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Abstract: Measuring semantic similarity among texts is an important task in many Natural Language Processing 

applications such as information retrieval, text summarization. However, there is dearth of work in the 

development of the tool for Yoruba Language, and this has therefore limited the advancement of Yoruba Language 

Engineering. This study addressed the gap by using a knowledge-based approach based on lexical resources.  A 

total number of 434 nouns were collected from home-domain. The nouns were grouped into hypernym semantic 

classes. The classes were thereafter organized in hierarchy to form a taxonomy for Yoruba nouns and concepts. 

The model for the measurement of semantic similarity in Yoruba sentences was thereafter developed using path-

based similarity measurement between the concepts represented in the taxonomy. Using the model, the system was 

implemented using python programming language. The developed system was evaluated using accuracy mean 

opinion score, and a score of 73.2% was achieved. 
 

1. INTRODUCTION 

 
Semantic similarity is a computational 

task that estimates the similarity between texts or 

documents using predefined metrics. This task is 

essential in natural language applications such as 

information retrieval [1]. In word sense 

disambiguation, semantic similarity is used to 

distinguish between senses based on the 

hypothesis that similar words occur in similar 

contexts [2]. In the task of text summarization, 

semantic similarity is used to ensure that the 

summarized text is semantically related to the 

original text [3] etc. Given that words are the 

smallest unit of documents or sentences, the 

similarity between sentences or documents 

mostly depends on the similarity between words 

[4]. While very few studies have been done in 

developing semantic similarity tools for many 

resource- scarce languages, such as Yoruba 

languages, the majority of existing word 

similarity measures have been developed and are 

utilized for English texts.  Existing works on 

semantic similarity can be categorized into three 

viz: document similarity, sentence similarity and 

word similarity. If two documents describe 

related ideas and are semantically comparable, 

they are deemed similar. The similarity between 

two concepts can be evaluated based on the 

similarity of the embedding corresponding to 

their textual contents [5]. Sentence similarity 

measures the semantic relatedness between two 

sentences using quantitative metrics [6], and has 

wide applications in tasks such as text search, 

natural language understanding and machine 

translation. Word similarity consists of 

computing the semantic likeness between words 

and senses, and it has its application in the task 

of distinguishing the meaning of words such as 

word sense disambiguation [7].  

Yoruba is spoken not just in Nigeria, 

where there are about 30 million native speakers, 

but also in Togo, the Republic of Benin, Ghana, 

Sudan, Sierra Leone, and Côte D'Ivoire. 

Numerous people who speak the language also 

reside outside of Africa in nations like Brazil, 

Cuba, including Trinidad & Tobago [8]. Despite 

its number of speakers, it is classified as a 

resource scarce language because it lacks major 

machine-readable resources essential for natural 

language processing. This could be due to the 

interaction of tone and syntax in the language 
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which makes low-tone monosyllabic verbs 

change to mid low when used in certain contexts 

[9], the dearth of optical character recognition 

system, the lack of input devices for texts with 

diacritics etc. One of the tools not available in 

the language is a tool for measuring semantic 

similarity between sentences. This study 

therefore addressed this gap, and presents a tool 

that could aid many Yoruba language processing 

tasks such as Information Retrieval, word sense 

disambiguation, etc. The rest of the paper is 

organized as follows: Section 2 reviews some 

literature to see methods used in existing studies, 

section 3 describes the method used in this study. 

Section 4 discusses the results of the evaluation 

of the developed system, while the paper is 

concluded in section 5. 

2. LITERATURE REVIEW 

Yoruba has many dialects [10] [11]; 

however, there is a consensus form of the 

language which is understood by all speakers of 

the language and also used in newspapers. This 

is known as Standard Yoruba.  This study is 

focused on standard Yoruba. It is a tonal 

language and therefore uses pitch patterns to 

distinguish individual words or grammatical 

forms of words [12]. There are three (3) tones in 

the language which are represented with grave 

(\), acute (/) and no symbol () respectively. Tone 

information is needed to aid the pronunciation of 

words [13]. A Yoruba word can be broken down 

into many units called syllables. Each of the 

syllables carries the tone mark. A syllable 

marked with an acute sign (/) is pronounced with 

high tone, low-toned syllables are marked with 

grave sign (\). Any syllable with no mark is 

pronounces with mid-tone. Yoruba words can be 

monosyllabic, disyllabic or polysyllabic [11].  

A Yoruba sentence is made of a noun 

phrase and a verb phrase [14], and exhibits 

Subject-Verb-Object word order [12]. Yoruba 

sentences are made up of words which belong to 

different grammatical classes such as noun, verb, 

adjectives, preposition, conjunction etc. [15]. 

This study made extensive use of the nouns 

found in Yoruba sentences to measure the 

similarity between two sentences that contain the 

same verb. This is because many Yoruba verbs 

exhibit polysemy [16], and can therefore be used 

in different contexts to represent different 

meanings.  

Words are the building blocks for 

sentences, and therefore similarities among 

words could be used as clues to estimating 

similarity between sentences containing them. 

This study therefore reviews some existing work 

in words similarity measurements. 

2.1 Words Similarity Measurement 

[17] classified word similarity 

measurement methods into four.  These are 

Corpus based approach, knowledge based, 

structural based approach and deep-learning 

based approach.  Corpus based approach utilizes 

relevant information extracted from large 

amount of data for words similarity 

measurements. It makes use of Latent Semantic 

Analysis (LSA), to statistically analyze big 

corpus through counting of words in the corpus. 

Words are represented in vectors using statistical 

computation. This is with the assumption that 

words used in the same contexts, have similar 

meanings [18]. Structure based approach is 

hinged on the assumption that similar sentences 

should have similar meaning [19]. Deep-

learning based approach makes use of a language 

model trained to capture the semantic space of a 

language [6], the assumption is that words with 

similar measures should have close vector in 

semantic space. Knowledge based approaches 

make use external resources such as ontology 

and other lexical resources, and measures the 

similarity between two concepts using their 

closeness in an ontology or taxonomy [20]. [21] 

classified the methods of measurement used in 

knowledge-based approach into Path length 

based, Depth relative measure, Information 

content-based measure, hybrid measure and 

feature based measure.  In path-based similarity, 

the measurement of similarity is based on the 

structure of an ontology or taxonomy, by 

counting the number of edges between two 

concepts in comparison [22], [23]. Depth 

relative measurement makes use of shortest path 

approach, but also takes into account the overall 

structural depth of the edges joining the concepts 

in an ontology [24]. Information content-based 

measure improves the knowledge existing in the 

ontology or taxonomy with knowledge extracted 

from a corpus [25]. Hybrid measure combines 

knowledge gathered from multiple sources of 
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information for improved similarity 

measurements [26]. Feature based approach 

considers features similar to both concepts, and 

also the distinguishing features of each concept 

to estimate the semantic similarity between 

concepts [27]. 

2.2 Sentence Similarity Measurements 

Existing approaches of measuring 

similarity in sentences can be classified into 

three. These are Word based similarity, 

structure-based similarity and vector-based 

similarity. Word based similarity measures the 

similarity by considering a sentence as a set of 

words. Structure based similarity makes use of 

the information obtained from the structure of 

the sentences for the similarity measurement. 

Vector based approach uses statistical approach 

to generate a vector representation for each 

sentence, and subsequently estimates the 

similarity in the vectors.  

This study used a word-based similarity 

approach to estimate the similarity between 

sentences by summing up the similarities in the 

composite words calculated over an ontology 

using [28] path-based measurement. The higher 

the value, the greater the similarity among 

sentences. Afterwards, the study made use of 

Mean Opinion Score for the evaluation of the 

system. Opinion Score is the score value, on a 

predefined scale, that a subject assigns to his 

opinion on a subject matter [29]. Mean Opinion 

Score is therefore the average of these scores 

across subjects. The 5-point popular predefined 

scale used for MOS are Excellent-1, Good-4, 

Fair-3, Poor-2, Bad-1. Despite the popularity of 

MOS for system evaluation, it is often used 

without sufficient consideration of how the data 

was obtained, and the inherent limitation 

imposed by the design of the subjective test.  

This study therefore carefully designed the 

subjective test to enhance the evaluation task. 

 

3. METHODOLOGY 
The method used in this study is made up 

of several processes. These include collection of 

Yoruba noun data, classification of the collected 

data into an ontology, digitization of the 

ontology and the implementation of the 

similarity measurement.  

3.1 Data Collection 

The total of four hundred and thirty-four 

nouns were collected from home domain and 

grouped into different classes. These include 

nouns that are used in everyday conversation. 

Yoruba words carry tone marks which include 

accent acute, accent grave and under dot. The 

collected noun data were therefore pre-processed 

with Takada text editor to facilitate the addition 

of the appropriate tone marks to the words. 

Sample of the collected nouns and their classes 

are shown in Table 1. 

Table 1: Sample Noun Data Collection 

Class Examples 

Abstract Iwà (character), ı̀mò.  (knowledge) 

Wears f̀ıl(̀)a(cap), bàtà(shoes) 

Properties Ile (houses), ḿo.  tò(car) 

 

Woods Aga (chairs), táb̀ıl̀i(Table), ı̀bùsùn 

(Bed) 

Food Iyán (Pounded Yam), isu (Yam) 

3.2 Hierarchical Classification of Yoruba 

Nouns 

  The collected nouns were ordered in 

hierarchical form, starting from the general term 

till it reaches the specific terms. This is shown in 

Fig. 1. At the topmost of the hierarchy, is the 

class Top which represents the general class of 

all Yoruba nouns. The top class is further divided 

into abstract and concrete classes. The abstract 

class contains items which cannot be perceived 

with the five (5) senses. The concrete class 

contains items which are tangible and can be 

perceived with the human's sense organs. The 

concrete class is further sub divided into living 

thing, non-living thing and location sub-classes. 

The living thing subclass contains items which 

have life. The non-living thing subclass contains 

items which have no life. The location sub-class 

contains items which depict geographical 

locations. The living thing subclass is further 

divided into major classes plant, human and 

animal. The plant class contains items which are 

types of plants. The Human class contains items 

that are related to human beings. The human 

class is linked to subclasses names, profession, 

pronoun which are used in place of a person’s 

name. The body part class contains items which 

are parts of human body. The animal major class 



 

 

14 UNIVERSITY OF PITESTI SCIENTIFIC BULLETIN: ELECTRONICS AND COMPUTERS SCIENCE, Vol.24, Issue 1, 2024 

 

contains items which are names of animals. The 

non-living thing subclass is divided into major 

classes solid, liquid and gas. The solid class is 

further subdivided into wears, properties, 

woods, food and tools minor classes. The wears 

class contains items which can be worn by 

human beings. The properties class contains 

items which can be regarded as valuables or 

human possessions. The wood class contains 

items which have wooden origins. The Food 

class contains names of Yoruba foods. The Tools 

class contains items which are simple machines 

used in different places. The liquid class contains 

items which are fluid in nature. The Gas class 

contains items which cannot be seen but can be 

felt. The Location subclass is further divided into 

common and proper major classes. The proper 

class contains name of specific village, town, 

city or country. The common class contains 

items which are name of places that are not 

specific to a particular location. Using graph 

theory notation, the ontology contains seventeen 

(17) leaf nodes which can be used to define the 

total number of classes that Yoruba nouns can be 

grouped into. 

 

Figure 1: Hierarchical Classification of Yoruba Nouns. 

3.3 Digitization of the Ontology 

The digitization process involves the 

conversion of the taxonomy into a machine 

readable format. Precisely, this involves 

representing the taxonomy in extensible mark-up 

language (XML). Each of the concepts in the 

taxonomy is represented as an XML tag with the 

attribute node. The value of an attribute is a 

sequence of numbers separated by commas. Each 

of the numbers depicts the relative distance or 

depth of a concept to the root node, Top. The leaf  

nodes at each level of the hierarchy are labelled 

from 0……n, where n represents the number of 

sibling nodes occurring at a particular level. The 

attributes of all the concepts starts with 0, which is 

the root node Top. As a way of illustration, the 

attribute of the concept fila has value 0,1,0.0,0,0. 

This shows that to access the concept fìlà, we have 

to transverse the graph from nodes Top, Concrete, 

Non-living thing, Solid and wears, where Top is 

the root node, and wears is the leaf node. The first 

five digits 0,1,0,0,0 in the attribute shows the 

index number of each of the nodes transverse 

before fila could be accessed, while the last digit 0 

is the index number of fìlà: among all the items 

belonging to the class wear, Figure 2 shows a 

snapshot of the digitized ontology. 
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3.4 Estimating Sentence Similarity 

In this study, the semantic similarity among 

concept is estimated using [28] method. Here, the 

similarity among concept is quantified using 

conceptual distance. It is used to quantify the 

geometric distance between points representing 

concept. Conceptual distance between concepts is 

inversely proportional to the similarity among 

them, i.e. the lower the conceptual distance, the 

greater the similarity. The conceptual distance 

among concept is computed by counting the 

number of edges between the edges in the 

taxonomy. 

Let C1 and C2 be two concepts in a 

hypernym network, the conceptual distance 

between C1 and C2 is given by 

Distance (C1, C2) = minimum number of edges 

separating (C1, C2)                (1) 

    Pathlength (C1, C2) = 1 + number of edges in the 

shortest path between C1 and C2 in the hypernym 

graph                                                     (2)

   

 𝑆𝑖𝑚𝑝𝑎𝑡ℎ(𝐶1.  𝐶2)  =
1

𝑝𝑎𝑡ℎ𝑙𝑒𝑛(C1,C2) 
              (3) 

Let St denotes the target sentence for which 

similarity is to be measured against, and Si 

represents other sentences from 1 to n with m 

arguments, and j is the counter numbering the  

arguments from 1 to m. 

  𝑆𝑖𝑚𝑝𝑎𝑡ℎ(𝑆𝑡, 𝑆𝑖)= ∑
1

𝑃𝑎𝑡ℎ𝑙𝑒𝑛(𝐶𝑡𝑗,𝐶𝑖𝑗)

𝑚
𝑗=1               (4)   

Equation 4 is a function used to measure the 

semantic distance between 𝑆𝑡 and Sentences 𝑆1−𝑛, 

the sentence with the greatest semantic similarity 

is chosen as the most similar to sentence St. For 

example, given the test sentence Òjó bọ́ sòkòtò, for 

which we seek to calcualate the semantic 

similarity to the sentences, O bọ́ sí ilé, Tolú bọ́ asọ 

rẹ̀, Adé bọ́ ọmọ rẹ̀ and Òjó bọ́ sí yàrá.  

𝑆𝑡= Òjó bọ́ sòkòtò      𝑆1= O bọ́ sí ilé 

        𝑆2= Tolú bọ́ asọ rẹ̀ 

𝑆3= Adé bọ́ ọmọ rẹ̀ 

𝑆4= Òjó bọ́ sí yàrá. 

 

Using equation 4, the similarity between 𝑆𝑡,
 and 

each of the sentences S1 to S4 is as shown below:  

𝑆𝑖𝑚𝑝𝑎𝑡ℎ(𝑆𝑡, 𝑆1)  = 0.75 

𝑆𝑖𝑚𝑝𝑎𝑡ℎ(𝑆𝑡, 𝑆2) = 1.5 

𝑆𝑖𝑚𝑝𝑎𝑡ℎ(𝑆𝑡, 𝑆3)  = 0.5 

𝑆𝑖𝑚𝑝𝑎𝑡ℎ(𝑆𝑡, 𝑆4)   = 0.642 

Sentence 2 has the greatest similarity with 𝑆𝑡, since 

it has the highest value using 𝑆𝑖𝑚𝑝𝑎𝑡ℎ function. 

4. SYSTEM IMPLEMENTATION 

The system was implemented using Natural 

Language Toolkit (NLTK) and Tkinter libraries of 

Python programming Language. This consists of 

many functions which are the building blocks of 

the developed software. Some of the major 

functions are: 

 

Figure 2: Digitization of the Ontology 



 

 

16 UNIVERSITY OF PITESTI SCIENTIFIC BULLETIN: ELECTRONICS AND COMPUTERS SCIENCE, Vol.24, Issue 1, 2024 

 

 

Figure 3: Interface of the developed software 

 

(i.) CreateWidget() was used for the 

creation of the Graphical User 

Interface. 

(ii.) VirtualKey() used for the creation of 

virtual keyboard to make entries of 

diacritics found in Yoruba words 

possible. 

(iii.) getcaseNouns() lists the nouns found 

in the entered Yoruba sentence. 

(iv.) getWordsDistance() was used to 

calculate the number of nodes 

between two nouns using the ontology 

(v.) semanticSimilarity() was used to 

estimate the similarity scores between 

two nouns by computing the inverse 

of the output of getWordsDistance() 

function 

The system contains text boxes which allow 

users to input a test sentence, and the sample 

sentences for which similarity measurement is 

sought. It also contains a command button, which 

when clicked, displays the sentences ranked in 

order of similarity to the test sentence. This is 

shown in Figure 3. 

5. SYSTEM EVALUATION 

 Although, many studies have been done in 

the creation of dataset for Yoruba language in 

different forms such as in reading comprehension 

[30], semantic corpus for corpus reviews [31], 

printed text images [32], Yoruba speech [33], 

Speech to image dataset [34], there is presently no 

report on the existence of similarity dataset for 

Yoruba sentences; the closest to this is the dataset 

report in [35], but it only estimates the similarity 

in English words found in the word-pairs. This 

study therefore opted for the use of Mean Opinion 

Score (MOS). The similarity test is said to be 

accurate if, according to human’s judgement, the 

similarity ranking of the sample sentences in 

relation to the test sentence is accurate. Ten test 

sentences, and the output of the similarity rank 

with sample sentences done by the developed 

system were given to ten (5) native speakers of the 

language to evaluate the developed system for 

accuracy. It was discovered that the accuracy of 

the system depreciates with increased number of 

words in the sentence. Higher accuracies were 

achieved with Subject-Verb-Object (SVO) 

sentences. Another observed limitation of the 

system is that the similarity measurement 

depreciates with difference in the number of words 

used for the test and sample sentences. That is, it 

expects the same number of words in both the test 

and sample sentence. Table 2 shows the rating of 

the accuracy by the users on the scale of 1-5 (1-

poor, 5-excellent). The accuracy of 3.66 was 

achieved, which equates to 73.2%. 

Table 2: System Evaluation 

Users Accuracy rating 

1 3.8 

2 3.1 

3 3.9 

4 3.5 

5 4.0 

MOS 3.66 
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6. CONCLUSION 

This study concludes that a computational tool 

for measuring similarity between two Yoruba 

sentences was developed using a knowledge-based 

approach that sums up similarity among words to 

connote the similarity in sentences. The system 

was developed without using an expensive 

similarity labeled dataset which is presently not 

available in the Language. Another by-product of 

this study is an ontology that represents Yoruba 

nouns in hierarchy using hypernym relationship. 

The development of this tool has contributed to 

Yoruba Language Engineering. 
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