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This paper introduces methodologies to tap corpora forcekm aggregate linguistic dis-
tances between dialects or varieties as a function of ptiegesf geographic space. The
paper describes the different steps necessary to obtaippromiate corpus-based dataset
(a so-called ‘distance matrix’), and subsequently disesisgveral cartographic visualiza-
tion techniques — network maps, continuum maps, and clos@s — to project aggregate
linguistic relationships to geography. In addition, th@@asketches some statistical meth-
ods to quantify these relationships. By way of example, a saisdy draws on thEreiburg
Corpus of English Dialects major dialect corpus that samples more than thirty ticatit
English dialects all over Great Britain. With a focus on el variation in morphosyntax
and on the basis of text frequencies of several dozen festilve study probes joint linguis-
tic variability between the dialects sampled in the corpus.
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1. Introduction: What is dialectometry?

DIALECTOMETRY is the branch of geolinguistics concerned with measuriigyalizing, and

analyzing aggregate dialect similarities or distances fametion of properties of geographic
space; for seminal work, see Séguy (1971) (the paper thektexpthe dialectometry enterprise);
Goebl (1982, 1984, 2006) (The ‘Salzburg School of Diale@tty); and Nerbonne et al. (1999);
Heeringa (2004); Nerbonne (2006) (the ‘Groningen Schodiafectometry’). Whereas prac-
titioners of traditionalDIALECTOLOGY are dedicated to the study of ‘interesting’ — typically
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phonological or lexical — dialect phenomena, one feature tahe, in a handful of dialects at
most, dialectometrical inquiry endeavors to identify “gead, seemingly hidden structures from
a larger amount of features” (Goebl and Schiltz 1997:13js Wteans that dialectometricians put
a strong emphasis on quantification, cartographic visatidia, and exploratory data analysis to
infer patterns from feature aggregates. Empirically, thlk lof the dialectometrical literature
draws on linguistic atlas material as its primary data seuFor example, Goebl (1982) inves-
tigates joint variability in 696 linguistic features thatamapped in th&prach- und Sachatlas
Italiens und der Stdschwe(zis), an atlas that covers Italy and southern Switzerland; dlarb

et al. (1999) analyze aggregate pronunciational dialetadces between 104 Dutch and North
Belgian dialects on the basis of 100 word transcriptionvipem in theReeks Nederlands(ch)e
Dialectatlassen(RND). Some dialectometricians have also relied on dialectatiaties (for ex-
ample, Speelman and Geeraerts 2008). Against this backideoponen (2008), Heeringa et al.
(2009), and Auer et al. (to appear) are rare examples ofadtatestrical work which bases claims
about aggregate accent differences on the analysis, audit@coustic, of actual speech sam-
ples. In any case, given that most dialect atlases and dériiEs focus on lexis and pronunciation
it should surprise nobody that much of the dialectometiitadature drawing on such material
is biased towards lexis and pronunciation at the expenseogbmlogical and, especially, syn-
tactic variation (but see Spruit 2005, 2006; Spruit et aD®6r some recent atlas-based yet
syntax-centered dialectometrical work).

There is no shortage of corpus-based research on regionatiea in morphology and syntax.
But then again, while corpus-linguistic methodologiesehancreasingly found their way into
the dialectological toolbox and while more and more diabecpora are coming on-line (see An-
derwald and Szmrecsanyi 2009 for an overview), it is fairap that the corpus-linguistic com-
munity is not exactly drowning in research that marries thalitative-philological jeweler's-eye
perspective inherent in the analysis of naturalistic ceigata with the quantitative-aggregational
bird’'s-eye perspective that is the hallmark of dialectainat research. The present study aims
to remedy this shortcoming by discussing a methodology tolgot CORPUSBASED DIALEC-
TOMETRY (cf. also Szmrecsanyi 2008). As a case study to highlighe¢ihgirical potential of the
methodology, we shall tap thHgeiburg Corpus of English Dialects naturalistic speech corpus
that samples more than three dozen dialects all over GréairBrOn the basis of this corpus,
the study calculates a measure of aggregate dialectahdesthat is based on joint variability
of 57 morphosyntactic dialect features. The investigasahsequently draws on a number of
statistical analysis methods and utilizes a range of ceafiigc projections to geography to aid
interpretation of aggregate dialect distances. We wishiplasize, however, right at the outset
that the present paper is methodological talk, prioritizinethodological aspects at the expense
of detailed discussions and interpretations of results.

This paper is structured as follows. Section 2 presents tgonaents in favor of corpus-based
dialectometry. Section 3 introduces theiburg Corpus of English Dialect$ection 4 discusses
the design of an appropriate feature catalogue as the emlgidsis for the aggregate analysis.
In Section 5, we discuss the feature extraction processrenckéation of a so-called ‘frequency
matrix’. Section 6 addresses the actual aggregation pspedsch yields a so-called ‘distance
matrix’. In Section 7, we present ways to visually represanalyze, and interpret aggregate
distances and similarities between dialects. Sectioné@®fome concluding remarks.
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2. Why corpus-based dialectometry?

The marriage of corpus-based variationist research ancegatye-dialectometrical analysis
techniques is desirable for two principal reasons.

First, multidimensional objects, such as dialects, calldggregate analysis techniques. So-
called “single-feature-based studies” (Nerbonne 200®;1with their atomistic focus on typi-
cally just one feature, are fine when it is the features themsedhat are of analytic interest.
They are woefully inadequate, however, when it comes toatherizing multidimensional ob-
jects such as dialects or varieties (or relations betweem}hOutside linguistics, this sort of
inadequacy is well-known: Taxonomists, for instance, agfly categorize species not on the
basis of a single morphological or genetic criterion, butfabasis of many; economists assess
the economic climate not on the basis of individual macroeouc indicators (e.g. unemploy-
ment), but also consider inflatiowDP per capita, interest rates, and so on. The problem with
single-feature-based studies — in linguistics as well asysvhere else — is that feature selection
is ultimately arbitrary (cf. Viereck 1985:94), and that thext feature down the road may or may
not contradict the characterization suggested by the quevieature. Thus, there is no guarantee
that different dialects will exhibit the same distributadibehavior in regard to different features;
isoglosses do not necessarily overlap (cf. Bloomfield 19888]: 329). In addition, individual
features may have fairly specific quirks to them that ardewant to the big picture. This is
why “single-feature studies risk being overwhelmed by epi®., missing data, exceptions, and
conflicting tendencies” (Nerbonne 2009:193). So, the agiee perspective — in Goebl's par-
lance, the “the synthetic interpretation” of linguisticta@Goebl 2006:415) — is called for when
the analyst’s attention is turned to the forest, not thestréggregation mitigates the problem
of feature-specific quirks, irrelevant statistical noiaad the problem of inherently subjective
feature selection, and thus provides a more robust lingisginal.

Second, compared to dialect atlas material (and we subsemeedialect dictionary material),
corpora yield a more realistic linguistic signal. Atlassbd dialectometry typically aggregates
observations such as ‘in the Yorkshire dialect, the lexdénneis typically pronounced #s/’,
while corpus-based (that is to say, frequency-based) appes seek generalizations along the
lines of ‘in Nottinghamshire English, multiple negationtigice as frequent (6 occurrences per
ten thousand words) in actual speech than in Yorkshire EmdB occurrences per ten thou-
sand words)’. The atlas-based method has undeniable ademntWWe emphasize, in particular,
a fairly widespread availability of data sources and supedal coverage. By contrast, dialect
corpora are a rarer species, and their areal coverage @tlypinferior to dialect atlases. Hav-
ing said that, as a data source, corpora appear to have tvap atsjantages over dialect atlases.
First and foremost, the atlas signal is categorical, ekhidihigh level of data reduction, and
may hence be less accurate than the corpus signal, whichroeidg graded frequency infor-
mation (cf. Walchli 2009; Holman et al. 2007:413). This Hights the most crucial difference
between atlas-based and corpus-based dialectonueinyus-based dialectometry is frequency-
based dialectometry in its purest forfwhich is why the approach outlined in this paper bears
a certain similarity to the method of Hoppenbrouwers andp¢oprouwers 2001, discussed in
some length in Heeringa 2004:16—20). The point is that atihathe exact cognitive status of
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text frequencies is admittedly still unclear (for example,do not currently know about the pre-
cise extent to which corpus frequencies correlate with lpsipgical entrenchment; cf. Arppe
et al. to appear), we do claim that text frequencies matctebeiith perceptual salience than
discrete atlas classifications; this is true even thoughesaamieties of atlas-based dialectome-
try derive — with considerable computational effort — som®r of commonness weighting, for
instance at the phonetic segment level, from the atlas Isi§eaond, we note that the atlas sig-
nal is non-naturalistic and, basically, meta-linguisticniature. It typically relies on elicitation
and questionnaires, and is analytically twice removed f{igllworkersand atlas compilers)
from the analyst. By contrast, text corpora provide moredimlaccess to language form and
function, and may thus yield a more realistic and trustwogitture (cf. Chafe 1992:84; Leech
et al. 1994:58). The well-known major intrinsic drawbacktu corpus-based method is that it is
unable to deal with rare phenomena (cf. Penke and Rosenbaeghi39; Haspelmath 2009:157—
158) — but then again, it is arguable whether phenomena tbacainfrequent that they cannot
be described on the basis of a major text corpus should halaza im an aggregate analysis at
all.

3. The data source: THe&eiburg Corpus of English Dialect&RED)

By way of a sample analysis, this paper will tap #reiburg Corpus of English Dialecté$hence-
forth: FRED) (see Hernandez 2006; Szmrecsanyi and Hernandez 2007ddsHél he version of
the corpus used in the present study contains 368 indiviéwtd and spans approximately 2.44
million words of running text, consisting of samples (mgitranscribed so-called ‘oral history’
material) of dialectal speech from a variety of sources. tMdshese samples were recorded
between 1970 and 1990; in most cases, a fieldworker inteedem informant about life, work,
etc. in former days. The 431 informants sampled in the coapeisypically elderly people with a
working-class background — so-calledRrMs (non-mobile old rural malgs(cf. Chambers and
Trudgill 1998:29). The interviews were conducted in 156aiént locations (that is, villages
and towns) in 34 different pre-1974 counties in Great Briiacluding the Isle of Man and the
Hebrides. The level of areal granularity investigated mphesent study will be the county level.
This leaves us with 34 objects (i.e. dialects or measuririgtpowhich are listed in Table 1)
that will be exemplarily subjected to dialectometrical lggis in the subsequent sections. Note
that the corpus is annotated with longitude/latitude imfation for each of the locations sam-
pled. From this annotation, county coordinates (mean tadgiand latitude) can be calculated
by computing the arithmetic mean of all the location cocatts associated with a particular
county.

4. The empirical foundation: Defining the feature catalogue

The first step towards dialectometrical analysis is defifFEATURE CATALOGUE as the
empirical basis for the corpus-cum-aggregation ende&vdweeping true to the spirit of dialec-
tometrical analysis, the goal is to base the analysis on ay fieatures as possible. In the case
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map county a-priori mean mean no. words
label dialect area longitude latitude sampled in
(Trudgill 1999) FRED
ANS  Angus Sc Lowlands -2.627 56.659 19,933
BAN Banffshire Sc Lowlands -2.949 57.543 5,671
coN  Cornwall Southwest of E -5.502 50.175 107,290
DEN  Denbighshire Wales -3.743 53.146 5,789
DEV  Devon Southwest of E -3.681 50.378 97,229
DFS  Dumfriesshire Sc Lowlands -3.839 55.003 10,019
DUR  Durham North of E -1.703 54.890 28,086
ELN East Lothian Sc Lowlands -2.954 55.945 40,193
GLA  Glamorganshire Wales -3.634 51.641 53,229
HEB  Hebrides Hebrides -7.038 57.502 73,209
MAN Isle of Man Isle of Man -4.446 54.257 10,945
KcD  Kincardineshire Sc Lowlands -2.465 56.974 7,514
KEN  Kent Southeast of E 0.835 51.246 177,055
LAN Lancashire North of E -2.730 53.653 205,475
LEI Leicestershire E Midlands -1.623 52.752 5,864
LND  London Southeast of E -0.068 51.504 110,878
MDX  Middlesex Southeast of E -0.382 51.594 31,794
MLN  Midlothian Sc Lowlands -3.265 55.918 32,040
NBL  Northumberland North of E -1.680 55.302 30,771
NTT Nottinghamshire E Midlands -1.055 53.011 150,889
OXF  Oxfordshire Southwest of E -1.598 51.787 15,139
PEE  Peebleshire Sc Lowlands -3.377 55.721 14,975
PER  Perthshire Sc Lowlands -3.530 56.368 20,960
ROC Ross and Cromarty Sc Highlands -4.776 57.808 10,495
SAL  Shropshire E Midlands -2.471 52.653 169,133
SEL Selkirkshire Sc Lowlands -3.002 55.502 9,365
SFK  Suffolk Southeast of E 1.699 52.555 312,600
SOM  Somerset Southwest of E -2.792 51.112 208,264
SUT  Sutherland Sc Highlands -4.676 58.144 11,025
WAR  Warwickshire E Midlands -1.968 52.574 8,271
WES  Westmorland North of E -2.962 54.428 157,590
WIL Wiltshire Southwest of E -2.031 51.259 186,239
WLN  West Lothian Sc Lowlands -3.784 56.001 18,418
YKS  Yorkshire North of E -1.174 54.424 90,963

Table 1:N = 34 objects (i.eFRED counties/dialects) considered in the present study: niegida
membership ira-priori dialect areas roughly following Trudgill's dialect divisi on
pronunciational grounds (Trudgill 1999:Map 9), mean ldude, mean latitude, textual
coverage (running words) FRED.
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study at hand, we surveyed the dialectological, variastpr@ind corpus-linguistic literature on
morphosyntactic variability in varieties of English, ardkntified suitable dialect phenomena.
This resulted in a list op = 57 features, which overlaps with but is not identical to tbmpara-
tive morphosyntax survey in Kortmann and Szmrecsanyi (864 the battery of morphosyntax
features covered in thBurvey of English Dialect&f. Orton et al. 1978; Viereck et al. 1991).
The features in the catalogue fall into eleven major granmaltomains: (i) pronouns and
determiners (e.g. non-standard reflexives), (i) the nduage (e.g. zero plural endings), (iii)
primary verbs (e.g. the verto DO), (iv) tense & aspect (e.g. the present perfect with auxilia
BE), (v) modality (e.g. epistemic/deontiaus), (vi) verb morphology (e.g. non-standard weak
past tense and past participle forms), (vii) negation (@egeras a preverbal past tense negator),
(viii) agreement (e.g. non-standawehs), (ix) relativization (e.g. the relative particlghaf), (x)
complementation (e.g. unspfitr to), and (xi) word order & discourse phenomena (e.g. lack of
auxiliaries inyegno questions). A detailed discussion of the features in thel@egie is beyond
the scope of the present paper, but the Appendix providesotimplete list of features.

A few comments on the case study’s criteria for feature siele@re in order, however. For a
feature to be included in the catalogue, it did not mattertivdrethe feature had previously been
reported as having geographic variation or not. For ingafeature [31] (the negative suffix
-naéd has a very clear and well-known regional distribution, fieaiture [10] (preposition strand-
ing) does not according to the literature. Also note thatc#t@alogue contains fairly categorical
and thus somewhat salient non-standard features, whidhtéelpe either largely present or ab-
sent — feature [31] (the negative suffixae is again a good example — but also encompasses
features whose variation is more statistical in nature, tand arguably less salient (for exam-
ple, features [8] and [9] on gradient genitive variationheTfeatures included in the catalogue
also differ in terms of their ‘standardness’ — feature [2h(slard reflexives), for instance, is
examined with respect to the text frequency of perfect stethfbrms, while feature [28] (non-
standard weak verb forms) is not really acceptable in Stan8aglish. In short, the feature
catalogue seeks to span as many features as possible Jesgarfitheir geographic distribution,
the scope of their variability, and their standardness.rétienale is that non-geographic and/or
random variability will cancel out in the aggregate viewr [poactical purposes, however, two
criteria had to be met for a candidate feature to be includetthé catalogue. First, to ensure
statistical robustness of text frequencies, the featudetbide relatively frequent. Specifically,
the feature had to have a raw frequency of at least 100 rawrhi&ED. This criterion ruled
out demonstrably infrequent phenomena such as resumplaive pronouns, double modals,
the relativizeras, and so on. Second, a candidate feature also had to be ekimet subject
to a reasonable input of labor resources — by a human coder.isTtvhy, for example, many
hard-to-retrieve null phenomena (such as zero relatiozpor features where semantics must
be taken into consideration (such as gendered pronounspaoensidered in the catalogue.
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5. Data mining: Extracting feature frequencies and crgaifrequency
matrix

The second step consists of extracting feature frequeratidscreating &REQUENCY MA-
TRIX. In terms of the present study’s feature catalogue, 31 serftiy ‘surfacy’ features (e.g.
the negatorin't) were extracted right away by software; 26 features in thalegue (e.gdon't
with 3" person singular subjects) required more or less substamiaual disambiguation prior
to extraction. Szmrecsanyi (2010b) provides detailed rpdichemes and discusses the tech-
nicalities of the extraction process for all 57 featureshia tatalogue. Once feature frequen-
cies are extracted, the analyst will normalize text fregigs— for example, to frequency per
10,000 words — if, as is the case with most relevant corpesdyal coverage of individual di-
alects varies. At this stage, we also recommertafgransformation as a customary method to
de-emphasize large frequency differentials and to allevilae effect of frequency outliers (cf.
Shackleton 2007:43), thus increasing reliability of thegirency matrix. To illustrate: IRRED,
the county Cornwall has a textual coverage of 12 intervietading about 107,000 words of run-
ning text (interviewer utterances excluded). In this matefeature [34] (negative contraction,
e.g.theywon’t do anything occurs 326 times, which translates into a normalized texjufency

of 326 x 10,000/107,000 ~ 30 occurrences per ten thousand worddogrtransformation of this
frequency yields a value dbg;0(30) ~ 1.5. This is the figure that characterizes this specific
measuring point (Cornwall) in regard to feature [34].

The next step is to create &hx p frequency matrix in which th&l objects (that is, dialects)
are arranged in rows and thpefeatures in columns, such that each cell in the matrix sgscifi
a particular (normalized anlidg-transformed) feature frequency. Our case study thus yield
34 x 57 frequency matrix: 34 British English dialects, each abtarized by a vector of 57 text
frequencies.

At this point, the analyst must assess #® IABILITY of the frequency matrix: Are the features
included in the catalogue a heterogeneous, mixed bag (fatvan aggregate analysis would
be meaningless), or is there a sufficient degree of consigte@alculating a statistic known
as Cronbach’sr (cf. Cronbach 1951; Nunnally 1978) can address this id<Dmnbach’sa is,
technically speaking, a coefficient measuring the averatgs-item (in our case, inter-feature)
correlation. Cronbach'sr can take values between negative infinity and 1. cAwalue of 0
indicates that the features under consideration are nditralated, and a value of 1 means that
all the features are perfectly correlated. Highevalues thus indicate a higher reliability of the
frequency matrix. By convention — in dialectometry (cf. iHaga 2004:173) and elsewhere (cf.,
for example, Bland and Altman 1997) — researchers aim fonkaoh’sa values of .7 or higher.
If a given frequency matrix yields a Cronbaclwsvalue smaller than .7, there is a problem that
should be addressed by expanding or altering the composifithe feature catalogue. Our case
study’s 34x 57 frequency matrix yields a Cronbaclusvalue of .77, a score that comfortably
passes the conventional threshold.
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6. Aggregation: Obtaining a distance matrix

The task before us now is to convert thiex p frequency matrix into aN x N DISTANCE
MATRIX. This transformation is aAGGREGATION step, in that the resulting distance matrix
abstracts away from individual feature frequencies andiBps pairwise distances between the
objects considered (similar to distance tables to be foand.g., road atlases). How do we cal-
culate aggregate distances? Standard software packdges dfewildering array of distance
measures. Yet given the continuous nature of corpus-aefieguency vectors, we advocate
usage of the well-known and fairly straightforwagd CLIDEAN DISTANCE MEASURE(See, for
instance, Aldenderfer and Blashfield 1984:25) unless tisesiegood reason not to use it. Draw-
ing on the Pythagorean theorem (cf. Nishisato 2007:77):tiddidean distance measure defines
the distance between two objeetandb as the square root of the sum of pquared frequency
differentials:

d(a,b) :\/(al —b1)2+ (apg—bp)2+ -+ (ap— bp)2 =4/ i(a. — bi)2 D)

wherep is the number of featuregy is the frequency of feature 1 in objegtb; is the frequency
of feature 1 in objecb, ay is the frequency of feature 2 in objeatand so on. The Euclidean
distance measure is, for one thing, interpretationallyvearent: In two-dimensional space, it
yields the distance between two points that one would measiih a ruler, which is why the
measure is also sometimes referred to as “ruler distanceéq@002:139). Furthermore, the
Euclidean distance measure is theory-neutral in that alufes receive the same weight in the
distance calculation. Having said that, we stress thatdvifigquencydifferentialsreceive pro-
portionally more weight than smaller frequency differatstj which must appear as a desirable
property to all those who believe that corpus frequenciesomsome sort of psychological and
perceptual reality.

The chart in Figure 1 illustrates the aggregation processtdpl], we start out with a fictional

3 x 2 frequency matrix, which has 6 cells specifying frequesi@é2 features in 3 dialects. In
stepll, we calculate three distances: the distance between tialendb (which we common-
sensically define as identical to the distance betweendat&deand a), the distance between
dialectsa andc, and the distance between dialebtandc. In stepl], we enter these distances
into a 3x 3 distance matrix, which has>83;2l = 3 unique cells, i.e. dialect/dialect pairings. The
other cells are redundant in that the distance between a diedect and itself is always zero,
and the distances in the upper right half of the matrix wouldran the distances in the lower
left half of the matrix.

7. Visualization, analysis, and interpretation

Distance matrices can be analyzed in a myriad ways, not athich may make sense for a par-
ticular set of research questions. This section sketchee says to visually represent, analyze,
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text frequencieg text frequencies
feature 1 feature 2
O thefrequency matrix dialecta 11 8
dialectb 5 2
dialectc 1 7

0 aggregation viathe d(a,b) =\/(11-5)2+(8-2)2=85
Euclidean distance measure d(a,c) =y/(11-1)2+(8-7)2=10.0
d(b,c) :\/(5— 12+ (2-7)2=6.4
dialecta | dialectb | dialectc |
. . dialecta
O thedistance matrix Jalech 55
dialectc 10.0 64 |

Figure 1: Converting a fictional 8 2 frequency matrix into a & 3 distance matrix utilizing
Euclidean distance as an aggregation measure.

and interpret distance matrices (geo)linguistically.t®ec7.1 utilizes so-called ‘network maps’
to project aggregate dialect distances and similaritiegetmgraphy. In section 7.2, we rely on
‘continuum maps’ to probe the extent to which joint dialési@riability is structured in terms
of a dialect continuum. Section 7.3 draws on ‘cluster map®xplore the existence of dialect
areas. Section 7.4 marshals correlative statistical aisatgchniques to gauge the explanatory
power of a number of language-external distance measures.

7.1. Projecting aggregate distances and similarities ogigghy

In this section, we will discuss how to investigate the disition of aggregate dialect distances.
In this spirit, the table in Figure 2 provides a numbesoiMMARY STATISTICS which describe
the distribution of morphosyntactic dialect distances ned Britain. Our distance matrix span-
ning N = 34 FRED dialects yields 34 33/2 = 561 pairwise distances. Mean morphosyntactic
distance is 5.41 Euclidean distance points. This distaoaghly corresponds to the distance
between two hypothetical dialecéssandb where dialecta attests a normalized text frequency
of 2 hits per 10,000 words for each of the 57 features, whidedib attests a normalized text
frequency of approximately 10 hits per 10,000 words for eaicthe 57 features. As for the
dataset-internal dispersion around the mean, we are dealth a standard deviation of 1.11.
Given that the distances are, as we shall see shortly, nigrdisiributed, this is another way of
saying that roughly two thirds of the 561 county/county ipgis score a distance within 1.11
points of the mean, and that 95% of all pairwise distancesotid@viate more than 2.22 points
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measuring point pairings 561 ol L
TN

mean 541 ] (]

standard deviation A1 5

minimum 232 g%

median %0 20

maximum 814

skewness —.06 10

kurtosis -.37

T T T
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Figure 2: Aggregate morphosyntactic distances: summatigsts (left) and histogram (right).

from the mean. The minimum observable distance in the daa8e32 points (this happens to
be the morphosyntactic distance between the dialects spnkbe county of Somerset and the
county of Wiltshire, two neighboring counties located ia Southwest of England). The median
distance is 5.40 Euclidean distance points. This is theudist that separates the higher half of
the distance sample from the lower half. The maximum ob&éevdistance in the dataset is 8.14
points, which is the distance between the dialects spok#reinounty of Denbighshire in Wales
and the county of Kincardineshire in the Scottish Lowlands.

Are pairwise morphosyntactic distances between the cesimormally distributed? The his-
togram in Figure 2, which plots the frequency of a number efatfice brackets, suggests that
they roughly are. Numerically speaking, the skewness vallu€6 suggests that there is only a
very slight negative skew, such that there is a greater nuofld@rger distances than smaller dis-
tances. As for ‘peakedness’, the kurtosis value of -.37catgis that the distribution of distances
is a bit flatter than it would be in a perfectly normal disttibn. Having said that, skewness and
kurtosis values of-1.0 are by convention (cf. Meyers et al. 2006:90) taken to beative of a
normal — albeit not perfectly normal — distribution.

The maps in Figure 3 are Groningen-stieETWORK MAPS (cf. Nerbonne and Heeringa 1997)
that project dialect distances to geography without muatissical add* The simple idea behind

the left map in Figure 3 is that dialects that are close listically are linked by darker, more
blueish lines, while linguistically more distant dialeet® linked by proportionally lighter, more
yellowish lines. Visual inspection of the map reveals that ave dealing with a network of
comparatively strong morphosyntactic links in England] anth a somewhat looser network
structure in Scotland. Within England, we observe pardicatrong link bundles in the South and
in the North . Northumberland seems to link well to some S$&lotheasuring points, and turning
back to the literature we note that both Ellis (1889) and §iiid1999) actually consider the

traditional dialect spoken in Northern Northumberland etSeariety. The Hebrides have strong
morphosyntactic ties to measuring points all over GreatiaBrj notice in this connection that
as a Scottish Highlands variety, Hebridean English is divelst young dialect which Trudgill,

for example, does not in fact categorize as a traditiondkedizon account of the fact that it
has “become English-speaking only relatively recentlyfu@gill 1999:5). It is therefore not



Figure 3: Projecting aggregate morphosyntactic dialdatiomships to geography: network maps. Link bluenessretly proportional
to dialectal similarity (left) or dialectal distance (righ

1T abedjojays jeaibojopoylaw e — Anawodselp paseq-sndio)
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particularly surprising that Hebridean English lacks aacleut morphosyntactic profile of its
own and bears similarities to dialects all over the place.

As a mirror image of sorts to the previous discussion, thiktnigap in Figure 3 — ®EVERSE
NETWORK MAP — highlights morphosyntactidissimilaritiesin the dataset. This particular map
omits links between dialects that are more than 250 km aphith mainly serves presentational
purposes by enhancing readability without swamping théeeaith an abundance of dissimilar-
ity links. In Figure 3's reverse network map we observe, fitst striking tangle of dissimilarities
covering much of Northern England and Scotland. In this ectian, it is especially Banffshire
and Kincardineshire that radiate strong beams of disdgiityilto other measuring points in the
FRED network. In England. there is a web of modest dissimilagitie/olving measuring points
in the Midlands (Shropshire, Warwickshire, Leicestersiand Nottinghamshire). Warwickshire
is additionally dissimilar to a number of sites in the Soutlsivof England (Somerset, Wiltshire,
and Oxfordshire). As for Wales, observe the strong signalisgimilarity emanating from the
county of Denbighshire in Northern Wales; by contrast, Gleganshire in Southern Wales is
fairly inconspicuous. This difference between the two meag points in Wales is not surpris-
ing. We know that there are robust lexical, phonological grammatical differences between
dialects in the North and in the South of Wales (Penhallut283), many of which can be traced
back to an influx of Southwestern English speakers to thehSaflVales beginning as early as
the end of the eleventh centunp (Penhallurick 2004:98). By comparison, Denbighshire En-
glish in the North of Wales is a younger dialect with less vesitablished historical links to
English English dialects.

This section has provided a first impression of the overatiypée by considering summary statis-
tics as well as network maps to represent aggregate distamgeographic map space. In what
follows, we push deeper into the geographic structure gfiistic variation, subjecting the dis-
tance matrix to a good deal of statistical processing andesyuently projecting the output to

geography.

7.2. Exploring dialect continua

Many dialectologists and geolinguists assume that gebgrggoximity predicts dialectal simi-
larity. Nerbonne and Kleiweg (2007:154) refer to this axiasithe “Fundamental Dialectology
Principle”. This section presents ways to depict the extemthich linguistic distance is directly
proportional to geographic distance such that there areréabboundaries, but only gradual
transitions” (Bloomfield 1984 [1933]: 341).

To approach this issue cartographically, we turn to sedatioNTINUUM MAPS, a signature
visualization technique developed in Groningen (cf. Narmet al. 1999; Heeringa 2004). On
the cartographic side, we set the scene by utilizing custpiviaonoi tesselation (Moronoi 1907;
Goebl 1984) to assign each dialect site on the map a convggqokuch that each point within
the polygon is closer to the generating dialect site thamyoo#her dialect site. Notice that when
areal coverage is very fine-grained (as is usually the cad@lact atlases), it makes sense to
exhaustively tessellate map space into Voronoi polygomsveyer, our case study covers Great
Britain with N = 34 sampling points, which is why we prefer to limit the radaighe Voronoi



Corpus-based dialectometry — a methodological sketclpage 13

polygons to approximately 50km in order to do visual justizéhe areal coverage of the dialect
corpus. The next step is a computational one and subjectdattaetoMULTIDIMENSIONAL
SCALING (MDS) (see Kruskal and Wish 1978; Embleton 1998p.s is an exploratory statistical
technique used to reduce a higher-dimensional datasetdwer-dimensional representation
which is more amenable to visualization. The task here icédesdown a\ — 1 dimensional
distance matrix (in which each object is characterized $gigtance to the othét — 1 objects

in the matrix) to a three-dimensional representation, inctvieach object has a coordinate in
three artificialMbDs dimensions. These coordinates are then mapped to the esui-dnlue color
scheme, giving each of the Voronoi polygons a distinct hueth@ interpretational plane, then,
smooth color transitions between dialect polygons empbkatie continuum-like nature of the
dialect landscape; abrupt color transitions point to theessity of alternative explanations.

Turning back to our case study, in Figure 4 we find two continumaps that explore and, in fact,
correlate (cf. Goebl 2005) the dialect landscape to the iggbic landscape in Great Britain.
The left-hand map is based on scaling a distance matrixlithgtaiot linguistic distances but as-
the-crow-flies geographic distances between dialect, $itas depicting, for reference purposes,
a perfect continuum. The right-hand map in Figure 4 visuedlyresents ambps solution that
scales actual morphosyntactic distances. Statisticaiglang, thewDds distances underlying the
left visualization capture 100% & 1.0) of the variance in the original as-the-crow-flies dis@anc
matrix. ThembDs solution depicted in the right-hand map captures about¥8%r5= .95) of the
distance variance in the original linguistic dataset, \Wwhéca fairly good score.

In all, the mosaic pattern in the morphosyntax continuum suggests that the morphosyntactic
dialect landscape in Great Britain is less continuum-Ilt@ntit could be. It is true that there are
some fairly nice micro-continua, especially so in the Sautft of England and in the Central
and Northern Scottish Lowlands. Note also that dialect&espan the North of England fade
rather smoothly into Southern Scottish Lowlands dialeBis. we also observe rather abrupt
transitions between the Central Scottish Lowlands — casimgridialects spoken in West Lothian,
Midlothian, and East Lothian — and Southern Scottish dialé@eebleshire and Selkirkshire).
In England, the dialects spoken in Middlesex and Warwidkshire outliers. In Wales, it is
Denbighshire that does not fit into the picture.

At this point, it is instructive to abandon the aggregatespective for a moment and to re-
consider the actual features on which the analysis is basddis spirit, to aid interpretation
of continuum maps the analyst can correlate frequency k&egtidth MDS dimensions to iden-
tify those features that are most robustly implicated indterall dimensionality (cf. Heeringa
2004:266-271). In the case study at hand, this produceotlogving top correlations between
color shades and feature frequencies in the right-hand nisgfagled in Figure 4:

— Increased text frequencies of feature [33] (multiple tiega as inyou didn’t want no
beel) correlate best witivbs dimension 1, which yields reddish tones< .82 p < .001).

— Increased text frequencies of feature [31] (the negatifiexs-nag as inl cannaemind
of ever being laid off correlate best witMbs dimension 2, which yields greenish tones
(r=.75p < .001).

— Increased text frequencies of feature [28] (non-standaak past tense and past participle



Figure 4: Continuum maps: a perfect continuum for refergnaposes (left) versus the actual linguistic situatioghtj. Similar color
hues indicate morphosyntactic similarity. Input left gefjon: as-the-crow-flies distances (correlation withtatises in the
original distance matrix: = 1.00). Input right projection: morphosyntactic distancex(elation with distances in the original
distance matrixr = .95)
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forms, as inwe runnedup a bill) correlate best wittmbs dimension 3, which yields
blueish tonesr(= .72, p < .001).

By way of an interim summary, we have seen in this sectionviesting aggregate morphosyn-
tactic variability in a dialect continuum perspective cantstructive. Yet this approach does not
necessarily tell the whole story: The existence of abrualedt transitions, as in Figure 4, sug-
gests that linguistic variability may be organized in temofslialect areas rather than continua.
The next section is dedicated to investigating this hypgthore closely.

7.3. The dialect area scenario

The tacit assumption guiding the foregoing discussion Wwaslinguistic similarity between di-
alects is inversely proportional to geographic distandsvéen dialects. There is, however, an
alternative view, according to which dialect landscapey begeographically organized along
the lines of geographically coherent and linguisticallyrfageneous “areas within which similar
varieties are spoken” (Heeringa and Nerbonne 2001:37%hisnview, we should find linguis-
tic boundaries between rather than within dialect areathifnsection, we discuss methods to
explore this view.

The dialect area scenario lends itself to visualizationaligSTER MAPS a cartographic tech-
nique that is common in all strands of dialectometry and Wwipiojects the outcome of cluster
analysis to geography (cf., for example, Goebl 2007:MapHEg&ringa 2004:Figure 9.6). Exactly
as with continuum maps, the starting point is a Voronoi tesie® of map space. Subsequently,
the N x N distance matrix is subjected not DS, but toHIERARCHICAL AGGLOMERATIVE
CLUSTER ANALYSIS (cf. Jain et al. 1999), a statistical technique used to g@upumber of
objects (in this study, dialects) into a smaller number stdte clusters. While there are many
different clustering algorithms, we prefer ‘Ward’s Minimuvariance Method’ (Ward 1963), an
algorithm that tends to create small and even-sized chiatsl which is popular both in corpus
linguistics (for example, Gries and Wulff 2005) and in d@tenetry (cf., for instance, Goebl
2008)° Cluster analysis initially yields a so-call@zNDROGRAM (cf. Figures 5 and 6), which
depicts cophenetic distances between the clustered sbjgue optimal number of clusters is
determined by, e.g. diagramming the number of clustershapthe fusion coefficient and spot-
ting the ‘elbow’ in the resulting graph (cf. Aldenderfer aBtashfield 1984:54). Finally, each of
the clusters is assigned a distinct color and the Vorongigmis are colorized accordingfly.

Applying these steps to our dataset on dialect variabilitGreat Britain yields Figures 5 and 6.
Figure 5 —which is based not on morphosyntactic but on asithe-flies geographic distances
— will serve as the non-linguistic reference point for owadission. The map suggests that on
strictly geographic grounds and according to Ward’s metl@aeat Britain can be partitioned
into three coherent areas: a green region comprising ththSdlEngland plus the county of
Glamorganshire in Southern Wales; a red region contaimiadNbrth of England plus the county
of Denbighshire in Northern Wales plus the county of Dunsstare in Southern Scotland; and
a blue region encompassing Scotland minus the county of Besshire.
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Figure 5: A perfect regionalization for reference purposdsstering as-the-crow-flies distances (hierarchicgl@gerative cluster al-
gorithm: wARD). Displayed: 3-cluster solution. Left: dendrogram. Rigttister map. Colors indicate regional membership.
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Compare this landscape to Figure 6, which visually depidschuster regionalization on mor-
phosyntactic grounds. There is clearly some similarityMeein the geographic and linguistic
partitioning, although we note that there is also a good dégkeographic incoherence in the
morphosyntax division. A more detailed account would hgtl the following differences be-
tween the maps in Figures 5 and 6:

— The yellow dialect grouping in the morphosyntax map encsaps some isolated outliers
in England (Middlesex and Warwickshire), Wales (Denbigtegh and a geographically
coherent sub-cluster of Scottish Highland dialects (Ross@romarty and Sutherland)
plus the Hebrides.

— The morphosyntax visualization has a small yet geografiiicoherent Central Scottish
Lowlands dialect area (in light blue), comprising the coembf East Lothian, Midlothian,
and West Lothian.

— Alsoin contrast to the geographic division, the dark bloetfsh cluster in the morphosyn-
tax map includes both Dumfriesshire as well as Northumhdrla dialect site that is
actually located in political England.

— In the morphosyntax partitioning, the red Northern Endlarea additionally comprises
Shropshire and Leicestershire in what is often referred th@ English Midlands, as well
as Glamorganshire in Southern Wales.

— Compared to the geographic map, the greenish Southeriskragka is smaller in the
morphosyntax partitioning: Linguistically speaking, 8pshire, Leicestershire, and Glam-
organshire are — as we have seen — red dialects while Middeess Warwickshire are
yellow outliers. Durham, a county that is geographicallyaied in Northern England, is
grouped with the Southern English English dialects.

The morphosyntax dendrogram in Figure 6 demonstratedithatfar most fundamental split in
the dataset occurs between English English dialects (red@®en) and other dialects (including
yellow outliers). The second most crucial split is betweeanrthNern English English dialects
(red) and Southern English English dialects (green). Tast lienportant split is the one between
Central Scottish Lowlands dialects (light blue) and othewtEsh Lowlands dialects (dark blue).

The name of the game in this section was classification. tngirit, we have discussed ways to
categorize dialects into discrete clusters. Our case fuggests that despite some geographic
incoherence and the presence of outliers, Great Britainbeadivided into three major mor-
phosyntactic dialect areas: the Scottish Lowlands vetsdlbrth of England versus the South
of England.

7.4. Quantifying the explanatory power of language-extkpnedictors

Dialectometry is intrinsically quantitative, yet the fgaing discussion has relied heavily on
interpreting cartographic projections to geography. s siection, we introduce techniques used
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Figure 6: Actual morphosyntax clusters: Clustering mogyimtactic distances (hierarchical agglomerative cluatgorithm: wARD).
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to correlate language-external parameters with linguidistances, for the sake of precisely
guantifying the extent to which dialect distances are mtatlie from language-external factors.

To this end, the analyst typically starts out withldrx N linguistic distance matrix and creates
parallel language-external distance matrices — one fdn paedictor to be tested. In the sim-
plest case, each of these language-external distancecesaisithen correlated with the linguis-
tic distance matrix by calculating, e.g., a Pearson proechainent correlation coefficient. The
language-external predictor that scores the highest ciffiis the best predictor of linguistic
distances.

To exemplify, we revisit our dataset on dialect variabilityGreat Britain. We begin by correlat-
ing our 34x 34 morphosyntactic distance matrix with three languageraat distance matrices:

1. AS-THE-CROW-FLIES DISTANCES Using a trigonometry formula on tieRED county co-
ordinates, it is computationally trivial to calculate paiise as-the-crow-flies distances
(these actually underlie the left-hand projection in Fegdrand the cluster map in Figure
5).8 A proxy for the likelihood of social contact, as-the-crovedl distance is the most com-
mon geographic distance measure in the literature (for pl@nGoebl 2001; Gooskens
and Heeringa 2004; Nerbonne et al. 1996; Shackleton 2007).

2. LEAST-COST TRAVEL TIMES Speakers do not have wings, so it is reasonable to assume
that what really matters for dialect distances is how mutieftit would take a human trav-
eler to get from point A to point B (cf. Gooskens 2005; Szmaegs2010a). To calculate
this measure, we turned to Google Mapétf://maps.google.co.uk/ ), which
has a route finder tool that allows the user to enter longitatiteide pairings for two loca-
tions to obtain a least-cost travel route and, cruciallyestimate of the total travel time.
We queried Google Maps for all 3433/2 = 561 dialect pairings, thus obtaining pair wise
least-cost-travel time estimates.

3. LINGUISTIC GRAVITY INDICES. Trudgill (1974) suggested a gravity model to account
for geographic diffusion, claiming that “the interactioM ) of a centrei and a centrg
can be expressed as the population ofultiplied by the population of divided by the
square of the distance between them” (1974: 233). Usingdillisdformula, we calcu-
lated linguistic gravity values for each of the 561 dialeairings in our database, feeding
in least-cost travel time as geographic distance measuareaty twentieth century popu-
lation figuresP (in thousands) as a proxy for speaker community size.

Figure 7 provides three scatterplots that graph morphastintdistances against the language-
external distance measures. In all three cases, there ghby Isignificant relationship, and the
direction of the effect is the theoretically expected omeulghout: Increasing as-the-crow-flies
distance and increasing least-cost travel time prediceaging morphosyntactic distance; con-
versely, increasing linguistic gravity indices predictosasing morphosyntactic distance. The
R? values reported in Figure 7 suggest that as-the-crow flissmtie accounts for 4.4% of
the morphosyntactic variance, least-cost travel time f4%6/ and linguistic gravity for 24.1%.
Hence, by factoring in speaker community size in additiogeographic distance, we can ex-
plain up to a quarter of the variance in morphosyntacticediatlistances. That Trudgill’s lin-
guistic gravity model turns out to be the most successfulipter of morphosyntactic distances



Corpus-based dialectometry — a methodological sketclpage 20

8.0—

©
=)
|

7.5

~N
o
|

7.0

)
7

6.5 6.5

I
o
|

6.0

o
o
|

5.5

o
=3
|

»
o
|

»
o
|

3.5

morphosyntactic distance (Euclidean)
morphosyntactic distance (Euclidean)
morphosyntactic distance (Euclidean

w
o
|

N
2
|

N
o
1
N
o
1
N
=)
1

T T T T T T T T°1 T T 1T T T T T T°1 T
0 100 200 300 400 500 600 700 800 900 0 100 200 300 400 500 600 700 800 900 0 1

as-the-crow-flies distance travel time Trudgill's linguistic gravity index
(in km) (in minutes) (1901 population data, log scale)

Figure 7: Correlating distance matrices: morphosyntadistances versus (i) as-the-crow-flies
distances (leftyi(= .21, p < .001, R? = 4.4%), (ii) least-cost travel times (middle)
(r=.27,p < .001,R? = 7.4%), and (iii) Trudgill’'s linguistic gravity indices (righlog
scale) f = —.49, p < .001, R? = 24.1%; logarithmic estimate). Each dot represents
one of N = 561 unique dialect pairings. Solid lines areess curves estimating the
overall nature of the relationship.

in the dataset is interesting, given that some previousarelehas failed to detect a signifi-
cant effect of linguistic gravity in, e.g., Dutch dialects.(Heeringa et al. 2007; Nerbonne and
Heeringa 2007). We conclude that unlike in Dutch dialeggldhe model works rather well for
morphosyntactic variation in traditional British Englidhalects.

Having said that, however, we emphasize that in comparis@nevious research the? values
reported here are rather low anyway. For example, Shack(@@07), in his study of phonetic
variation in theSurvey of English DialectseportsR? values of up to 66% for the relationship
between phonetic and geographic distances in Englandijt&pral. (2009), in an atlas-based
study on aggregate syntactic distances in Dutch dialeatsylate arR? value of 45% for the
relation between syntax and geography. So, given that thencmus distance measures in Fig-
ure 7 somewhat fail us, could it be that the dialect partifjoesented in Section 7.3 is a more
potent predictor of morphosyntactic dialect distances@ pitoblem is that binary dialect area
(or: dialect grouping) memberships do not elegantly lemartbelves to a straightforward contin-
uous quantification with which one may furnish a full-blohNnx N distance matrix that could be
correlated with the original dialect distance matrix angided in a scatterplot. This is why we
resort to a technique known as Permutational Multivariatalgsis of Variance Using Distance
Matrices PERMANOVA; cf. Anderson 2002}, which is analogous tmMANOVA (Multivariate
Analysis of Variance) but designed specifically to analyiatice matrices. The goal was to
test how successful dialect area membership is in prediatontinuous dialect distances be-
tween measuring points. It turns out that the 5-clusteritmartdepicted in Figure 6 explains
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about one third of the variance in morphosyntactic distarfeé = 35.9%, p = .001), which is
a good deal more than we can explain by regressing as-tinefties distance, travel time, or
linguistic gravity against morphosyntactic distances.

This section was an exercise in number crunching, and we $@&e that the relationship be-
tween dialect distances and properties of geographic spaceenable to fairly precise quantifi-
cation. In traditional British English dialects, as-thens-flies distance turns out to be a fairly
poor predictor of aggregate morphosyntactic distancgsagnng no more than about 4% of
the overall variability. By factoring in parameters suckse® of speaker community and travel
distance, the analyst can boost the share of the linguiatiahility that is accounted for to about
25%. At the same time, we have also seen that the clustertendilglect partition presented in

the previous section explains more than a third of the maphi@actic variance in the dataset.
In other words, the dialect area scenario appears to be rppre@iate for our dataset than the
dialect continuum scenario.

8. Conclusion

This paper has presented methodologies which can be usedntuiree corpus-based variation
studies with aggregative-dialectometrical analysis aisdalization methods. We have argued
that this synthesis is desirable for two principal reaséiiist, multidimensional objects, such
as dialects, call for aggregate analysis techniques; see@ia-vis linguistic atlas material, cor-
pora yield an arguably more trustworthy frequency signaleXemplify the empirical potential
of corpus-based dialectometry, we have drawn on a majoeatiabrpus to study aggregate re-
lations between 34 traditional British English dialects,tbe basis of joint variability in text
frequencies of 57 morphosyntactic features. The analymsdemonstrated that linguistic vari-
ability between British English dialects demonstrablyvides a geographic signal, and that this
signal has a number of interesting facets.

Needless to say, the line of analysis sketched in this papténdable in many ways. First and
foremost, due to the case study character of the invesiigatie often stopped where real inter-
pretation would start. More in-depth scholarship wouldkseeinterpret the findings uncovered
in this paper in a wider analytical and theoretical contegtsidering, among other things, the
literature on dialect genesis, dialect formation, andohisal dialect variability; theories on the
status of, and constraints on, dialect grammar and graroahatiriability between dialects from
a typological perspective; and previous research on tlie isthe contact-induced diffusibility
versus universality of grammatical features.

Lastly, we should add that the methodology outlined in tlaiggy is of course not limited to mor-
phosyntactic phenomena. Phonology, lexis, and even pitaggraae all in principle amenable
to dialectometrical analysis using a corpus-based approdutere is even the intriguing possi-
bility of aggregating not ‘surfacy’ feature frequencieg lneep’ feature conditionings (e.g. via
probabilistic regression weights), which is something #imply cannot be done on the basis
of decontextualized atlas or dictionary data. As for slialatabases, corpus-based dialectom-
etry can be applied tany corpus in which we find geographic variability. This inclgdeot
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only dialect corpora in the traditional sense (such asAiegurg Corpus of English Dialects
analyzed here), but also corpora sampling geographicaltyaontiguous regional language va-
rieties (such as thimternational Corpus of Englisicf. Greenbaum 1996) or corpora concerned
with variation in written, not spoken, language (such addtters-to-the-editor corpus presented
in Grieve 2009). In short, there are a great many researcbriappties just waiting to be tapped.

Appendix: The feature catalogue

A. Pronounsand determiners
[1]  non-standard reflexives (e.dpey didn’t gotheirself)
[2] standard reflexives (e.they didn't gathemselves)
[3] archaicthedthouthy (e.g.l tell theea bit morg
[4] archaicye(e.g. yéd dancing every wegk
[5] us(e.g. uscouldn’t get back, there was no trgin
[6] them(e.g.l wonder if they’d do any othem thinggoday)

B. Thenoun phrase
[71  synthetic adjective comparison (elge was alway&eeneron farming
[8] theof-genitive (e.gthe presencef my fathe)
[9] thes-genitive (e.gmy fatheis presencg
[10] preposition stranding (e.the very housghichit wasin )
[11] cardinal number years(e.g.l was there abouthree years )
[12] cardinal number yeard (e.g.she werahree yeaold )

C. Primary verbs
[13] the primary verlro po (e.g.whydid you not wait}
[14] the primary verlro BE (e.g.l wastook straight into this pitting jop
[15] the primary verlro HAVE (e.g.we thought somebodhadbrought them
[16] marking of possessionHAVE GOT (e.g.l have gothe photographs

D. Tense and aspect
[17] the future markeBE GOING TO(e.g.I’'m going tolet you into a secrét
[18] the future markersviLL /SHALL (e.g.l will let you into a secrét
[19] wouLD as marker of habitual past (elgewould go around killing pig9
[20] used toas marker of habitual past (elgeused togo around killing pig$
[21] progressive verb forms (e.the restare goingo Portree Schogl
[22] the present perfect with auxiliaBge (e.g.I’m comedown to pay the rent
[23] the present perfect with auxiliaave (e.g.theyve killed the skippe)

E. Modality
[24] marking of epistemic and deontic modalityusT (e.g.l mustpick up the book
[25] marking of epistemic and deontic modalityave 10O (e.g.l have topick up the book
[26] marking of epistemic and deontic modalityoT ToO (e.g.l gottapick up the book
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F. Verb morphology
[27] a-prefixing on-ing-forms (e.ghe wasa-waiting)
[28] non-standard weak past tense and past participle forms
(e.g.theyknowedall about these things
[29] non-standard past tendene(e.g.you came home amdbnethe home fishing
[30] non-standard past tenseme(e.g.hecomedown the road one day

G. Negation
[31] the negative suffixnae(e.g.l cannaedo it)
[32] the negatoain't (e.g.peopleain’t got no money
[33] multiple negation (e.gdon’t you makeno damn mistake
[34] negative contraction (e.¢heywon’t do anything
[35] auxiliary contraction (e.gheyll not do anything
[36] neveras past tense negator (eagd theynevermoved no mofe
[37] wAsN'T (e.g.theywasn’thungry)
[38] WEREN'T (e.g.theyweren’thungry)

H. Agreement
[39] non-standard verbas (e.g.sol says What have you to do)?
[40] don’twith 3 person singular subjects (eifithis mandon’t come up to it
[41] standardioesn’twith 3™ person singular subjects
(e.g.if this mandoesn’tcome up to i
[42] existential/presentationtiere is/waswith plural subjects
(e.g. there was childreinvolved
[43] absence of auxiliarge in progressive constructions
(e.g.l said, How@ you doing®)
[44] non-standar@vAs (e.g.three of thenwaskilled)
[45] non-standarevERE (e.g.hewerea young lag

|. Relativization
[46] wh-relativization (e.gthe manwhoread the book
[47] the relative particlevhat(e.g.the manwhatread the book
[48] the relative particl¢hat (e.g.the manthatread the book

J. Complementation

[49] as whator than whatin comparative clauses
(e.g.we done no morthan whatther kids used to do

[50] unsplitfor to (e.g.it was readyfor to go away with the ordgr

[51] infinitival complementation afteBEGIN, START, CONTINUE, HATE, andLOVE
(e.g.l began to taken interes}

[52] gerundial complementation aftBEGIN, START, CONTINUE, HATE, andLOVE
(e.g.l began takin@n interesy

[53] zero complementation afteHINK, SAY, andKNOW
(e.g.they just thoughf@ it isn’t for girls])

[54] thatcomplementation afterHINK, SAY, andKNOW
(e.g.they just thoughfthatit isn’t for girls])
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K. Word order and discour se phenomena
[55] lack of inversion and/or of auxiliaries iwh-questions and in main clause
yesno-questions (e.gvhere @ you put the shovél?
[56] the prepositional dative after the veslvE (e.g.she gavéa job] [to my brothet)
[57] double object structures after the vastye (e.g.she gavgmy brothet [a joby])
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Notes

1Text frequencies of O (for instance, feature [4] [archgicas in yéd dancing every wedldoes not occur in
material from Cornwall) were rendered a& Owhich yields dog-transformed value dbg;o(0.1) = —1.

2Standard statistical software packages, such as Raad can easily calculate the Cronbackrstatistic.

30n a technical note, all cartographic projections and mbshe non-trivial statistical analyses (such as mul-
tidimensional scaling and cluster analysis) presentedhisidection were created using Peter Kleiwdgss/L04
dialectometry software package (available for fre@tsy://www.let.rug.nl/"kleiweg/L04/ ). The in-
put required byRuG/L04 is (i) the longitude/latitude coordinates provided in Bl (ii) a (linguistic) distance
matrix, and (iii) a polygon map — which can be created usingdk® Earth — that defines the boundaries of a land
mass and/or political borders. Note, along these lines thigge is another major dialectometry package:\Miseial
DialectoMetry (vDMm) software developed in Salzburg (Haimerl 2008pm is also free and comes, as an added
bonus, with a graphical user interface.

4The maps were created using feG/L04 package'snaplink module.

5The visualization and statistical analysis techniquehimgection draw on thRuG/L04package’snds (method:
Kruskal'smbs) andmaprgb modules.

6Simple clustering can be unstable, so the analysis in ttioseutilizes a procedure known as “clustering with
noise” (Nerbonne et al. 2008): The original distance matriglustered repeatedly, adding some random amount of
noise € = g/2) in each run. This exercise yields a cophenetic distandexwehich provides consensus (and thus
more stable) cophenetic distances between dialects.

"The visualization and statistical analysis techniquesis section draw on thRBuG/L04 package'scluster
module (which implements clustering with noise; cf. fn & veell as on thenapclust andden modules.

8The RuG/L04 dialectometry software package provides a modi@el§t ) that can do this job automatically.

9These estimates assume travel by car (Google Maps’ ‘walkiptipn yields a matrix with a substantially lower
correlation with linguistic distances). We fully acknowdtge that matching linguistic data sourced from speakers
born around the beginning of the twentieth century withétastimates based on twenty-first century transportation
infrastructure is convenient but clearly suboptimal; wisateally needed arkistoric travel estimates, which, alas,
are in short supply. Still, we submit that the procedure isfatally flawed, as modern infrastructure can be argued
to actually follow, to a large extent, historical travel tes, trade patterns, and avenues of social contact.

10gpecifically, we used 1901 population figures, as publishetié Census of England and Wales, 19@1d the
Census of Scotland, 192These documents are available onlinétip://histpop.org/

1170 conduct the analysis, we utilized the statistical sofevpackage R: librarwegan , function adonis
(http://vegan.r-forge.r-project.org/ ).
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