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Abstract

The claim that Ward’s linkage algorithm in hierarchical clustering is limited to use with
Euclidean distances is investigated. In this paper, Ward’s clustering algorithm is generalised
to use with /; norm or Manhattan distances. We argue that the generalisation of Ward’s link-
age method to incorporate Manhattan distances is theoretically sound and provide an exam-
ple of where this method outperforms the method using Euclidean distances. As an
application, we perform statistical analyses on languages using methods normally applied
to biology and genetic classification. We aim to quantify differences in character traits
between languages and use a statistical language signature based on relative bi-gram
(sequence of two letters) frequencies to calculate a distance matrix between 32 Indo-Euro-
pean languages. We then use Ward’s method of hierarchical clustering to classify the lan-
guages, using the Euclidean distance and the Manhattan distance. Results obtained from
using the different distance metrics are compared to show that the Ward’s algorithm charac-
teristic of minimising intra-cluster variation and maximising inter-cluster variation is not vio-
lated when using the Manhattan metric.

Introduction

The question arises whether Ward’s linkage algorithm, in hierarchical clustering, can be used
in combination with Manhattan distances. Authors like [1, 2] and [3] argue that Ward’s link-
age algorithm is limited to use with Euclidean distances, and [4] claim that Ward’s linkage
method is “based on the Euclidean distance” (see p. 2 of [4]). This is also echoed in the manu-
als of some software packages, such as [5] and the fastcluster package for R [6].

Regardless of this definition of Ward’s linkage algorithm, there have been cases where
Ward’s linkage algorithm was used with Manhattan distances. [7-10] provide examples of
where Ward’s linkage is used with Manhattan distances.

This paper aims to validate that it is indeed possible to use Manhattan distances in Ward’s
linkage, in two ways. Firstly, we aim to show theoretically that using the Manhattan metric
with Ward’s linkage does not violate the criteria determining the suitability of clustering algo-
rithms and secondly, in the application, we provide an example of where the method using
Manhattan distances outperforms a method using Euclidean distances. In Section 1 a
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background of the study is presented. An overview is given of distance measures and hierarchi-
cal clustering methods, focussing on Ward’s method, as well as the views on the use of some
non-Euclidean distances with Ward’s linkage. Section 2 discusses the generalisation of Ward’s
linkage by using an objective function that accommodates Manhattan distances. In Section 3
an application is introduced where languages are clustered hierarchically with Ward’s linkage
and Manhattan distances. Results from this clustering method are compared to results from
using the Euclidean distances.

1 Background
1.1 Distance Measures

Let a and b be defined as two vectors, each with length p. We consider the Minkowski distance
suggested on p. 453 in [2] defined in vector space R’:

P
Dytinkonsii(3,b) = [ZW:‘ - bi|r‘|
i=1

where a; represents the i element of the observation vector a. The Minkowski distance is the
Euclidean distance when r = 2 in and the Manhattan or City-block distance when r = 1.

If we have a set of n vectors, the constructed distance matrix measures the difference
between all vector pairs and has the structure n rows x n columns with zeroes along the diago-

1
r (1)

nal. We are then able to perform cluster analysis using the distance matrix to construct tree
diagrams or dendrograms.

1.2 Hierarchical Clustering

In cluster analysis observations are grouped into clusters. The optimal grouping is found
where similar observations are grouped together as clusters, but the different clusters are sepa-
rate from one another. [2] explains the agglomerative hierarchical clustering process on p. 455.
In this process each observation vector is a seperate cluster initially. We then measure the simi-
larity or distance between the observation vectors by making use of the distance matrix. At
each step of the agglomerative hierarchical clustering process the two clusters with the smallest
distance between them are merged into a new cluster. An alternative method of hierarchical
clustering is the divisive approach, where initially all observations form one cluster that parti-
tions into two clusters at each step of the clustering process. In this paper we consider only the
agglomerative approach. The distance between the new cluster and the rest of the clusters is
determined by the linkage method. [2] summarises and explains six linkage methods, but for
the purposes of this paper, only Ward’s linkage method is considered. Ward [11] suggested
that the decision on which pair of clusters to be joined should be based on the optimal value of
an objective function. [11] then used the example of least squared error, or minimum variance,
as an objective function. Ward’s method, also referred to as the incremental sum of squares
method on p. 466 in [2] or Ward’s minimum variance method [12], takes into consideration
not only between-cluster distances when forming clusters, but also within-cluster distances.
Ward’s method states that, not only should the between-cluster distances be maximised, but
the within-cluster distances should also be minimised. The method combines these two prop-
erties into one criterion [11].
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1.3 Ward’s Minimum Variance Method

Ward’s minimum variance method joins the two clusters A and B that minimise the increase
in the sum of squared errors (SSE):

I,, = SSE,; — (SSE, + SSE;) (2)

We define the SSE within and between clusters as follows:

A

SSE, = Z(ai —a)(a,—a)

SSE; = Z(bi_f))/(bi_f)) (3)

"AB

SSE,; = Z(Yi - ?AB)/(Y,' — Vas)

i=1
where:

o a; represents the i™ observation vector in cluster A, and a the centroid of cluster A.
« b, represents the i observation vector in cluster B, and b the centroid of cluster B.

o y; represents the i™ observation vector in cluster AB, and ¥ 45 the centroid of newly formed
cluster AB.

In other words, Ward’s minimum variance method calculates the distance between cluster
members and the centroid. The centroid of a cluster is defined as the point at which the sum of
squared Euclidean distances between the point itself and each other point in the cluster is min-
imised. [2] also refers to the centroids of the clusters as their mean vectors on p. 463. The cen-
troid of cluster A is defined as the sum of all points in A divided by the number of points in A.
[2] states that the objective function to minimise when using Ward’s minimum varjance
method can also be written as,

g

m(i—g)/(ﬁ—ﬁ) (4)

IAB -
where a and b represent the centroids of clusters A and B, respectively.

Because the objective function is based on the distances between the centroids of the clus-
ters [2, 13] it is necessary to use the squared Euclidean distance as the metric to calculate dis-
tances between objects. If the objective function is minimum variance, Ward’s linkage method
can only be applied to distance matrices using the squared Euclidean distance metric.

1.4 Properties of Ward’s Linkage Method

Three properties are taken into consideration when considering the suitability of a specific
clustering algorithm suggested on pp. 471-475 in [2]. These properties are discussed briefly: (i)
Lance-Williams Form, (ii) Monotonicity, and (iii) Space Distortion.

Lance-Williams Algorithm. [13] suggested an algorithm for updating distances between
clusters when new clusters have been formed. The two elements A and B in a dissimilarity
matrix, with the smallest measure of dissimilarity between them, will be clustered together. To
find the distance between cluster AB and the rest of the elements, [13] suggest the following
formula where dp, dsc and dpc are the pairwise distances between clusters A, Band C. If A
and B were to form a new cluster AB, the distance between cluster C and the new cluster AB is
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denoted as dcap). A clustering algorithm belongs to the Lance-Williams family if dc4p) can be
computed recursively by the following formula:

dC(AB) = 0, dey + 0pdeg + Bdg + yld e — dycl (5)

where a,, ap, fand y are the parameters that together with the distance function d;; determine
the clustering algorithm [12].[14] explains the importance of an algorithm satisfying such a
recurrence relation from a computational point of view on p. 331. Should a clustering proce-
dure not satisfy such a recurrence relation, the initial data, as well as the interim data when
updating cluster distances, should be retained throughout the entire process. On p. 344 of [15]
the author shows that Ward’s method fits the Lance-Williams algorithm, and suggests appro-
priate parameters. Ward’s minimum variance method satisfies this recurrence relation pro-
posed by [13]. [14, 15] and p. 470 in [2] also provide the values for a4, ap, f and y when using
Ward’s method of minimum variance:

n, +ng
0, = —
n, +ng+ng
. = ng + ng
’ n, + g+ ne (6)
- TN
b= n, +ng+ng
y =0

where n; refers to the number of items in cluster i, i € {A, B}.

Monotonicity. [16] explain on p. 461 that when the monotonicity property of a clustering
method holds, each cluster is formed at a “higher dissimilarity level than any one of its compo-
nents”. Thus, the monotonicity property implies that a cluster cannot join another cluster at a
distance that is less than the distance between previously joined clusters before merging. If a
clustering method is not monotonic, it is possible that reversals can be encountered in the den-
drograms; i.e. the resulting graphical interpretations of the clustering could contain crossovers.
Monotonic clustering methods are also referred to as “ultrametric” on p. 471 in [2].

[15] provides conditions for the Lance-Williams parameters, which imply the monotonicity
property of a certain clustering algorithm:

o, o, +p>1
min (2, 45) > 0 7)
y=>0

[15] shows on p. 344 that Ward’s method has the monotonicity property. This is also clear
from the Lance-Williams parameters defined for Ward’s linkage method.

Space Distortion. When new clusters are formed, the properties of the distances between
the original points before clustering do not always stay intact. Clustering algorithms that pre-
serve the characteristics of the distances between the original points are referred to as space-
conserving. In contrast, when clustering algorithm changes the properties of distances, the
clustering algorithm is space-distorting [13]. A space-distorting clustering algorithm can either
be space-contracting or space-dilating.

If the spatial relationship of the distance between original points becomes smaller, i.e. obser-
vations join existing clusters rather than form new clusters by joining with individual observa-
tions, then the system is said to ‘chain’ [13]. In this case, clusters tend to move closer to each
other and the clustering algorithm is space-contracting. A space-dilating clustering algorithm
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is the opposite; an observation joins another individual observation rather than join an
already-existing cluster. This means that the spatial relationship becomes larger as clusters
form and clusters move further away from each other. [12] mention that either a space-con-
serving or a space-dilating method is desirable in most applications.

[17] explain that the Lance Williams parameters of a clustering algorithm can be used to
determine whether an algorithm is space-conserving, space-dilating, or space-contracting. For
an algorithm to be space-conserving, the following conditions regarding the Lance-Williams
parameters should hold [17]:

o, +oay=1
p=0 (8)

Iyl <oy

[1] show that Ward’s clustering algorithm is space-conserving.

1.5 Ward’s Linkage and non-Euclidean Distances

The use of Ward’s linkage has typically been limited to the squared Euclidean distance metric
as the measure of original distances between observations [2, 3]. This is because the objective
function is usually chosen to be the minimum variance, or minimum squared error. The
Euclidean distance is related to the measurement of the sum of squared errors; hence the use
of this metric when using Ward’s linkage method [1].

The use of Manhattan distances in Ward’s clustering algorithm, however, is rather common.
[7], measure the phonetic distance between different dialects in the Dutch language. The
authors compare the Euclidean distance measure, the Manhattan distance measure and a mea-
sure corresponding to Pearson’s correlation coefficient. Each of these distance measures are
used with Ward’s linkage to construct dendrograms, which are compared with a set of gold
standard dendrograms, created by expert dialectologists. The Manhattan distance narrowly out-
performs the correlation measure and the Euclidean distance measure in their experiments. [7].

[8] investigate the co-occurrance of search terms submitted to the Excite search engine. Co-
occurring terms were clustered using Ward’s algorithm. Like [7] the authors also use the Man-
hattan distance measure and Pearson’s correlation coefficient and find that these two measures
provide similar results.

[9] explain that with use of the Manhattan distance, outliers are only slightly emphasised,
and use this distance measure with Ward’s linkage method. They confirm that the results from
these methods produce better results than other clustering methods for their particular data
set. [10] also use Ward’s linkage with Manhattan distances to cluster mine-waste materials.

[18] stated that the Manhattan metric is preferred to the Euclidean distance metric in
numeric cladistic studies. The Manhattan distance metric is also preferred for high dimen-
sional and categorical data.

In the next section we provide a mathematical verification for the use of Manhattan dis-
tances in Ward’s linkage clustering method.

2 A Variation on Ward’s Minimum Variance Method

Authors such as [2] on p. 499, [14] and [15] refer to Ward’s linkage method as the minimum
variance method. [11] suggested that the decision on which pair of clusters is to be joined
should be based on the optimal value of an objective function. [11] then used the example of
least squared error, or minimum variance, as an objective function. It is this example that has
become famous as Ward’s method or Ward’s method of minimum variance. Ward’s method is
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therefore most commonly used with the objective function of minimum variance. If we, how-
ever, decide to use the Manhattan distance, we propose using an objective function of mini-
mum absolute deviation.

In the Backround Section 1.3 we discuss the objective function for Ward’s minimum vari-
ance method. Below we discuss the objective function used by [12]. We then propose our own
objective function. After we have identified an objective function, it is important to know how
the distance measure will be updated after each step of clustering. For this, we also discuss the
Lance-Williams algorithm for each of the three objective functions.

2.1 Previous Extension of Ward’s Method

[12] extend the use of Ward’s method by showing that the same Lance-Williams parameters
are applicable even if the objective function is not minimum variance (i.e. when the distance
metric is not squared Euclidean). They still use the Euclidean metric, but show that these
parameters are also applicable to any power 0 of Euclidean distance where 0 < 0 < 2, by gener-
alising the objective function. Thus, [12] propose an objective function using the Euclidean
distances between all the observations within a cluster and all the observations between clus-
ters. They define a distance, the e-distance, between clusters A = {a;.. .a, } and B= {b;...b,, }
with each vector in A and B consisting of p different values:

9 ny ng ng np
A - D STRIEES 9 SIS 3) S 70R) BT

nA”Bi:lj:l A i=1 j=1 le]l

If the objective function is minimum variance, then dg,(a;, b;) denotes the squared Euclid-
ean distance:

dfa,b) = ( iwﬂ—bﬂ)?) (10)

=1

where a; represents the I value in observation vector a; in cluster A and Ty d(a,a)
A

represents the mean squared error within cluster A.
If the objective function is not minimum variance, but rather the function defined in [12],
then dge(a;, bj) denotes the Euclidean distance to the power 6:

dy(a,b,) = ( zpj(a,.,—bﬂf) (11)

=1

and é S Z d(a;, a;) now represents the mean error to the power 6 within cluster A.

[12] show that the Lance-Williams parameters for their objective function, Eq (9) are the
same as the parameters for the minimum variance method.

2.2 Least Absolute Deviation

[12] define their objective function using the distance between all elements in a cluster and are
no longer restricted to the use of the sum of squared errors as objective function. They can,
therefore, generalise Ward’s method for the use of any power of Euclidean distance. Since [12]
show that using the distance between every single observation is also acceptable in Ward’s
clustering algorithm, we generalise the method of [12] further. We now use a [; norm distance,
the Manhattan metric, to calculate the distances between single observations. Our objective
function will be least absolute error. With this objective function, Ward’s method should join
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the two clusters A and B that minimise the increase in absolute deviation or absolute error
(AE):

1, = AE,, — AE, — AE, (12)

We define the within-cluster and between-cluster absolute error as follows:

na_ "a_ P
AEA = ZZZ|ail_aﬂ|
i=1 j=1 I=1
np " P
AE, = ZZZ|bi1_hjl| (13)
i=1 j=1 I=1
ng_ ng P

AE,; = ZZZM’I*EJJ‘A

i=1 j=1 I=1

where a; represents the I"™ value in observation vector a in cluster A.

We use the e-distance e(A, B) that [12] defined between clusters A = {a;.. .a, } and B=
{by...b, } in Eq (9). However, we now have a different objective function and therefore the
distance measure dj(a;b;) is no longer Euclidean, but describes a Manhattan distance:

»
dM(aHbj) = Z'ail - bj1| (14)
=1

If we can prove that the distance e(A, B) in Eq (9) suggested by [12] can be used with our
measure of dy(a;b;), we generalise Ward’s method and show that it can be used with Manhat-
tan distances. If this is the case, it follows that the same Lance-Williams parameters are applica-
ble to our objective function. Thus the proof given by [12] will then also hold when we use an
objective function based on an L1 distance like the Manhattan distance.

2.3 Generalising Ward’'s Method: Least Absolute Error Method

Suppose A = {a;...a, }, B=1{b;...b, } and C={c;.. .c, } are distinct clusters with all the vec-
tors a;, b; and ¢; consisting of p elements.

[12] define the constants &', 5, and 85y

5134}1 = %sz(anaj)
515311; = ;sz(bi’bj) (15)

5134}:9 = ! ZAZBd(ai? bj)

nA nB i=1 j=1

where d refers to either of the two distances: dg, defined in Eq (10) or dgg defined in Eq (11).
The constants defined by [12] represent the mean squared error within and between clus-
ters for the minimum variance method, and the mean error to the power 0 within and between

clusters for their Extended Method.

By replacing the distance d(a;b;) in Eq (15) with dj(a;,b;) as defined in Eq (14), we define
the mean absolute error within and between clusters. This is exactly what we want to achieve,
as our objective function is minimum absolute error. We are therefore able to use our distance
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measure dy;(a;b;) with similar constants as defined by [12], and we continue to show that the
rest of the proof now also holds for our distance metric.

We first define the constants &%, &b and 8" in terms of dy, our distance measure. The
notation of 5" is henceforth 31mp11ﬁed to 8.

O = 2 ZZdM(an aj)

where:

o Oa4 represents the mean absolute deviation within cluster A: the distance between all the vec-
tors a; and a;

o Opp represents the mean absolute deviation within cluster B: the distance between all the vec-
tors b; and b;

o J4p represents the mean absolute deviation between clusters A and B: the distance between
all the vectors a; and b;

We note that [12] used the constant n’:":fs, as did [2] on p. 468. Then, similar to the defini-
tion of e(A, B) in Eq (9), we define ey, (A, B):

X (>0 D R 3) SRS

i=1 j=1 Atl]l

303 (b0 7)
L R

n,n
= ﬁ (25AB - 5AA - 533)

For another cluster, C, similar to 844, g and 8,5 in Eq (16), we define the constants dcc,
6AC and 6CB:

nc__"c

Occ = _sz ”J

Cxl]l

ng_ e

S0 = nAnCZZd a,c) (18)

i=1 j=1

1 ng  ng
Oy = > dy(b,c)

i’ j
anC i=1 j=1

where 5cc, dac and d¢p follow the same convention as 844, g and d4p in Eq (16).
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Now we have, similar to ey (A, B) in Eq (17):

n,n
ew(A,C) = " :_C (26, = 644 — Occ)
A c
(19)
ny,n -
eM(B7 C) = ﬁ (203c - 533 - 5cc)
B c

Consider cluster A U B formed by merging clusters A and B. We denote A U B by K, and define
the constants Sgc and g, similar to Eq (16):

ng_ nc

L3 Y (k) (20)

nKnC i=1 j=1

Q«)

where dxc is the mean absolute deviation between clusters C and A U B (the distance between
all the vectors ¢; in Cand all vectors a;and b; in A U B).
Therefore §xc should represent the mean absolute deviation between:

« all vectors a;in A U B and ¢; in C (equivalent to all vectors a; in A and ¢; in C) and

» all vectors b;in A U B and ¢;j in C (equivalent to all vectors b; in Band ¢;in C)

nA_ e

S "A+HB <ZZd a,c) +Zid b, J> (21)

i=1 j=1 i=1 j=1

Similar to Eq (18), the constant Sk is defined as:

5KK = YTQZZdM(k“ kj) (22)

where Jxx is the mean absolute deviation within cluster A U B (the distance within all vectors
in A, i.e. a;and a; and all within vectors in B, i.e. b; and b;, as well as the distance between all
vectors in A and B).

Therefore, dxx should represent the mean absolute deviation between:

1. all vectors a;in A and a; in A,
2. all vectors a;in A and b; in B,
3. all vectors b; in Band a;in A, and

4. all vectors b; in Band b; in B.
e (D EUIIEE) ) S NAIRD 3 o NCN) IC
(nA +nB i=1 j=1 i=1 j=1 i=1 j=1

In terms of the original constants, we now have:

M0, + Nphelpe

5 =

K (n, +ny)ne (24)
S _ niéAA +2n,n,0,5 + niéBB

a (n, + ”3)2
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We define ey(K, C) similar to the way we defined ey,(A, B) in Eq (17):

nen
ey(K,C) = nKKT;C (20xc — O — Occ)
And write this in terms of A and B:
e, (AUB,C) = (n, +ng)ng ((2n,n:0,c + 2nyn.dpc
nA + nB + nC (nA + nB)nC
_ 30,4 + 21,150 15 + 1304 _s )
2 cC
(ny + ny)
- (”A + ng)ne (2”A”C5Ac + 2”3”c53c>
ny +ng+ng (n, + ng)ne (25)
. (ny + ng)ng (136, + 2n,n50 5 + 130,
ny +ng+ng (n, + ”B)Z
. (ny +np)ne
n, +ng+ ng «
[12] then simplify the second term in Eq (25), using Eq (17):
n,n
eM(A7B) = ﬁ (25/43 - 5AA - 533)
n,+n
20, = ——Le (A,B)+3,, — Oy
nAnB
Now the second term in Eq (25) can be simplified as:
_ (nA + nB)nC niéAA + 2nAnB(SAB + niéBB
Ny +ng+ne (ny + ”3)2
n,+n
n niéAA + nAnB < 4 2 eM(A7 B) + 5AA + 533) + nl23633
_ c nyMg
nA + nB + nC (nA + nB)
, , (26)
— nC nA(SAA + (nA + nB)eM(A’ B) + nAnBéAA + nAnBéBB + nBéBB
nA + nB + nC (nA + nB)
_ nc n,y(ny 4+ n5)d,, + (n, + ny)ey (A, B) + ny(n, + np)dp
n, + ng+ng (n, + ny)
1
i E—— (=n4ncb, — neey (A, B) — ngnedy,)
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Eq (26) is then substituted into Eq (25):

e, (AUB,C) (s + 15)1c (2M,1c05c + 205110y
ny +ng+ng (n, + ng)n
1
n, +ng+ng (_nAncéAA N nCeM(A7B) - anCéBB)
_ (ny +ng)ne
n,+n,+n.
1 o~
- m [(ZnAnCéAC + 2anC53C) - nAanAA
—ngey (A, B) — ngn g, — (n, + ”B)”cécc:|
1
= 1, + 1, + g (nync)(20,c — 044 — Occ)
+(ngne) (205 — Oy — Oc) — ”ceM(AyB):|
ceAUBC) = —Tatfe , uco)+—Tate . (B
n, + ng + ng n, +ng+ ng
n (27)
c

¢ ¢ (AB
mSR— (A, B)

We have now shown that the proof used by [12] also holds when using dj(a;,b;), a Manhat-
tan distance. The same Lance-Williams parameters as used in Ward’s minimum variance
method also apply to the least absolute error version of Ward’s method. We can therefore use
Ward’s method with the Manhattan metric.

3 Application

In this section we aim to show how groupings of languages, similarities between languages and
language traits well known in the field of linguistics can be extracted or independently
observed using unsupervised machine learning techniques; that is, to autonomously classify
languages without any prior linguistic knowledge, only the assumption that some languages
are related to each other. We assume that languages are classified in a similar way to natural
organisms, and we are able to classify languages by means of these numerical biological classi-
fication methods. Because it is assumed that there exists some sort of hierarchy or evolutionary
relationship between the languages, hierarchical clustering algorithm is used to classify the
languages.

3.1 Literature

[19] observed that languages change over time and follow the same trends as Darwin suggested
for biological organisms in terms of evolution and change (see p. 13 in [20]). If we assume that
languages can indeed be classified in a similar way to natural organisms, we can classify lan-
guages by means of a numerical biological classification system known as numerical
taxonomy.

The concept of numerical taxonomy was introduced by Sokal and Sneath in 1963. This
approach classifies items, based on their properties or character traits, by using numerical
techniques. Numerical taxonomy uses multivariate techniques applied to classification
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problems [21]. Sokal and Sneath distinguish two types of relationship between organisms:
“relationships based on similarity and those based on descent” on p. 95 of [21]. The affinity, or
overall similarity between organisms based on specific character traits, is referred to as a phe-
netic relationship [21] whereas a phylogenetic relationship “aims to show the course of evolu-
tion” (see p. 220 in [21]). Phynetic classification is therefore defined as “a system of
classification based on the overall similarity of the organisms being classified” [22]. Phyletic or
phylogenetic classification, on the other hand, takes into account the evolutionary ancestry of
the organisms.

Since we assume that languages are related to each other, and that some languages are evo-
lutionarily closer than others, we use hierarchical clustering to classify the languages.

[23] provide an example of phylogenetic classification of languages. These authors propose
a statistical signature based on the frequency of observing bi-grams (adjacent pairs of letters)
as explained by [24] and a signature similar to the genetic signature in biology. They use this
statistical language signature (SLS) as a quantitative measure to analyse written text, and sug-
gest that the SLS remains more or less constant within languages, but differentiates between
languages. Using distance matrices, [23] construct phylogenetic trees of 34 languages. The
trees include 33 Indo-European languages and Basque, defined as a language isolate [25] and
clearly shown to be so in the way the classification trees are formed. A similar language tree is
constructed by [26], where the relative entropy between pairs of texts constitutes the elements
of the distance matrix. [26] then apply the Fitch-Margoliash method that uses a weighted least
squares method for clustering, to the distance matrix to obtain the language tree [27].

3.2 Methodology

Thirty-two Indo-European languages are analysed in this section, with the aim of identifying
the phylogenetic relationships between these languages. [23] and [26] suggest the use of trans-
lations of the Universal Declaration of Human Rights [28] as corpus. Using the Universal Dec-
laration of Human Rights provides the advantage that the different texts are more or less the
same in length. The problem, however, is that borrowed words and words that have exactly the
same translation in related languages could bias results when assessing the proximity between
languages [23]. For this reason, we aim to expand our analysis to a corpus of non-parallel texts.
Many of the non-parallel texts are obtained form newspaper data and are availble from the
Leipzig Corpus [29]. For languages not available in the Leipzig Corpus, files are also obtained
from the HC Corpus [30], a Bible corpus [31] as well as texts from the Universial Declaration
of Human Rights text files (UDHR Corpus) [28]. Table 1 provides an overview of the sources
from which the files were obtained. Datasets can be downloaded from the listed sources.

Table 1. Language File Sources.

Source Language(s)

Leipzig Corpus | Afrikaans, Bosnian, Catalan, Corsican, Czech, Danish, Dutch, English, French, Frisian,
[29] Calician, German, Icelandic, Irish, Italian, Latvian, Lithuanian, Luxembourgish,
Norwegian, Polish, Portuguese, Romanian, Slovak, Slovenian, Spanish, Swedish

HC Corpus [30] | Serbian

Bible Corpus Scottish, Welsh
[31]

UDHR Corpus Asturian, Breton, Friulian
[28]

doi:10.1371/journal.pone.0168288.t001
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Table 2. Table of characters used for analysis.
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® ¢ é é e é i i i A o)
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y z S z o] z 1 a e

doi:10.1371/journal.pone.0168288.t002

While all the selected languages use the Latin alphabet, there are different characters or spe-
cial letters in each language representing different sounds and accents. Whereas [23] mapped
each of the accented characters to its closest equivalent in the Latin alphabet, ignoring the lin-
guistic implications, we introduce an alphabet consisting of 65 characters: the 26 letters of the
Latin alphabet, blank spaces between characters and 38 special characters found in the lan-
guages we analyse. Our extended alphabet is defined in Table 2.

Statistical Language Signature. The probability of observing a certain character in a lin-
guistic sequence is highly dependent on the previous characters in the sequence as well as the
language under consideration [24]. Based on this observation, [23] suggest that for any given
language, a statistical language signature (SLS) can be obtained by using bi-grams (adjacent
pairs of letters). We are interested in the number of times any given bi-gram is observed in a
text. We know that the bi-gram ‘th’ will be observed often in the English language, while a bi-
gram such as ‘en’ will be more common in Afrikaans or German. The SLS for each language is
based on the number of occurrences of each bi-gram in that specific language. The SLS that we
calculate is the relative frequency of the bi-gram in each language. This is one of the methods
suggested by [23].

We let 1,5 denote the number of times the bi-gram ‘aff’ is observed in the document. The
table consisting of the relative bi-gram frequencies is defined as matrix RF with cells:

Mg

(n—1)

RF(o, B) = (28)

where 7 is the number of characters in the document (including blank spaces)

Matrix RF is size 65 x 65. In order to avoid complications when performing cluster analysis,
we henceforth describe our data as a set of 32 observations, (for the 32 languages) where each
observation is the SLS in vector form. Each observation is a vector of p = 65 x 65 = 4225
elements.

[23] investigate the use of the relative bi-gram frequency table as an SLS. They propose that
the SLS of a text depends on the language in which it is written and not on its semantic con-
tent. However, this also means that languages that share vocabulary, will be clustered togehter.
This is especially the case with loanwords. A discussion about loanwords in English is provided
in the discussion of the clustering results. Another observation made by [23] is that the SLS is
unique to a language. If we assume this is true, we can continue using this quantitative measure
in our analyses of languages. We can then quantify the proximity between languages by intro-
ducing a concept of distance, appropriate in R***°,

After each language is assigned an SLS, we determine the distance between the SLS vectors
of the languages. We construct a distance or dissimilarity matrix between languages, and then
perform a hierarchical clustering method on this matrix. With the results of the hierarchical
clustering, we are able to construct a dendrogram. A dendrogram graphically represents the
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results obtained from a cluster analysis and is similar to the phylogenetic tree constructed by
[23]. A dendrogram “shows all the steps in the hierarchical procedure, including the distances
at which clusters are merged” (see p. 456 in [2]). Our trees are rooted, as all the languages we
use come from the Indo-European family. We perform a cluster analysis, using Ward’s
method with the Manhattan metric. The analysis is done in R [32], using the packages
stringi [33] for cleaning datasets and cluster [34].

3.3 Results

The distance between a pair of languages is obtained by calculating the Manhattan distance
between the SLS vectors of those languages. In order to discuss the difference in results when
using the Euclidean distance rather than the Manhattan distance, the Euclidean distance
matrix is also obtained.

We construct dendrograms resulting from the cluster analysis for both objective functions
of Ward’s method: minimum variance and least absolute error (i.e. using the Euclidean and
the Manhattan distance, respectively). Fig 1 shows the results from using Ward’s method with
a Euclidean distance matrix and Fig 2 the results from using Ward’s method with a Manhattan
distance matrix.

Dendrograms. Both dendrograms show the different sub-groups of the Indo-European
language family and classify languages from the following subdivisions: Baltic, Slavic (Balto-
Slavic), Celtic, Germanic and Romance. The phylogenetic classification of the languages we

Romanian
Iltalian
Friulian
Corsican
Catalan
r!: Achtiar

French
Spanish
—| EGalician
Portuguese
Slovak
2
Polish
Serbian
—|——':Bosnian
Slovenian

——Lithuanian
L—— [ atvian
——Scottish
4| L—Irish
Welsh
Norwegian
Danish
Swedish
Icelandic
English
Breton

Frisian
Afrikaans
{LuxemboufgISh
German
Fig 1. Ward’s Linkage using Euclidean Distances.

doi:10.1371/journal.pone.0168288.9001

analyse is as follows:
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Fig 2. Ward’s Linkage using Manhattan Distances.
doi:10.1371/journal.pone.0168288.9002

« Slavic: Bosnian, Serbian, Slovenian, Slovak, Czech, Polish
« Baltic: Lithuanian, Latvian
o Celtic: Breton, Welsh, Scottish, Irish

« Germanic: English, Icelandic, Swedish, Danish, Norwegian, Luxembourgish, Frisian, Dutch,
Afrikaans, German

o Romance: French, Italian, Spanish, Asturian, Catalan, Friulian, Galician, Portuguese, Corsi-
can, Romanian

If we consider Fig 1, we note that using the Euclidean distance matrix with Ward’s method
results in one language being misclassified into another sub-group of languages. Breton, a
Celtic language is clustered with the Germanic languages. English, a West Germanic language,
is also misclassified, but still within the Germanic group.

It is worth noting that, although English is classified as a Germanic Language [35, 36], one
cannot ignore the influence of Latin and French on the English language. On p. 15 [37] explain
that French is a Romance language that was influenced by Latin, and that it is therefore some-
times not possible to discern whether a loanword in English derives from French or Latin.
Both of these languages, however, contributed significantly to the English language (see p. 248
of [38]). [38] further explains, on p. 249, in which specific areas French and Latin contributed
most to English: The French loanwords in English are typically found in the areas of govern-
ment and administration (e.g. Authority, state, liberty, office), whereas Latin was used as
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language of the “church, scholarship, and partly of law” (see p. 250 of [38]). Examples of Latin
loanwords include minor, history, individual, explicit.

Considering the text used to analyse the classification of languages, we notice that the text
used by [23], the Universal Declaration of Human Rights, includes a vast amount of these loan-
words. Based on the influence of Latin and French, especially in the text that [23] used, we rec-
ognise that the algorithm could classify English with the Romance languages rather than the
Germanic Languages, as is the case in [23]. Possible misclassification of other languages may
also be contributed to the high amount of loanwords in this text, because the SLS depends only
on the bi-grams (i.e. the lexical aspect of the language) and not on the semantic content [23].

On the other hand, Ward’s clustering used with Manhattan distances, in Fig 2, seems to
cluster the languages more or less intuitively from a linguistic and sometimes even geographi-
cal point of view. An example of this is that the Nordic Languages or Scandinavian Germanic
Languages (Icelandic, Norwegian, Danish and Swedish) are clustered together, before they are
joined with the West Germanic (e.g. Afrikaans, Dutch and German). Here English is closer to
its correct linguistic classification. English belongs with the West Germanic languages as it
forms part of the Anglo-Frisian language family [35]. With this method, Breton is also cor-
rectly classified as a Celtic language.

Ward’s method yielded the best results when used in conjunction with the Manhattan dis-
tance. Using Ward’s method of linkage with the Manhattan distance metric provides us with 5
distinct logical clusters, that also make sense phylogenetically: Baltic Languages, Slavic Lan-
guages, Romance Languages, Germanic Languages and Celtic Languages.

3.4 Cluster Validation

The discussion above is only based on the visual inspection of the trees in Figs 1 and 2, and is
therefore subjective in nature. It is also essential to validate clusters objectively [39]. [39] dis-
cuss several techniques of cluster validation, and make the distinction between external and
internal measures of cluster validity.

External measures of cluster validity include comparing clustering results with a benchmark
or gold standard, while internal measures are based solely on information inherent to the data.
These validation techniques “measure how well a given partitioning corresponds to the natural
cluster structure of the data” (see p. 3203 of [39]).

To compare the figures above with a “gold standard”, a tree is constructed in R [32], to visual-
ise the actual linguistic classifications of these languages. This tree is based on information about
language families obtained from Glottolog 2.6 [40] and is shown in Fig 3. We are now able to
compare the trees in Figs 1 and 2 with Fig 3. The tree created as benchmark does not necessarily
contain the correct branch lengths and weights. This is because it is not possible to quantify the
relationship between languages by only considering information on ancestry. For this reason,
we suggest using the Robinson-Foulds metric for comparing phylogenetic trees [41].

3.4.1 Robinson-Foulds Distance. [41] suggest a metric to compare different methods of
constructing phylogenetic trees. For this comparison, only the structure or topology of the
trees is taken into consideration, and not the branch weights [41]. This distance measure
between two trees is calculated by “testing edges for matching and counting the unmatched
edges” (see p. 146 of [41]). This distance explains which of two trees is closer to a third one,
and can be calculated in R [32] using the RF . dist function from the Phylogenetic analysis
package, phangorn [42]. The Robinson-Foulds distance between the phylogenetic tree con-
structed from the Euclidean distance matrix (Fig 1) and the benchmark (Fig 3) is 33. The Rob-
inson-Foulds distance between the phylogenetic tree constructed from the Manhattan distance
matrix (Fig 2) and the benchmark (Fig 3) is only 21. Although the Robinson-Foulds metric
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Fig 3. Language Tree with information from Glottolog 2.6.
doi:10.1371/journal.pone.0168288.9003

does not allow us to infer whether this difference in distances is statistically significant [41], we
can conclude that using the Manhattan distance matrix for this data set provides results that
are closer to the benchmark than those generated by using the Euclidean distance matrix.

3.4.2 Internal Validation Measures. Three of the internal measures discussed by [39] are
used in this study. Clusters should be compact and well separated. To validate our clusters, we
will consider the following characteristics of the clusters, as mentioned in [39]. The validation
is done in R [32], using the Cluster Validation Package c1valid [43].

Compactness and Separation: If a cluster is compact, it means that homogeneous observa-
tions are grouped together, and within-cluster variation is minimised. Where clusters are well
separated, the between-cluster variation is maximised. As this is the basis of Ward’s clustering
algorithm, we aim to show that using the Manhattan with Ward’s algorithm does not reduce
the compactness and separation of the clusters. [39] suggests two measures to evaluate the
compactness and separation of clusters, the Dunn Index and the Silhouette Width.

The Dunn Index is defined as the ratio of the smallest between-cluster distance and the larg-
est within-cluster distance. A high value of the Dunn Index would indicate that the smallest
between-cluster distance is still larger than the largest within-cluster distance and therefore a
high value for this index is desired [39, 43].

The silhouette value of an item measures the degree of confidence in a particular clustering
assignment of an individual observation i [39, 43], and is calculated as:

“ﬁmi&ij (29)
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Table 3. Comparison of Cluster Validation: Euclidean Distance vs. Manhattan distance.

Cluster Characteristic
Compactness and Separation

Connectedness
doi:10.1371/journal.pone.0168288.t003

Validation Measure Euclidean Distance Manhattan Distance Best Result
Silhouette Width 0.2129 0.2571 Manhattan
Dunn Index 0.5557 0.6246 Manhattan
Connectivity 17.10 16.52 Manhattan

where a; denotes the average distance between item i and all other items in the same cluster
and b; represents the average distance between item i and all items in the closest of the other
clusters.

The Silhouette Width is calculated as the average Silhouette value over all observations and
yields an answer between —1 and 1. A larger Silhouette Width value is indicative of better clus-
tered observations.

Connectedness: The validation test for connectedness attempts to determine to what
degree similar items or nearest neighbours, are clustered together [39]. [39] suggest a represen-
tative of this connectedness characteristic is the measure of connectivity, counting “the viola-
tions of nearest neighbour relationships” (see p. 3204 of [39]). [44] define the connectivity as
follows:

If nny;j is defined as the jth nearest neighbour of item 7, and Xinn,, 18 defined as below:

0 if i and j are in the same cluster
xinn»(/) =
}f otherwise
Then for a data matrix M containing m rows and #n columns with a clustering solution C;, C,,
.. .Cy, the connectivity is defined as:

Conn(C) = 373 T, (30)

i=1 j=1

The value of the connectivity measure ranges from zero to infinity and a smaller value is
desired [44].

Based on these validation techniques, we compare clustering using Euclidean distances
with clustering using Manhattan distances. Table 3 provides an overview of the results of these
three cluster validation techniques.

Although the values for the Euclidean and Manhattan distances in Table 3 differ by a small
factor, it seems that the Manhattan distance used with Ward’s clustering algorithm yielded bet-
ter results than using the Euclidean distance in terms of cluster compactness, stability and con-
nectedness. This shows that the important characteristic of Ward’s clustering algorithm,
minimising within-cluster variation, and maximising between-cluster variation, is, in fact,
enhanced by using the Manhattan distance metric.

4 Conclusion

This paper investigated the use of Manhattan distances with Ward’s clustering algorithm. An
important component of this research was the generalisation of Ward’s method for use with a
I; norm distance such as the Manhattan distance. Ward’s method is generalised to include
Manhattan distances.

In the application Ward’s clustering algorithm is used to classify a set of Indo-European
languages. The results from using Ward’s method with Euclidean distances was compared to
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the results from using Ward’s method with Manhattan distances. This classification in the
form of hierarchical cluster analysis successfully reproduced the phylogenetic classification of
the languages. Validation was not only based on comparing the two clusterings with a tree con-
structed based on the linguistic ancestry, but also on measures such as cluster compactness,
separation and connectedness.

The Manhattan distance method yielded the most. The Robinson-Foulds distance between
the tree constructed as benchmark and the tree resulting from Ward’s method with the Man-
hattan distance was less than the distance from the benchmark tree to the tree using Euclidean
distances. Using measures like the Dunn Index, Silhouette width and connectivity, it was also
shown that intra-cluster distances were minimised and inter-cluster distances were maxi-
mised. In our situation, the use of an alternative objective function (in this case least absolute
error) with Ward’s function produces more accurate results than Ward’s method with the
Euclidean distance metric.

The proposed methodology can not only be applied to other language families beyond
Indo-European languages, but also to other languages within this family. Because many other
Indo-European languages do not make use of the Latin alphabet, further research could be
done on how to compare languages with different alphabets. This could be done by transliter-
ating or using single units of sound from languages with different scripts and map these to
their counterparts in the Latin alphabet.

Another possibility for further research is the use of tri-gram frequencies to form the SLS.
This would mean having a three-dimensional SLS. The Manhattan metric could still be used in
this case, as well as Ward’s method of linkage within the hierarchical clustering process, mak-
ing this adaptation a natural extension of this research.

Ultimately, we established that Ward’s clustering algorithm can be used in conjunction
with Manhattan distances, without the characteristic of minimising within-cluster variation
and maximising between-cluster variation being violated, and that for this specific case it pro-
duced better results than using Euclidean distances.

Acknowledgments

The authors would like to thank the reviewers for their detailed and constructive commentary
on this article.

Author Contributions
Conceptualization: TS.
Data curation: TS.
Formal analysis: TS.
Investigation: TS.
Methodology: TS.
Resources: TS.

Software: TS.
Supervision: MJvM.
Validation: TS MJvM.
Visualization: TS MJvM.

PLOS ONE | DOI:10.1371/journal.pone.0168288 January 13,2017 19/21



@° PLOS | ONE

Ward’s Method for Manhattan Distances

Writing - original draft: TS MJvM.

Writing - review & editing: TS MJvM.

References

1.

10.

11.

12

13.

14.

15.

16.

17.

18.

19.
20.
21.
22,

23.

24,

25.

Vogt W, Nagel D. Cluster analysis in diagnosis. Clinical Chemistry. 1992; 38(2):182—-198. PMID:
1540999

Rencher AC. Methods of Multivariate Analysis. 2nd ed. New York: John Wiley & Sons; 2002.

Nandi AK, Fa R, Abu-Jamous B. Integrative Cluster Analysis in Bioinformatics. John Wiley & Sons;
2015. Available from: https://books.google.de/books?id = [3VuBwAAQBAJ

Miyamoto S, Suzuki S, Takumi S. Clustering in Tweets Using a Fuzzy Neighborhood Model. In: IEEE
World Congress on Computational Intelligence; 2012. p. 1-6. Available from: http://ieeexplore.ieee.org/
stamp/stamp.jsp?tp=&arnumber=6250800

MATLAB. version 7.10.0 (R2010a). Natick, Massachusetts: The MathWorks Inc.; 2010.

Muliner D. {fastcluster}: Fast Hierarchical, Agglomerative Clustering Routines for {R} and {Python}.
Journal of Statistical Software. 2013; 53(9):1—18.

Nerbonne J, Heeringa W. Measuring dialect distance phonetically. In: Workshop on Computational
Phonology, Special Interest Group of the Association for Computational Linguistics; 1997. p. 11-18.

Ross NCM, Wolfram D. End user searching on the Internet: An analysis of term pair topics submitted to
the Excite search engine. Journal of the American Society for Information Science and Technology.
2000; 51(2):949-958. doi: 10.1002/1097-4571(2000)51:10%3C949::AlID-ASI70%3E3.0.CO;2-5

Tohsato Y, Mori H. Phenotype profiling of single gene deletion mutants of E. coli using Biolog technol-
ogy. Genome informatics International Conference on Genome Informatics. 2008; 21:42-52. PMID:
19425146

Romero A, Gonzélez I, Martin JM, Vazquez MA, Ortiz P. Risk assessment of particle dispersion and
trace element contamination from mine-waste dumps. Environmental Geochemistry and Health. 2015;
37(2):273-286. doi: 10.1007/s10653-014-9645-0 PMID: 25190539

Ward JH. Hierarchical grouping to optimize an objective function. Journal of the American statistical
association. 1963; 58(301):236—244. doi: 10.1080/01621459.1963.10500845

Székely GJ, Rizzo ML. Hierarchical clustering via joint between-within distances: Extending Ward’s
minimum variance method. Journal of classification. 2005; 22(2):151-183. doi: 10.1007/s00357-005-
0012-9

Lance G, Williams W. A General Theory of Classificatory Sorting Strategies 1. Hierarchical Systems.
The Computer Journal. 1967; 9(4):373-380. doi: 10.1093/comjnl/9.4.373

Cormack RM. A review of classification. Journal of the Royal Statistical Society Series A (General).
1971; p. 321-367. doi: 10.2307/2344237

Milligan GW. Ultrametric hierarchical clustering algorithms. Psychometrika. 1979; 44(3):343-346. doi:
10.1007/BF02294699

Theodoridis S, Koutroumbas K. Pattern Recognition. 4th ed. New York: Elsevier Academic Press;
2003.

Chen Z, Van Ness JW. Space-conserving agglomerative algorithms. Journal of Classification. 1996; 13
(1):157-168. doi: 10.1007/BF01202586

Farris JS. Estimating Phylogenetic Trees from Distance Matrices. The American Naturalist. 1972; 106
(951):645—-668 doi: 10.1086/282802

Schleicher A. Zur vergleichenden Sprachgeschichte. Bonn: H.B. Konig; 1848.
Schleicher A. Die Darwinsche Theorie und die Sprachwissenschaft. Wiemar: Béhlau; 1863.
Sokal RR, Sneath PHA. Principles of Numerical Taxonomy. San Francisco: W. H. Freeman; 1963.

Sokal RR. Phenetic taxonomy: theory and methods. Annual Review of Ecology and Systematics. 1986;
p. 423-442.

Turchi M, Cristianini N. A statistical analysis of language evolution. In: Proceedings of the 6th Interna-
tional Conference on the Evolution of Language (EVOLANG'06). World Scientific; 2006. p. 348—-355.

Shannon CE. Prediction and entropy of printed English. Bell system technical journal. 1951; 30(1):50—
64. doi: 10.1002/j.1538-7305.1951.tb01366.x

Warnow T. Mathematical approaches to comparative linguistics. Proceedings of the National Academy
of Sciences. 1997; 94(13):6585-6590. doi: 10.1073/pnas.94.13.6585

PLOS ONE | DOI:10.1371/journal.pone.0168288 January 13,2017 20/21


http://www.ncbi.nlm.nih.gov/pubmed/1540999
https://books.google.de/books?id=j3VuBwAAQBAJ
http://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&amp;arnumber=6250800
http://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&amp;arnumber=6250800
http://dx.doi.org/10.1002/1097-4571(2000)51:10%3C949::AID-ASI70%3E3.0.CO;2-5
http://www.ncbi.nlm.nih.gov/pubmed/19425146
http://dx.doi.org/10.1007/s10653-014-9645-0
http://www.ncbi.nlm.nih.gov/pubmed/25190539
http://dx.doi.org/10.1080/01621459.1963.10500845
http://dx.doi.org/10.1007/s00357-005-0012-9
http://dx.doi.org/10.1007/s00357-005-0012-9
http://dx.doi.org/10.1093/comjnl/9.4.373
http://dx.doi.org/10.2307/2344237
http://dx.doi.org/10.1007/BF02294699
http://dx.doi.org/10.1007/BF01202586
http://dx.doi.org/10.1086/282802
http://dx.doi.org/10.1002/j.1538-7305.1951.tb01366.x
http://dx.doi.org/10.1073/pnas.94.13.6585

@° PLOS | ONE

Ward’s Method for Manhattan Distances

26.

27.

28.

29.

30.
31.
32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

Benedetto D, Caglioti E, Loreto V. Language trees and zipping. Physical Review Letters. 2002; 88
(4):048702. doi: 10.1103/PhysRevLett.88.048702 PMID: 11801178

Fitch WM, Margoliash E. Construction of phylogenetic trees. Science. 1967; 155(3760):279—284. doi:
10.1126/science.155.3760.279 PMID: 5334057

United Nations General Assembly. Universal Declaration of Human Rights, General Assembly Resolu-
tion 217 (Il1); 1948.

Goldhahn D, Eckart T, Quasthoff U. Building Large Monolingual Dictionaries at the Leipzig Corpora Col-
lection: From 100 to 200 Languages. In: LREC; 2012. p. 759-765.

Christensen H. HC Corpora; 2014. Available from: http://www.corpora.heliohost.org/
Mayer T, Cysouw M. Creating a massively parallel bible corpus. Oceania. 2014; 135(273):40.

R Core Team. R: A Language and Environment for Statistical Computing; 2015. Available from: https:/
www.R-project.org/

Gagolewski M, Tartanus B. R package stringi: Character string processing facilities; 2016. Available
from: http://www.gagolewski.com/software/stringi/

Maechler M, Rousseeuw P, Struyf A, Hubert M, Hornik K. cluster: Cluster Analysis Basics and Exten-
sions; 2016.

Algeo J, Pyles T. The Origins and Development of the English Language. 5th ed. Boston: Thomson/
Wadsworth; 2004.

Barber C, Beal JC, Shaw PA. The English Language: A Historical Introduction. 2nd ed. Cambridge Uni-
versity Press; 2009.

Hogg RM, Denison D. A History of the English Language. New York: Cambridge University Press;
2006.

Kastovsky D. Vocabulary. In: Hogg RM, Denison D, editors. A History of the English Language. New
York: Cambridge University Press; 2006. p. 199-270.

Handl J, Knowles J, Kell DB. Computational cluster validation in post-genomic data analysis. Bioinfor-
matics. 2005; 21(15):3201-3212. doi: 10.1093/bioinformatics/bti517 PMID: 15914541

Hammarstrém H, Forkel R, Haspelmath M, Bank S. Glottolog 2.6; 2015. Available from: http://glottolog.
org

Robinson DF, Foulds LR. Comparison of phylogenetic trees. Mathematical Biosciences. 1981; 53(1-
2):131-147. doi: 10.1016/0025-5564(81)90043-2

Schliep KP. phangorn: phylogenetic analysis in R. Bioinformatics. 2011; 27(4):592-593. doi: 10.1093/
bioinformatics/btq706 PMID: 21169378

Brock G, Pihur V, Datta S, Datta S. clValid: An R Package for Cluster Validation. Journal of Statistical
Software. 2008; 25(4):1-22. doi: 10.18637/jss.v025.i04

Boeva V, Tsiporkova E, Kostadinova E. Analysis of Multiple DNA Microarray Datasets. In: Kasabov NK,
editor. Springer Handbook of Bio-/Neuro-Informatics. Heidelberg: Springer Verlag; 2013. p. 223-234.
doi: 10.1007/978-3-642-30574-0_14

PLOS ONE | DOI:10.1371/journal.pone.0168288 January 13,2017 21/21


http://dx.doi.org/10.1103/PhysRevLett.88.048702
http://www.ncbi.nlm.nih.gov/pubmed/11801178
http://dx.doi.org/10.1126/science.155.3760.279
http://www.ncbi.nlm.nih.gov/pubmed/5334057
http://www.corpora.heliohost.org/
https://www.R-project.org/
https://www.R-project.org/
http://www.gagolewski.com/software/stringi/
http://dx.doi.org/10.1093/bioinformatics/bti517
http://www.ncbi.nlm.nih.gov/pubmed/15914541
http://glottolog.org
http://glottolog.org
http://dx.doi.org/10.1016/0025-5564(81)90043-2
http://dx.doi.org/10.1093/bioinformatics/btq706
http://dx.doi.org/10.1093/bioinformatics/btq706
http://www.ncbi.nlm.nih.gov/pubmed/21169378
http://dx.doi.org/10.18637/jss.v025.i04
http://dx.doi.org/10.1007/978-3-642-30574-0_14

