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Chapter 3

Distance-based methods

In this chapter we present a group of methods that all proceed from a distance matrix that
stores information on the distances between each two sites in the data set and try to group
those sites based on different criteria depending on a method. The distances between
the sites are calculated using the Levenshtein algorithm that at the same time pairwise
aligns all corresponding word pronunciations in the data set. This algorithm is described
in more detail in Section 3.1. The so-called distance-based methods used to analyze
the distance matrix include multidimensional scaling, seven hierarchical clustering al-
gorithms, k-means clustering algorithm, neighbor-joining and neighbor-net, described
in Sections 3.2, 3.3 and 3.4. We also present the results of applying these techniques
in Section 3.5. In Section 3.6 we propose various evaluation techniques and use them
to evaluate the performance of the mentioned classification algorithms. We conclude
this chapter with the discussion and conclusions in Section 3.7. Work presented in this
chapter was published as Prokić and Nerbonne (2008).

3.1 Levenshtein distance

The Levenshtein, or string edit distance, algorithm (Levenshtein, 1966) is a dynamic pro-
gramming algorithm used to measure the differences between two strings. The distance
between two strings is the smallest number of insertions, deletions, and substitutions
needed to transform one string to the other. For example, in order to transform one
word transcription in Figure 3.1 into the other we would need 3 operations: [bj] has to
be replaced by [b], [@] by [e] and [i] by [e]. In this chapter all three operations were
assigned the same value, namely 1. This means that the distance between two strings in
Figure 3.1 is 3. Every sequence, i.e. word transcription is represented as a sequence of
phones which are not further defined. As a consequence, pair [bj]-[b] counts as different
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24 CHAPTER 3. DISTANCE-BASED METHODS

to the same degree as pair [i]-[e].1

bj @ r "A n i
b e r "A n e
1 1 1

Figure 3.1: Levenshtein distance between these two strings is 3.

In his thesis Heeringa (2004) has shown that in the aggregate analysis of dialect dif-
ferences, more detailed feature representation of segments does not improve the results
obtained by using simple phone representation. Another motivation for using the simple
phone representation is to keep the analysis as robust as possible, without going into the
language specific details of feature representation. In Chapter 5 we present a method,
called pointwise mutual information, that can be used to automatically acquire the dis-
tances between the segments in the transcriptions. We incorporate this method into the
Levenshtein procedure and obtain alignments that are of a better quality than those ob-
tained by the simple Levenshtein algorithm. This results in a slight improvement of the
results in the aggregate analysis of dialect differences.

The Levenshtein algorithm is also directly used to align two sequences, as can be
seen in Figure 3.1. The transcriptions used for experiments in this thesis were aligned
based on the following principles: a) a vowel can be aligned only with a vowel b) a con-
sonant can be aligned with a consonant, a sonorant or a semivowel such as [j] and [w].
After aligning all word transcriptions, which also results in a calculation of the distances
between each two strings, we calculate the distances between the sites. The distance
between two sites is the mean of all word distances calculated for those two sites. The
final result is a distance matrix that contains the distances between each two sites in
the data set. We note that using the mean Levenshtein distance over a large sample of
pronunciations effectively aggregates over a large number of individual segment differ-
ences, the basis of most isoglosses. Brett Kessler (Kessler, 1995) was the first to use
Levenshtein distance in order to calculate the linguistic distance between the dialects.
Later it was successfully applied to many other languages. An overview of the applica-
tion of the Levenshtein algorithm in dialectology can be found in Nerbonne (2009).

3.2 Multidimensional scaling
Multidimensional scaling is a dimension-reducing method used in exploratory data ana-
lysis and a data visualization method, often used to look for separation of data clusters
(Legendre and Legendre, 1998). The goal of the analysis is to detect meaningful un-
derlying dimensions that allow the researcher to explain observed similarities or dissim-

1For technical reasons, the sign for primary stress is moved to the first vowel in stressed syllable.
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ilarities between the investigated objects. It displays the structure of distance-like data
as a geometrical picture by attempting to arrange ‘objects’ in a space within a certain
small number of dimensions, which, however, accord with the observed distances. As a
result, dissimilar objects are plotted far apart from each other, while similar objects are
close to one another. This enables us to ‘explain’ the distances in terms of underlying
dimensions. It has been used in linguistics and dialectology since Black (1973). In this
thesis Kruskal’s non-metric MDS is being used.

3.3 Clustering

Cluster analysis is the process of partitioning a set of objects into groups or clusters
(Manning and Schütze, 1999). The goal of clustering is to find the structures in the data
by finding objects that are similar enough to be put in the same group and by identifying
distinctions between the groups. The data in each subset share some common trait—
often proximity according to some defined distance measure. Clustering methods can be
classified into several types, based on different criteria. One classification is into soft or
hard, where in soft clustering objects can belong to a cluster to a certain degree. In hard
clustering objects can be assigned only to one cluster. Another division of clustering al-
gorithms is into hierarchical and partitional clustering. Partitional clustering algorithms
produce mutually exclusive partitions of the data where each instance can belong only
to one cluster. Unlike in hierarchical clustering, all clusters are determined in one step.
Hierarchical clustering is usually hard, while partitioning clustering can be both hard and
soft. Hierarchical clustering algorithms produce a set of nested partitions of the data by
finding successive clusters using previously established clusters. This kind of hierarchy
is represented with a dendrogram—a tree in which more similar elements are grouped
together. Hierarchical clustering algorithms can be further divided into agglomerative
(bottom-up) and divisive (top-down) clustering. In agglomerative clustering, the proced-
ure begins by putting each object in a separate cluster, and later successively grouping
them into larger and larger clusters until a single cluster is obtained. In divisive cluster-
ing, the procedure goes in the opposite direction: at the beginning of the procedure all
objects are put into one cluster and later successively divided into smaller and smaller
subclusters.

In this thesis one partitional and seven hierarchical agglomerative clustering al-
gorithms will be examined in more detail. Since traditional scholarship agrees that,
in general, dialect areas are organized hierarchically, and since, in particular, Bulgarian
dialect areas are claimed to be hierarchically organized (see Chapter 2), we are partic-
ularly interested in the hierarchical techniques. We examine the partitioning techniques
to see whether they might aid in detecting groups at any level of hierarchy.
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3.3.1 Hierarchical agglomerative clustering
In this section we present seven hierarchical clustering algorithms whose performance
on the dialect pronunciation data is examined in this thesis. Hierarchical clustering al-
gorithms can be described by the following scheme formalized by Johnson (1967):

• estimate pairwise distances

• put information on distances into matrix

• find the shortest distance in the matrix

• fuse two closest points

• calculate the distance between the newly formed node and the rest of the nodes
(matrix updating algorithms)

• repeat until there are no more nodes to be fused

Based on the way in which the distances between a newly formed node and the rest of
the nodes are calculated, there are seven different algorithms (Jain and Dubes, 1988) and
they will be described in more details.

Single link method, also known as nearest neighbor, is one of the oldest methods in
cluster analysis. The similarity between two clusters is computed as the distance between
the two most similar objects in the two clusters.

dk[i j] = minimum(dki,dk j) (3.1)

In this formula, as well as in other formulae in this subsection, i and j are two closest
points that are fused into one cluster[i, j], and k represents all the remaining points
(clusters). In single link clustering the similarity function is locally defined, resulting in
clusters of good local coherence, but bad global quality (Manning and Schütze, 1999).
As noted in Jain and Dubes (1988), single link clusters easily chain together, yielding
a so-called chaining effect, and produce elongated clusters. The presence of only one
intermediate object between two compact clusters is enough to turn them into a single
cluster. For that reason, this method is sensitive to noise, and as we shall see later, not
suitable for dialectometric analysis.

Complete link method, also called furthest neighbor, uses the most distant pair of ob-
jects while fusing two clusters. The algorithm first compares all existing clusters search-
ing for the most distant pairs of objects belonging to two different clusters. In the second
step it merges two clusters that have the smallest value for the most distant objects found
in the first step. In that way, an object joins a cluster only when it is linked to all the
objects already members of the cluster (Legendre and Legendre, 1998).
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dk[i j] = maximum(dki,dk j) (3.2)

Unlike the single link method, this method produces sphere-like clusters that have good
global quality. In ecology, complete link clustering is often used in order to delineate
clusters with clear discontinuities (Legendre and Legendre, 1998).

Unweighted Pair Group Method using Arithmetic averages (UPGMA) belongs to a
group of average clustering methods, together with three methods that will be described
below. In UPGMA, the distance between any two clusters is the average of distances
between all members of the two clusters being compared. All objects, i.e. single ele-
ments, receive the same weight in the computation regardless of the number of objects
in the cluster.

dk[i j] = (ni/(ni + n j))×dki +(n j/(ni + n j))×dk j (3.3)

As a consequence, the clusters themselves are weighted according to the number of
elements that belong to them, i.e. clusters with the smaller number of elements will be
weighted less and the other way around.

Weighted Pair Group Method using Arithmetic averages (WPGMA), the same as
UPGMA, calculates the distance between the two clusters as the average of distances
between all members of two clusters. But in WPGMA, the clusters that fuse receive
equal weight regardless of the number of members in each cluster.

dk[i j] = (
1
2
×dki)+(

1
2
×dk j) (3.4)

Because all clusters receive equal weight, objects in smaller clusters are more heavily
weighted than those in the big clusters. This modification of the UPGMA algorithm
was proposed by Sokal and Michener (1958) since sometimes UPGMA results can be
distorted during the fusion of a large group of objects with the small group of objects.

Unweighted Pair Group Method using Centroids (UPGMC) In this method, the
members of a cluster are represented by their mean point, called centroid. This centroid
represents the cluster while calculating the distance between the clusters to be fused.

dk[i j] = (ni/(ni + n j))×dki +(n j/(ni + n j))×dk j− ((ni×n j)/(ni + n j)
2)×di j (3.5)

In the unweighted version of centroid clustering the clusters are weighted based on the
number of elements that belong to that cluster. This means that bigger clusters re-
ceive higher weight, and sometimes centroids can be biased towards bigger clusters.

Centroid clustering methods can occasionally produce reversals–partitions where the
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distance between two clusters is smaller than the distance between the subclusters in one
of the two clusters (Legendre and Legendre, 1998). These dendrograms are hard to draw
and interpret and for that reason often not used by researchers.

Weighted Pair Group Method using Centroids (WPGMC) Somewhat as in WPGMA,
in WPGMC all clusters are assigned the same weight regardless of the number of objects
in each cluster. In that way the centroids are not biased towards well-sampled clusters.

dk[i j] = (
1
2
×dki)+(

1
2
×dk j)− (

1
4
×di j) (3.6)

Ward’s method This method is also known as the minimal variance method. At each
stage in the analysis clusters that merge are those that result in the smallest increase in
the sum of the squared distances of each individual from the mean of its cluster.

dk[i j] = ((nk + ni)/(nk + ni + n j))×dki

+((nk + n j)/(nk + ni + n j))×dk j

−(nk/(nk + ni + n j))×di j

(3.7)

This method uses an analysis of variance approach to calculate the distances between
clusters. One of the main drawbacks of this method is that it tends to create clusters of
the same size (Legendre and Legendre, 1998).

3.3.2 K-means
The k-means algorithm belongs to the non-hierarchical algorithms which are often re-
ferred to as partitional clustering methods (Jain and Dubes, 1988). Unlike hierarchical
clustering algorithms, partitional clustering methods generate a single partition of the
data. A partition implies a division of the data in such a way that each instance can be-
long only to one cluster. The number of groups in which the data should be partitioned
is usually determined by the user.

The k-means is the most commonly used partitional algorithm, which despite its
simplicity, works sufficiently well in many applications (Manning and Schütze, 1999).
The main idea of k-clustering is to find the partition of n objects into k clusters such that
each object is assigned to the cluster with the nearest mean. In other words, given a set
of objects X = {x1,x2, ...,xn}, k-means tries to put n objects into k groups such that the
total error sum of squares is minimized:

argmin
S

k

∑
i=1

∑
x j∈Si

||x j−µi||2 (3.8)
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where µi is the mean of Si. In this chapter we use squared Euclidean distance to compute
centroid clusters: each centroid is the mean of the points in that cluster.

In the simplest version, the algorithm consists of the following steps:

1. pick at random initial cluster centers

2. assign objects to the cluster whose mean is closest

3. recompute the means of clusters

4. reassign every object to the cluster whose mean is closest

5. repeat steps 3 and 4 until there are no changes in the cluster membership of any
object

Eventually, the algorithm converges finding the best solution given the starting centroids.
This means that the final solution depends on the initial position of the centroids and
that the algorithm is guaranteed to find only the ‘local minimum’, but not necessarily the
‘overall minimum’ as well. This is considered one of the main drawbacks of the k-means
algorithm. In order to overcome this problem, different solutions have been suggested
throughout vast literature on partitional clustering. Here we list some of the possibilities:

• In the rare cases where it is possible, start with the centroids placed in positions
already close to the final solution.

• Repeat the whole procedure several times starting every time from a different
random configuration. Take the solution that minimizes the most sum of square
errors.

• Use the output of some of the hierarchical clustering algorithms as the starting
point.

Another drawback of k-means algorithm is that number of groups k has to be defined in
advance. More information on the k-means algorithm can be found in some of the clas-
sical references to k-means: Hartigan (1975), Everitt (1980) and Jain and Dubes (1988).

3.4 Neighbor-joining and neighbor-net
Apart from the k-means and seven hierarchical clustering algorithms, we also invest-
igate the performance of the neighbor-joining and neighbor-net algorithms. These two
algorithms were developed for making phylogenetic trees and networks in biology. In
the past decade, there has been an increasing interest in the application of computational
phylogenetic methods from biology to the study of language variation and language
change, including these two techniques (Nakhleh et al., 2005; Hamed, 2005; Bryant,
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Filimon, and Gray, 2005; Wichmann and Saunders, 2007). In this research we are par-
ticularly interested in seeing the performance of these algorithms on the dialect pronun-
ciation data, since most of the previous studies were conducted on data from different
languages where the boundaries between the various varieties are much sharper than in
the case of our data.

3.4.1 Neighbor-joining
Neighbor-joining is a method for reconstructing phylogenetic trees that was first intro-
duced by Saitou and Nei (1987). The main principle of this method is to find pairs of
taxonomic units that minimize the total branch length at each stage of clustering. The
distances between each pair of instances (in our case data collection sites) are calculated
and put into the n×n matrix, where n represents the number of instances. The matrices
are symmetrical since distances are symmetrical, i.e. distance (a,b) is always the same
as distance (b,a). Based on the input distances, the algorithm finds a tree that fits the
observed distances as closely as possible. While choosing the two nodes to fuse, the
algorithm always takes into account the distance from every node to all other nodes in
order to find the smallest tree that would explain the data. Once found, two optimal
nodes are fused and replaced by a new node. The distance between the new node and
all other nodes is recalculated, and the whole process is repeated until there are no more
nodes left to be paired. The algorithm was modified by Studier and Kepler (Studier and
Kepler, 1988) and the complexity was reduced to O(n3). The steps of the algorithm are
as follows (taken from Felsenstein (2004)):

• For each node compute ui which is the sum of the distances from that node to all
other nodes

ui =
n

∑
j: j 6=i

Di j

(n−2)
(3.9)

• Choose i and j for which Di j−ui−u j is smallest

• Join i and j. Compute the length from i and j to the newly formed node v using the
equations below. Note that the distances from the new node to its children (leaves)
need not be identical. This possibility does not exist in hierarchical clustering.

vi =
1
2

Di j +
1
2

(ui−u j) (3.10)

v j =
1
2

Di j +
1
2

(u j−ui) (3.11)

• Compute the distance between the new node and all of the remaining nodes

D(i j),k =
(Dik + D jk−Di j)

2
(3.12)
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• Delete nodes i and j and replace them by the new node

This algorithm produces a unique unrooted tree under the principal of minimal evolution
(Saitou and Nei, 1987). Trees can generally either be rooted or unrooted. A rooted tree
has a root node from which all other nodes descend. The closer a node is to the root of the
tree, the older is in time. Unrooted trees do not have a root node, and they do not allow
us to define ancestor-descendant relationship between nodes (Page and Holmes, 2006).

root

DobroseletsBorisovoGalataAldomirovtsi

Galata

Aldomirovtsi Dobroselets

Borisovo

Figure 3.2: Rooted tree on the left hand side and unrooted tree on the right hand side.

In biology, the neighbor-joining algorithm has become a very popular and widely
used method for reconstructing trees from distance data. It is fast and can be easily
applied to a large amount of data. Unlike most hierarchical clustering algorithms, it
will recover the true tree even if there is not a constant rate of change among the taxa
(Felsenstein, 2004).

3.4.2 Neighbor-net
Neighbor-net is a network construction and data-representation tool and is, just as the
neighbor-joining algorithm, agglomerative: taxa are combined into progressively larger
and larger units (Bryant and Moulton, 2004). Unlike the neighbor-joining method, it
reconstructs networks rather than trees. In each iteration it selects a pair of taxa to be
grouped together, but it does not agglomerate those pairs immediately. That is done at
a later stage when the second neighbor of one of the previously paired nodes is found.
At that point, three nodes are replaced by two and the distance between newly formed
nodes and the rest of the nodes is calculated.

In the first step a pair of clusters Ci and C j is found to minimize the standard NJ
formula:

Q(Ci,C j) = (m−2)d(Ci,C j)−
m

∑
k=1,k 6=i

d(Ci,Ck)−
m

∑
k=1,k 6= j

d(C j,Ck) (3.13)
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where distance d(Ci,C j) between two clusters is the average of the distances between
elements in each cluster.

d(Ci,C j) =
∑x∈Ci ∑y∈C j d(x,y)

|Ci||C j|
(3.14)

Ci and C j can contain one or two neighboring nodes. At the very beginning every node
forms a separate cluster. Later on, some pairs of nodes will have been identified as
neighbors. These pairs of neighbors are taken into account when selecting nodes to
agglomerate (Bryant and Moulton, 2004).

In the second step, we find x ∈Ci and y ∈C j that minimize

Q̂(xi,x j) = (m̂−2)d(xi,x j)−
m̂

∑
k=1,k 6=i

d(xi,Ck)−
m̂

∑
k=1,k 6= j

d(x j,Ck) (3.15)

In the agglomeration step three closest nodes (x, y, z) are replaced by two new nodes
(u, v). The distance from the two newly formed nodes to the rest of the nodes is calcu-
lated using the following formulae:

d(u,a) = (α + β )d(x,a)+ γd(y,a) (3.16)

d(v,a) = αd(y,a)+(β + γ)d(z,a) (3.17)

d(u,v) = αd(x,y)+ βd(x,z)+ γd(y,z) (3.18)

where α , β , and γ are positive real numbers with α + β + γ = 1.
In the graph generated by neighbor-net, splits of the taxa are represented by classes

of parallel edges. Conflicting signals appear as boxes. Unlike in the neighbor-joining
algorithm, the edge length estimation is done at the end and not during the agglomeration
stage.

In Figure 3.3 we can see pronunciations of word agne /"agne/ ‘lamb’ collected at
four different sites. These four pronunciations differ in positions 1 and 5. Since we do
not have any model of phonetic evolution, we will use a very simple model and calculate
the divisions of the four sites based on the number of positions in which they differ.
Position 1, where we have initial prothetic /j/, gave the following division (Aldomirovtsi,
Dobroselets) — (Borisovo, Galata). In position number 5, representing reflexes of the
front nasalized vowel in word final position, the division of the sites is (Aldomirovtsi,
Galata) — (Borisovo, Dobroselets). Splits at positions 1 and 5 are incompatible, since
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1 2 3 4 5
Aldomirovtsi: j "A g n e

Borisovo: - "A g n i
Dobroselets: j "A g n i

Galata: - "A g n e

Figure 3.3: Four pronunciations of word ‘lamb’.

neither of the splits is the refinement of the other. Two different splits S = X |Y and
S′ = X ′|Y ′ are compatible if one of the four conditions holds:

X ⊂ X ′,X ⊂ Y ′,Y ⊂ X ′,or Y ⊂ Y ′

With the tree representation it would not be possible to represent this ambiguity with
a single tree, but rather with two trees (Figure 3.4).

Galata

-

Borisovo

-

Aldomirovtsi

j

Dobroselets

j-|j

Dobroselets

i

Borisovo

i

Aldomirovtsi

e

Galata

ei|e

Figure 3.4: Two trees representing two incompatible splits in the data.

Unlike trees, network representation enables us to represent these conflicting signals
within one graph (Figure 3.5). The incompatible splits are represented with reticulation
that reflects the fact that in position 1 we have (Aldomirovtsi, Dobroselets) — (Borisovo,
Galata) split and in position 5 (Aldomirovtsi, Galata) — (Borisovo, Dobroselets) split.
We present these two splits in Figure 3.6.

In the final stage each branch in the network is assigned a length that represents the
number of changes between each two nodes. In our network in Fugure 3.5 each branch
has length 1, since there is only one change between the each two connected nodes.

d(Aldomirovtsi,Galata) = d(Galata,Borisovo) =

d(Borisovo,Dobroselets) = d(Dobroselets,Aldomirovtsi) = 1 (3.19)

For example, pronunciations for the villages Aldomirovtsi and Galata differ only at
position 1, where we have insertion of the sound [j] at the beginning of the word col-
lected at the site Galata. The distance between Aldomirovtsi and Borisovo is two since
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Borisovo

Dobroselets

Aldomirovtsi

Galata

i|e -|j

-|j i|e

Figure 3.5: Neighbor-net representing two incompatible splits in one graph.

Borisovo

Dobroselets

Aldomirovtsi

Galata

i|e -|j

-|j i|e

Borisovo

Dobroselets

Aldomirovtsi

Galata

i|e -|j

-|j i|e

Figure 3.6: There are two different ways in which we can split this reticulation.

the pronunciations from these two sites differ in two positions, 1 and 5. The same holds
for the distance between Dobroselets and Galata. The more changes between two nodes,
the longer the branch in the network. This allows us to visualize the distances between
the nodes and determine which nodes group together. The division of the nodes into a
groups is done manually by visually inspecting the length of the branches.

One important property of the neighbor-net algorithm is that if the input distance
is circular it will return the collection of circular splits. If the input distance is addit-
ive, it will return the corresponding tree (Bryant and Moulton, 2004). This property
of neighbor-net enables us to see if the data is tree-like or non-tree-like. This can be
very useful in the investigations of language change, since throughout the history of
linguistics two models of language change have been competing—family tree model
(Schleicher, 1853) and wave model (Schmidt, 1872). The main advantages of the net-
work representation is that it allows us a) to check if the data in question is tree-like or
network-like and b) to represent both models of language change at the same time.
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Figure 3.7: First two dimensions extracted by MDS are plotted against x- and y-axes.
We additionally mark the first three dimensions using red, green and blue color of the
dots.

3.5 Visual inspection

In this section we visually inspect the results of the classifications produced by various
distance-based methods.

3.5.1 MDS

The results of performing MDS analysis can be seen in Figure 3.7 where the first two
extracted dimensions are plotted against x- and y-axes. We additionally represent the
first three dimensions using different proportions of red, green and blue color, the so-
called RGB color model. This is done by translating every position in three-dimensional
MDS space into a distinct color. The amount of red, green and blue represents the first
three MDS dimensions respectively. A very good explanation on how to display the
results of MDS using the full RGB color spectrum can be found in Leinonen (2010,
208-211).
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Figure 3.8: MDS map. First three extracted dimensions are represented with different
amount of red, green and blue.

MDS plot in Figure 3.7 shows two relatively clearly separated groups of dialects
along the x-axis. Along the y-axis the third group of varieties is visible, although it
is not clearly separated from any of the two previously identified groups. We can also
identify these three groups of dots based on their different colors in the MDS plot.

In Figure 3.8 we color the area around each site on the map of Bulgaria using the
color assigned by MDS, which allows us to see if there is a geographical cohesion of the
extracted groups. The MDS map in Figure 3.8 shows that the two groups identified on
the MDS plot in Figure 3.7 correspond to the western, colored green on the map, and
eastern group, colored red, of varieties. The separation of western and eastern varieties
approximately follows the so-called yat border described in Chapter 2. The third group
of varieties are the sites located in the south of the country in the area of Rodopi moun-
tains, colored with various shades of green. These findings correspond well with the tra-
ditional scholarship described in Chapter 2. According to traditional scholarship, these
three dialect areas are three out of six main dialect groups identified by Stoykov (2002).
Three extracted dimensions explain 95.45 per cent of the variation found in the distance
matrix.

In Figure 3.9 we display the values of each of the MDS dimensions separately. The
first dimension itself explains 64.84 per cent of the variation. The map on the top in
Figure 3.9 reveals that the variation captured by the first MDS dimension follows ap-
proximately the yat line and divides the country into the west and east. The second
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Figure 3.9: MDS values for each of the dimensions separately projected on the map of
Bulgaria. Top: first dimension explains 64.84 per cent of the total variation. Middle:
second dimension explains 27.56 of the variation. Bottom: third dimension explains
3.05 per cent of the variation.
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dimension explains 27.56 per cent of the total variation found in the data. We display
the values for this dimension on the middle map in Figure 3.9. This map shows clear
separation of the southern varieties from the rest of the country. The first two dimen-
sions, responsible for the division of the varieties into eastern, western and southern
group, already account for the 92.40 per cent of the variation. The third MDS dimension
explains only 3.05 per cent of the variation. On the bottom map in Figure 3.9, where we
represent the values of the third dimension, we do not see any pattern in the geographic
distribution of the colors.

3.5.2 Clustering

In cluster analysis, the number of groups that will be retrieved by a certain algorithm has
to be specified in advance. For all clustering algorithms we performed analyses for the
number of groups ranging from 2 to 10. In this thesis we present only one part of the
maps important for the further analyses.

Visual inspection has revealed that three hierarchical clustering algorithms fail to
identify any structure in the data, namely single link (Figure 3.10) and two centroid al-
gorithms, UPGMC and WPGMC (Figure 3.14 and Figure 3.15). Closer inspection of
the single link dendrogram shows the presence of the chain effect (left Figure D.1 in Ap-
pendix D), while dendrograms drawn using two centroid methods reveal a large number
of reversals (left hand side dendrograms in Figure D.5 and Figure D.6 in Appendix D).
In Appendix D we present dendrograms for all seven hierarchical clustering algorithms,
plain on the left hand side and with the noise (see Section 3.6.2) on the right hand side.

Three hierarchical clustering algorithms, UPGMA, WPGMA and Ward’s method
show exactly the same two-way split into eastern and western group that approximately
corresponds to the yat border. This split is also visible on the map drawn using k-means
algorithm. A similar split, which also includes several sites from the southern area, is
found using complete link algorithm.

On the level of three dialect groups, except for the three algorithms that do not find
any structure in the data, the remaining four hierarchical clustering algorithms, as well
as k-means algorithm, distinguish eastern, western and southern group of dialects. This
finding correspond well both with the MDS analysis and with the traditional scholar-
ship as well. The three-way split is also found using the neighbor-joining algorithm,
although the southern group is larger when compared to the results obtained using other
algorithms (Figure 3.18).

Since traditional scholarship distinguishes six main dialect areas, we wanted to see if
any of the algorithms would give the same analysis of the sites. At this level of hierarchy
different algorithms found different groups and none of them corresponds completely
with the traditional division. UPGMA distinguishes only three dialect areas, eastern,
western and southern which is further divided into smaller groups. Apart from these
three areas, WPGMA also distinguishes the group of dialects at the border with Ser-
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Figure 3.10: Single link: 2-way, 3-way and 6-way splits.

Figure 3.11: Complete link: 2-way, 3-way and 6-way splits.

Figure 3.12: UPGMA: 2-way, 3-way and 6-way splits.

Figure 3.13: WPGMA: 2-way, 3-way and 6-way splits.
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Figure 3.14: UPGMC: 2-way, 3-way and 6-way splits.

Figure 3.15: WPGMC: 2-way, 3-way and 6-way splits.

Figure 3.16: Ward’s method: 2-way, 3-way and 6-way splits.

Figure 3.17: K-means: 2-way, 3-way and 6-way splits.

Figure 3.18: Neighbor-joining: 3-way split.
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bia that corresponds well with the transitional zone in Stoykov’s classification. These
four traditional groups are also found by Ward’s method, complete link and k-means al-
gorithm. The k-means algorithm also distinguishes two groups that resemble northwest-
southwest split described by Stoykov. On the other hand, Ward’s method further divides
the western area into eastern and western groups, which is not found in any traditional
atlases.

Visual inspection of the maps shows that different clustering algorithms give differ-
ent analysis of the distances obtained using Levenshtein algorithm. They differ among
each other, and also from the traditional scholarship.

3.5.3 Neighbor-joining and neighbor-net
In Figure 3.19 we can see the unrooted tree produced by neighbor-joining algorithm.2

In the tree, there is a three-way split of the varieties that corresponds to the east, west,
and south division (Figure 3.18). The split produced by neighbor-joining is geograph-
ically coherent and corresponds to some extent to the three-way divisions produced by
previously described clustering techniques. However, while four clustering algorithms,
namely UPGMA, WPGMA, Ward’s method and k-means algorithm, almost perfectly
agree on the three-way split of the varieties, neighbor-joining produces a much larger
southern group of varieties which includes the transitional zone between Balkan and
Rupian dialects in the southeast. This transitional zone can be seen on the map in Fig-
ure 2.2.

The network produced by the neighbor-net algorithm can be seen in Figure 3.20.
Since neighbor-net is using the same selection criteria and formulae for computing the
distances between the nodes that are to be fused, the grouping of the sites matches quite
well the one done by neighbor-joining. In the network in Figure 3.20 we can distinguish
eastern, western and southern groups. The detection of the groups is done by visually
inspecting the network and looking for the longest branches since they signal us which
groups of varieties are the most distant ones. In Figure 3.20 the branches connecting
western varieties from the rest of the sites are the longest in the network. This means
that this group of varieties is the most distant from the rest of the sites. We mark this
split with the yellow dashed line that cuts the network in two. Accordingly, the data
can be first split into two groups, which put on the map, roughly corresponds with the
east-west split along the yat border. Eastern varieties can be further divided into two
groups, southern and northern. Branches connecting southern varieties to each other
are longer when compared to the branches within other groups, which suggests that the
language varieties found in this region are more heterogeneous than in other areas. All
these findings correspond well with the traditional scholarship described in Chapter 2.

2Neighbor-joining tree and neighbor-net were produced using SplitsTree software that can be freely down-
loaded at http://www.splitstree.org.
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Figure 3.19: The neighbor-joining tree shows a three-way division of Bulgarian dialects
into western, eastern and southern groups.
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However, the detection of groups in the network is done visually which makes the
divisions to some extent arbitrary. Network representation allows us to see that there are
many conflicting signals represented as reticulations, which makes the data look more
network-like than the tree-like. These conflicting signals show that there are more ways
in which the sites could be grouped. For example, on one side there are features shared
between southern and western varieties and we can group these varieties together, while
on the other hand there are features shared between southern and western varieties, and
we can see splits that would classify these two groups together. At this moment, it is still
not possible to automatically detect which specific features are responsible for which
divisions.

3.6 Evaluation of the results of distance-based methods

Although instable, clustering techniques are still the most commonly used tool in dia-
lectometry for group detection within a certain dialect area. In this section we propose
several evaluation techniques that should be used in order to deal with the instability of
the clustering algorithms. Since there is no direct way to evaluate the performance of
clustering algorithms, we propose a combination of different techniques that can help us
determine if the results of the applied clustering technique are artifacts of the algorithm
or the detection of real groups in the data. The proposed evaluation methods can be
divided into external and internal. External validation of the clustering results include
the modified Rand index, purity and entropy. External validation involves comparison of
the structure obtained by different algorithms to a gold standard. In our study we used
the manual classification of all the sites produced by an expert on Bulgarian dialects as
a gold standard. Internal validation included examining the cophenetic correlation coef-
ficient, noisy clustering and a consensus tree, which do not require comparison to any
a priori structure, but rather try to determine if the structure obtained by algorithms is
intrinsically appropriate for the data.

3.6.1 External validation

The modified Rand index (Hubert and Arabie, 1985) is used for comparing two dif-
ferent partitions of a finite set of objects. It is a modified form of the Rand index
(Rand, 1971), one of the most popular measures for comparing partitions. Given a set of
n elements S = o1, ...on and two partitions of S, U = u1, ...uR and V = v1, ...vC we define
a the number of pairs of elements in S that are in the same set in U and in the same set in V
b the number of pairs of elements in S that are in different sets in U and in different sets in V
c the number of pairs of elements in S that are in the same set in U and in different sets in V
d the number of pairs of elements in S that are in different sets in U and in the same set in V
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The Rand index R is

R =
a + b

a + b + c + d
≈ |agreeing pairs|

|all pairs|

In this formula a and b are the number of pairs of elements in which two classifications
agree, while c and d are the number of pairs of elements in which they disagree. The
value of the Rand index is between 0 and 1, with 0 indicating that the two data clusters
do not agree on any pair of points and 1 indicating that the data clusters are exactly
the same. In dialectometry, this index was used by Heeringa et al. (2002) to validate
dialect comparison methods. A problem with the Rand index is that it does not return a
constant value (zero) if two partitions are picked at random. Hubert and Arabie (1985)
suggested a modification of Rand index that corrects this property. It can be expressed
in the general form as:

RandIndex−ExpectedIndex
MaximumIndex−ExpectedIndex

The expected index is the expected number of pairs which would be placed in the same
set in U and in the same set in V by chance. The maximum index represents the max-
imum number of objects that can be put in the same set in U and in the same set in V .
The Modified Rand Index (MRI) value ranges between −1 and 1, where 1 represents an
upper bound (perfect overlap) and 0 indicates that the index equals its expected value.
For a more detailed explanation of the modified Rand index, please refer to Hubert and
Arabie (1985).

Entropy and purity are two measures used to evaluate the quality of clustering by
looking at the reference class labels of the elements assigned to each cluster (Zhao and
Karypis, 2001). Entropy measures how different classes of elements are distributed
within each cluster. The entropy of a single cluster is calculated using the following
formula:

E(Sr) =− 1
logq

q

∑
i=1

ni
r

nr
log

ni
r

nr

where Sr is a particular cluster of size nr, q is the number of classes in the reference data
set, and ni

r is the number of the elements of the ith class that were assigned to the rth
cluster. The overall entropy is the sum of all cluster entropies weighted by the size of
the cluster:

E =
k

∑
r=1

nr

n
E(Sr)

The purity measure is used to determine to which extent a cluster contains objects from
primarily one class. The purity of a cluster is calculated as:

P(Sr) =
1
nr

max(ni
r)
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while the overall purity is the weighted sum of the individual cluster purities:

P =
k

∑
r=1

nr

n
P(Sr)

3.6.2 Internal validation
The cophenetic correlation coefficient (Sokal and Rohlf, 1962) is Pearson’s correlation
coefficient computed between the cophenetic distances produced by clustering and those
in the original distance matrix. The cophenetic distance between two objects is the
similarity level at which those two objects become members of the same cluster during
the course of clustering (Jain and Dubes, 1988) and is represented as branch length in
dendrogram. It measures the extent to which the clustering results correspond to the
original distances by comparing the distances between each two objects calculated from
the dendrogram to the original distances. When the clustering functions perfectly, the
value of the cophenetic correlation coefficient is 1.

Noisy clustering, also called composite clustering, is a procedure in which small
amounts of random noise are added to matrices during repeated clustering. The main
purpose of this procedure is to reduce the influence of outliers on the regular clusters and
to identify stable clusters. As shown in Nerbonne et al. (2008) it gives results that nearly
perfectly correlate with the results obtained by bootstrapping—a statistical method for
measuring the support of a given edge in a tree (Felsenstein, 2004). The advantage
of noisy clustering, compared to bootstrapping, is that it can be applied on a single
distance matrix—the same one used as input for the classification algorithms. In this
thesis noisy clustering analysis was done using L04 software. The amount of noise c
was set to one-half standard deviation of distances in the matrix. To each cell in the
distance matrix we add different random amounts of noise which ranges between 0 and
c. This process is repeated 100 times, resulting in the same number of distance matrices.
We apply clustering to each of the matrices and finally calculate composite dendrogram
which contains groups of sites that are clustered together in more than 50 per cent of the
iterations.

A consensus dendrogram, or consensus tree, is a tree that summarizes the agree-
ment between a set of trees (Felsenstein, 2004). A consensus tree that contains a large
number of internal nodes shows high agreement between the input trees. On the other
hand, if a consensus tree contains few internal nodes, it is a sign that input trees classify
the data in conflicting ways. The majority rule consensus tree, used in this study, is a tree
that consists of the groups, i.e. clusters, which are present in the majority of the trees
under study. Clusters that appear in the consensus tree are those supported by the ma-
jority of algorithms and can be taken with greater confidence to be true clusters. In this
research a consensus dendrogram was created with the L04 software from four dendro-
grams produced by four different hierarchical clustering methods, namely complete link,
UPGMA, WPGMA and Ward’s method.
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3.6.3 Results

In this section we present the results obtained by the above described methods.

External validation

In order to compare divisions done by clustering algorithms with the division of sites
done by experts we calculated the modified Rand index, entropy and purity for the 2-
fold, 3-fold, and 6-fold divisions done by algorithms on the one hand, and those divisions
according to the experts on the other. The results can be seen in Table 3.1. The neighbor-
joining algorithm produced an unrooted tree (Figure 3.19), where only 3-fold division
of the sites can be identified. This classification of the sites is represented on the map
in Figure 3.18. Hence, all the indices were calculated only for the 3-fold division made
by neighbor-joining. Since even the detection of the main groups in the neighbor-net is
pretty arbitrary, we do not evaluate the divisions done by neighbor-net using any of the
proposed evaluation techniques.

Table 3.1: Results of external validation: the modified Rand index (MRI), entropy (E)
and purity (P). Results for the 2, 3 and 6-fold divisions are reported.

Algorithm MRI(2) MRI(3) MRI(6) E(2) E(3) E(6) P(2) P(3) P(6)
single link -0.004 0.007 -0.001 0.958 0.967 0.881 0.614 0.396 0.360

complete link 0.495 0.520 0.350 0.510 0.542 0.467 0.848 0.766 0.645
UPGMA 0.700 0.627 0.273 0.368 0.445 0.583 0.914 0.853 0.568
WPGMA 0.700 0.626 0.381 0.368 0.445 0.448 0.914 0.853 0.665
UPGMC -0.004 0.007 -0.006 0.959 0.967 0.926 0.614 0.396 0.310
WPGMC -0.004 0.007 -0.005 0.958 0.967 0.925 0.614 0.396 0.305

Ward’s method 0.700 0.627 0.398 0.368 0.445 0.441 0.914 0.853 0.675
k-means 0.700 0.625 0.471 0.354 0.451 0.355 0.919 0.756 0.772

neighbor-joining - 0.461 - - 0.550 - - 0.777 -

In Table 3.1 we can see that the values of the modified Rand index for single link and
two centroid methods are very close to 0, which is the value we would get if the partitions
were picked at random. UPGMA, WPGMA, Ward’s method and k-means, which gave
nearly the same 2-fold division of the sites, show the highest correspondences with the
divisions done by experts. For 3-fold and 6-fold divisions the values for the modified
Rand index went down for all algorithms, which was expected since the number of
groups increased. The two algorithms with the highest values of the index are Ward’s
method and UPGMA for 3-fold, and k-means for the 6-fold division. Just as in the
case of the 2-fold division, the single link, UPGMC, and WPGMC algorithms have
values of the modified Rand index close to 0. Neighbor-joining produced a relatively
low correspondence with expert opinion for the 3-fold division—0.461. Similar results
for all algorithms and all divisions were obtained using entropy and purity measures. We
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conclude from this that the modified Rand index is a good measure of the agreement of
one partition with another, and that entropy and purity impose on it only in providing
measures per cluster.

Internal validation

In the next step internal validation methods were used to check the performance of
the algorithms: the cophenetic correlation coefficient, noisy clustering and consensus
tree. Since k-means does not produce a dendrogram, it was not possible to calculate the
cophenetic correlation coefficient. The values of the cophenetic correlation coefficient
for the remaining eight algorithms can be seen in Table 3.2. We can see that cluster-
ing results of the UPGMA have the highest correspondence to the original distances
of all algorithms—90.26 per cent. They are followed by the results obtained by using
complete link and neighbor-joining algorithm.

Table 3.2: Cophenetic correlation coefficient.
Algorithm CCC p
single link 0.7804 0.0001

complete link 0.8661 0.0001
UPGMA 0.9026 0.0001
WPGMA 0.8563 0.0001
UPGMC 0.8034 0.0001
WPGMC 0.6306 0.0001

Ward’s method 0.7811 0.0001
neighbor-joining 0.8587 0.0001

All correlations are highly significant with p < 0.0001 calculated using a Mantel test.
Given the poor performance of the centroid and single link methods in detecting the dia-
lect divisions scholars agree on, we note that cophenetic correlation coefficients are not
successful in distinguishing the better techniques from the weaker ones. We conjecture
that the reason for this lies in the fact that the cophenetic correlation coefficient so de-
pendent is on the lengths of the branches in the dendrogram, while our primary purpose
is the classification. Although we had expected neighbor-joining to benefit from the fact
that it assigns different branch lengths in its fusion step, Table 3.2 shows that it was not
able to convert this additional freedom to an improved cophenetic correlation.

Results of noisy clustering can be seen in Appendix D, where dendrograms on the
right hand side are created by applying noisy clustering to the original distance matrix.
Noisy clustering, that was applied with the seven hierarchical algorithms, has confirmed
that there are only two relatively stable groups in the data: eastern and western. Dendro-
grams obtained by applying noisy clustering to the whole data set show low confidence
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for the two-way split of the data, between 52 and 60 per cent. After removing the south-
ern villages from the data set, we obtained dendrograms that confirm two-way split of
the data along the yat border with much higher confidence, ranging around 70 per cent.
These values are also not very high. In order to check the reason of the influence of the
southern varieties on the noisy clustering we examine an MDS plot (Figure 3.21) in two
dimensions with cluster groups marked by symbols.

Figure 3.21: MDS plot: different symbols present grouping done by WPGMA al-
gorithm, while the distances between the objects present the MDS analysis. Circles
are western, triangles eastern and squares Rupian dialects.

In Figure 3.21 we can see first two dimensions extracted by MDS plotted against x-
and y-axes. These two dimensions represent together 92.40 per cent of the variation in
the data. The distance between the points in the plot accords with the linguistic differ-
ence between them: similar varieties are located close to each other while more different
varieties are placed further apart from each other. In that way we can see if there are
groups of varieties put together. The orientation of the x- and y-axes is not relevant for
the analysis. We are interested in detecting clouds of symbols and their distance from the
other symbols of groups of symbols. Additionally, grouping produced by the WPGMA
algorithm is represented by different symbols: western varieties (approximately west of
the yat line) are marked with the circles, Rupian dialects are marked with square sym-
bols, while the rest of the varieties (central and northeastern) are marked with triangles.
The MDS plot reveals two homogeneous groups and a third, more diffuse, group that
lies at a remove from them. The third group of the sites represents the southern group of
varieties, marked with square symbols, and is much more heterogeneous than the rest of
the data. Closer inspection of the MDS plot in Figure 3.21 also shows that this group of
dialects has a particularly unclear border separating it from the eastern dialects, which
could explain the results of the noisy clustering applied to the whole data set.
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Since different algorithms gave different divisions of sites, we used a consensus
dendrogram in order to detect the clusters on which most algorithms agree. Since single
link, UPGMC and WPGMC have turned to be inappropriate for the analysis of our data,
they were not included in the consensus dendrogram. The consensus dendrogram drawn
using complete link, UPGMA, WPGMA and Ward’s method can be seen in Figure 3.22.
The names of the sites are colored based on the experts’ opinion, i.e. the same as on the
map placed next to the consensus dendrogram in Figure 3.22. The dendrogram shows
strong support for the east-west division of sites, but no agreement on the division of
sites within the eastern and western areas.

At this level of hierarchy, i.e. 2-way division, there are several sites classified differ-
ently by algorithms and by experts. They are colored black on the map in Figure 3.23.
This map clearly shows that these sites follow the yat border and represent the bor-
der cases. The only two exceptions are villages in the southeast, namely Voden and
Zhelyazkovo. However, according to many traditional dialectologists these villages
should be classified as western dialects due to many features that they share with the
dialects in the west (personal communication with Prof. Vladimir Zhobov). The four
algorithms show agreement only at the very low level where several sites are grouped
together and again on the highest level. It is not possible to extract any hierarchical
structure that would be present in the majority of four analyses.

3.7 Discussion and conclusions
We were unusually fortunate in obtaining very low-dimensional MDS solutions which
represent over 90 per cent of the variation in the data. For this reason, we relied on MDS
not only for a map of Bulgarian dialect variation (Figure 3.7), but also as a diagnostic to
understand the less reliable clustering techniques (Figure 3.21). We tentatively infer that
the clustering results are less stable due to the fact that the dialect groups, which are com-
pletely obvious in the MDS plots, are not so distinct that borderline cases are impossible.
There is no wide swath of clear space between the different groups in Figure 3.21.

Different clustering validation methods have shown that three algorithms are not suit-
able at all for the data we are working with, namely single link, UPGMC and WPGMC.
The remaining four hierarchical clustering algorithms gave different results depending
on the level of hierarchy, but all four algorithms had fairly high agreement on the detec-
tion of two main dialect areas within the dialect space. At the lower level of hierarchy,
i.e where there are more clusters, the performance of the algorithms is poorer, both with
respect to the expert opinion and with respect to the mutual agreement as well. As shown
by noisy clustering, the 2-fold division of the Bulgarian language area is the only parti-
tion of sites that can be asserted with high confidence.

The division of sites done by the k-means algorithm corresponded well with the ex-
pert divisions. Two and three-way divisions also correspond well with the divisions of
four hierarchical clustering algorithms. What we find more important is the fact that in
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Figure 3.22: Consensus dendrogram on the left-hand side drawn using complete link,
UPGMA, WPGMA and Ward’s method. Division of the sites in the data set done by an
expert is on the right-hand side.
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Figure 3.23: Sites differently classified by four hierarchical clustering algorithms and
experts are colored black. Except for 2 villages, they all follow the yat line.

the divisions obtained by the k-means algorithm into 2, 3, 4, 5 and 6 groups the two-way
division into the eastern and western groups is the only stable division that appears in all
partitions.

The results of the neighbor-joining algorithm were a bit less satisfactory. The reason
for this could be in the fact that our data is not tree-like, but rather contains a lot of
borrowings due to contact between different dialects. Unlike biological species and lan-
guages, where neighbor-joining was earlier successfully applied, dialect varieties form a
continuum, rather than well defined groups. A recent study of Chinese dialects (Hamed
and Wang, 2006) has shown that their development is not tree-like and that in such cases
usage of tree-reconstruction methods can be misleading.

Neighbor-net has confirmed that there are many conflicting signals in the data, rep-
resented as reticulations. In the neighbor-net there are three distinguishable groups,
although for many sites it is not clear to which group they belong to. Detection of the
groups in networks is pretty arbitrary, but we find neighbor-net to be a very useful rep-
resentation tool since it is possible to see to which extent the data is tree-like.

This research shows that clustering algorithms should be applied with caution as
classifiers of language dialect varieties. Where possible, several internal and external
validation methods should be used together with the clustering algorithms in order to
validate their results and make sure that the classifications obtained are not mere artifacts
of algorithms but natural groups present in the data set. Since performance of clustering
algorithms depends on the sort of data used, evaluation of algorithms is a necessary step
in order to obtain results that can be asserted with high confidence.
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The fact that there are two distinct groups in our data set that can be asserted with
high confidence, and that the third one that was found with less confidence, even though
six are found in the traditional atlases, could possibly be due to the simplified representa-
tion of the data. It is also possible that some of the features responsible for the traditional
6-way division are not present in our data set. The quality of the data set and detail com-
parison of the automatically produced and traditional maps is described in Chapter 4.
Regardless of the quality of the input data set, clustering algorithms will partition data
into any given number of groups even if there is no natural separation of the data. For
this reason it is essential to use different evaluation techniques along with the clustering
algorithms.

We are fully aware of the fact that in this kind of research the so-called gold stand-
ard is not something that should be taken for granted. Classification of language vari-
eties done by experts suffers itself from certain flaws. These classifications can often
be subjective and based on the non-linguistic factors. Even when they are linguistic-
ally motivated, very often the classification is done using a single feature or a small
number of features. However, traditional scholarship is valuable source of information
in dialectometry. It helps us evaluate different quantitative methods that are being de-
veloped or adapted from other disciplines, and better understand how different varieties
are perceived and classified by humans. At the same time quantitative methods enable
us to reevaluate traditional divisions by using more objective techniques based on large
amount of features which is usually hard or impossible to do using traditional approach.
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