only obtained because the multivariate spatial analysis was adopted, which we 

believe demonstrates the superiority of this method compared to both the subjective and 

quantitative approaches to the analysis of regional linguistic variation that currently dominate 

the field.  
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End Notes 

1 The imputation of missing data has very little effect on the results of the analysis because 

the missing data is minimal (0.02% of the total data) and because the variables with missing 

data follow the same basic patterns as the other vowel formant variables. 

2 It is important that each formant for a vowel is analyzed individually because vowels can 

pattern differently on the two formants 

3 It is notable that formant 2 vowel formant variables tend to exhibit higher levels of global 

spatial autocorrelation than formant 1 vowel formant variables.  

4 Plotting the local autocorrelation scores for a variable is basically analogous to plotting an 

isogloss except that the results of the local autocorrelation analysis do not necessarily identify 

discrete dialect regions and can also identify internal patterns within the individual high and 

low-value clusters.  

5 A factor analysis was used instead of principal component analysis because a factor 

analysis only models patterns of variation that are shared by the variables in the dataset, 

whereas a principal component analysis models total variation including variation that is 

unique to a single variable. A factor analysis is thus the more appropriate technique for 

identifying common patterns of regional variation and is also less likely to be affected by 

noise (Nerbonne, 2006). 

6 In addition to analyzing the average vowel space for the opposing regions identified by the 

factor analysis, the relative position of a vowel measure in the vowel space for the opposing 

regions identified by the factor analysis can be retrieved from the factor loadings. In 

particular, a vowel measure on formant 1 with a positive loading on a particular factor is 

higher in the vowel space for the negative cluster identified by that factor than in the vowel 

space for the positive cluster and vice versa. Similarly, a vowel measure on formant 2 with a 

positive loading on a particular factor is backer in the vowel space for the negative cluster 
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identified by the factor than in the vowel space for the positive cluster and vice versa. 

However, the loadings are used to describe the relative position of the vowel measures in the 

opposing space identified by the factor analysis because it is far easier to see these patterns 

by inspecting the opposing average vowel spaces, which are plotted in Figure 14.  

7 A vowel can move considerably in the vowel spaces for opposing regions identified by a 

factor but not load on that factor because it moves even more in the vowel spaces for 

opposing regions identified by one or more factors. 

8 It should be noted, however, that the analysis presented here is based only on the acoustic 

data, whereas the Atlas is based on numerous phonological alternations as well. Further 

research is necessary to determine if the results of the multivariate spatial analysis would 

have been more similar to the results of the Atlas had these variables been analyzed.  

9 Overall, the analysis presented here is therefore actually more similar to the dialect regions 

presented in Carver (1987) than the dialect regions presented in the Atlas, specifically due to 

the fact that this analysis like Carver (1987) only identifies two major dialect regions on the 

East Coast, although Carver does divide the North north-to-south, thereby identifying a 

Midland sub-region, whereas in this analysis the region is divided east-to-west.  

10 The vowel formant variables loading on Factor 3 were interpreted as defining the West as 

opposed to the Northeast (as the variables loading on Factor 1 were interpreted as defining 

the Southeast as opposed to the Northeast, for example) because the western vowel spaces 

differs more from the average vowel space in terms of these features than the Northeast and 

because the Northeast would appear to be the more conservative region for historical and 

linguistic reasons (e.g. it resists the low back merger).  
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