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In dialectometry cluster analysis is a means to find groups given a set of local dialects
and their mutual linguistic distances. The weakness of cluster analysis is its instability;
small differences in the distance matrix may strongly change the results.

Kleiweg, Nerbonne & Bosveld (2004) introduced composite cluster maps, which are ob-
tained by collecting chances that pairs of neighboring elements are part of different
clusters as indicated by the darkness of the border that is drawn between those two lo-
cations. Noise is added to the clustering process, which enables the authors to estimate
about how fixed a border is. Nerbonne et al. (2008) use clustering with noise and boot-
strap clustering to overcome instability. Both the work of Kleiweg, Nerbonne & Bosveld
(2004) and Nerbonne et al. (2008) focus on boundaries which may be weaker or stronger.

We introduce a new flavor of bootstrap clustering which generates areas, similar to clas-
sical dialect maps. We perform a procedure consisting of four steps. First, we randomly
select 1,000 times 7 items from n items with replacement. For each resampled set of
items we calculate the aggregated distances. Second, on the basis of the distances we
perform agglomerative hierarchical cluster analysis. We choose nearest neighbor clus-
tering since this method reflects the idea of dialect areas as continua. On the basis of the
tree we determine the number of natural groups by means of the elbow method. Third,
for each pair of dialects we count the number of times that both dialects are found in
the same natural group. Fourth, when two dialects belong to the same group in more
than 95% of the cases, we mark them as ‘connected’. In this way we will obtain networks
which are the groups.

We apply the procedure to distances in the sound components measured with Leven-
shtein distance between a set of 86 Dutch dialects. We use material which was collected
in the period 2008-2011.

1 Introduction

Jain & Dubes (1988: 55) define cluster analysis as “the process of classifying objects
into subsets that have meaning in the context of a particular problem”. The goal of
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clustering is to identify the main groups in complex data. In dialectometry cluster
analysis is a means to find groups given a set of local dialects and their mutual lin-
guistic distances. Goebl (1982) introduced cluster analysis in the field of dialectometry
(see also Goebl 1984 and Goebl 1993).

The weakness of cluster analysis is its instability; small differences in the distance
matrix may strongly change the results (Jain, Murty & Flynn 1999; Nerbonne et al.
2008). Kleiweg, Nerbonne & Bosveld (2004) introduced composite cluster maps, which
are obtained by collecting chances that pairs of neighboring elements are part of dif-
ferent clusters as indicated by the darkness of the border that is drawn between those
two locations. Noise is added to the clustering process, which enables the authors
to estimate how fixed a border is. Given a distance matrix, a random value between
0 and a maximum is added to each distance, and subsequently the dialects are clus-
tered. The maximum may be one or two standard deviations. This is repeated, e.g.
1,000 times, giving 1,000 clusterings, and the number of times that pairs of neighbor-
ing elements are part of different clusters in those 1,000 clusterings is counted. The
results can be visualized in a map, where the darkness of the border between two
locations represents the chance that the locations belong to different clusters.

In addition to noise clustering Nerbonne et al. (2008) also introduced bootstrap clus-
tering to overcome instability. Given, e.g. a data set with transcriptions of 100 words
for each local dialect, 100 words are randomly selected using replacement, Leven-
shtein distances are calculated between the dialects, and the dialects are clustered on
the basis of the Levenshtein distances. When this is repeated, e.g. 1,000 times, the
number of times that pairs of neighboring elements are part of different clusters is
counted.

Nerbonne et al. (2008) show that noise clustering and bootstrap clustering produce
similar results, but bootstrap clustering has the advantage that no noise ceiling needs
to be specified.

Both the work of Kleiweg, Nerbonne & Bosveld (2004) and Nerbonne et al. (2008)
focus on boundaries which may be weaker or stronger, i.e., they are gradual. This
makes it harder to compare the maps with traditional dialect maps where the color
distinctions give a visual representation of the borders between different dialect areas,
for example, the map of Winkel (1901) and the map of Daan & Blok (1969).

We introduce a new flavor of bootstrap clustering which generates areas, similar
to classical dialect maps. In our approach 1) we consider dialect groups as continua,
i.e. each local dialect is not necessarily strongly related to any other local dialect
in the same group; the local dialects in a group rather constitute a ‘network’ and
2) we take into account that not every local dialect can be classified with statistical
confidence.

We apply the procedure to distances in the sound components measured with Lev-
enshtein distance between a set of 86 Dutch dialects. Recorded transcriptions of older
and younger speakers are used. Thus we are able to show the change of Dutch dialect
areas in apparent time.
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2 Data

In this paper we use a corpus database of recordings of 86 local Dutch dialects. This
database was compiled in the period 2008-2011 by Heeringa & Hinskens (2014). The
dialects are evenly spread over the Dutch and Frisian language areas and represent
the major dialect regions.

In order to be able to measure dialect change in apparent time, at least two male
speakers aged 60 or older, and two or more female speakers aged between 20 and 40
were recorded in each of the 86 locations. The males represent the older phase of a
particular variety and the females the newer phase.

An scene of the Charlie Chaplin movie The Kid served as the basis of the recordings
that were made. The scene can be regarded as a cross-section of plain, simple daily
spoken language, and consists of 23 sentences, each containing an average of 7.6
words. We used a selection of 13 sentences for this study, which include a maximum
of 125 words in the written standard Dutch version of the text.

Both the older male and the younger female speakers operated in small groups of
at least two people. When a small group was being recorded, the individuals were
first asked to write down a translation of the text in their own dialect, independently
of each other. Then, together they compiled and wrote a consensus text upon which
both of them agreed. Finally, they both read the consensus text aloud.

Phonetic transcriptions of the recordings were made. Usually, two recordings of
the consensus dialect version of the story were produced by both the older males
and the younger females. Since phonetic transcription is time-consuming, only one
recording per group was transcribed, where the recording of the speaker who was
the most autochthonous, had the clearest voice, and read the text most fluently was
prefered. The transcriptions were made in IPA and digitized in X-SAMPA.

The recordings in our data set were transcribed by one transcriber. To ensure
optimal consistency per item, transcriptions are made per sentence instead of per text.
The same sentence was played (2 times 86 is) 172 times and transcribed. Subsequently,
the next sentence was played 172 times and transcribed, etc.

For more details see Heeringa & Hinskens (2014).

3 Methodology

We perform a procedure consisting of four steps. First, we randomly select n items
from n items with replacement 1,000 times. For each resampled set of items we cal-
culate the aggregated distances. Second, on the basis of the distances we perform
agglomerative hierarchical cluster analysis. Third, for each pair of dialects we count
the number of times that both dialects are found in the same natural group. Fourth,
when two dialects belong to the same group in more than 950 of the cases (95%), we
mark them as ‘connected’. In this way we will obtain networks which are the groups.
Below we will discuss each step in more detail.
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3.1 Calculating distances and resampling

Distances in the sound components between dialects are measured with the aid of
the Levenshtein distance metric (Levenshtein 1966). This algorithm was introduced
into dialectology by Kessler (1995). The Levenshtein distance between two strings
is calculated as the “cost” of the total set of insertions, deletions and substitutions
needed to transform one string into another (Kruskal & Liberman 1999).

The aggregated distance between the two dialects is based on 125 word pairs (fewer
if words were missing). We use normalized distance measures, calculating the ag-
gregated distance between two dialects as the sum of a maximum of 125 word pair
distances divided by the sum of the alignment lengths that correspond to the word
pairs. For more details about the measurements see Heeringa & Hinskens (2014).

Now we calculate 1,000 times aggregated distances between the 86 local dialects
on the basis of 125 words randomly chosen from 125 words, using either the tran-
scriptions of the older or younger speakers.

3.2 Nearest neighbor clustering

Once we have obtained 1,000 distance matrices, for each distance matrix we apply
agglomerative hierarchical cluster analysis. Each observation starts in its own cluster.
The clusters are then sequentially combined into larger clusters, until all elements
end up being in the same cluster. We use single-linkage, which is also known as
nearest neighbor clustering. In this kind of clustering at each step, the two clusters
separated by the shortest distance are combined. The result is a binary hierarchical
tree structure in which the dialect varieties are the leaves, and the branches represent
the distances among (clusters or groups of) dialect varieties (Jain & Dubes 1988).

We choose nearest neighbor clustering since this method reflects the idea of di-
alect areas being continua, where the distance between geographically neighboring
dialects is small, and the difference between geographically distant points may be
large. This method also agrees with the little arrow method which the map of Daan
& Blok (1969) is based on. Using the little arrow method, locations which have similar
dialects according to the speakers are connected by arrows in the map. It then may
happen that local dialects A and B are judged as similar, and dialects B and C are
judged as similar, but A and C are judged as different by the speakers.

3.3 Count number of times that two dialects share the same group

On the basis of the tree we determine the number of natural groups. Dendrograms
are binarily branching trees. Within a dendrogram different levels of detail can be
distinguished. Starting at the root, a division into two groups is found. Then, if we
delve a little deeper we find that one of the two groups is divided into two further
groups. At the bottom of the tree are the leaves, and here we find a classification into
the maximum number of groups, in our case 86, with each grouping containing a
single variety. We thus have 85 levels, the first suggesting a division into two groups
and the 85th suggesting a division into 86. For each division in ¢ groups (2 < ¢ < 85),
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we compute the variance in the original distances, as explained by the cophenetic
distances of the part of the tree that gives a division in ¢ groups. Cophenetic distances
are distances between the dialects as reflected by the dendrogram. The cophenetic
distance between two local dialects is the height of the dendrogram where the two
branches that include the two objects merge into a single branch' (Sokal & Rohlf
1962).

In a graph, the variances are plotted against the number of groups as found in each
of the 85 divisions. The initial clusters usually explain a great deal of the variance.
However, at a certain point the marginal gain will drop, yielding an angle in the
graph. This angle provides the number of natural clusters and is known as the elbow
(Aldenderfer & Blashfield 1984). After the angle, the amount of explained variance in
the distances increases much more slowly than before. An example of an elbow plot
is shown in Figure 1.
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Figure 1: Left: elbow plot in which the variances are plotted against the number
of groups. Right: a logarithmic regression curve is added. The elbow is
found where the difference between predicted variance and ‘real’ variance
is largest. The elbow is indicated by a little arrow. The number of natural
groups is therefore 13.

We perform a linear regression analysis where the logarithmic number of clusters
is the predictor and the explained variance the dependent variable. The curve which
represents the explained variance predicted by the logarithmic number of clusters is
added in the right graph in Figure 1. The elbow is found where the difference between
the variance predicted by the logarithmic number of cluster and the ‘real’ variance is
largest. The elbow is indicated by a little arrow and corresponds with 13 groups. The
number of natural groups is therefore 13.

Now for each pair of dialects we count the number of times that both dialects are
found in the same natural group. The number will vary between 0 (never) and 1,000

! Definition taken from Wikipedia, retrieved August 27, 2016, from https://en.wikipedia.org/wiki/
Cophenetic.
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(always). The counts are graphically shown in Figure 2.

Figure 2: For each pair of dialects the number of times that both dialects are found
in the same natural group is counted. The maps show counts obtained on
the basis of transcriptions of older males (left) and younger females (right).
Higher counts are represented by darker lines.

3.4 Create networks

When two dialects belong to the same group in more than 950 of the 1,000 bootstrap
runs (95%), we mark them as being ‘connected’. Pairs of dialects which belong to the
same group in more than 95% of the cases are connected by a line in the map (see
Figure 3).

In this way we will obtain networks. For example, when dialects A and B are
connected, and dialects C and D are connected, but dialects A and B are not connected
with dialects C and D, we obtain two separated networks, each of which consists of
two dialects. We consider each network as a group. Dialects which are a part of
the same network, belong to the same group. Dialects which are not connected to
any other dialect remain unclassified. Our procedure does not force a local dialect to
belong to a group when it is not strongly related to any other local dialect.

4 Results and conclusions

The final classifications are shown in Figure 4. The number of groups has decreased
from 12 to 10. The mixed Frisian group (orange on the ‘old’ map) has been absorbed
by the group of Holland dialects (yellow), and the petrol group has expanded and ab-
sorbed the dialects of Kampen and IJsselmuiden (lighter green on the ‘old’ map). The
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Figure 3: Local dialects that are connected by a line share in 95% of 1,000 bootstrap
runs the same groups. Thus we obtain networks which are considered as
dialect groups.

group of two Zeeland varieties (green/brown) has disappeared and the pink group
has split into two smaller groups. The northern Limburg group (red/brown) has dis-
appeared, and the group in the Southeast (red dots on the ‘old’ map) has split into
two groups. On the ‘new’ map the red/brown dots represent transitional Limburg
dialects, and the red dots Ripuarian dialects.

The number of unclassified dialects is larger for the older males than for the
younger females: 31 versus 24, but the difference is not significant.

We conclude that the new cluster procedure produces clear area maps which are
statistically justified and which can be easily compared to older dialect maps. Addi-
tionally changes of dialect areas can be clearly visualized by this approach.

References

Aldenderfer, M. & R. Blashfield. 1984. Cluster analysis. In Sage university paper series
on quantitative applications in the social sciences 07-044. Newbury Park (CA): SAGE
publications.

Daan, J. & D. P. Blok. 1969. Van Randstad tot Landrand; toelichting bij de kaart: di-
alecten en naamkunde. Vol. XXXVII (Bijdragen en mededelingen der Dialecten-
commiissie van de Koninklijke Nederlandse Akademie van Wetenschappen te Am-
sterdam). Amsterdam: Noord-Hollandsche Uitgevers Maatschappij.

Goebl, H. 1982. Dialektometrie; Prinzipien und Methoden des Einsatzes der numerischen
Taxonomie im Bereich der Dialektgeographie. Vol. 157 (Philosophisch-Historische

133



Wilbert Heeringa

O h - O u
(O © éO 5 E:

Figure 4: For the older males 12 groups are found (left) and for the younger females
10 groups are found (right).
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