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Abstract—With the rapid growth of digital libraries and 

language translation tools, it is easy to translate text documents 

from one language to other, which results in cross-language 

plagiarism. It is more challenging to identify plagiarism among 

documents in different languages. The main aim of this paper is to 

translate the French documents into English to detect plagiarism 

and to extract bilingual lexicons. The parallel corpus is used to 

compare multilingual text, a collection of similar sentences and 

sentences that complement each other. A comparative study is 

presented in this paper, the sentences similarity in bilingual 

content is found out by using the proposed Fuzzy-Wuzzy (Partial 

Ratio) based string similarity technique and three various 

techniques like Levenshtein Distance, Spacy and Fuzzy-Wuzzy 

(Ratio) similarity techniques in the literature. The string similarity 

method based on Fuzzy-Wuzzy (Partial Ratio) outperforms in 

terms of accuracy compared to Spacy, and Fuzzy-Wuzzy (Ratio) 

techniques for identifying language similarity. 

Keywords—Plagiarism; natural language processing; string 

similarity; levenshtein distance; fuzzy-wuzzy 

I. INTRODUCTION 

The ability of machines to understand the human language 
carried by Natural Language Processing is a crucial component 
of Artificial Intelligence. Search engines' arrival leads to 
several natural language processing advancements to retrieve 
the text from electronic documents with string comparison. The 
machines can recognize and extract patterns from text data by 
applying several text similarity and information retrieval 
techniques using NLP. Their meaning identified the closeness 
between two text words by the NLP technique called Text 
Similarity. 

Natural Language Processing (NLP) in Artificial 
Intelligence is an important field. NLP plays a vital role in the 
comprehension of human language by computers. NLP uses 
different text similarity techniques and the combination that 
enables machines to create and extract patterns from those text 
data. The proximity of two text pieces is found out using the 
text similarity method, which is one of the essential NLP 
methods. Data needs to be translated in a numerical format to 
carry out machine learning tasks. TF-IDF, Word2vec and Bag 
of Words are the different word embedding techniques used for 
text data encoding. The essential steps in the text-similarity are: 
Text planning, Feature extraction, Vector similarity and 
Decision function. 

A. WordNet 

In English, a large database of nouns, adjectives, verbs and 
adverbs are grouped into a collection of synonyms. WordNet 
that includes the link between words in over 200 languages is a 
lexical database. Synonyms are interlinked with lexical and 
semantic relations. The structure of the WordNet makes it a 
helpful tool for NLP. Based on their meanings, the words in 
WordNet are clustered as a thesaurus cursorily resembles them. 
Words in the network are close to each other as the definitions 
of words are precisely defined by WordNet. A synonym is a 
crucial relation in the midst of words in WordNet. 

B. NLTK 

The nltk.corpus package in python defines a collection of 
corpus reader classes that are used to access the contents of 
different set of corpora. A machine that can understand the 
meaning of a text needs analysis which is the fundamental idea 
of NLP. 

C. Stop Words 

The meaningless words that are designed to be ignored by 
the search engine to increase the database space or the 
processing time are stop words. nltk.corpus package in python 
has a list of stop words in 16 various languages. 

1) Research statement: The content in French language can 

be converted into English using conversion tools which cannot 

be identified in plagiarism detection. The main aim of the 

research is to find out the copying content in a document after 

translating French document into English. 

2) Research objectives: To find the accuracy by conducting 

an experimental study with Fuzzy-Wuzzy (Partial Ratio) for 

identifying the similarity between languages. 

3) Research significance: In recent years the attention in 

copying the content from various sources increased while 

writing a new document which is an offence. There are so many 

plagiarism tools available in the market for checking the 

originality of the content. Although the tools are working 

efficiently for the originality checking but still there is a 

problem that if we copy the content from one language and 

using converter tools, we can convert that content into English. 

In such cases it is not possible for the tools to identify the 
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similarity between the sentences exactly leads to a less 

similarity index. 

II. RELATED WORK 

To find and compare cross-language articles on a specific 
subject, a measure of similarity is required. The basis for this 
estimation could be bilingual dictionaries or digital techniques, 
for example, latent semantic indexing (LSI) [16]. To find 
similar Arabic/English documents in two ways, LSI is used [1]. 
Monolingual: the first way is to translate the English article into 
Arab and then map it into space in the Arabic language LSI 
[10]. The second method is cross-lingual. The paper then 
compares LSI methods on various parallel and analog English-
Arabic companies with a dictionary-based approach [8-9, 11, 
13-14]. The cross-language LSI framework displays the results. 

String similarity search is used in many real-life 
applications, like data cleaning, spell checking, fuzzy keyword 
search or DNA sequence comparison. Given a set of large string 
and a query string, the problem of string similarity search is to 
discover all strings in the string set that are identical to the query 
string efficiently [12]. Similarity is defined by using similarities 
measures like edit distance or Hamming distance. State Set 
Index (SSI) is presented as an effective solution to this work's 
search problem. SSI is interpreted as a finite automaton of non-
determinism. SSI introduces a modern state labeling method 
that makes the index extremely space efficient. In addition, 
space usage by SSI can be traded against search time. On 
various sets of individual names with up to 170 million strings 
from a social network, they measured SSI and compared it to 
other state-of-the-art approaches. They show that SSI is 
substantially faster in most cases than other methods and needs 
less index space. 

To retrieve math formulae from the text, three separate 
assessments were analyzed, in specific, Sequence Matcher, 
string matching algorithms, Levenshtein, and Fuzzy-Wuzzy. 
There are four types of Fuzzy-Wuzzy, two versions of which 
are found to be useful for the retrieval of Math formulae. The 
retrieval time of partial ratio-based Fuzzy-Wuzzy is less than 
the ratio-based Fuzzy-Wuzzy [2-7, 15]. They found Fuzzy-
Wuzzy outperforms than Levenshtein distance and Sequence 
matcher techniques in terms of retrieval time and accuracy 
through their observations. 

III. PROPOSED TECHNIQUE 

In the proposed technique, French and English documents 
are first loaded and then stop words and special characters are 
removed from them. The preprocessed documents are then 
converted into a list of words. French synonyms are found for 
each word in the French list of words using NLP and then find 
the corresponding English synonyms for each French word. 
English synonyms are found for each word in the English list 
of words using NLP. Now prepare the final lists list1 and list2 

which have all the English synonyms of French list and English 
synonyms of English list. String similarity between both these 
final lists is computed using Spacy, Levenshtein Distance, 
Fuzzy-Wuzzy (Ratio) and Fuzzy-Wuzzy (Partial Ratio) 
techniques by taking a Threshold as shown in Fig. 1. Compare 
List1 with List2 and remove all the words that have a match in 
List2. For the leftover words check semantic closeness and if it 
satisfies the threshold remove the words. Likewise perform for 
all words until we get final leftover list. 

The similarity between documents is identified with the 
formula: 

100 − (
𝑓𝑖𝑛𝑎𝑙𝐿𝑒𝑓𝑡𝑂𝑣𝑒𝑟𝐸𝑛𝑔𝑙𝑖𝑠ℎ𝐿𝑖𝑠𝑡𝐿𝑒𝑛𝑔𝑡ℎ

𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝐸𝑛𝑔𝑙𝑖𝑠ℎ𝐿𝑒𝑛𝑔𝑡ℎ
) ∗ 100 

The presented techniques are discussed below. 

A. Spacy 

The Spacy technique predicts how two objects are identical 
by comparing the objects. For flagging replicas, the similarity 
prediction is helpful. Context-Sensitive tensors and Word 
vectors are the two approaches to find the relation between the 
terms assisted by Spacy. Two values 0 and 1 are used to define 
the spectrum of similarities. The value 1 means that the two 
sentences are identical, and the value 0 means that the sentences 
are not similar. In certain instances, they still have a high 
similarity meaning, even though they have no standard terms. 
One of the essential steps in NLP is text pre-processing to 
remove high similarity between unmatched sentences. 

B. Levenshtein Distance 

The fields in which Levenshtein distance is used are 
computer science, computational linguistics, bioinformatics, 
molecular biology, and DNA analysis. The similitude between 
objective string and source string is evaluated by using 
Levenshtein Distance. In everyday life, the Levenshtein 
distance is commonly used. In speech recognition and 
plagiarism detection, Levenshtein distance is primarily used. 

C. Fuzzy-Wuzzy 

Fuzzy string matching often described as precise string 
matching to find a string that almost matches a particular 
pattern. Applications of Fuzzy String Matching include spell 
checking, detection of text reuse, spam filtering, and matching 
DNA sequences in the bioinformatics domain. The string 
similarity is checked by the Fuzzy-Wuzzy library between two 
terms or phrases and gives a value between 0 and 1. If the ratio 
is nearer to 1, the terms are well-matched. If the ratio is closer 
to 0, the terms are unrelated to each other. The two common 
fuzzy matches supported by Fuzzy-Wuzzy are suitable for 
finding the languages close to each other. Pure Levenshtein 
Distance-based matching is used in Fuzzy-Wuzzy (Ratio) 
technique and in Fuzzy-Wuzzy (Partial Ratio) technique 
matching is done based on best substrings. 
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Fig. 1. Flow Diagram of the Presented String Similarity Methods. 

IV. RESULTS 

The comparison between the proposed and the literature 
methods is presented in terms of the metric accuracy. The 
similarity between the languages English and French is 
calculated by using the accuracy and based on that the presented 
techniques are compared. The proposed method's competence 
is presented with three kinds of mappings like one-to-one, one-
to-many, and many-to-many between French documents and 
English documents. 

From the results, the results obtainable with proposed 
Levenshtein Distance is much appropriate for string similarity. 
The tests carried out on nearly 200documents; out of the 
proposed methods Fuzzy-Wuzzy (Partial Ratio) approach listed 
accuracy values in the range of 99 to 100 percent. 

Table I and II represent accuracy with the Spacy, 
Levenshtein distance, Fuzzy-Wuzzy (Ratio) and Fuzzy-Wuzzy 
(Partial Ratio) techniques on 16 samples which are one-to-one 
mappings of French and English documents. In one-to-one 
mapping, there are four different ways in which the documents 
are being compared. 1) French Document + English document 
2) French document rewrite + English document 3) French 
document + English document rewrite 4) French document 
rewrite + English document rewrite. It is observed from the 
tables that the accuracy ranges from 90.19 to 95.12 for Spacy 
technique, ranges from 94.63 to 100 for Levenshtein distance, 
ranges from 82.35 to 97.05 for Fuzzy-Wuzzy (Ratio) technique 
and ranges from 99.47 to 100 for Fuzzy-Wuzzy (Partial Ratio) 
technique. 

Step 1: Load French document 

Step 2: Remove the Stop words and Special 

characters from French document 

Step 3: Remove French stop words 

Step 1: Load English document 

Step 2: Remove the Stop words and Special 

characters from English document 

Step 3: Remove English stop words 

Step 4: The document is converted into a list of words 

Step 5: NLP is used to find out the synonyms for 

each French word 

Step 6: English synonyms are found for each 

French word 

Step 7: Finally a list with English synonyms for 

French document was obtained 

Step 5: NLP is used to find out the synonyms for 

each English word 

Step 6: English synonyms are found for each 

English word 

Step 7: Finally a list with English synonyms for 

English document was obtained 

Step 8: Load the two final lists (English synonyms for French document 

and English synonym for English document) 

Step 10: Comparison of Threshold 

Step 11: Calculation of similarity between documents 

Step 12: End 

Apply Spacy 

technique 

Apply Levenstein distance 

technique 

Apply Fuzzy-Wuzzy 

Ratio technique 

Apply Fuzzy-Wuzzy 

Partial-Ratio 

technique 
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TABLE I. MEASURING ACCURACY IN BETWEEN ENGLISH - FRENCH ONE-TO-ONE DOCUMENTS USING THE PRESENTED TECHNIQUES 

Samples Datasets Spacy 
Levenshtein 

Distance 
Fuzzy- Wuzzy (Ratio) 

Fuzzy- Wuzzy 

(Partial Ratio) 

Sample 1 

French document + English document 90.76 98.23 94.7 100 

English document + French document re-write 90.87 98.23 94.7 100 

English document re-write + French document 92.88 97.32 88.23 100 

English document re-write+ French document re-write 92.99 97.32 93 100 

Sample 2 

French document + English document 91.5 98.13 95.79 100 

English document + French document re-write 91.2 98.59 95.32 100 

English document re-write + French document 94.01 98.69 91.17 100 

English document re-write+ French document re-write 93.78 99.13 95.65 100 

Sample 3 

French document + English document 91.72 99.31 96.9 100 

English document + French document re-write 91.48 99.31 96.56 100 

English document re-write + French document 93.39 98.12 97.05 100 

English document re-write+ French document re-write 93.22 98.12 96.25 100 

Sample 4 

French document + English document 92.86 96.76 93.23 100 

English document + French document re-write 93.07 96.47 93.23 100 

English document re-write + French document 94.69 98.13 91.17 100 

English document re-write+ French document re-write 94.95 97.86 95.2 100 

Sample 5 

French document + English document 92.56 96.24 92.22 100 

English document + French document re-write 92.3 94.63 89.81 100 

English document re-write + French document 93.99 97.28 85.29 100 

English document re-write+ French document re-write 93.78 96.79 93.82 100 

Sample 6 

French document + English document 92.44 97.16 92.3 99.59 

English document + French document re-write 92.94 97.16 91.49 99.59 

English document re-write + French document 93.93 97.31 85.29 99.61 

English document re-write+ French document re-write 94.51 97.31 91.95 99.61 

TABLE II. MEASURING ACCURACY IN BETWEEN ENGLISH-FRENCH ONE-TO-ONE DOCUMENTS USING THE PRESENTED TECHNIQUES 

Samples Datasets Spacy 
Levenshtein 

distance 

Fuzzy- Wuzzy 

(Ratio) 

Fuzzy-Wuzzy 

(Partial Ratio) 

Sample 7 

French document + English document 91.73 94.8 89.96 100 

English document + French document re-write 91.45 95.15 88.92 100 

English document re-write + French document 93.35 96.01 85.29 100 

English document re-write+ French document re-write 93.15 96.67 92.3 100 

Sample8 

French document + English document 90.73 97.55 93.7 100 

English document + French document re-write 90.76 97.9 92.65 100 

English document re-write + French document 93.3 98.71 94.11 100 

English document re-write+ French document re-write 93.43 99.03 93.89 100 

Sample 9 

French document + English document 90.31 96.48 93.54 99.65 

English document + French document re-write 90.46 96.77 92.66 99.65 

English document re-write + French document 93.02 97.13 91.17 99.67 

English document re-write+ French document re-write 93.25 97.65 94.27 99.67 

Sample 10 

French document + English document 91.51 98.64 94.57 100 

English document + French document re-write 91.53 98.3 94.57 99.7 

English document re-write + French document 93.54 98.77 85.29 100 

English document re-write+ French document re-write 93.49 98.77 95.71 99.47 

Sample 11 

French document + English document 91.55 97.4 92.5 100 

English document + French document re-write 91.23 96.54 91.93 100 

English document re-write + French document 93.05 97.297 94.11 100 
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English document re-write+ French document re-write 92.91 97.29 92.43 100 

Sample 12 

French document + English document 90.19 96.64 91.76 100 

English document + French document re-write 90.58 96.64 90.54 100 

English document re-write + French document 91.9 97.19 94.11 100 

English document re-write+ French document re-write 92.44 97.47 93.27 100 

Sample 13 

French document + English document 92.78 98.04 91.53 100 

English document + French document re-write 92.36 98.04 91.2 100 

English document re-write + French document 93.88 96.95 88.23 100 

English document re-write+ French document re-write 93.55 97.25 91.76 100 

Sample 14 

French document + English document 91.35 96.55 91.95 100 

English document + French document re-write 91.43 96.26 91.37 100 

English document re-write + French document 92.9 96.91 94.11 100 

English document re-write+ French document re-write 93.01 96.63 92.15 100 

Sample 15 

French document + English document 93.01 100 96.42 100 

English document + French document re-write 93.29 100 93.57 100 

English document re-write + French document 93.84 99.37 82.35 100 

English document re-write+ French document re-write 94.14 98.75 93.75 99.71 

Sample 16 

French document + English document 93.67 96.27 92.02 100 

English document + French document re-write 93.39 95.74 89.89 100 

English document re-write + French document 95.12 97.56 85.29 100 

English document re-write+ French document re-write 94.87 98.04 93.65 100 

TABLE III. MEASURING ACCURACY IN BETWEEN ENGLISH-FRENCH ONE-TO-MANY DOCUMENTS USING THE PRESENTED TECHNIQUES 

No of French 

Samples 

No of English 

Samples 
Datasets Spacy 

Levenshtein 

Distance 

Fuzzy- Wuzzy 

(Ratio) 

Fuzzy- Wuzzy (Partial 

Ratio) 

1 1 

English document + French 

document 

90.67 98.23 94.71 99.41 

1 2 91.13 97.66 89.71 100 

1 3 92.28 98.62 92.43 99.65 

1 4 92.99 96.76 88.52 100 

1 5 92.46 93.02 82.30 99.19 

1 1 

French document re write + 

English document 

90.87 98.23 94.70 99.41 

1 2 91.21 96.72 87.85 100 

1 3 92.37 98.62 93.47 99.65 

1 4 93.05 96.17 89.70 100 

1 5 92.60 93.29 80.96 99.19 

1 1 

French document + English 

document re write 

92.88 97.32 92.51 99.46 

1 2 93.73 98.26 90.43 100 

1 3 94.07 97.81 93.75 99.68 

1 4 95.00 98.13 89.06 99.73 

1 5 94.19 94.81 86.41 99.50 

1 1 

French document re write + 

English document re write 

92.99 97.32 92.51 100 

1 2 93.77 97.39 90.43 99.56 

1 3 94.16 97.81 93.75 99.68 

1 4 95.09 97.6 89.06 100 

1 5 94.31 94.81 86.41 99.75 

2 1 

English document + French 

document 

90.74 97.64 91.76 100 

2 2 91.50 98.13 95.79 100 

2 3 92.30 98.28 92.09 99.65 

2 4 93.17 96.17 89.70 100 

2 5 92.45 93.03 84.18 99.73 
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2 1 

French document re write + 

English document 

90.24 97.64 91.76 100 

2 2 91.20 98.59 95.32 100 

2 3 91.96 98.62 93.47 99.65 

2 4 93.05 96.17 90.0 100 

2 5 92.30 92.76 84.45 99.73 

2 1 

French document + English 

document re write 

92.84 97.32 88.77 100 

2 2 94.01 98.69 95.21 100 

2 3 94.07 97.5 93.75 99.68 

2 4 95.11 97.6 90.93 100 

2 5 94.18 94.56 86.41 99.75 

2 1 

French document re write + 

English document re write 

92.44 97.86 89.93 100 

2 2 93.78 99.13 95.62 99.56 

2 3 93.73 97.81 95.625 99.68 

2 4 94.97 97.6 91.46 100 

2 5 94.02 95.06 86.91 99.75 

3 1 

English document + French 

document 

90.67 98.23 94.71 100 

3 2 91.13 97.66 89.71 100 

3 3 92.28 98.62 92.43 100 

3 4 92.99 96.76 88.52 100 

3 5 92.46 93.02 82.30 99.73 

3 1 

French document re write + 

English document 

90.87 98.23 94.70 100 

3 2 91.21 96.72 87.85 100 

3 3 92.37 98.62 93.47 100 

3 4 93.05 96.17 89.70 100 

3 5 92.60 93.29 80.96 99.73 

3 1 

French document + English 

document re write 

92.88 97.32 92.51 100 

3 2 93.73 98.26 90.43 100 

3 3 94.07 97.81 93.75 100 

3 4 95.00 98.13 89.06 100 

3 5 94.19 94.81 86.41 99.75 

3 1 

French document re write + 

English document re write 

92.99 97.32 92.51 100 

3 2 93.77 97.39 90.43 100 

3 3 94.16 97.81 93.75 100 

3 4 95.09 97.6 89.06 100 

3 5 94.31 94.81 86.41 100 

TABLE IV. MEASURING ACCURACY IN BETWEEN ENGLISH-FRENCH ONE-TO-MANY DOCUMENTS USING THE PRESENTED TECHNIQUES 

No of French 

Samples 

No of English 

Samples 
Datasets Spacy 

Levenshtein 

Distance 

Fuzzy- Wuzzy 

(Ratio) 

Fuzzy- Wuzzy 

(Partial Ratio) 

4 1 

English document + French 

document 

90.74 97.64 91.76 97.64 

4 2 91.50 98.13 95.79 98.59 

4 3 92.30 98.28 92.09 98.96 

4 4 93.17 96.17 89.70 99.70 

4 5 92.45 93.03 84.18 99.19 

4 1 

French document re write + 

English document 

90.24 97.64 91.76 97.64 

4 2 91.20 98.59 95.32 98.59 

4 3 91.96 98.62 93.47 99.31 

4 4 93.05 96.17 90.0 99.70 

4 5 92.30 92.76 84.45 99.19 

4 1 92.84 97.32 88.77 97.86 
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4 2 

French document + English 

document re write 

94.01 98.69 95.21 98.69 

4 3 94.07 97.5 93.75 99.37 

4 4 95.11 97.6 90.93 99.46 

4 5 94.18 94.56 86.41 99.01 

4 1 

French document re write + 

English document re write 

92.44 97.86 89.93 97.86 

4 2 93.78 99.13 95.62 98.69 

4 3 93.73 97.81 95.625 99.375 

4 4 94.97 97.6 91.46 99.46 

4 5 94.02 95.06 86.91 99.01 

Table III and IV represent accuracy with the Spacy, 
Levenshtein distance, Fuzzy-Wuzzy (Ratio) and Fuzzy-Wuzzy 
(Partial Ratio) techniques for one-to-many mappings of French 
and English documents. It is observed from the tables that the 
accuracy ranges from 90.24 to 95.11 for Spacy technique, 
ranges from 92.76 to 99.13 for Levenshtein distance, ranges 
from 80.96 to 95.79 for Fuzzy-Wuzzy (Ratio) technique and 
ranges from 97.64 to 100 for Fuzzy-Wuzzy (Partial Ratio) 
technique. 

TABLE V. COMPARISON OF ACCURACY BETWEEN PRESENTED METHODS 

FOR ENGLISH-FRENCH MANY-TO-MANY DOCUMENTS WITH FRENCH [1 6] AND 

DIFFERENT ENGLISH PAIRS 

French 

pair 

Samples 

English 

pair 

Samples 

Spacy 
Levenshtein 

Distance 

Fuzzy-

Wuzzy 

(Ratio) 

Fuzzy-

Wuzzy 

(Partial 

Ratio) 

[1 6] [1 8] 91.4 97.53 92.80 100 

[1 6] [3 10] 90.4 97.50 89.88 100 

[1 6] [2 6] 92.89 95.32 93.41 99.72 

[1 6] [4 7] 92.46 96.39 93.45 100 

[1 6] [3 7] 92.21 97.10 93.01 100 

[1 6] [1 8] 89.54 97.18 90.45 100 

[1 6] [5 9] 90.4 97.50 89.88 100 

[1 6] [4 6] 92.59 95.46 90.78 99.81 

[1 6] [3 9] 91.89 94.02 92.44 100 

Table V represents accuracy with the presented techniques 
for many-to-many mappings of [1, 6] French documents and 
different English documents. It is observed from the table that 
the accuracy ranges from 89.54 to 92.89 for Spacy technique, 
ranges from 94.02 to 97.53 for Levenshtein Distance, ranges 
from 89.88 to 93.45 for Fuzzy-Wuzzy (Ratio) technique and 
ranges from 99.72 to 100 for Fuzzy-Wuzzy (Partial Ratio) 
technique. 

Table VI represents accuracy with the presented techniques 
for many-to-many mappings of [3, 10] French documents and 
different English documents. It is observed from the table that 
the accuracy ranges from 89.46 to 98.65 for Spacy technique, 
ranges from 95.71 to 97.86 for Levenshtein Distance, ranges 
from 90.45 to 100 for Fuzzy-Wuzzy (Ratio) technique and 
ranges from 99.25 to 100 for Fuzzy-Wuzzy (Partial Ratio) 
technique. 

Table VII represents accuracy with the presented techniques 
for many-to-many mappings of [5, 7] French documents and 
different English documents. It is observed from the table that 
the accuracy ranges from 89.56 to 94.76 for Spacy technique, 

ranges from 96.45 to 98.82 for Levenshtein distance, ranges 
from 90.66 to 93.47 for Fuzzy-Wuzzy (Ratio) technique and 
ranges from 99.82 to 100 for Fuzzy-Wuzzy (Partial Ratio) 
technique. 

Table VIII represents the accuracy with the presented 
techniques for many-to-many mappings of [4, 6] French 
documents and different English documents. It is observed 
from the table that the accuracy ranges from 88.94 to 95.05 for 
Spacy technique, ranges from 95.11 to 98.24 for Levenshtein 
distance, ranges from 89.20 to 93.56 for Fuzzy-Wuzzy (Ratio) 
technique and ranges from 99.12 to 100 for Fuzzy-Wuzzy 
(Partial Ratio) technique. 

TABLE VI. COMPARISON OF ACCURACY BETWEEN PRESENTED METHODS 

FOR ENGLISH-FRENCH MANY-TO-MANY DOCUMENTS WITH FRENCH [3 10] 

AND DIFFERENT ENGLISH PAIRS 

French 

pair 

Samples 

English 

pair 

Samples 

Spacy 
Levenshtein 

Distance 

Fuzzy-

Wuzzy 

(Ratio) 

Fuzzy-

Wuzzy 

(Partial 

Ratio) 

[3 10] [1 9] 92.71 97.72 93.16 100 

[3 10] [3 6] 90.45 97.63 91.21 99.81 

[3 10] [2 6] 92.55 96.16 92.95 99.77 

[3 10] [4 7] 89.46 97.45 90.45 99.25 

[3 10] [2 8] 92.47 95.86 92.45 99.67 

[3 10] [2 9] 92.71 95.74 93.68 99.64 

[3 10] [5 10] 93.14 95.71 93.66 100 

[3 10] [2 7] 92.48 95.97 92.31 99.64 

[3 10] [2 10] 98.65 97.86 95.66 100 

TABLE VII. COMPARISON OF ACCURACY BETWEEN PRESENTED METHODS 

FOR ENGLISH-FRENCH MANY-TO-MANY DOCUMENTS WITH FRENCH [5 7] AND 

DIFFERENT ENGLISH PAIRS 

French 

pair 

Samples 

English 

pair 

Samples 

Spacy 
Levenshtein 

Distance 

Fuzzy-

Wuzzy 

(Ratio) 

Fuzzy-

Wuzzy 

(Partial 

Ratio) 

[5 7] [3 9] 92.64 98.60 93.29 99.82 

[5 7] [2 9] 93.11 98.82 93.47 100 

[5 7] [2 8] 92.87 98.66 93.22 100 

[5 7] [1 6] 91.89 97.44 92.59 100 

[5 7] [2 6] 91.94 97.86 92.45 100 

[5 7] [5 7] 90.78 98.45 91.25 100 

[5 7] [5 10] 94.21 96.45 92.78 100 

[5 7] [1 7] 89.56 97.62 90.66 100 

[5 7] [5 9] 94.76 98.55 91.89 99.83 
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TABLE VIII. COMPARISON OF ACCURACY BETWEEN PRESENTED METHODS 

FOR ENGLISH-FRENCH MANY-TO-MANY DOCUMENTS WITH FRENCH [4 6] AND 

DIFFERENT ENGLISH PAIRS 

French 

pair 

Samples 

English 

pair 

Samples 

Spacy 
Levenshtein 

Distance 

Fuzzy-

Wuzzy 

(Ratio) 

Fuzzy-

Wuzzy 

(Partial 

Ratio) 

[4 6] [3 6] 92.89 95.11 93.42 99.24 

[4 6] [3 8] 92.79 96.23 93.29 99.56 

[4 6] [1 7] 93.06 98.12 91.68 100 

[4 6] [4 6] 95.05 97.46 91.02 99.63 

[4 6] [2 8] 92.88 95.54 93.22 99.12 

[4 6] [1 8] 91.64 98.24 91.87 100 

[4 6] [5 10] 90.21 96.77 90.90 99.41 

[4 6] [5 6] 88.94 96.12 89.20 99.39 

[4 6] [2 6] 93.45 96.51 93.56 99.57 

TABLE IX. COMPARISON OF ACCURACY  BETWEEN PRESENTED METHODS 

Technique 
One-One 

Mapping 

One-Many 

Mapping 

Many –Many 

Mapping 

Spacy 

Similarity 
90.19-95.12 90.24-95.11 88.94-98.65 

Levenshtein 

Distance 
94.63-100 92.76-99.13 95.11-98.82 

Fuzzy-Wuzzy 

(Ratio) 
82.35-97.05 80.96-95.79 89.20-95.66 

Fuzzy-Wuzzy 

(Partial-Ratio) 
99.47-100 97.64-100 99.12-100 

Table IX represents the overall accuracy of the presented 
techniques with three kinds of mappings like one-one, one-
many and many-many between French documents and English 
documents. Out of all the presented techniques Fuzzy-Wuzzy 
(Partial Ratio) technique outperformed all the remaining 
techniques with accuracy ranging from 99.12 to 100. 

Table X presents the time taken to find the similarity 
between languages like English and French. The time 
calculation was accomplished on various documents of 
different sizes from 3KB to 50 KB with all the techniques 
discussed in this article. From the table, it is clear that the Spacy 
method identifies the similarity between English and French 
languages in less time than the other techniques in the literature. 

Fig. 2 illustrates the data from Table I with eight samples of 
French and English documents with one-to-one mapping. The 
graph shows that the string similarity measure values of Spacy 
and Fuzzy-Wuzzy (Ratio) techniques are less than the 
Levenshtein Distance and Fuzzy-Wuzzy (Partial Ratio) 
techniques. It also shows that Fuzzy-Wuzzy (Partial Ratio) 
technique outperforms the remaining presented techniques. 

Fig. 3 illustrates the data from Table III which contains one-
to-many mapping of French and English documents. It shows 
that the accuracy of Fuzzy-Wuzzy (Partial Ratio) technique is 
more than the accuracy of remaining presented techniques. 

TABLE X. TIME REQUIRED TO FIND THE SIMILARITY BETWEEN ENGLISH 

AND FRENCH DOCUMENTS 

Sample 

Size 
Spacy 

Levenshtein 

Distance 

Fuzzy-

Wuzzy(Ratio) 

Fuzzy-Wuzzy 

(PartialRatio) 

3 KB 5 8 6 5 

6 KB 8 14 12 9 

9 KB 10 19 14 14 

12 KB 13 23 19 18 

15 KB 16 28 23 22 

18 KB 19 36 27 26 

24 KB 26 47 38 37 

27 KB 30 52 43 43 

30 KB 33 58 47 46 

36 KB 38 70 56 55 

39 KB 41 75 61 61 

42 KB 43 79 67 65 

45 KB 46 84 72 71 

50 KB 50 92 86 84 

 

Fig. 2. Measuring Accuracy with Fuzzy-Wuzzy, Spacy Similarity and 

Levenshtein Distance in between French-English One-one Mapping. 

 

Fig. 3. Measuring Accuracy with Fuzzy-Wuzzy, Spacy Similarity and 

Levenshtein Distance in between French-English one-many Mapping. 

 

Fig. 4. Measuring Accuracy with Fuzzy-Wuzzy, Spacy Similarity and 

Levenshtein Distance in between French-English many-many Mapping. 
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Fig. 4 illustrates the data from Table V to VIII which 
contains many-to-many mappings of [1, 6], [3, 10], [5, 7] and 
[4, 6] French Documents and different English documents. It 
shows that the accuracy of Fuzzy-Wuzzy (Partial Ratio) 
technique is more than the accuracy of remaining presented 
techniques. 

V. CONCLUSION 

In this paper, the cross-language plagiarism detection 
between French and English documents is discussed. Some 
string similarity techniques such as Fuzzy-Wuzzy (Ratio), 
Fuzzy-Wuzzy (Partial Ratio), Spacy similarity, and 
Levenshtein distance are used to retrieve the similarity of 
sentences and words in multilingual content. Accuracy is the 
criterion used in comparing the output of thepresented 
techniques. More methods need to be identified to find a 
similarity between languages with improved precision. The 
Fuzzy-Wuzzy (Partial Ratio) accuracy is more significant than 
Fuzzy-Wuzzy (Ratio), Levenshtein distance, and Spacy 
similarity, but time required to find the similarity is substantial 
with Spacy compared to other techniques. 
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