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ABSTRACT: All natural languages exhibit a great deal of internal variationsin terms of a specific set of linguistic items or
human speech patterns such as sounds, words or grammatical features which can uniquely associate with some external
sociolinguistic factors such as geographical area or social group. The present study investigated the probabilities of
occurrence of  seventeen function words, thirteen content words and three idiosyncratic features in the electronic texts
worded in the English language variants from Cameroon and four West African countries, namely Ghana, Liberia, Nigeria
and Serra Leone. The findings show that there is no significant difference in the distribution of the word ‘the’ among all
corpora. Multiple comparison testsreveal ed different level s of relationships among the countries’ corpora. The study reveals
linguistic similarities between the Serra-Leonean and Liberian texts and between the Ghanaian and Nigerian texts, while
Cameroonian corpus was found to be the most significantly different from that of Nigeria.
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1. Introduction

Language is an intricate system of structural components for encoding and decoding information. It is an age long means of
expressing thought, feelings, meanings, and perceptions as well as for recording human thoughts and organizing them [7].
Language can be broadly classified as either artificial or natural. Natural language is the language that is used for everyday
communication by humans, such as the English, Hindi, or Portuguese languages. In contrast to artificial languages such as
programming languages and |ogical formalisms, natural languages have evolved asthey passfrom generation to generation [5].
One of the most fascinating things about the natural language is its seemingly infinite variety induced by space, time, and
situation [4]. [6] made an observation that, different groups of people speaking or writing in aparticular genreandin aparticular
language use that language differently.

All natural languages exhibit a great deal of internal variations in terms of a specific set of linguistic items or human speech
patterns such as sounds, words, or grammatical features which can uniquely associate with some external sociolinguistic
factors such as geographical areaor social group [22]. Language varieties are also established by such social factors as class,
status, education, group identity, geography, topic, mode, situation, and relationship of the participants in the speech amongst
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others [2]. Other factors that impact on language include contact between languages and technological changes [5].

The English language is one of the most widely used languages in the world. Historically, the standard variety of English is
based on the dialect of English that developed in England after the Normal Conquest resulted in the removal of the Court from
Winchester to London. This standard became the one preferred by the educated, and it was devel oped and promoted asamodel,
or norm, for wider segments of society, it wasal so the norm that was carried overseas|[22]. The establishment of coloniesby the
British led to the spread of English to many partsof theworld likeAmerica, Canada, Australia, Africa, South Asia, and so on; the
language devel oped differences which distinguishesit from the language of England. There are peculiarities of pronunciation
and vocabulary which mark off national and real variety from that of the mother country and from one another.

The 1980s witnessed a surge of interest in the English that had been developing in countries where English is not the mother
tongue of the majority of citizens, but has, nevertheless a wide range of functions, may be alingua franca, enjoys official or
semi-official status, and may in short be English as a ‘second language’ [10]. Previous studies included those that analysed
linguistic features of the variants of the language from specific countries [14] and [15] and those that compared variants from
multiple countries, for example, [12] [13] and [18].

1.1LanguageDiversity in West Africa

West Africa, as portrayed in the map in Figure 1, refersto agroup of sixteen (16) countriesthat are found in the north western
region of the African continent. The countriesin theregion are Benin, BurkinaFaso, Ivory Coast, Cape Verde, Gambia, Ghana,
Guinea, Guinea-Bissau, Liberia, Mali, Mauritania, Niger, Nigeria, Senegal, SierraLeone and Togo. Statisticson language diversities
of various countries, as presented by [15] revealed that countries in this region are extremely linguistically diverse. Table 1,
compiled from[15] and [17] showsthelinguistic diversity indices, numbers of living languages, national languages and colonial
masters of these countries. Thelinguistic diversity index isthe probability that any two people of acountry selected at random
would have different mother tongues as stated by Liebersonin 1981 [15].
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Figure 1. Map of West Africa

Source: Google maps (2012)

The highest possible value, 1, indicates total diversity (that is, no two people have the same mother tongue) while the lowest
possiblevalue, 0, indicatesno diversity at all (that is, everyone has the same mother tongue). As shown in the table, Cameroon
isthemost linguistically diverse country with anindex of 0.946 while Cape Verdeistheleast with anindex of 0.070.

Thetable also showsthat almost every country retains her colonial master’slanguage as her own national and official language,
and these include the five countries col onised by Britain or Americawhich retain the English Language as official. Interactions
between the English language and the various |ocal languagesin these West African countrieswould in no doubt impact on one
another in forms that vary in different countries, thereby resulting in peculiar usage of the English language in each local
context.
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Country aggfty E;;L;égng Colonial master ngrllzl?lazneg National
Benin 0921 5% France French
BurkinaFaso 0.773 70 France French
Cameroon 0.946 27 Germany, France English and French

and Britain
CapeVerde 0070 2 Portugal Portuguese
Gambia 0.780 PA] Britain English
Ghana 0.805 & Britain English
Guinea 0.74 3 France French
Guinea-Bissau | 0871 P:3) Portugal Portuguese
Liberia 0916 3 USA English
Ivory Coast 0917 B France French
Mdi 0.874 60 France French
Mauritania 0.183 10 France Arabic
Niger 0.640 2 France Portuguese
Nigeria 0.869 521 Britain English
Senegd 0.775 46 France French
Sierraleone 0822 Ie) Britain English
Togo 0.897 413 Germany; France French
Adapted from [15] and [17].

Table 1. West Africaand Language Diversity

Linguistic idiosyncrasies refer to features that reflect peculiar usage of a language that departs from the convention of its
standard usage. They are the non-standard usage or orthography in the usage of a language, though often such usage or
orthography simply reflects different cultural traditions or deliberate author’s choice [12]. With the English language spoken
over wide areas and in different environmentsin the world, it would be strange if its forms and idioms, as employed by native
users and in the parent home, remained unaffected in those foreign areas and environments, hence the emergence of varieties
of thelanguagein thelocalitiesinwhichitisused [14].

[1] reported that native speakers of English have noticed that the English used in West Africa reveals in varying degrees
vernacular influences at the morphological, syntactic and semantic levels; as well of course as at the phonological level of
spoken language. According to him, some idiosyncratic features in English language usage in the Nigerian context include
modification of some structural units of the native-speaker variety, adaptations through borrowing (for example, egungun,
ofala, aghada) redefinition of usage (brother, father, chief) neologisms (go slow), loan rendition (for example, kiakia-bus,
wonyosi-lace), loan translation (for example, long leg) and outright transfer from the local language, amongst others. [14] and
[10] also submitted that erroneous usage of articles (omission/ deletion) and inversion of verb-adverb to adverb-verb characterize
Nigerian usage of English. Writers' spelling, grammar, and usage in a second language have also been found to be influenced
by patternsin their native language as demonstrated by [12] and [3].

1.2 Natural Language Processing (NL P)

NLPisatheoretically motivated range of computational techniquesfor analyzing and representing naturally occurring texts at
one or more levels of linguistic analysis for the purpose of achieving human-like language processing for arange of tasks or
applications [16]. Natural language processing approaches fall roughly into four categories, which are symbolic, statistical,
connectionist, and hybrid.

Statistical approaches employ various mathematical techniquesand often uselargetext corporato devel op approximate generaized
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models of linguistic phenomena based on actual examples of these phenomena provided by the text corpora without adding
significant linguistic or world knowledge. In contrast to symbolic approaches, statistical approaches use observable dataasthe
primary source of evidence. Statistical approaches have proven to be effective in modelling language phenomena based on
frequent use of language asreflected in text corpora. Linguistic phenomenathat are not well understood or do not exhibit clear
regularity are candidates for statistical approaches. Generally in Statistical NL P, people cannot actually work from observing a
large amount of language use situated withinits context in theworld. So, instead, people simply usetexts, and regard the textual
context asa surrogate for situating languagein areal world context (Manning and Schutze, 1999).

The present study employs the statistical language modelling techniquesto further investigate the English language variations
by examining el ectronic texts from selected English-speaking West African countries and Cameroon with aview of comparing
the probabilities of occurrence in them of seventeen function words, thirteen content words and three idiosyncratic linguistic
features.

1.3Metricsof Language Comparison

Language, like genetics, can be characterized by a very large set of potential features that may or may not show up in any
specific sample, and that may or may not have obvious|arge-scaleimpact. By identifying the features characteristic of the group
or individual of interest, and then finding those features in the studied document, one can support a finding that the document
was written by that person or a member of that group [11]. This can therefore, be used to compare the writing styles of
individuals or groups. The various feature sets, otherwise known as feature metrics can be classified into four main classes,
which arelexical, syntactical, content-specific and structural features.

Lexical featuresarethe characteristics of both charactersand words or tokensin atext. The most rel evant character-based lexical
metrics include frequency of |etters; frequency of capital letters, total number of characters per token and character count per
sentence, while word-based lexical features may involves analysis of specific words or their properties such as word length
distribution, words per sentence, and vocabulary richness [9].

Syntactic analysisis based on relative frequencies of different syntactic constructions, made possible by development of fast
and reliable statistical natural-language processing techniques [13]. It captures an author’s writing style at the sentence level,
and it isoften referred to as stylistic analysis. The discriminating power of syntactic featuresis derived from people’s different
habits of organizing sentences [11]. Metrics used in syntactic analysis include word n-gram, distribution of parts of speech,
function words and punctuations. The advantage of distributions of function words and syntactic featuresis that they are not
under the author’s conscious control, and therefore provide good clues for analysing the author of the text [3].

Structural features capture the way an author organizes the layout of a piece of writing [11]. Structural features are used to
measure the overall layout and organization of text within documents. Metrics used in structural analysis include average
paragraph length, number of paragraphs per document [9]. They also include use of formatting, spacing, colour, fontsand size
changes, and similar non-linguistic aspects of information presentation [11]. Presence of greetings and their position within the
e-mail, presence of sender signatureincluding contact information are structural features of e-mail documents[9].

Content-specific featuresare collection of certain keywords commonly found in a specific domain and may vary from context to
context even for the same author. Metrics used include relative frequencies of content words and sequences and collocations
of content words. They are basic types of features that can be used for authorship profiling because they reflect the fact that
different populations might tend to write about different topicsaswell asto expressthemselves differently about the sametopic
[13]. However, they must be used with caution because content markers might just be artefacts of aparticular writing situation
or experimental setup and might thus produce overly optimistic resultsthat will not be borne out in real-life applications[3].

The present study modelled statistically the English language variants of selected countries, using the function and content
words. While function words are widely supported in language comparison and authorship attribution studies because they are
not under the author’s conscious control, there is a caveat in the use of content words because they might just be artefacts of
aparticular writing situation. These metrics are combined in the study in order to find what the comparison will bein both cases.
Also modelled are three idiosyncratic features which are adverb-verb bigram sequence, omission of articles, and inclusion of
non-standard English words.
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1.4 Theoretical Framework

The study benefitsfrom the Variation Theory of Language (VTL). VTL wasfirst propounded by William Labov in 1971 asaresult
of hisstudy of socially-explainable language variation. It is a branch of empirical linguistics and it involves a combination of
techniques from linguistics, sociology, anthropology and statistics, among others, to scientifically investigate language use
and structure as manifested in natural (istic) contexts. The Variationist viewpoint on languageis preoccupied by accounting for
grammatical structure in connected discourse, and explaining the apparent instability of linguistic form-function relations.

Variationists seek to discover patterns of usage which pertain to the relative frequency of occurrence or co-occurrence of
structures, rather than simply to their existence or grammaticality. They adopt quantitative techniquesto uncover the systematic
differences between speakers, often associated to some extent with one or more of age, sex, ethnicity, educational level and
other societal factors. The primary object of description of the variationist isthe speech of individuals quamembers of aspeech
community, that is, informants are specifically chosen (through ethnographic or sociological methods) to represent the major
axes of community structure. Multivariate or ‘variablerule’ analysisisused, and this enablesthe analyst to extract regularities
and tendenciesfrom the data, and thereby determine how selection of alinguistic structureisinfluenced by specific configurations
of factorsthat characterize the environment in which it occurs. The use of this methodol ogy has succeeded in overcoming many
of the analytical difficulties associated with intuitive judgments and anecdotal reporting used in other paradigms [19].

It isapparent that the focus of the variation theory is on statistical approach to language study. The present study, benefits from
this theory by adopting the quantitative techniques of statistical language modelling for systematic investigation of the
research hypotheses. However while the focus of the VTL was on speech community, the present study is interested in
electronic textual community.

1.5Research Objective

The objective of thisstudy isto carry out acomparative analysis of the occurrences of selected idiosyncratic linguistic features,
function words and content words in the electronic texts worded in the English language variants in selected West African
countries and Cameroon.

1.6 Satement of Hypotheses
Thefollowing six (6) null hypotheses were tested in the study:

Hypothesis 1: Thereisno significant differencein the probability of occurrence of function words among corporaof Nigerian,
Ghanaian, Liberian, Cameroonian and Sierra L eonean el ectronic texts.

Hypothesis2: Thereisno significant differencein the probability of occurrence of each of the function wordsin the corpora of
Nigerian, Ghanaian, Liberian, Cameroonian and Sierraleonean electronic texts.

Hypothesis 3: Thereisno significant difference in the probability of occurrence of content specific features in the corpora of
Nigerian, Ghanaian, Liberian, Cameroonian and Sierraleonean electronic texts.

Hypothesis4: Thereisno significant differencein the probability of occurrence of each of the content specific featuresin the
corporaof Nigerian, Ghanaian, Liberian, Cameroonian and Sierral eonean electronic texts.

Hypothesis5: Thereisno significant differencein the probability of occurrence of linguistic idiosyncrasy among the corporaof
Nigerian, Ghanaian, Liberian, Cameroonian and Sierraleonean electronic texts.

Hypothesis6: Thereisno significant differencein the probability of occurrence of each of thelinguisticidiosyncratic features
among the corporaof Nigerian, Ghanaian, Liberian, Cameroonian and Sierra L eonean el ectronic texts.

1.7 Scopeof the Sudy

The study focused on the English language texts from national s of five (5) African countries, Cameroon, Ghana, Liberia, Nigeria
and Sierra-Leone. The textswere collected from the on-line forum of each country as available on www.topix.com Leone with
special focus on the Nigerian texts.

1.8 Domainsof Estimation
Domains of estimation refer to the subclasses of a particular population under study for which estimates of parameters of
interest are required. Out of apopulation of all English speaking countriesin West Africaincluding Cameroon, the domains of
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estimation selected for this study are Nigeria, Ghana, Liberia, Cameroon and Sierra-Leone. Nigeria is the country under
investigation, while Ghana, Liberia, Cameroon and Sierra-L eone are selected for the purpose of comparing their English language
usagesto that of Nigeria. Although Cameroon is not part of the political construct of West Africa, she has been included in the
population dueto her proximity and contiguity to Nigeria. Furthermore, although a French speaking country, Cameroon hasan
appreciable English speaking popul ation in the Eastern part.

2.Methodology

Theresearch was carried out using modelling methodol ogies. A model isasimplified representation of a system at a particular
time or space to promote the understanding of the real systems. Modelling therefore is an approach that matches datafrom a
particular situation against models that describe a moderately large number of disjoint classes of situations[20]. In this study,
the usages of the English language in five (5) African languages as contained in online texts of the countries were modelled
statistically according to the MLE and the L aplace smoothing techniques.

The population of the study were all readers’ texts already posted and contained in the fifty—two (52) pages of the selected
countries' forums of www.topix.com by the national s of selected countriesasat November 2011. Topix.comistheworld’'slargest
community news website. It has over three hundred and sixty thousand (360,000) edited news pages, consisting of over fifty
thousand (50,000) sources including newspapers, blogs, radio and television stations, government, magazines, and corporate
information sites [21]. The website was particularly selected as a source of data for the study because it presents a uniform
platform for collecting el ectronic texts from different countries. It providesweb pagesfor local discussion forumsfor each of the
countries of interest in the study.

Multistage sampling technique was used to select a representative sample of electronic texts from the population of texts
contained in the relevant country pages of the website www.topix.com. Asof November 2011, whenwww.topix.com wasvisited
for data collection, the population of the Liberian, Cameroonian and Sierra-Leonean forums of www.topix.com had only four
pages each and so were manageable. Therefore, all these pages were chosen for analysis. However, arandom sampling of four
out of the thirty-one (31) and nine (9) pages available for Nigeria and Ghana respectively was undertaken.

A total of one thousand four hundred and seventy (1470) texts were collected by a complete enumeration of all the selected
pages of Liberia, Sierra-Leone, Cameroon, Nigeriaand Ghana. To get the textsthat could be useful for the study, each text was
opened, read and assessed based on the number of words contained and a sense of affiliation to the respective country. Initially
theresearcher targeted selecting textswith ahundred or more words; however thiswas reduced to textswith twenty (20) or more
words because of scarcity of large texts on the discussion forums. The number of texts selected for study based on the
assessment is as shown in table 2.

Forum |[l;l a(; e(;f Pages selected | No. of selected texts
www.topix.com/forum/world/nigeria 3 2,8,13,25 425
www.topix.com/forum/world/ghana 9 2,369 37
www.topix.com/forum/world/liberia 4 1-4 130
www.topix.com/forum/world/cameroon 4 1-4 241
www.topix.com/forum/world/sierra-leone | 4 1-4 3B/

Total no. of Texts 1,470

Table2. No. of Textsfor Training Corpusfrom Country Forums of www.topix.com

The unstructured electronic texts in the study corpora were converted into structured datasets with NLP codes written in
Python. Python was chosen as the implementation language for the study because it is a simple yet powerful programming
language with excellent functionality for processing linguistic data. Python can be downloaded for free from http://
www.python.org/. Python isheavily used inindustry, scientific research, and education around theworld and it is often praised
for theway it facilitates productivity, quality, and maintainability of software. It isalso theimplementation languagefor NLTK,

International Journal of Computational Linguistics Research Volume 4 Number 3 September 2013 135




an infrastructure that provides basic classes for representing data relevant to natural language processing; standard interfaces
for performing tasks such as word tokenization, part-of-speech tagging, and syntactic parsing; and standard implementations
for each task which can be combined to solve complex problems[5].

Thirty-three linguistic features were extracted from the corpora. To achieve this, the one thousand four hundred and seventy
electronic texts were copied and saved on a single file and thirty most frequent word unigrams comprising of seventeen (17)
most frequent function words, three (3) most frequent noun unigrams, three (3) most frequent adjective unigrams, three (3) most
frequent verb unigrams and the four (4) most frequent adverb unigramswere extracted. Also extracted were threeidiosyncratic
linguistic featureswhich were adverb-verb bigram sequence, omission of articles, and non-standard English words. The probability
of occurrence of each of the thirty-three linguistic features in each of the one thousand four hundred and seventy electronic
texts were then computed using the NL P codes. The processing resulted in a33 by 1470 matrix dataset which was subjected to
analysis.

2.1DataAnalysis

Descriptive statistics of the datasets were run with aprimary objective of gaining insight into their distributions. Kruskal Wallis
was used for hypotheses testing because the dataset violates two assumptions of using its parametric counterpart. The
assumptions violated were the normality of distribution and homogeneity of variances as shown by the Kolmogorov-Smirnov
normality and the Levene's tests. It was discovered that most of the distributions were heavily skewed; therefore, the non-
parametric Kruskal Wallistest was applied to test if there were significant differencesin the probabilities of occurrence of the
various linguistic featuresin the countries’ electronic texts.

2.2 Presentation of Results
Hypothesis1: Thereisno significant differencein the probability of occurrence of function words among datasets of Nigerian,
Ghanaian, Liberian, Cameroonian and Serra Leonean written texts.

Composite Function Word Feature
Chi-Square 174.893
df 4
Asymp. Sig. .000

a Kruskal Wallis Test
b Grouping Variable: CLASS1
df: 4

Table 3. Test for significant difference in the probability of
occurrence of function words among datasets of Nigerian,
Ghanaian, Liberian, Cameroonian and SierraL eonean written texts

The Kruskal-Wallis chi-square value at degree of freedom of 4 with afi-value of 0.000 was 174.893. Becausethe P-valueisless
than 0.05, the null hypothesis is rejected and the alternative hypothesis is accepted that there is significant difference in the
probability of occurrence of function words among corporaof Nigerian, Ghanaian, Liberian, Cameroonian and Sierral eonean
written texts.

Hypothesis 2: Thereisno significant difference in the probability of occurrence of each of the function words among datasets
of Nigerian, Ghanaian, Liberian, Cameroonian and Serra Leonean written texts.

TheKruskal-Wallis chi-square value for each of the seventeen (17) function wordsare as shown in Table 4 at degree of freedom
of four (4). The p - value of all was0.000 except those of ‘the’ and ‘ of * which were 0.310 and 0.017 respectively. Becausethe p
-valuesof 0.000 and 0.017 werelessthan 0.05 and 0.310 was greater than 0.05, the null hypothesisisrejected for sixteen (16) of
the function words and accepted for only one function word. Therefore there is significant difference in the probability of
occurrence of function words of, i, in, a, for, you, we, that, it, this, with, will, on, can, as, in; among corpora of Nigeria, Ghana,
Liberia, Cameroon and Sierra L eone; while thereis no significant difference in the probability of occurrence of function word
‘the’ among datasets of Nigerian, Ghanaian, Liberian, Cameroonian and SierraL eonean written texts.
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Hypothesis 3: Thereis no significant difference in the probability of occurrence of content specific features among datasets
of Nigerian, Ghanaian, Liberian, Cameroonian and Serra Leonean written texts.

Chi-Square | df Asymp.Sig.
the 4788 4 310
of 12,036 4 017
you 141.705 4 000
i 126.429 4 .000
a 30.355 4 .000
for 109.640 4 .000
we 30511 4 .000
that 56.859 4 .000
it 142.706 4 000
this 124.444 4 000
my 200948 4 .000
with 145.075 4 .000
will 117.454 4 .000
on 174501 4 .000
can 181.982 4 000
as 122,706 4 000
in 33930 4 000

a Kruskal Wallis Test
b Grouping Variable: CLASS1
df: 4

Table4. Test for significant differencein the probability of occur-
rence of each of the function words among datasets of Nigerian,
Ghanaian, Liberian, Cameroonian and Sierra L eonean written texts

Content Words
Chi-Square 191.347

df 4

Asymp. Sig. .000

a Kruskal Wallis Test
b Grouping Variable: CLASS1
df: 4
Table5. Test for significant differencein the probability of occur-

rence of content specific features among datasets of Nigerian,
Ghanaian, Liberian, Cameroonian and Sierral eonean written texts

The Kruskal-Wallis chi-square value at degree of freedom of 4 and p-value of 0.000 was 191.347. Becausethefi-valueislessthan
0.05, the null hypothesis is rejected and the alternative hypothesis is accepted that there is significant difference in the
probability of occurrence of content specific features among corporaof Nigerian, Ghanaian, Liberian, Cameroonian and Sierra
L eonean written texts.
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Hypothesis4: Thereisno significant differencein the probability of occurrence of each of the content specific features among
datasets of Nigerian, Ghanaian, Liberian, Cameroonian and Serra Leonean written texts.

Chi-Square| df | Asymp.Sig.
country 87.421 4 .000
money 212.489 4 .000
god 190.761 4 .000
good 174.803 4 .000
other 188.202 4 .000
free 220.244 4 .000
be 87.359 4 .000
have 116.359 4 .000
know 175704 4 .000
no 212.387 4 .000
o) 168.756 4 .000
just 160.221 4 .000
now 182.122 4 .000

a Kruskal Wallis Test
b Grouping Variable: CLASS1 df: 4

Table6. Test for significant differencein the probability of occurrence
of each of the content specific features among datasets of Nigerian,
Ghanaian, Liberian, Cameroonian and Sierra L eonean written texts

The Kruskal-Wallis chi-square value for each of the thirteen (13) content wordsis as shown in Table 6 at degree of freedom of
4. The fA-values of all were 0.000, less than 0.05, therefore the null hypothesis is rejected and the alternative hypothesis is
accepted that there is significant difference in the probability of occurrence of each of the content specific features among
datasets of Nigerian, Ghanaian, Liberian, Cameroonian and SierraL eonean written texts.

Hypothesis 5: Thereis no significant difference in the probability of occurrence of idiosyncratic features among datasets of
Nigerian, Ghanaian, Liberian, Cameroonian and Serra Leonean written texts.

Idiosyncrasy
Chi-Square 28.968
df 4
Asymp. Sig. .000

a Kruskal Wallis Test
b Grouping Variable: CLASS1

Table 7. Test for significant difference in the probability
of idiosyncrasy among datasets of Nigerian, Ghanaian,
Liberian, Cameroonian and SierralL eonean written texts

TheKruskal-Wallis chi-square valueis 28.968 at degree of freedom of four (4) and P-value of 0.000, becausethe P-valueisless
than 0.05, the null hypothesisis rejected and the alternative hypothesisis accepted that there is a significant difference in the
probability of occurrence of idiosyncrasy among corpora of Nigerian, Ghanaian, Liberian, Cameroonian and Sierra L eonean
written texts.
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Hypothesis6: Thereisno significant differencein the probability of occurrence of each of the idiosyncratic features among
datasets of Nigerian, Ghanaian, Liberian, Cameroonian and Serra Leonean written texts.

Non-Standard
Article | Verb-Article English Word
Deletion | Sequence Usage
Chi-Square | 91023 29.298 71.742
df 4 4 4
Asymp. Sig. .000 .000 .000

a Kruskal Wallis Test
b Grouping Variable: CLASS1

Table 8. Test for significant difference in the probability of occurrence of each of theidiosyncratic
features among datasets of Nigerian, Ghanaian, Liberian, Cameroonian and Sierra L eonean written texts

The Kruskal-Wallis chi-square values for article deletion distribution, verb-adverb sequence and spelling errors were 91.023,
29.298 and 77.742, respectively at degree of freedom of four (4) and P-value of 0.000, because the P-valueislessthan 0.05, the
null hypothesisisrejected for each of theidiosyncratic feature and the alternative hypothesisis accepted that thereis significant
differenceinthe probability of occurrence of each of theidiosyncratic features among corporaof Nigerian, Ghanaian, Liberian,
Cameroonian and Sierra L eonean written texts.

2.3Post-Hoc M ultiple Comparison Test
Post-Hoc multiple comparison test was carried out using the formulain Equation 1.

nn+1)(1 , 1
>Zva/k(k—1)j o (n_+n_) @

R

]
n o n
(8. b
The purpose of thistest wasto find out how the occurrences of thelinguistic features differed significantly between Nigeriaand
each of the other four countries. The results of the multiple comparison tests are shown in Tables 9a— 9d.

! J

Differencesin Differencesin
Country Individual Features/17 CompositeFeature/l
Cameroon 15 1
Ghana 1 0
Liberia 11 1
SierralLeone 11 1

Table 9a. Summary of Multiple Comparison Test for Function Words

Out of the seventeen individual function wordstested, Liberian and Sierra-L eonean texts differed significant from Nigerian texts
in eleven function words each. Cameroonian texts differed from those of Nigeria in fifteen function words, while Ghanaian
differed from Nigerian texts in one function word. The result of the test on composite function words among the countries
showed that all the countries’ texts except Ghana' s differed significantly from Nigeria' stexts.

Differencesin Differencesin
Country Individual Features/13 CompositeFeature/l
Cameroon 13 1
Ghana 0 0
Liberia 13 1
SierralLeone 13 1

Table 9b. Summary of Multiple Comparison Test — Content Specific Features
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Out of thethirteen individual content wordstested, Cameroonian, Liberian and Sierra-L eonean texts differed significantly from
Nigerian textsin all. Thereis no significant difference between Nigerian and Ghanaian texts across all the thirteen content
words. The result of the test on composite content words among the countries showed that all the countries’ except Ghana's
textsdiffered significantly from Nigerian texts.

Differencesin Differencesin
Country Individual Features/3 CompositeFeature/l
Cameroon 3 0
Ghana 0 0
Liberia 2 1
Sierraleone 3 0

Table 9c. Summary of Multiple Comparison Test for Idiosyncratic Features

Out of the three individual idiosyncratic features tested, Cameroonian and Sierra-L eonean texts differed significantly from
Nigerian textsin all. Liberian texts differed significantly from Nigerian texts in two while there is no significant difference
between Nigerian and Ghanaian texts across all thethreeidiosyncratic features. Theresult of thetest on compositeidiosyncratic
features among the countries showed that all the countries' texts except Liberia' swere not significantly different from Nigerian
texts.

Differencesin Differencesin
Country Individual Features/13 CompositeFeature/l
Cameroon 34 2
Ghana 1 35
Liberia 29
Sierraleone 29

Table 9d. Summary of Multiple Comparison Test

Out of the thirty-six (36) features comprising thirty-three individual linguistic and three composite features, the datasets of
Cameroon, Liberiaand SierraL eonediffer significantly from Nigerianin 34, 29, and 29 features respectively whilethat of Ghana
differ significantly from Nigerianin only onefeature, that isin the distribution of the function word ‘you’. Theresult depictsthat
based on the features explored in the study; thereis greatest difference between Nigerian and Cameroonian corpus followed by
that of Liberiaand SierralL eone. Thereismuch similarity inthe distribution of thefeaturesin Nigerian and Ghanaian corpora, the
two countries' corporaonly differ significantly in the distribution of function words ‘the’ and ‘you’ . Theresult also showsthat
thereismuch similarity between Sierra-L eonean and L iberian texts, being significantly different from those of Nigeriain twenty
nine features each.

2.4 Discussion of Findings

From the results of the Kruskal-Wallis tests, there is significant difference in the probability of occurrence of the composite
function words among corporaof Nigeria, Ghana, Liberia, Cameroon and SierralLeone. Also, thereissignificant differenceinthe
probability of occurrence of each of the function words (except in the distribution of function word ‘the’) in the corpora of
Nigeria, Ghana, Liberia, Cameroon and Sierra Leone. There is significant difference in the probability of occurrence of the
composite content specific features among datasets of Nigeria, Ghana, Liberia, Cameroon and Sierra Leone. There is also
significant differencein the probability of occurrence of each of the content specific features among datasets of Nigeria, Ghana,
Liberia, Cameroon and Sierra Leone. Also there is significant difference in the probability of occurrence of the composite
idiosyncratic feature as well asin each of the idiosyncratic features.

Among thethirty six linguistic features (thirty threeindividual and three composite features), there were significant differences
inthirty-five among thefive countrieswhile the distribution of the function word ‘the’ was not significantly different among all
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the countries; this result supports the submissions on the existence of variants of the English language due to spatial variation
[4][22] [9].

The outcome of the multiple comparison test showsthat out of the thirty-six (36) features, the datasets of Cameroon, Liberiaand
Sierraleonediffer significantly from Nigerian in 34, 29 and 29 features respectively whilethat of Ghanadiffer significantly from
Nigerianin only onefeature, whichisin the distribution of the function word ‘you'. Thefact that thereis significant difference
(though in various degrees) between Nigerian corpus and al the other four countries corroborates the existence of Nigerian
variant of English language as submitted by [4] [1] [2] and [10].

However, it should be noted that these variants are not exclusively independent of one another. There are varying levels of
relationships among the countries, for example Nigeria and Ghana appear to be close linguistically, Liberiaand Sierra-L eone
appear to be close linguistically having their corpora being significantly different from that of Nigeriain twenty nine features
each out of which twenty-eight differences are in the same features. The study also revealed that Cameroon appears to be the
most significantly different from Nigeriaprobably dueto theinfluence of French whichisanother Lingual Francain Cameroon.

Thistrait may likely be as a result of some sociological and historical factors like, proximity of countries, effect of language
contacts, and who the country’s colonial master was. Nigeria, Ghana and Sierra L eone were colonised by Britain, yet while
Ghana and Nigeriawere found to be very close linguistically, the same was not the case between Nigeriaand Sierra Leone. It
should be noted that thereis high level of logical proximity between Nigeriaand Ghanathan between Nigeriaand Sierra L eone.
Historically, Nigerians and Ghanaians had been very close, seeking refuge in each other’s countries in times of trouble, also
Ghanaians were found in Nigeriain the 1980s as teachers. This shows that logical proximity in terms of relationships between
different countries and their nationals can affect the linguistic relationships between their English language variants.

Cameroon, though close to Nigeria geographically was found to be farthest from Nigeria linguistically probably because of
strong influence of French on English usage in Cameroon. Sierra Leone and Liberia, though colonised by Britain and USA
respectively were also found to be linguistically close mimicking their geographical proximity. With thisresult it appears that
contact between languages is a very prominent factor that affects linguistic similarities among the studied variants of the
English language.

The occurrence of Adverb-Verb bigram sequence was found to be most common in the Sierra L eonean and Liberian texts. [14]
and [10], in their qualitative study of Nigerian usage of the English language, submitted that erroneous usage of articles
(omission/ deletion) and inversion of verb-adverb to adverb-verb characterize Nigerian usage of English. The result however
shows that among the five countries considered, Nigerian texts ranked lowest in the inversion of verb-adverb to adverb-verb.
This shows that this idiosyncratic feature cuts across all the countries studied, and it is less prominent in the Nigerian and
Ghanaian texts compared to the SierraLeonean and Liberian texts.

One of theidiosyncratic features characterizing Nigerian usage of the English language, according to [1] isoutright transfer of
wordsfrom thelocal language. The result of the study showsthat Nigerians and Ghanaians have greater tendencies to use non-
standard English words like local words, non-standard abbreviations and misspelt words in their texts compared to the other
three countries.

2.5 Suggestion for Further Sudy

The present study was able to compare quantitatively, the English language variantsin five African countries, using idiosyncratic
linguistic features, function words and content words. Further studies can be geared at finding how English language vary
among selected African countries using some other linguistic features, and how language varieties can be expl oited in attributing
anonymous electronic textsto its country origin. Also, the study revealed similarity in the Nigerian and Ghanaian variants and
between Liberian and SierraL eonean variants of the English language. It will beinteresting for linguists and language scholars
to study the variants more closely and also for the sociol ogists to study the commonalities between the Nigerian and Ghanaian
communitiesaswell as between Liberian and Sierra L eonean communities.

2.6 Conclusion

In this study, English language variants of five African countries namely Cameroon, Ghana, Liberia, Nigeriaand Sierra-Leone
were compared quantitatively. Learning from the Variation Theory of Language (VTL), the study aimed at discovering patterns
of usage of the English language in the selected countries using probabilities of occurrences of linguistic features cutting
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across function words, content words and i diosyncrati ¢ features. Quantitative techniques were empl oyed on corporaof electronic
texts coded in English language variants of the selected countries in order to investigate further the previous qualitative
submissions of scholars on variations in the English language.

The study revealed significant differencesin thirty five out of thirty six linguistic features among the five countries. Varying
degrees of linguistic relationships among the countries were also revealed. Sociological interaction, language contacts and
geographical contiguity between countries were found to be influential to the patterns of variations in the English language
among the countries. This observation supports the assertion of the liberation linguists that the diffusion of English language
could be modelled with referenceto historical, sociolinguistic, and literary contexts.
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