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Abstract

South Africa, with its twelve official languages,
is an inherently multilingual country. As such,
speakers of many of the languages have been
in direct contact. This has led to a cross-over
of words and phrases between languages. In
this article, we provide a methodology to iden-
tify words that are (potentially) borrowed from
another language. We test our approach by
trying to identify words that moved from En-
glish into Sesotho (or potentially the other way
around). To do this, we start with a bilin-
gual Sesotho-English dictionary (Bukantswe).
We then develop a lexicographic comparison
method that takes a pair of lexical items (En-
glish and Sesotho) and computes a range of
distance metrics. These distance metrics are
applied to the raw words (i.e., comparing or-
thography), but using the Soundex algorithm,
an approximate phonological comparison can
be made as well. Unfortunately, Bukantswe
does not contain complete annotation of loan
words, so a quantitative evaluation is not cur-
rently possible. We provide a qualitative analy-
sis of the results, which shows that many loan
words can be found, but in some cases lexical
items that have a high similarity are not loan
words. We discuss different situations related
to the influence of orthography, phonology, syl-
lable structure, and morphology. The approach
itself is language independent, so it can also be
applied to other language pairs, e.g., Afrikaans
and Sesotho, or more related languages, such
as isiXhosa and isiZulu.

1 Introduction

In multilingual environments, speakers from dif-
ferent languages are regularly in direct contact
with each other, which often influences their lan-
guages. In a multilingual country such as South
Africa, where there are twelve official languages
(Afrikaans, English, Sepedi, Sesotho, Setswana,
Siswati, Tshivenda, Xitsonga, isiNdebele, isiXhosa,
isiZulu, and, recently added, South African Sign
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language) and several other non-official languages,
language change through a process of borrowing is
inevitable (Campbell, 2013).

Language contact can have a wide range of influ-
ences on the languages. For example, borrowing of
various aspects such as lexical items, morphologi-
cal, or phonological aspects (Hock, 1991), but also
code switching or code mixing are possibilities.
Of these aspects, borrowing lexical items typically
happens most easily (Bergerson, 2011). The de-
gree to which lexical items of one language can be
adapted is influenced by various factors, such as
social status of the language and usability in daily
life (among others).

Given that borrowing of lexical items occurs
most frequently, it will be useful to have an auto-
matic, objective way of identifying items that may
have been borrowed. Although it may be impossi-
ble to decide in an automated way whether lexical
items are borrowed or not, or from which language
the items are borrowed, having an automated way
to identify potentially borrowed lexical items will
greatly help with the identification of such items.

As borrowed lexical items show similarities on
the orthographic or phonemic level, it may be possi-
ble to identify them using a computational similar-
ity measure. We take a similar approach as that of
computing text similarity. Whereas text similarity
measures compute similarity between texts (see, for
instance, Majumdar (2025)) by considering lexical
overlap between two texts, we are interested in the
overlap between lexical items. In other words, we
will use similarity measures to compute the overlap
of letters between two lexical items.

If we want to identify the extend of lexical bor-
rowing between two languages, we need to com-
pare the lexicons of the languages. Ideally, we
would like to know which lexical items in the two
languages are related to each other (most likely
semantically as loan words typically have a very
similar meaning). For this, a bilingual dictionary
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is useful, because the lexical items in the two lan-
guages are linked based on their meaning. In this
research, we use the Sesotho-English Bukantswe
online dictionary (Olivier, 2016), which contains
over 10,000 entries. Lexical similarity between
pairs of Sesotho-English lexical items can then be
computed using a range of similarities measures.

The aim of this article is to investigate the feasi-
bility of identifying loan words from English into
Sesotho using computational means. Even though
we do not expect the computational approach to
provide final decisions on whether lexical items
are loan words (as that most likely requires further
linguistic investigation), the approach should help
identify potential loan words, which will allow for
a more efficient approach to a more complete inves-
tigation of loan words from English into Sesotho.

This research takes place in the context of the
South African languages, which, given the intense
interaction between speakers of the different lan-
guages, form a perfect environment for the investi-
gation into language contact and language change.
Having automated ways to help identify language
change, such as lexical borrowing or loan words,
will allow for a more focused and time-efficient re-
search on these matters. For instance, Zulu (2013)
mentions that limited work has been done on dis-
tance measures and this is even more pressing for
the South African languages. Even though the fo-
cus here is on Sesotho-English interaction, this
work can also be applied to other (South African)
language pairs.

The article is structured as follows. We start
with a short background on language contact and
lexical similarity. Next, we provide the method-
ology where we discuss the data collection used
as well as the proposed metrics to compute lexical
similarity. We then apply these metrics to the data
collection and provide an overview of the results.
This is followed by a discussion of the results and
finally we provide a conclusion.

2 Background

In this article, we will look at the identification of
loan words in Sesotho from English. Sesotho is one
of the official languages of South Africa, Lesotho,
Zimbabwe, Zambia, and Botswana and is closely
related to Sepedi (Northern Sotho) and Setswana.
In contrast, English, a part of the Germanic (Gmc)
language group, is an official language in many
countries, including South Africa, Lesotho, and

many others. English is considered a global lan-
guage (Eventhough, 2012; El Garras, 2025; Mn-
guni, 2021; Kamwangamalu and Moyo, 2003; Kula
and Marten, 2008).

Sesotho and English have been in close contact
in South Africa for a while. In South Africa, En-
glish was introduced during the 19th century, and
by the end of the century, it was used in many
black communities as well (Silva, 1997). Against
this background, language contact between En-
glish and Sesotho was unavoidable. Due to the
power dynamics between the two languages, Ba-
sotho (Sesotho-speaking communities) had to learn
English, which led to Sesotho borrowing words
from English. Additionally, modifications (phono-
logical, morphological, grammatical) of English
loan words took place to properly fit the English
loan words in Sesotho (Kunene, 1963). Due to
the nature of the relationship between English and
Sesotho, it was mostly Sesotho borrowing from
English (and not vice versa). Note, that similar
processes took place for Afrikaans (Majola and
Lemeko, 2024).

In Southern Sotho Words of English and
Afrikaans Origin, Kunene (1963) investigates, com-
pares, and discusses methods of adapting words
of English and Afrikaans origin to the grammat-
ical and phonemic structures of Southern Sotho
(Sesotho). A number of examples are provided that
illustrate the influence of English (and Afrikaans)
on the Sesotho lexicon. This shows the exten-
sive lexical borrowing between the languages even
though the languages are very different.

The examples in Kunene (1963) are hand picked
to illustrate the different types of adaptations of
loan words in Sesotho. Such an approach is suitable
for describing the variety of loan words and their
modifications, but it does not allow for a more
quantitative analysis of loan words. For this, a most
automated way to identify possible loan words is
required.

2.1 Language Contact

Language contact is a phenomenon that occurs
when speakers of different languages interact and
their languages influence one another (Matras,
2020). It may lead to language change, for in-
stance, through the borrowing of words, but it may
even lead to new languages. In general, the inter-
actions have the ability to influence languages as
we known them, resulting in observable additions,



subtractions, changes, and similarities in their lexi-
cons. As such, information on how the interaction
between the languages took place may also teach
us about the history of these languages.

Historically, in Africa, Southeast Asia, and Ocea-
nia, Germanic languages came into contact with
other languages, particularly as a result of coloniza-
tion and trading activities. Riehl (2025) has seen
many languages adapting and adopting certain sec-
tions of one language and then assimilating it into
their own. In the context of the influence of the
Germanic languages on South African languages,
it is useful to have tools that can help identify these
influences (semi-)automatically.

2.2 Language similarity

There are several ways to measure the impact of
language contact on the different languages. With
language contact come different types of similari-
ties and measurements, which can be used on lan-
guages, such as lexical similarities, dialectometry,
lexicostatistics, and many others. For the sake of
this article, we will briefly share a few of them.

Lexical similarity is a natural language process-
ing concept that focuses on similarities that exist
between words and texts of different languages.
According to Ethnologue', it is the percentage of
lexical similarity between two linguistic varieties,
which is determined by comparing a set of stan-
dardized word lists and counting those forms that
show similarity in both form and meaning. This
is particularly interesting for many low-resource
languages (such as Sesotho) that share certain lexi-
cal similarities with some high-resource languages
(such as English) (Maurya et al., 2023).

Many systems have been proposed to build re-
sources automatically based on lexical similar-
ity (Jadi et al., 2016). To provide a few exam-
ples of previous research in the area of lexical
similarities, we mention work comparing Ger-
man and Afrikaans (Bergerson, 2011), Khelobedu,
Tshivenda, and Sepedi languages (Tebogo and
Mandende, 2023), English, Sesotho, and Afrikaans
(Kunene, 1963), English and Portuguese (Giinther
et al., 2019), and English and German (Garcia and
de Souza, 2014).

Related work can also be found in the field of
dialectometry (which aims to measure the distance
between dialects of a language). Dialects of a lan-
guage are often mutually intelligible, meaning that

ISee https://www.ethnologue.com/methodology/.

speakers of one dialect can understand speakers
of the other dialect (Gooskens and Van Heuven,
2022). This means that the research in this field
can focus on the linguistic variations between the
dialects. The lexical variation is often clear be-
tween dialects and can be measured. As such,
there has been a wide range of work in this field,
see for example, Heeringa and Nerbonne (2001);
Nerbonne and Kretzschmar (2003); Nerbonne and
Kretzschmar Jr (2013); Wieling and Nerbonne
(2015) for an overview of the field. If we look
at such research on the official South African lan-
guages, we find that some work has been done
comparing isiZulu and isiXhosa (Zulu, 2013).

Phrasal similarities check the extent to which
phrases in different languages are similar. Vari-
ous data models have been developed such as the
Document Index Graph, which indexes web doc-
uments based on phrases, rather than single terms
only (Hammouda and Kamel, 2002). As such, this
measure calculates the similarities based on the ra-
tio of how much they overlap and rewards phrases
with high frequency, significance level and length
(Momin et al., 2006).

Semantic similarity is a relation between con-
cepts on the level of meaning (Kolb, 2009). In
semantic similarity, the likelihood of occurrence of
a concept is determined by its frequency in a corpus
(Li et al., 2003). Though it has been a part of natu-
ral language processing and information retrieval
discussions for many years, it is has been a problem
for many applications of computational linguistics
and artificial intelligence (Li et al., 2003).

On a more general level, the field of lexicostatis-
tics measures the similarity or difference between
languages which shows a degree of relatedness and
this provides a value that describes the distance
between the languages. Based on these distances,
family tries of languages can be constructed, which
indicate relatedness between languages and may
even be used to create proto-languages, which indi-
cate historical relationships (Dyen, 1964).

Throughout the previous research described in
this section, several computational techniques are
used regularly. In particular, measures that describe
the similarity or distance between lexical items,
such as the edit-distance or Levenshtein distance
(Wagner and Fischer, 1974) or Damerau distance
(Damerau, 1964), are used. Here we also use the
Levenshtein distance, but also consider a number
of additional metrics coming from the field of in-



formation retrieval, where such measures are used
to evaluate the set of documents found by the infor-
mation retrieval system.

3 Methodology

To identify which English words may have influ-
enced or are incorporated in Sesotho, we need ac-
cess to lexical items in both languages. Ideally, the
lexical items should be translations of each other.
Bilingual dictionaries offer exactly this: the lex-
ical items in the dictionary are paired based on
their meaning. Given pairs of lexical items, we can
then investigate whether the lexical items in both
languages are similar enough.

Starting with a pair of lexical items we need to
decide if the words are similar enough that they
could be related. To decide whether a word may
be a loan word, we assume that, in such a case, the
words should be orthographically or phonologically
similar (and at the same time that words that are not
loan words are orthographically and phonologically
dissimilar). We implement a range of distance and
similarity metrics to help identify the loan word
pairs.

Even though the methodology proposed is lan-
guage independent, in this article, we will focus
on Sesotho-English word pairs. We already know
that Sesotho has borrowed from English as several
lexical items are marked as such in the data col-
lection that we are using (see below). Note that
in this article, we assume that there are words that
were incorporated into Sesotho from English, but it
may also be the case that some Sesotho words have
been taken over in (South African) English. This
method does not identify the direction.

3.1 Data collection

To investigate which words are (potentially) loan
words, we require lexical items in the two lan-
guages. These lexical items could be extracted
from (large) corpora in the languages, which can
provide lists of lexical items. However, in such a
case it is unclear which words in the two languages
have similar meaning. (We assume that loan words
have similar meaning.) Aligning words with simi-
lar meaning in two languages is challenging. How-
ever, bilingual dictionaries provide lexical items in
two languages where the lexical items are directly
linked to each other based on their meaning.

Here, we make use of the Bukantswe Sesotho-
English Bilingual Dictionary, which is developed

by Olivier, Masilo, and Thejane and is publicly
available?. In this data collection, each line con-
tains a pair of lexical items (separated by a tab) with
the Sesotho lexical item in the first column and cor-
responding English in the second. The English
column sometimes also contains some additional
information in brackets, such as part of speech (e.g.,
adj. v., n.) and whether the Sesotho lexical item
is borrowed from English (<Eng) or Afrikaans
(<Afr). In total, the dictionary contains 10,084
entries, but some of the entries contain multiple
(comma separated) lexical items. After splitting
these items and removing duplicate entries, the
data collection contains 12,958 entries.

3.2 Maetrics

To compare how similar two lexical items are, we
compute their distance. There are many metrics
that can be used for this purpose. Table 1 provides
an overview of the metrics used in this article. Note
that the metrics used here focus on the orthogra-
phy (and through Soundex on the pronunciation).
For example, metrics that take into account con-
texts of the use of the lexical item, such as word
vector models (Turney and Pantel, 2010), are not
used here. Several of the used metrics come from
the field of information retrieval (Manning et al.,
2008) to compare search results of different search
systems. In Table 1 we provide the name of the
metric, the implementation, whether the metric is
a distance or similarity metric, whether the metric
takes the ordering of letters in a word into account,
and the range of the values of the metric.

To compute word similarity or distance’, we
compare words by looking at their individual letters.
A relatively simple metric to compute letter overlap
is the Jaccard metric. This metric does not take
the order of letters into account. The formula is
applied after the lexical items are converted into
a bag (which allows for letters to occur multiple
times), which is slightly different from the regular
definition of the Jaccard metric, which works on
sets. Similarly, the Euclidean and Cosine metrics
are computed based on vectors that describe the
bag of letters of the lexical items. This essentially
compares the number of occurrences of the letters

“This resource can be downloaded from SADILaR’s repos-
itory: https://hdl.handle.net/20.500.12185/419.

3Similarity metrics are have high values when words are
similar and low when words are dissimilar, whereas distance
metrics have low values when words are similar and vice
versa.



in the lexical items one by one. The Hamming
distance, Levenshtein distance, Levenshtein ratio,
and the Jaro metric do take the order of the letters
of the words into account. The Hamming distance
requires lexical items of the same length, which is
attained by padding the shorter lexical item. For the
Levenshtein distance and ratio, we use the standard
weights for the edit operations (one for insertion,
deletion, and substitution).

Several other metrics could be implemented
and experimented with as well, such as the Dam-
erau-Levenshtein distance (Damerau, 1964) or the
Jaro-Winkler metric (Winkler, 1990), just like a
number of variations of the current metrics (e.g.,
the standard set-based Jaccard metric, different
weights for the Levenshtein distance). However,
due to space constraints we will focus on the met-
rics in Table 1 only here.

The metrics described so far are applied to the
orthographic representation of the lexical items.
However, some words may have a similar pronun-
ciation even if their orthographic representation is
different. The Soundex algorithm (Knuth, 1998)
maps phonetically similar orthographic letters onto
common symbols. (Note, however, that Soundex
is developed for English.) The metrics described
in Table 1 can be applied to the Soundex converted
sequences as well.

The different metrics and Soundex conversion
are implemented in Python. We used the Leven-
shtein* package for most of the different metrics,
and the Soundex® package to map orthography to
Soundex sequences.

4 Results

For all the lexical items that we find in the
Bukantswe bilingual dictionary, we compute the
distance metrics as mentioned in Table 1. We first
look at the correlations between the different met-
rics to understand the general behavior of the dif-
ferent metrics with respect to each other.
Following that, we look at a sample of the lexical
items in the dictionary. We can try to identify loan
words by sorting the items based on the computed
distance values. The assumption is that lexical
items that have a low distance are very similar (in
orthography or in phonetic representation in the
Soundex case). These words are possibly lexical

4See
python-Levenshtein/.
5Seehttps://pypi.org/project/soundex/.

https://pypi.org/project/

items that have gone from one language to the other.
We provide examples where indeed loan words
are identified, but also cases where the metrics do
not provide the right information. Unfortunately,
the information in Bukantswe on whether lexical
items come from English is not complete, so a fully
automated evaluation is currently not possible.

4.1 Correlations

To investigate how the different metrics behave,
we first investigate the correlations between the
calculated values. In total we implemented seven
metrics (Jaccard, Euclidean, Cosine, Levenshtein,
Levenshtein ratio, Hamming, and Jaro), but these
are also applied to the Soundex representation, so
in total we have fourteen variants to compare.
Creating a correlation matrix shows that all cor-
relations are significant (v = .05), except for the
Levenshtein and Cosine metrics (p = .058) and
Hamming and Jaro (p = .072). The correlation ma-
trix (shown in Table 2) illustrates that there is quite
some variation between the results of the different
metrics. Depending on the metrics, the correlation
can range from very weak (e.g., Levenshtein ver-
sus Cosine with r = —.02) to very strong (e.g.,
Levenshtein versus Hamming with » = .97 and
r = .94 with Soundex, Jaccard versus Cosine with
r = .92 and » = .93 with Soundex, or Jaccard
versus Levenshtein ratio with r = .92 and = .95
with Soundex). This means that we should consider
the effectiveness of the different metrics separately.

4.2 Analysis of lexical items

As mentioned before, the information on English
loan words in Sesotho as marked in Bukantswe is
not complete. As such, we cannot perform a com-
putational evaluation of the entire data collection.
Here we will look at a sample of the lexical items
that show low distance (based on a few metrics).

Words that are very different, e.g., “bonolo” ver-
sus “ease” get the lowest value for the similar-
ity metrics (0), and high values (e.g., 4.24 for
Euclidean, 6 for Hamming and Levenshtein) for
the distance metrics. Similar values are found for
the Soundex versions of the metrics (2.24 for Eu-
clidean, 3 for Hamming and Levenshtein Soundex).
In contrast, words that are exactly the same, e.g.,
“radar” have the highest value for similarity met-
rics (1) and the lowest value for distance metrics
(0). The Soundex versions are exactly the same for
these.



Table 1: Overview of metrics to compute lexical distance. Where A and B are bags of letters of the lexical items,
whereas A and B describe sequences of letters. We provide the implementation, type (distance or similarity),
whether the order of letters is taken into account and the range of the values.

Metric Implementation Type Order of letters Range
ANB

Jaccard 108 Similarity ~Unordered 0,1]

Euclidean VZicaup(4A; — B;)? Distance ~ Unordered [0, 00)
A-B

Cosine —_— Similarity Unordered [0, 1]

A B]
Hamming Hamming (1950) Distance  Ordered [0, 00)
Levenshtein Wagner and Fischer (1974) Distance  Ordered [0, 00)
Levenshtein(A, B

Levenshtein ratio 1 — —— > emq( . B) Similarity Ordered [0, 1]
A + | B

Jaro Jaro (1989) Similarity ~Ordered 0,1]

For words like “diesel” (English) and “disele”
(Sesotho), which have the same letters, but in a dif-
ferent order, we see that for the unordered metrics,
the values are optimal, but, as expected, the ordered
metrics show slight variation (4 for Hamming, 2
for Levenshtein, 0.83 for Levenshtein ratio, and
0.89 for Jaro).

The Soundex algorithm is effective in words
such as “afrika” (Sesotho) versus “africa” (English).
The orthography is very similar (e.g., Jaccard 0.71,
Euclidean 1.41, Cosine 0.88, Levenshtein 1, Lev-
enshtein ratio 0.83, Hamming 1), we have opti-
mal scores for the Soundex versions of the metrics
as the “k” and “c” are mapped to the same sym-
bol. In situations like these, the Soundex algorithm
has a major impact on the identification of sim-
ilar words. Similar situations happen for words
like “leaforikanere” versus “afrikaner”, “disetate-
mente” versus ‘“‘statement”, “faele” versus “file”,
and “yunifomo” versus “uniform” (all Sesotho ver-
sus English words).

Given these results, it seems that the met-
rics work well, with the Soundex having advan-
tages where the orthography is slightly different.
However, there are also situations where the ap-
proach may not work. For example, according
to the Bukantswe dictionary, “sekete” or “dikete”
(Sesotho) comes from “circuit” (English). If we
look at the metrics, we find low scores for the simi-
larity (0.08 Jaccard, 0.09 Cosine, 0.15 Levenshtein
ratio, and 0.44 Jaro) and high values for distance
(4.58 Euclidean, 7 Hamming and Levenshtein) with
somewhat better scores for the Soundex variants
(0.4 Jaccard, 0.58 Cosine, 0.57 Levenshtein ra-

tio, and 0.72 Jaro, 1.73 Euclidean, 4 Hamming
and 2 Levenshtein) with slighly higher values for
“dikete”.

Looking at the words that have a high similar-
ity (or low distance), especially using the Soundex
metrics, we can identify a number of reasons for dif-
ferences in the words. First, there are relatively sim-
ple orthographic differences. For example, “histori”
(Sesotho) versus “history” (English), or “mengo”
(Sesotho) versus “mango” (English). Second, there
are words with orthographic changes based on the
phonology or the structure of Sesotho syllables in
words such as “boroto” (Sesotho) versus “board”
(English), “keresemese” (Sesotho) versus “christ-
mas” (English), or “potefoliyo” (Sesotho) versus
“portfolio” (English). Third, there are morpholog-
ical influences in cases like “dibanana” (Sesotho)
versus “banana” (English), or “ditonki” (Sesotho)
versus “donkey” (English). (Note that some words
may show a combination of these, such as “oke-
sejene” (Sesotho) from “oxygene” (English) as
Sesotho does not use “x” in its orthography and
the “kese” is added due to syllable structure.)

Whereas many “modern” words (like “visa”,
“radio”, “bikini”, “sms”) are borrowed from En-
glish as well as names of countries (e.g., “Zam-
bia”, “Zimbabwe”), we also see names that may
have been borrowed by English (e.g., “Kgalahadi”
(Sesotho) and “Kalahari” (English).

Unfortunately, there are also a number of words
that have a high similarity (or low distance) even
though the Sesotho words do not come from the
English words. For example, “ba batle” (Sesotho)
versus “beautiful” with (all Soundex metrics) a Jac-



Table 2: Correlation matrix () of all metrics.
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card and Cosine values of 1, and Levenshtein value
of 2, Levenshtein ratio of 0.75 and Jaro of 0.92.
Similarly, it is unlikely that “nko” (Sesotho) comes
from the English word “nose” (English), similarly
for “amohetse” (Sesotho) versus “accommodated”
(English).

We also see a number of words that have a
high similarity and low distance that most likely
come from Afrikaans, although the English word
is similar as well. Examples of these are “tanki”
(Sesotho) versus “thanks” (English) and “dankie”
(Afrikaans), or “sekere” (Sesotho), “shears” (En-
glish) and “skér” (Afrikaans).

5 Discussions

This article provides an automatic way to identify
similar words in bilingual word lists. The under-
lying assumption is that such words are likely to
represent words that are borrowed from one lan-
guage to the other. Different metrics have been
proposed that rely on orthographic or (through
Soundex) phonologic similarities. These metrics
have been applied and investigated on Bukantswe,
a Sesotho-English dictionary.

This approach illustrated that many loan words
can automatically be identified. The data collection
contains a number of word pairs where the words
are exactly the same, but also many words that are
similar in the sense that orthographic, phonologic
or morphologic differences can be filtered out.

This research extends the work by Kunene
(1963) in the sense that the proposed approach can
(semi-)automatically identify words that are bor-
rowed from another language. Whereas Kunene
(1963) focused on Sesotho words from either En-
glish or Afrikaans, we have focused on English
only, although (as illustrated in Section 4.2) some
loan words of Afrikaans origin were also identi-
fied. Since some Afrikaans and English words are
quite similar (due to Afrikaans and English being
members of the Germanic language group), it is
not always clear what the original language is.

The work by Kunene (1963) also shows that a hu-
man, manual analysis of the results is still needed.
Even though the proposed techniques identify simi-
lar words, it does not explicitly indicate borrowings.
Furthermore, even in the case of borrowings, it does
not indicate the direction of borrowing. While for
the Sesotho-English case (in particular for “mod-
ern” words) this is often clear, when applying these
techniques to other language pairs (e.g., isiZulu-



isiXhosa), the picture may be much more difficult.

The results also indicated that there are some
structural differences as Sesotho has more com-
plex morphological structures when compared to
the English words. For example, Sesotho’s noun
class information is encoded as prefixes on nouns
(Moloi and Thetso, 2014), which has no clear equiv-
alent in English. These structural differences can
potentially be handled in a consistent way. The
current metrics do not take this explicitly into ac-
count. Such an approach would make the method
language dependent, however.

6 Conclusion

In this article, we have described an approach to
identify a computational approach to identify lex-
ical items that are similar in two languages. We
have applied this to lexical items from a Sesotho-
English bilingual dictionary with this assumption
that such similar words are most likely words that
have been incorporated in Sesotho from English.

We have implemented seven distance metrics
with different properties (such as taking the order
of letters in the word into account or not) and we
have applied the same metrics to a Soundex repre-
sentation of the lexical items. The Soundex repre-
sentation is an approximate phonological represen-
tation, contrasting from the orthographic dictionary
entries. The metrics showed varied correlations,
which indicates that they do describe alternative
distances.

Unfortunately, we could not find a data collec-
tion that provides information on which words are
actually incorporated from English into Sesotho, so
a structural, computational analysis of the different
metrics was not possible. However, the metrics did
help to identify words that are quite similar, which
may potentially save much time when trying to
find borrowed words. Further (linguistic, historic)
research needs to take place to properly identify
those words that are incorporated into Sesotho from
English.

The computational approach described in this ar-
ticle shows promising results, but a more controlled
evaluation is needed. This, however, requires anno-
tated data (e.g., containing word pairs in addition to
a label that indicates whether that the lexical items
are related).

The currently investigated metrics do not take
any morphological information into account. The
Sesotho lexical items show a different morpholog-

ical structure, for instance, including morphemes
that describe the noun class. English and Sesotho
morphological structure is different, leading to (al-
most) regular differences which could be imple-
mented as part of the distance metrics.

Limitations

The research in this article has a number of limita-
tions. First, the data collection used (Bukantswe’s
bilingual Sesotho-English dictionary) contains not
only words, but also some multi-word expressions.
Even though these are interesting to investigate,
comparing these as lexical items is challenging as
some words may be loan words, but the entire ex-
pression does not necessarily have to.

Second, Bukantswe does not have complete tag-
ging of English loan words. Even though some
lexical items have a tag indicating this, there are
many lexical items that are loan words from En-
glish without the tag. Complete information allows
for a more robust evaluation of the methodology
used.

Third, we assume that if the lexical items are sim-
ilar enough (according to a particular metric), there
is arelation between the words. As the lexical items
are orthographically similar (or potentially similar
on the phonologic level when using Soundex), this
does not necessarily mean that these words are loan
words. Even if they are, the direction of the relation-
ship is not identified. Even though in this case it is
more likely that words are taken from English and
incorporated in Sesotho, there may be words taken
from Sesotho and incorporated in South African
English.
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