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Abstract— Indonesia is an archipelagic country that has
hundreds of ethnic groups and regional languages. One of the
well-known regional languages is the Minangkabau language
(BM) which is dominantly used in several areas in Sumatra
which are in the Awustronesian family. The habit of the
Minangkabau people in their daily life is to always use the
Minangkabau language (BM) in communicating. Usually, the
Minang tribe always communicates every day using the
Minangkabau language, so that it is unique for the people
around them, thus creating curiosity to know BM. So this
research was conducted to translate BM into Indonesian. The
purpose of this research is to translate BM into Indonesian. By
using the translation engine of the Minangkabau Language
Stemming Algorithm (SBMK). The data processed were 600
basic words in printed dictionaries and sentences in 12 BM
documents. The level of accuracy of the translation results from
this study is 98.33% for basic words and 94.68% for sentences
in the document. The resulting algorithm is very precise to
translate and process the basic word spelling checker in BM
words and documents into Indonesian.

Keywords— language, Minangkabau, translation engine,
spelling checker, basic words.

I. INTRODUCTION

The Minangkabau language is a regional language used
by the Minangkabau people from the Minangkabau
Highlands in West Sumatra, South Sumatra, and the west
coast of the Mukomuko region [1]. The Minangkabau
language (BM) is very popular with its various dialects, such
as Agam, Batu Sangkar, Pesisir, Solok, and Pariaman [2]. BM
has several unique words in prefixes, insertions, suffixes,
cmnbinellionsemd disconnected affixes. In prefixes
consisting of ba-1, ba-2, maN, paN-, pa-, ta, no, di, sa, ka,
raw, and basi, insert -il, -al, -ar, -am, and in, endings -an, -
kan, I, and —lah, compound ba-Kan, ba-1, no-Kan, pa-Kan,
ba-lah, standar-lah, stale-lah, man-pa-Kan , no-pa-Kan, no-
sa-Kan, sa-paN, di-pa-sa-Kan, and interrupted affixes Ka..an,
Ka.no, paN.an. The uniqueness that exists in the
Minangkabau language is in the insertion affix, where of the
five insertion words in Minangkabau language, only il, ar, am
are  widely wused, which are not too productive[3].
Morphologically rilemguelgc. and morphological and
ambiguous analysis plays an important role in most Natural
Language Processing (NLP) tasks[4]. NLP is a branch of
artificial intelligence that focuses on natural language
processing. The language that would understood by the
computer requires a process first so that the user's wishes can
be clearly understood by the computer[5]. Stemming is a sub-
field of NLP, which is a phase process in pre-processing
finding the root or root word in a particular word [6][7][8].
Stemming is widely used in application development,
especially in terms of Information Retrieval (IR), and text
mining, to improve system performance [9][10][11]. The
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stemming function here is to cut or separate the basic words
with affixes, both prefixes, insertions, suffixes, or
combinations [12], [13].

The stemming algorithm had widely used for many cases,
such as determining similarities in submitting thesis titles
using Nazief & Adriani stemming [14], Then compare two
Indonesian stemmers Porter and Arifin Setiono, to find out
which stemmer is more effective in determining the root word
[15]. Arifin and Setiono also proposed a new algorithm
similar to Nazief, but adding affixes to words to be omitted,
resulting in a mdl effective root word [16]. Stemming on
tweet documents to analyze the public opinion of Indonesian
tweets about preside candidates of the Republic of
Indonesia in 2014 using Naive Bayes classification,
Maximum Entropy classification, and Support Vector
Machines[17]. ECS stemming reduces the number of terms
generated at the preprocessing stage by using the Clustering
method[18].  Affix grouping based on Indonesian
morphology stemming algorithm Enhanced Confix Stripping
(ECS), New Enhanced Confix Striping (NECS) stemming
algorithm, and UG18 stemming algorithm[19].

The stemming methods that exist in each language are
different from each other, where Indonesian stemming has a
different morphology from the Minangkabau language
stemming. Stemming for the Minangk abau language is more
complicated because several affixes will be removed to get
the root word. Stemming regional languages using the Rule-
Based Approach which produces an accuracy rate of 96.94%
with a total of 120 incorrect wo ~orrected to 20 incorrect
words[20], modification of the Enhanced Confix Stripping
stemmer method, using data in the form of text/poetry in the
Madurese language [21].

II. MATERIAL AND METHOD

2.1 The Spell Check

Spell Check, is the process of checking for spelling errors
of words in the text and providing solutions for errors
automatically. Errors that arise can be caused by the use of the
wrong words, and typing an ing errors. Spelling errors are
divided into two, namely non-word errors and real-word
errors. Non-word errors occur because the typed word is not
in the dictionary, the word is in the dictionary but is wrong in
the context [22§PR3]. The challenges in making a spelling
checker are in the process of finding the wrong word and
providing suggestions in the form of the right word to replace
the mistake word, as well as the process of recognizing
grammar in sentences, whether ambiguity and words that do
not exist in the dictionary are also known as Out of
Vocabulary (OOV) While errors in non-words fehe process of
checking excessive letters and spelling words [24].




2.2 Minangkabau language (BM)

Minangkabau language (BM) has three types of word
meanings (phonemes) [25]. The three phonemes are 5 vowels,
namely a, 1, u, e, and o; 20 consonants, and 6 diphthongs,
namely id, ud, aw, ay, uy, ed [26]. The smallest words
(morphemes) in BM consist of 1 to 4 syllables that have
meaning [27]. Morphological morpheme processes are
grouped into seven groups of affixes which are presented in
Table 1.

Table 1. BM Affix Group

No Group E Affix

1. | Prefix -1, ba-2, maN, paN-, pa-,ta, no, sa,
baku, baka, basi, ka, bapa, tapa, maN
pa, sapa

2. | Insert -il, -al, -ar, -am, in

3. | Suffix —an, -kan,i, dan lah

4 Disconnected ka..an, ka..no, paN..an

Affix

5. | Combination
of prefix and s
uffix

Combination of prefix and suffix (ba K
an, ba- i, no- Kan, pa-Kan, ba- lah, ba
ku- lah, basi- lah),

Combined Suffix and Prefix (MaN- pa-
Kan, no- pa- Kan, No- sa- Kan, sa-pa
N, di-pa-sa-Kan)

maN..pa..Kanlah, maN..sa.. Kanlah
dipa. Kanlah,disa. Kanlah, baku..lah, b

6. | Combination
of prefix and ¢

ombination of | asi..lah, sapaN..lah
suffix

7. | Other disconn | ba2.ka.anbal. paN.an, sa.paN.an
ected affixes

Based on the group of affixes in Table 1, word formation
can be done using Equation (1).

kd = [aw] + [akh] + [dk] + [sis] + gab] (1

Where kd is a basic word in documents and sentences, aw
is a prefix, akh is a suffix, ds is a basic word, sis is an insertion
in a sentence, and gab is a combination of affixes. The part of
the word that is combined with the root word will form an
affix. The Minangkabau LanguaggEbtemming Algorithm
(SBMK) process begins with finding the word to be stemmed
in the ditémlry. If a word is found, it becomes the root word
and the process stops. If the word is not found, then the
deletion process is carried out starting from the deletion of the
prefix, the deletion of the suffix, the removal of the insert, the
deletion of the interrupted affix, and the deletion of the
combined. All processes refer to checking in the Minangkabau
language dictionary. If the word you are looking for is not
found in the dictionary, then the word you are looking for
becomes the root word.

Documents containing variations in various forms of
letters and punctuation, need to be uniformed through a
preprocessing process with the aim that the dai sed 1s free
of noise. The preprocessing stage includes case folding,

enizing, stopword removing, and stemming processes[28].
Case Folding is the process of changing the entire text in a
document into lowercase letters, suchas 'a','b', etc., tokenizing
1s the process of separating a document into parts, and
removing some Chﬂhﬂ s, such as punctuation marks.
Stopword Removing 1s the process of removing words that
have no meaning, such as 'and', 'or', 'by'[29]. Stemming is the
process of separating root words from prefixes (prefixes),

insertions (infixes), suffixes (suffixes), and combinations
(confixes)[30].

The stages of the process of checking the spellilnd
translation of the Minangkabau language are presented n Fig.
1.
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Fig. 1. Stages of the Translation Process

Fig. 2, describes the process carried out in checking the
spelling of the Minangkabau language, starting from the pre-
processing stage, before proceeding to the next stage, a
language dictionary is needed to check words according to the
morphological analysis of the language used. The
preprocessing stage consists of processes, such as case
folding, which removes all periods and punctuation marks in
a document, then proceeds with the tokenizing process, which
1s the process of separating each syllable, then the stopword
removing process, which removes words. words that have no
meaning, such as the word and, or, by, etc. Then there is the
stemming process, which is to remove existing affixes such as
prefixes, insertions, and suffixes. Then proceed to the error
detection and error correction process. After checking and
correcting errors which refers to the analysis of the
morphology of the language, then it produces results in the
form of words in the document. Next, carry out the language
translation process, according to the EYD rules in Indonesian.
The algorithm of the translation process is presented in the
following pseudocode in Fig. 2.

Translasi Algorithm
Input : KD,Kata, Kal
Output : KD, Kata, Kal
Initialization preg_match
If (cekkamus($_1_KD)){
$data[‘katal’]="$_1_KD;
$data[‘kata2']="%_2_Kata;
$data[‘kata3'])="$_3_Kal;
Else
If (preg-match 'KD')}{
If (preg_match('KD'){
Return Tampil KD;
Return Arti KD;
End if
E1sef z ..
I preg-match ('Kata
IE (preg_match ('Katae)
Return Tampil Kata;
Return Arti kata;
End if

M

Else
1f (preg-match('kal')){
Return hapus Kal;
Return Arti Kal;
End if
End If
End If

Fig. 2. Translation Pseudocode

The translation algorithm in Fig. 1 isased on the grouping
of basic words, words, and sentences in the morphology of the
Minangkabau language. The translation process is carried out
starting from the root word. This algorithm processes basic
words, words, and sentences in the document which will




produce basic words, words, and sentences in the
Minangkabau language. Base words, words, and sentences
will be validated with the database. Basic words, words, and
sentences found in the database will be processed to produce
basic words, words, and sentences that have been translated
into Indonesian. Like the word, "barangkek" will be "depart".

HI.RESULT AND DISCUSSION

The translation algorithm was tested on 600 basic words.
The choice of words tested was based on the groups of vowels
and consonants in the database. The translation algorithm was
also tested on 12 Minangkabau language folklore documents.
Each test result is validated by an expert and the formula to
determine the level of accuracy in the word is presented in
Equation (2). Accuracy values for words that were
successfully translated in the document using Equation (3).

Word Translation Acc = g‘%x 100% (2)

Doc Translation Acc = %x 100% (3)

Where > SW 1s the number of successful word translations,
and YIW is umber of words tested. Y SD is the total
translation of documents, and YID is the number of test
documents. The algorithm application is implemented using
the PHP Programming Language with test data in the form of
a dictionary stored in a MySQL database. One of the test
results using the application is presented in Fig. 4.

Spelling Checker Bahasa Minang

(a)

Terjemahan Bahasa Minang

a0 Bapann o
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Fig. 4. Testing interface (a) Spelling Checker, (b) Translator
results

Table 2. Test results on the word

No Group Word | Word Accuracy
Count | Translate | (%)
1. | prefix 387 385 99.00
2. | insert 11 10 91.00
3. | suffix 96 93 97.00
4. | affix 59 57 97.00
Combination
5. | of prefix and 18 17 94.00
suffix
Combined
6. | prefixand 24 23 96.00
combined
suffix
Another
7. | disconnected 5 5 100.00
aflix
Total 600 590
Average 98.33

Table 3. Test results on words in the document

No | Tiul Word | Word Accuracy
°© Htle Count | Translate | (%)
Asal usul
1. Maninjau.txt 199 190 95.00
2. | Mande.txt 72 65 [ 90.00
Cerita
2
3. Minang xt 112 100 89.00
4, | Mengutaroan | - 3 1320 | 94.00
Cinto.txt
5. | Barubek.txt 394 3712 | 9400
Di rumah
6. Puti 453 435 96.00
Galang txt
Talaraik dek
22
7 harato.xt 1,722 1700 | 99.00
Mandapek
8 | Malu.ixt 518 480 [ 93.00
o, |Diungea 193 180 | 9300
Marantau.ixt
jo. | Piiahbapak ., 464 | 97.00
jo mande.txt
Malin
11. Kundang txt 399 350 | 88.00
12. | Marantau. txt 507 450 89.00
Total 6,449 6,106
Average 94.68
2

Based on the test results m Table 2 and Table 3, the
average accuracy level of translators from the SBMK
algorithm is obtained, namely:

Word Trans Accu+doc Trans Accu

Accuration = 2 4)

_ 98.33% + 94.68% _

: 96.50% (5)

With an accuracy result of 96.50%, it makes the translation
algorithm reliable, and has advantages in translating words,
sentences in documents. Another advantage of the translation
algorithm is that it can work very well and can also identify
words and spelling checkers in sentences.




IV.CONCLUSSION

The translation algorithm is a standard stemming
algorithm for the Minangkabau language which can be
implemented for translating words and sentences in
documents. The translation algorithm can determine the
spelling checker for words and sentences in the document. The
system produces an accuracy rate of 96.50% from 600 words
and 12 documents containing.

REFERENCES

[1] M. Nur, “King Pagaruyung in Minangkabau in
Historical Perspective,” J. Anal. Sej.,vol. 9,no. 2, pp.
9-29, 2020.

2] F. Rahman and S. Kurniati, “Ibhas: Ludling the
Minangkabau dialect of the South Coastal language,”
KEMBARA  (Scientific Jowrnal of Language,
Literature, and Its Teaching), vol. 7, no. 2, pp. 51—
64,2021.

[3] B. K. H. Nio, “Minangkabau Language Morphology
and Syntax,” History, vol. I, no. 1636, pp. 1631-
1634, 1979.

[4] A. Nzeyimana, “Morphological disambiguation from
stemming data,” pp. 46494660, 2021, doi:
10.18653/v 1/2020 coling-main.409.

[51 U. Hasanah, T. Astuti, R. Wahyudi, Z. Rifai, and R.
A. Pambudi, “An experimental study of text
preprocessing techniques for automatic short answer
grading in Indonesian,” Proc. - 2018 3rd Int. Conf.
Inf. Technol. Inf. Syst. Electr. Eng. ICITISEE 2018,
Pp- 230-234, 2018, doi:
10.1109/ICITISEE.2018.8720957.

6] A. S. Rizki, A. Tjahyanto, and R. Tnalih,
“Comparison of stemming algorithms on Indonesian
text processing,” Telkomnika (Telecommunication
Comput. Electron. Control., vol. 17, no. 1, pp. 95—
102, 2019, doi:
10.12928/ TELKOMNIKA .v17i1.10183.

71 F. §. Utomo, N. Suryana, and M. S§. Azmi,
“Stemming impact analysis on Indonesian Quran
translation and theirr exegesis classification for
ontology instances,” HUM Eng. J.,vol.21,no. 1, pp.
33-50, 2020, doi: 10.31436/ilumej.v21i1.1170.

[8] C. Moral, A. de Antonio, R. Imbert, and J. Ramirez,
“A survey of stemming algorithms in information
retrieval,” Inf. Res., vol. 19, no. 1,2014.

9] Y. Jaafar, D. Namly, K. Bouzoubaa, and A. Yousfi,
“Enhancing Arabic stemming process using
resources and benchmarking tools,” J. King Saud
Univ. - Comput. Inf.Sci., vol. 29, no. 2, pp. 164-170,
2017, doi: 10.1016/j.jksuci.2016.11.010.

[10] I Shrestha and S. S. Dhakal, “A new stemmer for
Nepali language,” Proc. - 2016 Int. Conf. Adv.
Comput. Commun. Autom. (Fall), ICACCA 2016, pp.
0-4, 2016, doi: 10.1109/ICACCAF 2016.7749008.

[11]

[12]

[13]

[14]

[15]

[16]

[

[18]

[19]

[20]

[21]

[22]

H. A. R. Nur Hidayatullah, Aji Prasetya Wibawa,
“Application of ECS Stemmer for Nazief & Adriani
Modifications in Javanese,” vol. 1, no. 10, 2019.

R. Setiawan, A. Kurniawan, W. Budiharto, I. H.
Kartowisastro, and H. Prabowo, “Flexible affix
classification for stemming Indonesian Language,”
2016 13th Int. Conf. Electr. Eng. Comput.
Telecommun. Inf. Technol. ECTI-CON 2016, 2016,
doi: 10.1109/ECTICon.2016.7561257.

L. P. M. Wirayasa, I. M. A. Wirawan, and I. M. A.
Pradnyana, “Bastal Algorithm: Nazief & Adriani
Algorithm Adaptation for Balinese Text Stemming,”
J. Nas. Pendidik. Tek. Inform., vol. 8, no. 1, p. 60,
2019, doi: 10.23887/janapati.v8il1.13500.

H. Pramudita, “Application of Nazief & Adriani
Stemming Algorithm and Similarity in Acceptance of
Thesis Title,” Data Manaj. dan Teknol. Inf., vol. 15,
no.4,p.15,2014.

D. Novitasari, “Comparison of Porter's Stemming
Algorithm with Arifin Setiono to Determine the
Accuracy Level of Basic Words," STRING (Unit of
Writing Ris. and Inov. Teknol., vol. 1, no. 2, p. 120,
2017, doi: 10.30998/string.v1i2.1031.

A. S. Rizki, “Comparison of Indonesian Stemmers
and Their Impact on Indonesian Text Mining, Case
Study of PLN Customer Complaints Grouping,” p.
205, 2017, [Online]. Available:
http://repository its.ac.id/43254/

B. H. Iswanto and V. Poerwoto, “Sentiment analysis
on Bahasa Indonesia tweets using Unibigram models
and machine learning techniques,” IOP Conf. Ser.
Mater. Sci. Eng., vol. 434 no. 1, pp. 0-6, 2018, doi:
10.1088/1757-899X/434/1/012255.

T. Winarti, J. Kerami, and S. Arief, “Determining
Term on Text Document Clustering using Algorithm
of Enhanced Confix Stripping Stemming,” Inr. J.
Comput. Appl., vol. 157, no. 9, pp. 8-13, 2017, dot:
10.5120/ijca2017912761.

I. Mulyana, A. Suhendra, Ernastuti, and W. Bheta
Agus, “Development of indonesian stemming
algorithms through modification of grouping,
sequencing and removing of affixes based on
morphophonemic,” Int. J. Recent Technol. Eng., vol.
8, no. 2 Special Issue 7, pp. 179-184, 2019, dot:
10.35940/ijrte B1044.07825719.

N. W. Wardani and P. G. S. C. Nugraha, “Balinese
Text Stemming with Enhanced Confix Stripping
Algorithm,” Int. J. Nat. Sci. Eng.,vol.4,no. 3, p. 103,
2020, doi: 10.23887/ijnse.v4i3.30309.

R. Maulidi, “Modification of Enhanced Confix
Stripping Method,” Pros. Semin. Nas. FDI 2016, no.
December, pp. 12-15, 2016.

S. H. Wibowo, B. Soerowirdjo, Ernastuti, and A.
Tarigan, “Spelling checker of words in rejang
language using the n-gram and euclidean distance
methods,” J. Comput. Theor. Nanosci., vol. 16, no.




[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

12, PP 5384-5395, 2019, doi:
10.1166/jctn.2019.8607.

U. Liyanapathirana, K. Gunasinghe, and G. Dias,
“Sinspell: A comprehensive spelling checker for
sinhala,” arXiv Prepr. arXiv2107.02983,2021.

A. 1. Fahma, I. Cholissodin, and R. S. Perdana,
“Identification of Typographical Errors in Indonesian
Language Documents Using N-Gram  and
Levenshtein Distance Methods,” J. Pengemb.
Teknol. Inf. dan llmu Komput., vol. 2, no. 1, pp. 53—
62,2018.

B. McDonnell, “A conservative vowel phoneme
inventory of sumatra: The case of besemah,” Ocean.
Linguist., vol. 47, no. 2, pp. 409-432, 2009, doi:
10.1353/01.0.0020.

N. Kharisma, N. Nadra, and R. Reniwati, “Phonology
of Minangkabau Language Isolect Sikucur,” Diglosia
I.Kaji. Language, Literature and Its Teaching, vol. 4,
no. 4, Pp- 425-440, 2021, doi:
10.30872/diglosia.v4i4.280.

C. R. Fortin and D. Brodkin, “Minangkabau -i: A
locative, transitivizing, iterative, adversative suffix,”
Proc. Linguist. Soc. Am., vol. 2, p. 42, 2017, doi:
10.3765/plsa v2i0.4098.

F. S. Jumeilah, “Implementation of Support Vector
Machine (SVM) for Research Categorization,” J.
RESTI  (System  Engineering. and Technol.
Information), vol. 1, no. 1, pp. 19-25, 2017, doi:
10.29207 /restiv1il.11.

D. Alita and A. R. Isnain, “Sarcasm Detection in
Sentiment Analysis Process Using Random Forest
Classifier,” J. Komputasi, vol. 8, no. 2, pp. 50-38,
2020, doi: 10.23960/komputasi.v8i2.2615.

A.P. Wibawa,F. A. Dwiyanto, I. A. E. Zaeni, R. K.
Nurrohman, and A. Afandi, “Stemming javanese
affix words using nazief and adriani modifications,”
J. Inform., vol. 14, no. 1, p. 36, 2020, doi:
10.26555/jifo.v1411.a17106.




R5_09 Rini_Sovia.docx

ORIGINALITY REPORT

Qe

SIMILARITY INDEX

PRIMARY SOURCES

core.ac.uk 25 words 1 %

Internet

BHI VP . "Senti lysi 0
swanto, .oerwoto SgntlmgnF analysis on 24 words — 1 /0

Bahasa Indonesia tweets using Unibigram models

and machine learning techniques", IOP Conference Series:

Materials Science and Engineering, 2018

Crossref

journal.uad.ac.id 20 words — 1 %

Internet

Rizky Andika, Suhqrjlto Suharjito. "Effe.ch of using 4 ¢ \words — 1 %
wordnet and spelling checker on classification

methods in sentiment analysis for datasets using Bahasa",

Indonesian Journal of Electrical Engineering and Computer

Science, 2022

Crossref

Moham'm.ad Arifin Nq, Llndu.ng Parningotan Manik, 13 words — 1 %
Dany Widiyatmoko. "Stemming Javanese: Another

Adaptation of the Nazief-Adriani Algorithm", 2020 3rd

International Seminar on Research of Information Technology

and Intelligent Systems (ISRITI), 2020

Crossref

Abdt-JIJabbar,‘ Sajid Igbal, Manzoor llahi Tgrmmy, 12 words — 1 /0
Shafig Hussain, Adnan Akhunzada. "Empirical



B B

— — —
N —_ (@

—_ RN
& w

evaluation and study of text stemming algorithms", Artificial
Intelligence Review, 2020

Crossref

etd.uum.edu.my 12 words — 1 %

Internet

. . . e 0
R|.n| SOVI.a, Sarjon Deflt.. Exp.ert Systgm for 11 words — < 1 /0
Diagnosis of Cataracts in Children With Bayes
Theorem", 2021 International Conference on Computer Science
and Engineering (IC2SE), 2021

Crossref

o 0
I\:}\:{\e/r\:]\é\t/.blorxw.org 11 words — < 1 o
o 0
E{Sﬁjournal.org.cn 10 words — < 1 %

api 0
research-api.cbs.dk 10 words — < 1 A

Internet

Yan W lis Syaifudin, P Y 0
an ate_qu is Sya| ud.ln, ramana Yoga Saputra, 9 words — < 1 /0
Dwi Puspitasari. "The implementation of web

service based text preprocessing to measure Indonesian

student thesis similarity level", MATEC Web of Conferences,

2018

Crossref

| o 0
ejurnal.seminar-id.com 9 words — < 1 A)

Internet

T 0
Muhammad F'adlan, Haryansyah, Rosmini. "Three 3 words — < 'I /0
Layer Encryption Protocol: an Approach of Super
Encryption Algorithm", 2021 3rd International Conference on
Cybernetics and Intelligent System (ICORIS), 2021

Crossref



"ICIC 2021 Committees", 2021 Sixth International < 1 %
: : 7 words —

Conference on Informatics and Computing (ICIC),

2021

Crossref

Yunita Fatma F"andha, Guruh Fajar Shidik, Ahmad =~ < 1 06
Zainul Fanani. "Study Comparison Stemmer to

Optimize Text Preprocessing In Sentiment Analysis Indonesian
E-Commerce Reviews", 2021 International Conference on Data

Analytics for Business and Industry (ICDABI), 2021

Crossref

journal.ugm.ac.id 7 words — < 1 %

Internet

Anton Yudhana, Abdul Fadlil, Muhamad Rosidin. < 1 %

n : . : 6 words —
Indonesian Words Error Detection System using

Nazief Adriani Stemmer Algorithm", International Journal of

Advanced Computer Science and Applications, 2019

Crossref

OFF OFF
ON OFF



