ON DETECTING BORROWING:

DISTANCE-BASED AND CHARACTER-BASED APPROACHES

JAMES W. MINETT and WILLIAM S.-Y. WANG

Language Engineering Laboratory,
Department of Electronic Engineering,
City University of Hong Kong,

Kowloon, Hong Kong, P.R.C. t

TO APPEAR IN DIACHRONICA

Correspondence to: James W. Minett

Email: minett@ee.cityu.edu.hk (Minett),
eewsyw(@uxmail.cityu.edu.hk (Wang)
Tel: (+852) 2788 7187

Fax: (+852) 2788 7791

" We would like to thank the three anonymous reviewers for their helpful comments on an earlier draft of
this paper. This work has been supported in part by grants from the City University of Hong Kong and

the Research Grants Council of Hong Kong.



1. Introduction

The comparative method is the most widely used method for deriving the classification
of a family of genetically related languages. It prescribes a procedure for reconstructing
the proto-language of a language family by determining regular correspondences among
putative cognate sets, usually of lexical items. Innovations shared by groups of lan-
guages are then established, by which a classification of the family is derived (Durie
and Ross 1996). However, when a language family has diverged from its proto-
language at such great time depth that too few cognates remain to establish regular
sound correspondences, the comparative method can no longer be applied. Even for
families with shallower time depths, sound changes can obscure cognates to such a de-
gree that the classification cannot be accurately constructed. It is therefore essential to
distinguish true cognacy from other types of lexical similarity such as chance resem-
blance, sound symbolism, and, in particular, borrowing, all of which reduce the accu-
racy of the reconstruction and hence the classification. For example, although the
lower-order groupings within each of the sub-families of Indo-European are very well
attested, there is still much doubt about the higher-order groupings among them. (War-
now et al. (1995) appear to have made some progress toward solving this problem, al-
though their work is yet to be generally accepted by Indo-Europeanists.) Correctly dis-
tinguishing undetected borrowings from cognates may help to resolve the classification
of both Indo-European and other, less well documented language families back to

greater time depths.

Ross (1996) explains that the comparative method can perform poorly when confronted

with borrowing, particularly among languages having no nuclear zone that has avoided

2



contact with neighboring languages. Putative cognates for which no regular correspon-
dences can be established are typically excluded from the analysis, thereby potentially
introducing bias into the reconstructed proto-language and, hence, the genetic classifica-
tion. A number of alternative methods for dealing with borrowing have been put for-
ward. Hinnebusch (1996), for example, has proposed a lexicostatistical method by
which language contact is inferred from skewing in the lexicostatistical data. Wang
(1989) has suggested another method in which systematic deviations between the input
lexical distances and those calculated from the reconstructed optimal tree are used to
infer borrowing. With cladistic analysis becoming more commonly used in linguistic
classification, character-based methods for detecting borrowing are now also being ex-
plored. For example, Warnow, Ringe and Taylor (1995) have proposed a classification
of Indo-European based on a cladistic analysis of both lexical and morphological char-
acters in which they resolve the position of the Germanic branch by distinguishing cog-
nates from loans. Methods have also been suggested in other fields. For example, in
their study of human genetic history, Cavalli-Sforza, Menozzi, and Piazza (1994) have
suggested that bootstrapping can be used to detect admixture among populations — it
should be possible to translate this concept to the task of detecting linguistic borrowing.
None of the above methods and ideas has yet been developed to the stage that borrow-

ing can be detected reliably.

Our aim is to develop a computational method to reliably detect borrowing among a
family of genetically related languages, to determine which linguistic features have been
borrowed, and, ideally, to identify the donor and recipient languages. In this paper, we
focus on the borrowing of lexical items. We propose two methods: a distance-based

method, derived from lexicostatistics, and a character-based method. We begin by de-



scribing the distance-based method for detecting lexical borrowing in Section 2. We
test the hypothesis that the presence of a negative branch length in the lexicostatistical
tree for any group of three genetically related languages is indicative of borrowing
among them. We present simple mathematical formulae for determining the presence
of a negative branch length. However, we are able to show, by means of simple exam-
ples, that the presence of a negative branch length is not a sufficient condition for bor-
rowing. We therefore examine whether the probability of occurrence of a negative
branch length when there is borrowing exceeds that when there is no borrowing —
Monte-Carlo simulations indicate that the increase in probability is too small to be of

practical benefit, causing us to reject the proposed method.

In Section 3, we go on to present a character-based method for detecting borrowing. In
this method, we make the assumption that linguistic characters arise independently only
once; all further apparent instances of a particular innovation are assumed to be borrow-
ings. Although this assumption is clearly inappropriate for phonological characters, for
which parallel convergence is rather common, it may well be appropriate for lexical
characters provided that obvious instances of chance resemblance, sound symbolism,
and parallel convergence are excised. After isolating the borrowed characters, it is a
relatively simple matter to determine the sets of languages among which the borrowing
may have occurred. We test this method by application to data for the seven main dia-
lects of Chinese. We show that the method can determine for each informative charac-
ter a set of languages among which borrowing may have taken place, and can, in some

cases, identify the most likely donor and recipient languages.

A discussion and suggestions for future work on detecting borrowing follow in Section



2. A Distance-Based Method for Detecting Borrowing

2.1 Lexicostatistics

Lexicostatistics is a general term for the analysis of languages based on statistical prop-
erties of their lexicons. Often, however, the term ‘lexicostatistics’ is used to refer spe-
cifically to Swadesh’s method (1950, 1951, 1952, 1955) for classifying a family of ge-
netically related languages based on a statistical comparison of their basic vocabularies.
Basic vocabularies are prepared by selecting a list of meanings that are considered to be
relatively culture-free and resistant to replacement; the Swadesh 100- (Swadesh 1955)
and 200- (Swadesh 1951) word lists are two such commonly used lists. For each lan-
guage in the family, each meaning is translated into the word that most naturally repre-
sents it (Campbell 1998). The similarity of two languages is then measured by counting
the proportion of meanings for which the words in the basic vocabularies of those lan-
guages appear to be cognate'; we shall refer to such words as ‘apparent cognates’ to re-
flect the possibility that some such pairs may turn out not to be cognates. Ideally, the
apparent cognate count should include only true cognates, although in practice pseudo-

cognates, i.e. chance resemblances, and undetected borrowings may sometimes be in-

' As Trask (1996) discusses, many linguists argue that cognates can only be identified after application of
the comparative method. Nevertheless, lexicostatistics is sometimes applied without establishing cog-
nacy, although when, for example, loans are consistently classed as cognates, the resultant classifications

tend to be very poor (Campbell 1998).



correctly counted as cognates. Languages that have a greater proportion of apparent
cognates are deemed to have split from the proto-language more recently and, conse-
quently, to be more closely related than those having fewer cognates. The inclusion of
false cognates such as undetected borrowings in the cognate count skews the relation-
ships among the languages, making them appear to be more closely related than geneti-

cally is the case.

A particularly controversial aspect of Swadesh’s method, ‘glottochronology’, is the es-
timation of the time depths of language splits. Lees (1953) developed a formula that
relates the proportion of cognates shared by two genetically related languages, denoted
by C, and the rate at which words in each language are retained, r, to the time depth
since the languages split from the proto-language, ¢,

_ log§
<t> B 2logr 1

— this formula should be interpreted as specifying the ‘expected value’ of the time
depth, hence the use here of the symbol ( )’ to denote statistical expectation. The use
of this formula to estimate time depth has been widely criticized; a summary is provided
in (Embleton 1986). Arguably the weakest aspect of glottochronology and other related
lexicostatistical methods is their assumption that the retention rate is homogeneous
across all languages and meanings, and across time. Retention rates certainly are not
homogeneous, across languages, across meanings, or across time. For example, Bergs-
land and Vogt (1962) have commented on the high retention rate of Icelandic compared
to that of closely related Faroese (which itself has a higher retention rate than other

Germanic languages), while Blust (2000) has recently demonstrated how inhomogenei-



ties in the retention rate can give rise to erroneous lexicostatistical classifications. Some
progress has been made, however, in modeling inhomogeneous retention rates. For ex-
ample, Cavalli-Sforza and Wang (1986) have shown that the proportions of cognates
shared among meanings with similar replacement rates tend to be distributed according
to the spatial separation of the respective languages. Soon after, in his Language in the
Americas, Greenberg (1987) put forward a generalization of glottochronology for an
arbitrary number of languages with inhomogeneous retention rate. However, the practi-

cal implementation of this and other similar methods is problematic.

The modeling of borrowing has been addressed by lexicostatistical methods with some
success. Embleton (1981, 1986) has developed a lexicostatistical model for languages
that have come into contact with their geographic neighbors. Embleton (1986) models
change in the lexical similarity between any two neighboring languages due to three
factors: parallel lexical replacement, lexical borrowing between the two languages, and
borrowing into each language from other neighbors, deriving a system of differential
equations that relates these factors. To use the method, both the retention rates and the
borrowing rates must be known. Pagel (2000) has recently shown that retention rates
for both extant languages and proto-languages can be estimated by maximum-likelihood
estimation, although this approach has not yet been extended to estimating borrowing
rates. Another recent method whose aim is to detect language contact has been devel-
oped by Hinnebusch (1996), based on ideas that are apparently common practice in Af-
rican linguistics (see Heine 1974, Nurse 1979, for example). Hinnebusch notes that bor-
rowing between languages very often co-occurs with skewing in the lexicostatistical

data. We will discuss this method in more detail in Section 2.5 in relation to our own



lexicostatistical method for detecting borrowing.

2.2 Lexical Distance

Lees obtained formula (1) for the time depth by assuming that any two genetically re-
lated languages retain their basic vocabulary at a constant and equal rate, r, after split-
ting from the proto-language. After some period of time, ¢, and in the absence of non-
genetic processes, each language would be expected to have retained a proportion # of
its basic vocabulary. Consequently, the expected proportion of shared basic vocabulary,

or ‘lexical similarity’, would be

(C) = r* )

Taking the natural logarithm of (2) gives

10g<C> = 2tlogr. 3)

The value of log (C) approaches zero as either the time depth approaches zero (that is,
the languages have only just split from the proto-language), or the retention rate ap-
proaches 100% (that is, the languages have undergone negligible independent change

since splitting from the proto-language).

Given the lexical similarity, C, of two genetically related languages, then by (3) we
would expect log C to be proportional to the time depth, . We can measure the dissimi-

larity of a pair of languages by the ‘lexical distance’ between them, defined by
D = —logC. 4)

Note that the minus sign in (4) ensures that the lexical distance is positive. An alterna-



tive, more transparent approach is to calculate the dissimilarity of language pairs using

the measure

D =1-C, (5)

or else to work directly with the similarity, C. Indeed, Dyen et al. (1994) work with C
directly in their lexicostatistical classification of 84 Indo-European languages. Taking
the logarithm in the definition of lexical distance, however, has the advantage that when
the retention rates are approximately constant, lexical distance gives a rough indication
of time depth (although we make no attempt to infer time depth from lexical distance in
this paper). It therefore provides a measure of the degree to which two genetically re-
lated languages appear to have diverged from the proto-language. Furthermore, the use
of the logarithm renders the measure additive. For example, consider two genetically
related languages that have developed independently since splitting from the proto-
language such that each retains 80% of the proto-language basic vocabulary. They
would be expected to have 64% of their basic vocabularies in common — 80% x 80% =
64%. However, taking the logarithm of the lexical similarities makes the relationship
additive — 1og(0.80) + log(0.80) = log(0.64). This property is particularly useful as it
allows the construction of metric trees whose branch lengths are calculated to indicate
the degrees of divergence of the languages; ideally, the sum of the branch lengths con-
necting any two nodes in the tree should equal the lexical distance between them. Note
that the lexical distance between two arbitrary languages is not impacted by multiple
replacements of a particular meaning; no matter how many times the word for a particu-

lar meaning is replaced, its effect on the lexical distance remains the same.

The approach taken in distance-based classification is to determine the topology and



branch lengths of the additive tree that in some sense best fit the linguistic dissimilari-
ties among the set of languages being classified. One such method by Qiao and Wang
(1998) is to examine each possible topology for the branch lengths that fit the lexical
distance data with the smallest mean-squared error — of the trees so generated, the one
with the smallest error is considered the best tree. The problem with this exhaustive-
search method is that the runtime for even as few as 20 languages can exceed 24 hours
on the fastest personal computers currently available. Branch-and-bound algorithms
can reduce runtime somewhat by selectively discarding groups of sub-optimal trees
based on the analysis of previously examined trees. Alternative methods, such as the
Fitch-Margoliash (1967) algorithm, and Saitou and Nei’s (1987) Neighbor-Joining algo-
rithm, use heuristic algorithms to estimate the best tree, reducing runtimes by several
orders of magnitude. There is no guarantee, however, that they converge to the best fit-

ting tree.

2.3 Negative Branch Lengths as Potential Indicators of Borrowing

In order to introduce the distance-based method for detecting borrowing described here,
it is instructive to consider the case of classifying a set of three genetically related lan-
guages by constructing an ‘unrooted’ tree. In the context of linguistic classification, an
‘unrooted’ tree represents the branching relationships among a group of languages, but
without explicitly indicating ancestry. An unrooted linguistic tree constructed to repre-
sent the branching relationships among a group of genetically related languages would
therefore not include a node for the proto-language. A ‘rooted’ linguistic tree, however,
would include such a node, allowing the order in which various sub-groups of languages

split off from the proto-language to be explicitly indicated.
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Denoting the set of three languages by {L,, L;, L}, the optimal unrooted tree and its
branch lengths can be calculated simply and, above all, uniquely from the pairwise lexi-
cal distances. Only a single unrooted tree topology is possible: that shown in Fig. 1.
The sum of the lengths of the branches that connect any pair of languages should equal
the lexical distance between that pair. Thus, the branch lengths, denoted by /;, /; and /,

can be calculated by solving the simultaneous equations

Di/ =1+ l‘/. s (6a)
Djk =l/.+lk, (6a)
D, = lk + li’ (6a)

where, for example, Dj;; denotes the lexical distance between languages L; and L.

[Fig. 1 here ...]

The system of simultaneous equations (6) has the unique solution

l, = %(ij + D, Djk)’ (7a)
l;/ = %(Djk +D; — Dk1)> (7b)
I, =+(D,+D, -D,). (7c)

Notice that although the lexical distances must, by definition, be positive, there is no
such constraint on the branch lengths. From (7a), we observe that the branch length /;,

for example, is negative when

D,

Jk

> D, +D,. ®)

Substituting this expression into (7b), we have
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[, >D; >0. ©)

Similarly, it can be shown that /; > 0. Thus, when /; is negative, /; and /; must both be
positive. Since the labeling of the languages is arbitrary, corresponding results must
hold when either /; or /; are negative. Hence at most one branch length in the lexicosta-
tistical tree for three languages may be negative. A negative branch length therefore

occurs when

D, > D, + D, (10)

for any distinct 7, j and k. An equivalent condition, stated in terms of the lexical simi-

larities, is

C, <C,xC, 1n

for any distinct 7, j and k.

Our aim in this section is to test the hypothesis that the presence of a negative branch
length in a unrooted lexicostatistical tree for three languages (which can be reliably de-
tected by condition (10)) is indicative of borrowing. If this hypothesis is found to be
valid, we can expand upon the method to detect borrowing among an arbitrary number
of related languages. We continue by examining two simple scenarios in which a nega-

tive branch length is induced in the lexicostatistical tree for three languages.

In the first scenario, we consider three hypothetical, genetically related languages, L;, L;
and L, that descend from a common proto-language, PL. We use lexicostatistics to

classify these languages based on a basic vocabulary consisting of ten meanings, M, ...
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M, that have the states shown in Table 1.

[Table 1 here ...]

In Table 1, cognates are marked with the same state: "0" represents the archaic state of a
meaning retained from the proto-language PL, while other states represent innovations.
In practice, the archaic state of each meaning would typically be unknown; glosses for
meanings M, and M, with the states given in Table 1, would therefore provide the
same classification information — we introduce archaic states in the table simply so that
we can specify the retention rate (also unknown to the linguist) of each language since
splitting from the proto-language. In this example, each language has retained 40% of
the basic vocabulary of the proto-language. Clearly languages L; and L; are more
closely related to one another than to L; and hence, together with their intermediate
proto-language, PLj, form a ‘monophyletic group” — to paraphrase Kitching (1998), a
‘monophyletic group’ of languages is one that consists of a proto-language plus all and
only all languages which derive from that proto-language. The lexical distances among
L;, L;j and L; are calculated from the observed lexical similarities, both shown in Table 2.
The lexicostatistical tree, shown as a rooted tree in Fig. 2, is then constructed by calcu-
lating the branch lengths from the lexical distances using (7). All branch lengths are

positive.
[Table 2 here ...]
[Fig. 2 here ...]
Suppose that languages L; and L; now come into contact such that Z; donates some of its

basic vocabulary to L;. If these loans were included in the cognate count for L; and L;,
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these two languages would appear to be more closely genetically related than is actually
the case. Conversely, it is possible that some words in L; that were previously cognate
with words in L; would be replaced by loan words from L;, resulting in languages L; and
Ly appearing to be less closely genetically related than is the case. For example, if L;
were to donate words for meanings M3 and M, to Lj, languages L; and L; would then ap-
pear to be more closely related than is the case. However, the lexical distance between
L; and L; would be unchanged due to the replaced words in L; not having previously
been cognate with words in L;. The apparent lexical similarities and the resultant lexi-

cal distances after such contact between L; and L; are summarized in Table 3.

[Table 3 here ...]

Constructing the lexicostatistical tree using these lexical distances, we observe that the
resultant tree, shown in Fig. 3, has the same topology as that in Fig. 2 but has different
branch lengths, given in Table 4. In particular, the length of the branch connecting L; to
the body of the tree is negative, demonstrating that borrowing can indeed induce a lexi-
costatistical tree having a branch with negative length. The detection of negative branch

lengths in lexicostatistical trees is therefore a candidate method for detecting borrowing.

[Fig. 3 here ...]

[Table 4 here ...]

In the second scenario, however, we demonstrate that a negative branch length can also
appear in the lexicostatistical tree when there is no borrowing among the languages.
Consider now three genetically related languages, L;, L; and L;, for which the basic vo-

cabularies for ten meanings have the states shown in Table 5.
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[Table 5 here ...]

Each language has retained 50% of the basic vocabulary of the proto-language. It is
clear that, together with their intermediate proto-language, languages L; and L; form a
monophyletic group. The observed lexical similarities and the resultant lexical dis-

tances among L;, L; and L; are shown in Table 6.

[Table 6 here ...]

The lexicostatistical tree, shown in Fig. 4, is constructed using the same method as be-
fore. The branch lengths are given in Table 7 — the length of the branch connecting Ly
to the body of the tree is negative. We must therefore conclude that the presence of a
negative branch length in the lexicostatistical tree is not a sufficient condition for detect-

ing borrowing.

[Fig. 4 here ...]

[Table 7 here ...]

2.4 Simulation

Having determined that the presence of a negative branch length in the lexicostatistical
tree for three languages is not a sufficient condition for detecting borrowing, we seek to
determine the probability that the lexicostatistical tree contains a negative branch length
(a) when there is no borrowing among the languages, and (b) when there is borrowing
among the languages. If it can be shown that a negative branch length is significantly
more likely to occur when there is borrowing, we can treat its occurrence as evidence

(but not proof) of borrowing. We treat condition (10) as the decision rule of the binary
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hypothesis test

D, i D, + D, (12)

for any distinct 7, j and k, where H, and H, are the hypotheses:
e Hy:  the ‘null hypothesis’ — no borrowing among L;, L; and Ly,
e H;: the ‘alternative hypothesis’ — borrowing among L;, L; and Ly.

A ‘decision rule’ specifies the conditions under which the null hypothesis, H, is either
accepted or else rejected in favor of the alternative hypothesis, H;. A binary hypothesis

test has four possible outcomes:
e Hjaccepted, Hy true — correct decision
e Hjrejected, H, true — correct decision
e Hjrejected, Hy true — Type I Error, “false alarm”
e Hjaccepted, H; true — Type Il Error, “miss”

and is usually characterized by the probabilities of Type I and Type II error, also called
the ‘false alarm rate’ and ‘miss rate’, respectively. For example, our method generates a
false alarm whenever condition (10) indicates the presence of a negative branch length
in the lexicostatistical tree for languages among which there has been no borrowing.
Ideally, we would want the probabilities of both types of error to be zero. Typically,
however, adjusting the decision rule so as to reduce the probability of one type of error

causes the other to increase (DeGroot 1986). We must therefore accept that the false
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alarm rate and miss rate cannot both be made arbitrarily small.

We proceed to estimate the false alarm rate and miss rate for decision rule (12) using
Monte-Carlo simulation, a general method for estimating solutions to various types of
system using random number generation and sampling — a comprehensive, mathemati-
cal summary of the Monte Carlo method can be found in (Fishman 1996). The genera-
tion of random data of any type is problematic (although true random number genera-
tors can be implemented by tapping a non-deterministic source, for example white noise
in an electrical circuit). A more tractable approach is to use ‘pseudo-random’ data con-
structed from chaotic sequences of integers that, while deterministic, share many of the
requisite properties of random numbers. In order to implement the simulation, we have
developed two algorithms running in the Matlab programming environment (Math-
Works 2000) to generate lexicostatistical data for sets of three hypothetical languages,
one for each hypothesis. Our algorithms make use of the pseudo-random number gen-

erator built into Matlab.

2.4.1 H,:No Borrowing

The algorithm we use to construct pseudo-random lexicostatistical data for three lan-
guages among which there is no borrowing is described in Appendix A. The parameters
of the algorithm are the number of meanings, N, the time depth, z, the retention rates of
the extant languages, 7;, 7; and 7y, and the retention rate of the intermediate proto-
language, rj. Fig. 5 summarizes the data generated from one typical run of the algo-

rithm.

[Fig. 5 here ...]

17



Algorithm 1 can be run repeatedly for a particular set of parameter values to generate a
number of pseudo-random lexicostatistical trees — the relative frequency of false
alarms provides an estimate of the false alarm rate for those parameter values. For ex-
ample, for a set of 100 runs with the number of meanings set to 100, the time depth set
to 6,000 years, and the retention rate of each language set to 75% per millennium, the

false alarm rate was estimated to be about 7%.

Fig. 6 shows a plot of the estimated false alarm rate as a function of retention rate and
time depth for 100 meanings based on 5000 runs. The plot shows clearly that the false
alarm rate is negligible except within two regions: at high retention rate and low time
depth, and along a band of values of retention rate and time depth, such as retention rate
70% per millennium and time depth about 7,000 years. The first region corresponds to
languages that have high retention rate and which have split from the proto-language
relatively recently; two such languages would be very closely genetically related, in
which case there would be a high probability that they would both have retained the

proto-form for any particular meaning.
[Fig. 6 here ...]

For example, consider three genetically related languages L;, L; and L having the char-

acter states shown in table 8.
[Table 8 here ...]
The lexical distances among L;, L; and L; are

= 0.01005,

D,
D, = 0.02020,
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D, = 0.01005.

i

The value of Dy; + Dj;, which equals 0.02010, is less than the value of Dy, 0.02020, im-
plying, by (10), that the length of the branch connecting language L; to the tree is nega-
tive — the innovation of meaning M, in language L; is sufficient to induce this negative

branch length.

The second region of non-negligible false alarm rate appears to depend on some func-
tional relationship between the retention rate and the time depth. Plotting the estimated
false alarm rate as a function of the retention rate raised to the power of the time depth,
#', shown in Fig. 7, confirms this. The plot comprises 41 lines, one line for each itera-
tion of the time depth. The lines are obviously equivalent, with only slight fluctuations
from the mean due to the finite number of samples. We conclude that the probability of
false alarm depends functionally on the parameter 7. The peak false alarm rate of about
32% occurs at approximately # = 0.095. For example, at a time depth of 6,000 years,
this corresponds to a retention rate of about 68% per millennium. We have not yet de-
termined the reason for the relationship between the peak value of the false alarm rate

and the corresponding value of 7.

[Fig. 7 here ...]

The property that the false alarm rate is negligible across many combinations of values
of the retention rate and time depth is desirable. The peak in the false alarm rate at high
retention rate and low time depth will be of little concern in many practical applications.
For example, a retention rate of 86% and time depth of 200 years imply an estimated
false alarm rate of about 5%, perhaps an acceptable level of error. Of far more concern,
however, is the second peak for which the false alarm rate rises to about 32%. Such a
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high false alarm rate will probably only be acceptable if the miss rate is very low. As

we discuss in the following section, this is not the case.

2.4.2 H;: Borrowing

In order to estimate the miss rate, we require an algorithm to generate pseudo-random
lexicostatistical data for languages among which borrowing has taken place. There are
many possible scenarios in which borrowing could take place among three languages:
more than one pair of languages could come into contact; contact could occur several
times, introducing several strata of loans; borrowing could be bi-directional. We focus
on just the simplest model of borrowing: a single instance of borrowing from a single
donor language to a single recipient language. Algorithm 1 is amended by pseudo-
randomly selecting a time instant at which to inject the borrowing. The donor and re-
cipient languages are chosen pseudo-randomly and non-cognate words are copied from
the donor to the recipient at a specified borrowing rate, b. This algorithm, Algorithm 2,
is described in Appendix B. It has one more parameter than Algorithm 1, the borrowing
rate, b. Fig. 8 summarizes the data generated from one typical run of the algorithm;
note that this tree would be classed as a miss since it contains no branch with negative

length despite borrowing having been injected.

[Fig. 8 here ...]

We use Algorithm 2 to estimate the miss rate in much the same way that we have used
Algorithm 1 to estimate the false alarm rate. In the following simulation we set the bor-
rowing rate to 20%. All other parameter values are set to the same values as in the false
alarm rate simulation. Fig. 9 shows a plot of the estimated miss rate for 100 meanings

based on 2000 runs. The weakness of using decision rule (12) to detect borrowing is
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now apparent. Across much of the range of values of retention rate and time depth, the
miss rate approaches 100% — the algorithm fails to indicate borrowing. This region
corresponds very closely to the region in which the false alarm rate is negligible. A
negative branch length is approximately equally likely to occur whether there has been
contact among the languages or not. The miss rate exhibits two troughs, corresponding
closely to the regions of peak false alarm rate. Fig. 10 shows a plot of the miss rate
against the retention rate raised to the power of the time depth, /. Again, we observe
that the probability of error is functionally related to #. The minimum value of the miss
rate occurs at about 7 = 0.075. At a time depth of 6,000 years, this corresponds to a re-

tention rate of about 65% per millennium.
[Fig. 9 here ...]
[Fig. 10 here ...]

For this method to have any practical use in detecting borrowing, the probability that
borrowing is indicated when there has been contact among the languages should exceed
that when there has been no contact. In other words, one minus the miss rate, i.e. the
‘detection rate’, should exceed the false alarm rate. Fig. 11 shows a plot of the detec-
tion rate minus the false alarm rate against 7. The detection rate exceeds the false alarm
rate significantly only across a small range of values of 7/, centered at about 0.04, at
which point the detection rate exceeds the false alarm rate by about 22%. At a time
depth of 6,000 years, this corresponds to a retention rate of about 58% per millennium.
For a retention rate of 80%, the peak performance occurs for a time depth of about 142
millennia. This level of performance would probably be unsatisfactory for most practi-

cal attempts to detect borrowing. The proposed distance-based method for detecting
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borrowing must therefore be discarded.

[Fig. 11 here ...]

In Section 3, we describe an alternative method for detecting borrowing using a charac-
ter-based approach. First, however, we relate the distance-based method just discussed
to the method of Hinnebusch (1996), which is based on detecting skewing in lexicosta-

tistical data.

2.5 Lexicostatistical Skewing as an Indicator of Borrowing

Hinnebusch (1996) has suggested a method for detecting language contact that relates
skewing in lexicostatistical data to non-genetic effects, particularly borrowing. He
quotes an example cited by Heine (1974), which we describe here briefly to illustrate
the basic concept of the method. Two Nilotic languages, Samburu and Nandi, share
9.9% of a 200-word basic vocabulary. Masai and Nandi, however, share 15.7% of the
basic vocabulary. Since Masai and Nandi are known to have recently come into con-
tact, the 5.8% difference in the lexical similarities is assumed to be due to borrowing
between Masai and Nandi. Hinnebusch (1996) uses this same basic idea to identify
lexical borrowing among several sub-families of Bantu. Among a group of genetically
related languages, borrowing is inferred between two languages in different clusters
when the lexicostatistical similarity between them significantly exceeds the average

similarity between two arbitrary languages, one chosen from each cluster.

Although the concept underlying the Hinnebusch method differs somewhat from that
underlying the distance-based method which we have proposed, the two methods turn

out to have a similar structure. To simplify the comparison of the two methods, we fo-
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cus on detecting borrowing among three genetically related languages only. We assume
that the genetic relationships among three languages, L;, L; and Ly, are known, as shown
in Fig. 12 and that the lexical similarities between each pair of languages, Cj;, etc., are
available. Although it is generally the case that the genetic classification of a group of
related languages is unknown a priori, there are occasions when a particular classifica-
tion of a small subset of languages is implied by independent linguistic data — such in-
formation may be sufficient to classify certain subsets of languages, even though their
classification with respect to the entire set of languages may be unknown. For example,
Hinnebusch (1996) relies on the testimony of native speakers and inferences drawn
from the application of other linguistic techniques to assess the sub-families to which
the languages being studied belong. Note that Hinnebusch’s method only requires that
the languages be classified into genetically related sub-families; the higher order group-

ings within each of the sub-families need not be known.

Borrowing between L; and L; is indicated when the ‘skewing’, given by Cy — Cy, is
large (although Hinnebusch does not specify just how large the skewing must be for

borrowing to be indicated). In other words, borrowing is indicated when

Cp << Cy. (13)

Under the same scenario, our method would indicate possible borrowing between L; and
Ly if, for example, the length of the branch in the lexicostatistical tree connecting L; to
the body of the tree were found to be negative. In terms of the lexical similarities, bor-

rowing would be indicated (by (11)) when

Ci < C; x Cy. (14
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Both methods indicate borrowing when the lexical similarity between L; and Ly is
small, but whereas we set a specific threshold for Cj, Hinnebusch does not. We have
shown that our proposed method for detecting borrowing offers poor performance; in
terms of lexical skewing, the threshold value induced by decision rule (12) is simply not
sensitive to borrowing. A worthwhile line of research therefore would be to determine

appropriate threshold values for lexical skewing that reliably indicate borrowing.

[Fig. 12 here ...]

3. A Character-Based Method for Detecting Borrowing

3.1 Cladistics

Cladistics, also known as phylogenetic systematics, is a method for performing hierar-
chical classification of taxa, first derived formally by the entomologist Willi Hennig
(1950) (although similar methods had been used in historical linguistics more than 60
years earlier by Brugmann (1884)). Hennig’s aim was to devise a method for discover-
ing the ancestor-descendant relationships among biological species implied by Darwin’s
theory of evolution. In a cladistic analysis, each taxon is described in terms of the states
of certain characters. For example, hyperoartia (lampreys) can be distinguished from
other vertebrates by the absence of jaws (Kitching et al. 1998): in this case, the charac-
ter is "jaws" and the character state is "absent". One attempts to distinguish the charac-
ters or states that have been retained by direct descent from ancestor species, ‘plesio-
morphies’, from the characters or states that are innovations, ‘synapomorphies’ (Kitch-

ing et al. 1998). The taxa are then organized into a nested hierarchy based on the shared
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innovations.

A common criterion for determining the optimal classification is the ‘maximum parsi-
mony criterion’, which selects the hierarchy “that accounts for the greatest number of
characters in the simplest way” (Kitching et al. 1998). A simple example, after Kitching
et al. (1998), illustrates the concept. Table 9 shows the character states for four hypo-
thetical taxa having six binary characters: "0" represents the absence of a character, "1"

its presence.

[Table 9 here ...]

Three putative classifications are considered, the cladograms for which are shown in
Fig. 13. Marked on each cladogram are state changes that produce the observed charac-
ter states. The most parsimonious classification is that represented by Cladogram A,
which requires 7 character state changes, fewer than Cladograms B and C, which re-
quire 9 and 8 character state changes, respectively. The minimum number of character
state changes required on a cladogram is called the ‘length’ of the cladogram. We cal-
culate length using ‘Fitch parsimony’ (Fitch 1971) whereby characters are assumed to
be ‘unordered’, that is, the sequence of permissible character state changes is unknown
or else all permissible character state changes are considered to be equally likely. An-
other commonly used measure of parsimony, ‘Wagner parsimony’ (Wagner 1961;
Kluge & Farris 1969), works with ‘ordered’ characters for which the sequence of per-
missible character state changes is assumed known — we consider Wagner parsimony
to be less appropriate for use in linguistic cladistic analysis as there is no fundamental

order to the sequence of innovations that may occur to any lexical item.
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[Fig. 13 here ...]

An alternative criterion for determining the optimal classification is the ‘compatibility
criterion’. Warnow et al. (1995) define a character as ‘compatible’, or ‘convex’, when
each of its states has arisen only once. The optimal classification according to the com-
patibility criterion is that having the fewest number of non-compatible characters. Go-
ing back to the putative classifications shown in Fig. 13, Cladogram A has only 1 non-
compatible character, Character 6. Cladograms B and C, however, have 3 and 2 non-
compatible characters, respectively. The classification associated with Cladogram A is

therefore also optimal according to the compatibility criterion.

Both of the above criteria are used in the phylogenetic classification of biological taxa.
Felsenstein (1982) has argued that there are no general grounds for preferring either cri-
terion over the other. Nevertheless, Warnow and colleagues have published a body of
work in which they apply cladistic methods to the classification of languages based on
the compatibility criterion (see Warnow et al. 1995, Warnow 1997, etc.). In their
words, “the fact that a character is not [compatible] on the tree under consideration is
much more significant than the precise number of extra evolutionary steps required by
that character on the tree” (Warnow et al. 1995). By adopting the compatibility crite-
rion, they have been able to construct a phylogeny for the Indo-European family in
which several of the most contentious sub-groupings of the sub-families of Indo-
European appear to be resolved. In particular, they propose that, genetically, Germanic
is a sister sub-family to Balto-Slavic and that it later came into contact with the Italic
and Celtic sub-families to which it now shares a strong lexical affinity. They assume
that the states of appropriately chosen linguistic characters, such as lexical items (but

not sound changes), have arisen only once. Implicit in this assumption is the belief
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that non-compatible characters are indicative of borrowing or other non-genetic effects.

We now explore the use of this relationship as a method for detecting borrowing.

3.2 The Method

The proposed method for character-based detection of borrowing among a group of ge-
netically related languages is based on the assumption that no state of any character
emerges independently more than once — second and further occurrences of a particu-
lar innovation in a cladistic analysis are assumed to be due to borrowing. Note that we
allow characters to revert to the states of earlier, possibly extinct, languages, such as has
been observed, for example, in the revival of word-final -d in Swedish (Janson 1977).

We treat such character reversion as a special case of borrowing.

We begin the proposed method by following a standard cladistic analysis for recon-
structing genetic relationships, much like that used by Warnow et al. (1995). A gloss
for a set of meanings (the characters) should be prepared for each language. Words that
are judged to be cognate (preferably by application of the comparative method) are as-
signed the same character state. Of course, some of these judgments may be incorrect
— the aim of the method is to detect these errors, which we ascribe to borrowing. Other
types of characters, such as morphological features, can also be used provided that each
character state can reasonably be expected to have emerged independently only once.
Having prepared the character state data, the length of each possible cladogram for the
group of languages should then calculated — we follow the procedure described by
Fitch (1971). The most parsimonious trees, that is, those having the shortest length, can

then be determined, allowing a set of candidate genetic classifications of the languages
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to be reconstructed.

We continue by identifying the characters that are incompatible — such characters have
states that have arisen more than once. Three examples will illuminate how we relate
compatibility to borrowing. Consider the two cladograms shown in Fig. 14, which have
the same topology and terminal states of a single character but which assign the state
changes of that character differently. In both cases, the character is incompatible. In
Cladogram A, the plesiomorphic state is 1. The character state 2 arises at four points on
the cladogram, which we interpret as indicating one instance of innovation plus three
instances of borrowing among the taxa B, C, D, and E. In Cladogram B, however, the
plesiomorphic state is 2. Since character state 1 arises at only two points, this clado-
gram is the more parsimonious and indicates one instance of borrowing between the
taxa 4 and F. We therefore select Cladogram B and infer that borrowing has occurred

between 4 and F. In this case, the direction of the borrowing cannot be determined.

[Fig. 14 here ...]

Fig. 15 shows a situation in which multiple cladograms are equally parsimonious. The
two cladograms have the same topology and terminal states for a single character but
assign the state changes of that character differently. In Cladogram A, the plesiomor-
phic state is 1. Character state 2 arises at three points on the cladogram, indicating two
instances of borrowing among the taxa B, C, and F. In Cladogram B, the plesiomorphic
state is 2. Character state 1 arises at three points, again indicating two borrowings, in
this case among the taxa 4, D, and E. Since the two cladograms are equally parsimoni-
ous, we are unable to resolve the borrowing, inferring only that borrowing has occurred

twice among B, C, and F, or twice among A, D, and E.
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[Fig. 15 here ...]

The cladogram shown in Fig. 16 demonstrates how the direction of borrowing can
sometimes be inferred. The plesiomorphic state is 1, retained by taxa A, B and C.
Character state 2, observed at taxa D, E and F, arises most parsimoniously at a single
point, as indicated on the cladogram. The character state 1 is also observed at taxon G
— according to our assumption that a particular innovation occurs only once, this can-
not be an innovation since the character state 1 was already present at the root. For the
same reason, taxa A, B and C cannot be recipients of borrowing. Hence borrowing is

indicated either from AB to G or from C to G; in either case, the recipient taxon is G.

[Fig. 16 here ...]

In this way, borrowing hypotheses can be constructed for each of the most parsimonious
trees. In general there will be more than one most parsimonious tree. In the next sec-

tion, we apply the method to detect lexical borrowing among seven Chinese dialects.

3.3 Case Study — Chinese

We have used the above method to detect lexical borrowing among seven Chinese dia-
lects. The dialects we have considered are Mandarin (as spoken in Beijing), Xiang (as
spoken in Changsha), Yue (as spoken in Guangzhou), Gan (as spoken in Nanchang),
Wau (as spoken in Suzhou), Hakka (as spoken in Meixian), and Min (as spoken in Xia-
men) — a conventional classification of these seven Chinese dialects is shown in Fig.

17 (You 2000). A gloss for each of the Swadesh 100 basic meanings was prepared for
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each dialect by Prof. Xu Tong—Qiang2 (refer to Appendix C for details). Having deter-
mined the shared basic vocabulary, we constructed the character state matrix; for each

meaning, apparent cognates were assigned the same character state.
[Fig. 17 here ...]

In cladistics, a character that contains no grouping information relevant to a particular
classification analysis is termed ‘uninformative’ — a character is uninformative, for ex-
ample, when all taxa are assigned the same state or when a character state is restricted to
a single terminal taxon (Kitching et al. 1998). Of the 100 lexical characters examined
for the seven Chinese dialects, 85 were found to be uninformative. The classification of
the dialects was therefore carried out using the remaining 15 informative characters.
Ideally, we would prefer to carry out the classification using more than just 15 informa-
tive characters. Nevertheless, this case study will serve to illustrate our methodology.
The states of the 15 informative characters, among which borrowing can potentially be

detected, are shown in the character state matrix in Table 10.
[Table 10 here ...]

To see how the algorithm works, consider Topology 1, shown in Fig. 18(a). On this to-

pology, nine characters are compatible, together requiring a minimum of 29 state

"n.n nn

changes. Six characters are incompatible, "feather”, "grease", "say", "small", "sun", and

? Prof. Xu, of the Department of Chinese and Literature at Peking University, very kindly provided us
with unpublished glosses for the seven Chinese dialects, originally collected for (Xu 1991). Mr. Wang
Feng, of the Department of Chinese, Translation and Linguistics at the City University of Hong Kong,

then identified apparent cognates for each pair of dialects. All further processing of the data is our own.
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"what", requiring at least 24 state changes. For example, the most parsimonious as-
signment of state changes to the character "feather" on Topology 1 requires 4 state
changes, as shown in Fig. 19. Since two states are observed for the character "feather"
and since we have assumed that each observed character state arises independently only
once, these 4 state changes would imply two instances of innovation plus 2 instances of
borrowing among Mandarin, Xiang and Min, as marked on the figure. Topology 1 has
length 53, indicating 46 instances of innovation plus 7 instances of borrowing. For a
second topology, Topology 2, shown in Fig. 18(b), all characters except "what" are in-
compatible, requiring a minimum of 64 state changes (46 instances of innovation plus

18 instances of borrowing). Topology 2 is therefore less parsimonious than Topology 1.

[Fig. 18 here ...]

[Fig. 19 here ...]

We find a total of 55 most parsimonious topologies for the seven Chinese dialects, each
of length 53 — the next most parsimonious topologies, of which there are 77, each have
length 54. The most parsimonious topologies can be classified into five types, each type
characterized by a set of characters that are indicated as subject to borrowing. Rather
than display each of the most parsimonious topologies, we show only the consensus tree
for each type — a ‘consensus tree’ is a diagram that combines a set of topologies into a
single topology by retaining components that occur sufficiently often, for example in
more than 50% of the topologies being combined (majority-rule consensus tree (Swof-
ford 1991)). Fig. 20 shows the consensus tree for the topologies of each type as well as
for the entire set of most parsimonious topologies. The borrowings indicated for each

type are summarized in Table 11. Borrowing of the characters "feather", "small", and
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"what" is indicated for each type. "know" is indicated as borrowed in 4 of the 5 types.
However, borrowing of the remaining characters, "grease" (3 types), "say" (3 types),
"sun" (3 types), "give" (2 types) and "who" (2 types), appears to be less strongly sup-

ported.
[Fig. 20 here ...]
[Table 11 here ...]

How are we to assess in an objective manner which of the indicated borrowings are sig-
nificant? We deal with this issue here by using simple statistical significance testing
procedures to test whether the number of topologies for which borrowing of a particular
character is indicated is greater than would be expected by chance if we were to have
selected the 55 topologies at random — if so, we accept the hypothesis that borrowing
for that meaning has occurred. We know from probability theory that if we draw a ran-
dom sample of #n objects without replacement from a population of N objects of which X
possess a certain attribute, then the number of objects in the sample that possess that at-
tribute, x, has a ‘hypergeometric distribution’ with probability function (Evans et al.

1993)

Pr(x) = 2"~ (15)

Thus the number of topologies picked at random that indicate borrowing for any par-
ticular meaning has a hypergeometric distribution. Table 12 lists the number of topolo-
gies for which borrowing of each character is indicated among the 55 most parsimoni-

ous topologies and among all possible topologies; there are 3 x 5 x ... x 11 (i.e. 10395)
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possible rooted binary topologies relating the 7 taxa.

[Table 12 here ...]

The probabilities that fewer than the observed numbers of topologies indicate borrowing
are also shown in the table, calculated using (15). At the 1% significance level, we con-
clude that meanings "feather", "small" and "what" have each undergone borrowing.
According to this criterion, however, there is insufficient evidence to conclude that

nn nan

meanings "give", "grease", "know", "say", "sun" and "who" have undergone borrowing.

We now examine the consensus trees for topologies of each type to determine among
which dialects each instance of borrowing may have occurred. For example, Fig. 21
shows all the most parsimonious assignments of borrowing of the character "feather"
with respect to Types [-V. Types I-III admit one instance of innovation plus two in-
stances of borrowing among Mandarin, Xiang, and Min. Type III also admits borrow-
ing of the character "feather" between Wu and either Hakka or Yue, and between Min
and either Mandarin or Xiang. Types IV & V, however, admit only a single instance of
borrowing between Min and Mandarin or, perhaps, Xiang. For those borrowing hy-
potheses involving Mandarin, we consider Mandarin the more likely donor because of
its status as a prestige language, Beijing having been the political and cultural capital of

China for almost 800 years.

[Fig. 21 here ...]

The dialects among which borrowing of "small" and "what" may have occurred can be

determined in a similar manner. (Borrowing hypotheses could also be determined simi-

"nmn "nn

larly for "give", "grease", "know", "say", "sun" and "who", although we would have to
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treat these hypotheses more tentatively.) Table 13 summarizes the most parsimonious
assignments of borrowing among the seven Chinese dialects implied by our method —
for each hypothesis, we indicate the direction of borrowing with the strongest support.
Note that in no case is a unique set of donor and receiver languages indicated. Never-
theless, the method does offer the linguist a set of borrowing hypotheses that can be

tested in more detail using other methods.

[Table 13 here ...]

4. Discussion

We have examined two methods for detecting borrowing among a family of genetically
related languages, one method using distance-based techniques, the other using charac-
ter-based techniques. The proposed distance-based method, discussed in Section 2, de-
tects branches with negative length in the lexicostatistical tree for any three languages in
the family, the hypothesis being that such negative branch lengths are indicative of bor-
rowing. We have shown, however, that the presence of a negative branch length in the
tree for three particular languages is not a sufficient condition for borrowing to have oc-
curred among them. Nor is there a significant increase in the probability of occurrence
of a negative branch length when there is borrowing above that when there is not.
Rather, the probability of occurrence of a negative branch length depends on the propor-
tion of the basic vocabulary retained by each of the three languages from the proto-

language. The method must therefore be rejected.

The proposed character-based method for detecting borrowing, discussed in Section 3,

follows a similar approach to genetic classification as that adopted by Warnow et al.
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(1995), although we determine the genetic classification using the maximum parsimony
criterion rather than the compatibility criterion. We assume that no innovation arises
independently more than once — all instances of apparent parallel innovation are as-
sumed to be due to borrowing. The method is implemented in two steps: first, genetic
classification is performed by ranking all possible cladograms according to their length;
then, the most parsimonious cladograms are examined for borrowing. Applying the
method to seven Chinese dialects, we have shown that the method indicates for each in-
formative character a set of languages among which borrowing may have taken place, in

some cases identifying the most likely direction of the borrowing.

4.1 Future Directions

The failure of the distance-based method to detect borrowing has led us to reject the hy-
pothesis that the presence of negative branch lengths in lexicostatistical trees is indica-
tive of borrowing. As we have discussed in Section 2.5, however, the lexicostatistical
skewing method of Hinnebusch (1996) is a far more promising line of research. We are
currently undertaking a statistical study of the performance of this method under various

scenarios of contact.

In Section 1, we remarked that Cavalli-Sforza et al. (1994) have suggested that boot-
strapping may serve to detect admixture (equivalent to borrowing) among biological
taxa. Bootstrapping is the process of sampling with replacement from a data set in order
to simulate a random sample drawn from the population containing that data set. It is
frequently used in cladistic analysis to determine the support for a particular clade
(Kitching et al. 1998). Cavalli-Sforza et al. note that when bootstrapping is applied to a

metric tree, “mixed populations often tend to be attached to different clusters in differ-
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ent bootstrap trees” — in other words, taxa that have undergone borrowing tend to shift
to different positions in the reconstructed topology, depending on which taxa have con-
tributed to the borrowing. The potential of applying this method to detect borrowing
among languages should be explored. The idea suggested by Wang (1989), whereby
borrowing can be inferred from differences in the input and output lexical distance ma-
trices, should also be examined in more detail; we are not aware of any recent applica-

tion or analysis of this method.

The character-based method, which we have applied to detect borrowing among seven
Chinese dialects, appears to be able to identify characters for which borrowing has oc-
curred, also specifying sets of putative donor and recipient languages. It must now be
established that the method, which should be regarded only as indicating the most par-
simonious borrowing hypotheses, performs robustly when applied to a language family
for which both the vertical classification and the borrowings among a particular set of
lexical items are well attested — Indo-European, for example, would be an ideal choice.
If the method can be shown to recover a reasonable proportion of the known borrowings
without too many false alarms, we can have greater confidence that the method is in-
deed robust and that it can be used to reliably detect borrowing among less-well studied

groups of languages.
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Appendix A — Algorithm for Pseudo-Random Lexicostatistical Data; No Borrowing

The following algorithm constructs pseudo-random lexicostatistical data for three lan-
guages among which there is no borrowing. The input parameters are: the number of
meanings, N; the time depth, #; the retention rates of the extant languages, 7;, 7; and 7y;

and the retention rate of the intermediate proto-language, 7.

Algorithm 1 (Pseudo-Random Data — H, : No Borrowing)

1. Specify the time depth, ¢, of the proto-language and the number of meanings in

the basic vocabulary, V.

2. Pseudo-randomly select one language, L;, to be the sister to the other two lan-

guages, L; & L, which have the intermediate proto-language PLj.

3. Pseudo-randomly select the time depth, #;, of the intermediate proto-language —

this should be some fraction of the total time depth, ¢.

4. Specify the retention rate for each extant language, r;, 7; & ry, and for the inter-

mediate proto-language, 7.

5. Pseudo-randomly select the basic vocabulary retained by L; from the proto-

language — the probability that each word is retained is ;.

6. Pseudo-randomly select the vocabulary retained by the intermediate proto-

language from the proto-language — the probability that each word is retained is

t—t
Jk
rjk

7. Pseudo-randomly select the vocabulary retained by L; and by L; from the inter-

mediate proto-language — the probability that each word is retained is r,”* and

', respectively.

8. Count the proportion of basic vocabulary shared by each pair of languages and

thereby determine the lexical distances.
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Appendix B — Algorithm for Pseudo-Random Lexicostatistical Data; Borrowing

The following algorithm constructs pseudo-random lexicostatistical data for three lan-

guages among which there is borrowing between a single pair of languages. This algo-

rithm has the input parameter b, the borrowing rate, in addition to the input parameters

of Algorithm 1.

Algorithm 2 (Pseudo-Random Data — H, : Borrowing)

1.

Specify the time depth, ¢, of the proto-language, the number of meanings in the

basic vocabulary, N, and the borrowing rate, b.

Pseudo-randomly select one language, L;, to be the sister to the other two lan-

guages, L; & L, which have the intermediate proto-language PLj.
Pseudo-randomly select the time depth #; of the intermediate proto-language.

Specify the retention rate for each extant language, r;, r; & 74, and for the inter-

mediate proto-language, 7.

Pseudo-randomly select the donor language, the recipient language, and the time
depth, #;, of the borrowing — the donor and recipient are selected from among

the extant languages and the intermediate proto-language.

There are now three time intervals within which to determine retentions: the in-
terval between the borrowing and the splitting of the intermediate proto-language,
the time interval before that, and the time interval after that. Retentions are se-
lected pseudo-randomly within each interval following the same procedure as in

steps 5—7 of Algorithm 1.

Count the proportion of basic vocabulary shared by each pair of languages and

thereby determine the lexical distances.
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Appendix C — Lexical Data for Seven Chinese Dialects

Glosses for the Swadesh 100-word list were prepared for each of the following seven
Chinese dialects by Prof. Xu Tong-Qiang of the Department of Chinese and Literature
at Peking University: Xiang (Xi), Gan (Ga), Wu (Wu), Mandarin (Ma), Hakka (Ha),
Min (Mi), and Yue (Yu). As discussed in Section 3.3 in the text, only 15 characters
were found to be informative, those listed below. IPA Transcriptions for each character
were obtained from (Beijingdaxue 1989, 1995). The symbol ° -’ refers to the neutral

tone; the symbol ‘*’ refers to a character whose etymology is unknown.

Character Xi Ga Wu Ma Ha Mi Yu
. bz i3 i3 i3 a a i3
ca te'ia 24 t¢"iak 55 te"in? 44 ts" 55 sot 55 tsia? 55 Tk 22
- - - B . § .
g8 tan 31 f'an 31 dr 31 Jon 31 nn\ 33 tan 22
tser 214
ik P s . 13 Ni& -
rover o] J ol o " i g
eye pan 31 pan 214 pE 31 en 214 muk 11 bat 55 an 13
- tein - teian tsin 44 tsu 44 tsiu 55 9
feather” < 7 7 < 7 7
mau 33 y 213 gy 31 maur 35 144 md 55 v 22
n iVe" F[ #‘I IFII éﬁ 7} E' :Fil
g pa 31 pa2l4 pa? 44 kei 214 pun 44 ho 33 pei 35
\ \ it il 3 fel el i Gl
grease iou 13 foi 45 jiy 24 fei 35 p'i 44 pui 24 fei 21
E# H .E?i H E_?i H HIE ;D H a1 P
"know" ¢iau 31 ¢ieu 214 cie 52 ts.55 ti44 sai 55 i 53
v 24 . tet 7 44 . tau tet 11 sa
i it i 4 4 i i #
y kan 31 1a 21 ¥ 44 suo 55 kon 31 kon51 kon 35
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Character Xi Ga Wu Ma Ha Mi Yu

"small" ! T g g Bl gl el
s 6135 ¢ieu 214 si@ 52 ¢lau 214 se 52 sue 11 fei 33

he iﬁ!‘ o+ ifl!‘ i fa fa

" " | [ [

stand tsan 35 tsan 35 1i? 23 tsan 51 K'i 44 K'ia 33 K'ei 23
il AN SN i AN q Tk
"sun" t"ai 35 it 55 mi? 23 t"ai 51 nit 11 it 55 jit 22
an 13 .« feu dv 24 - jan feu 11 ! {'eu 21
fft‘(ﬁ ik Tefs W S e M Wl
"swim" ¢i 31 1an 31 uan 35 jiy 24 fu 35 siu 11 siu 24 jeu?2l
eyel 31 tsau 31 sui 214 sy 42 sui 214 sui 31 tsui 51 foy 35

"walk" g " = > N N N
tsau 31 tseu 214 tsy 52 tsou 214 hap 11 Kid24 han 21

B ftE! i f+ -~ E REE] I
"what" mo31 sat 55 . [1'1 5 sen 35 mak 11 sim 51 me’t 55

| 1i 35 * mo ke 52 mi? 55

0 i pE i Efﬁj* * &~ A
"who" la 31 la214 sp 412 6135 man 31 S1a 31 pin 55
Ko 35 “ ko nin 24 ¥ nin 11 lay 24 ko 33
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SUMMARY

Two computational methods for detecting borrowing among a family of genetically re-
lated languages are proposed. One method, based on the detection of branches with
negative length in lexicostatistical trees, is shown to work poorly. As we demonstrate,
this method is similar to another recently proposed method for detecting borrowing
based on skewing in lexicostatistical data. A second method, using character-based
classification techniques in common use in the classification of biological taxa, is
shown to be more effective. This method allows borrowed characters and the languages
among which the borrowing may have taken place to be identified — in some cases, the

most likely direction of the borrowing can also be specified.

RESUME

Cet article présente deux approches computationnelles pour détecter les emprunts dans
une famille de langues génétiquement reliées. Nous mettons en évidence les mauvaises
performances de la premiére méthode, basée sur la détection de branches de longueurs
négatives dans les arbres lexicostatistiques. Nous démontrons également qu’elle est
similaire a une approche récemment proposée pour détecter les emprunts, et basée sur
les biais des données lexicostatistiques. Une seconde approche, qui repose sur les
techniques cladistiques couramment utilisées en biologie pour la classification des
taxons, se révele plus efficace. Elle permet d’identifier les caractéres empruntés, ainsi
que les langues dans lesquels I’emprunt aurait pu avoir lieu — dans certains cas, la

direction du changement peut également étre spécifiée.
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1. ZUSAMMENFASSUNG

Zwei computergestiitzte Methoden zur Ermittlung von Entlehnungen innerhalb einer
Familie genetisch verwandter Sprachen werden vorgeschlagen. Eine Methode, basier-
end auf der Ermittlung von Zweigen negativer Liange in lexikostatistischen Diagram-
men, ist, wie gezeigt wird, ineffektiv. Wir zeigen, dass diese Methode einer anderen,
kiirzlich vorgeschlagenen dhnelt, welche auf dem Skewing in lexikostatistischen Daten
beruht. Eine zweite Methode, die kladistische Techniken nutzt, die gewohnlich zur
Klassifikation biologischer Taxa angewandt werden, ist, so wird gezeigt, effektiver.
Diese Methode erlaubt es, entlehnte Merkmale und die Sprache, zwischen denen die
Entlehnung stattgefunden haben konnte, zu identifizieren — in einigen Féllen kann auch

die Richtung der Entlehnung spezifiziert werden.
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Fig. 1. The unique unrooted lexicostatistical tree for three languages, L;, L; and L.

Also marked on the tree are the branch lengths, /;, /; and /.
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Fig. 2. The lexicostatistical tree for languages L;, L; and L before contact between L; and L;.
This and all subsequent rooted trees displayed in Section 2 have been rooted

using midpoint rooting (Farris 1972).
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Fig. 3. The lexicostatistical tree for languages L;, L; and L after contact between L; and L;.

The length of the branch connecting L; to the body of the tree is negative (—0.090).
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Fig. 4. The lexicostatistical tree for languages L;, L; and L, — no contact.

The length of the branch connecting L, to the body of the tree is negative (—0.295).
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Fig. 5. The lexicostatistical tree and data generated by one typical run of Algorithm 1.
(N=100, r; = r; = ry, = ry. = 80%, t = 5 millennia)
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Fig. 6. Estimated false alarm rate for 100 meanings (5000 runs).
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Fig. 7. Estimated false alarm rate for 100 meanings as a function of .
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Fig. 8. The lexicostatistical tree and data generated by one typical run of Algorithm 2.
(N=100, ; = r; = r = ry = 80%, t = 5 millennia)
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Fig. 9. Estimated miss rate for 100 meanings — 20% borrowing (2000 runs).
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Fig. 10. Estimated miss rate for 100 meanings as a function of ¥ — 20% borrowing.
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— 20% borrowing.
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Fig. 12. The genetic classification of three languages, L;, L; and L.
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(a) Cladogram A (b) Cladogram B (c) Cladogr

Fig. 13. Cladograms for three putative classifications of the taxa in Table 9,

after Kitching et al. (1998).
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Fig. 14. Two cladograms with the same topology and terminal character states,

but different lengths.
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Fig. 15. Two cladograms with the same topology, terminal character states and length.
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Fig. 16. A cladogram for which the most parsimonious assignment

of direction of borrowing can be inferred.

62



: Hakka
Gan

Mandarin

Yue

Xiang

e Min

Fig. 17. A conventional classification of seven Chinese dialects, after You (2000).
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(a) Topology 1

(b) Topology 2

Fig. 18. Two possible topologies for seven Chinese dialects.
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Fig. 19. The most parsimonious assignment of state changes to the character "feather"

on Topology 1.
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(a) All Most Parsimonious

81 Hakka
6 Min

Yue

Mandarin

81 Xiang

(c) Typell
81 Hakka
6. Min
49 Yue
Wu
I Gan
81 Xiang
(e) Type IV

81 Hakka

6. Min
49 Yue

Mandarin

(b) Typel

81

49 Yue

I Xiang
81 Mandarin

(d) TypeIII

81 Hakka

6. Min
45 Yue

Gan

Wu
81 Xiang

() Type V

Fig.20. Consensus trees for (a) the 55 most parsimonious topologies, and

(b—f) the topologies of Type [-V

— each topology requires a minimum of seven character state changes.

(At each node, the number indicates the percentage of topologies that are consistent

with the consensus tree at that node.)
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Figure 21. All most parsimonious assignments of borrowing of the character "feather"

on the consensus trees for topologies of Type I-V.
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M, M, M, M, Ms M M; M M, M
L 0 0 2 2 2 2 2 2 0 0
L 0 0 1 1 0 0 1 1 1 1
Ly 0 0 0 0 1 1 1 1 1 1

Table 1. The character states of ten meanings for languages L,, L; and Ly

before contact between L; and L;.
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L — 20% | 20%
L 1.61 — 60%
L 161 | 051 —

Table 2. Pairwise lexical similarities (above leading diagonal) and lexical distances

(below leading diagonal) for languages L;, L; and L, before contact between L; and L;.
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L — 40% | 20%
L 0.92 — 60%
L 161 | 051 —

Table 3. Pairwise lexical similarities (above leading diagonal) and lexical distances

(below leading diagonal) for languages L;, L; and Ly after contact between L; and L;.
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ll‘ l] lk

before | 1.355 0.255 0.255

after 1.010 | -0.090 | 0.600

Table 4. Branch lengths of the lexicostatistical tree for languages L,, L; and L; both

before and after contact between L; and L;.
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M, M, M; M, M;s M M; M M, Mo
L; 0 0 0 2 2 2 2 2 0 0
L 1 1 0 0 0 0 0 1 1 1
Ly 0 0 0 0 0 1 1 1 1 1

Table 5. The character states of ten meanings for languages L,, L; and L, — no contact.
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L — 10% | 30%
L 230 — 60%
L 120 | 051 —

Table 6. Pairwise lexical similarities (above leading diagonal) and lexical distances

(below leading diagonal) for languages L;, L; and L, — no contact.
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I I I

1.495 0.805 | —0.295

Table 7. Branch lengths of the lexicostatistical tree for languages L;, L; and L, — no contact.
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M, M, Moo Moo

L 0 0 0 0
L 0 0 0 1
L 1 0 .. 0 1

Table 8. The character states of 100 meanings for three hypothetical,
closely genetically related languages L;, L; and L.
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Taxa C G, C; C, Cs Cs
A 0 0 0 0 0 0
B 1 1 0 0 0 1
C 1 0 1 1 1 1
D 1 0 1 0 1 0

Table 9. The character states for four hypothetical taxa having 6 binary characters,

C ... Cs, after Kitching et al. (1998).
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Character | Xi Ga Wu Ma Ha Mi Yu

"eat" 1 1 1 1 2 2 2
"egg" 1 1 1 3 2 2 1
"eye" 1 1 1 1 2 2 1

"feather" | 1 2 2 1 2 1 2
"give" 1 1 2 3 4 5 2

"grease" 1 2 1 3 2 2 2

"know" 1 1 1 2 2 2 2

"say" 1 3 2 2 1 1 1
"small" 1 2 2 2 1 1 1
"stand" 1 1 3 1 2 2 2
"sun" 1 2 1 1 2 2 3
"swim" 3 5 1 4 2 2 1
"walk" 1 1 1 1 2 2 1
"what" 3 1 4 1 2 1 2
"who" 1 1 2 3 5 2 4

Table 10. The character states of 15 informative characters for seven Chinese dialects:

Xiang (Xi), Gan (Ga), Wu (Wu), Mandarin (Ma), Hakka (Ha), Min (Mi), and Yue (Yu).
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. Number of .
Type: Topologies: Borrowings:
| 11 "feather" (x2), "grease", "say", "small", "sun", "what"
11 11 "feather" (x2), "grease", "know", "small", "sun", "what"
111 11 "feather" (x2), "give", "know", "small", "what", "who"
v 11 "feather", "grease", "know", "say", "small", "sun", "what"
A% 11 "feather", "give", "know", "say", "small", "what", "who"
"feather" (55), "give" (22), "grease" (33) , "know" (44), "say" (33),
- > "small” (55), "sun” (33), "what" (55), "who" (22)

Table 11. Borrowings indicated among the 55 most parsimonious topologies

classified into 5 types — seven instances of borrowing are indicated for each topology.
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Character Borrowing (population) Borrowing (parsimonious) Probability
"feather" 9900 55 0932 *
"give" 6930 22 0.000
"grease" 8910 33 0.000
"know" 9900 44 0.000
"say" 8910 33 0.000
"small" 9900 55 0932 *
"sun" 9504 33 0.000
"what" 8316 55 1.000 *
"who" 6930 22 0.000

Table 12. Number of topologies for which borrowing of a particular character is indicated:
a) among all possible topologies (population); and
b) among the 55 most parsimonious topologies (parsimonious).
Also listed is the probability that a random sample of 55 topologies would indicate fewer than
the number of instances of borrowing observed among the 55 most parsimonious topologies.

(Asterisks (*) indicate statistically significant results.)
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Character Implied Borrowing Types
Mandarin — Xiang AND Mandarin — Min I, 11, 111
"feather" Hakka/Yue <> Wu AND Mandarin/Xiang — Min I
Xiang/Mandarin — Min v, v
Yue/Hakka/Min — Xiang LILIIL IV, V
"small"
Wu/Mandarin <> Gan 11, 111
Mandarin/Gan — Min LILIILL IV, V
"what"
Hakka <> Yue LILILIV,V

Table 13. Summary of the most parsimonious assignments of borrowing of characters

"feather", "small" and "what" among the seven Chinese dialects.

For each character, the multiple rows indicate alternative borrowing hypotheses.
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