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Tri tué nhan tao (Al - Artificial Intelligence), Dit liéu I6n (Big Data), Internet két ndi van vat (10T — Internet
of Things)...1a nhirng tir khda ctia cugc cdch mang cong nghiép 4. Céc tng dung cua tri tu¢ nhan tao noi
chung va cia Hoc mdy (Machine Learning) ndi riéng da dem lai hi¢u qua to I6n trong nhiéu linh vyc cia
doi song con nguoi. Nhimng nam gan day, Hoc méy c6 vai tro quan trong trong xur Iy ngon ngir tu nhién
(NLP — Natural Language Processing). Mot trong nhing bai toan rat quan trong va pho bién trong NLP d6
la phan 16p van ban (Text Classification). C6 rat nhiéu thuat toan hoc may dugc sir dung dé giai quyét cho
bai toén ndy. Tuy nhién, Naive Bayes la thuat todn co thoi gian chay nhanh va d6 chinh xac cao nén thuong
dugc sir dung cho cac bai toan phan 16p van ban. Bai bao trinh bay cu thé viéc xay dung mot mé hinh hoc
may vai thuat toan Naive Bayes st dung dic trung TF-IDF (Term Frequency — Inverse Document
Frequency) trong phan lép vian ban. Tap dir liéu thuc nghiém bao gom 56 700 nhan xét (comments) trén
Twitter va van ban dugc phan thanh 2 16p bao gom: I6p 0 - Non Toxic, 16p 1 — Toxic. Dong thai, trong ni
dung bai béo téc gia ciing thuc hién so sanh d¢ chinh x&c cia Naive Bayes vai thuat todn SVN (Support
Vector Machine) va KNN (K- Nearest Naighbors) trén cung tap da liéu thyc nghiém.

Tur khoa: Hoc may; Naive Bayes; X Iy ngdn ngi ti nhién; Phan 16p van ban, TF-IDF

1. Mé dau

Xur Iy ngdn ngir tu nhién 1a mét trong nhitng linh virc quan trong caa tri tué nhan tao. R4t nhiéu tng
dung caa NLP di, dang va ngay cang c6 anh huong sau rong téi moi miat cua doi séng con ngudi. C6 thé
hiéu NLP 12 mét linh vuc khoa hoc may tinh, k§ thuat théng tin va tri tué nhan tao tap trung vao nghién
clru cc twong tac vé mat ngdn ngit gitta may tinh va con ngudi, cu thé hon 1a 1am thé nao dé lap trinh cho
may tinh xtr ly va phén tich mot luong I6n dir liéu ngdn ngir ty nhién. Noi cach khac, NLP quan tam toi
viéc 1am thé nao dé may tinh c6 thé hiéu va van dung dwoc cac tap dit liéu sin c6 dudi dang ngon ngir tu
nhién. Mot s6 tng dung quan trong ciaa NLP c6 thé chi ra nhu: Cac hé théng may dich, vi du Google
translation ma chung ta da qua quen thudc; Ung dung trong xir 1y van ban va ngén ngir; Ung dung trong
tém tat va phan loai van ban, Hé thong chatbot, Tong dai tu dong (ACC)....

Nhimng nam gan day, Hoc may dang trg thanh mét phan khdng thé thiéu trong qué trinh xu Iy ngén ngi
tu nhién. Tir viéc xay dung cac tap qui tic bang tay doi hoi rat nhiéu thoi gian, cong sic, cc nghién ctu
dang hudng dén viéc st dung co so dir liu 16n dé tu dong (hoac béan ty dong) sinh ra cac quy tic do.
Phuong phap nay di cho nhiing két qua kha quan trong nhiéu linh vuc khéac nhau caa NLP.

Trong céac tng dung cua NLP, bai toan phén I6p van ban [a mot trong nhiing bai todn quan trong va kinh
dién nhat. Muc tiéu cia mot hé thong phan 16p van ban 1a né c6 thé tu dong phan 16p mot van ban cho
trude, dé xac dinh xem van ban do thudc 16p ndo. Céc ung dung cua phan Iép vian ban rat da dang nhu:
Hiéu duoc y nghia, danh gia, binh luan cia nguoi dung; Loc email rac; Phan tich cam xdc; Phan 16p tin
tuc, cac bai bao dién tir...Bai toan phéan I6p van ban 1a mot bai toan hoc ¢ gidm sét (supervised learning)
trong hoc méy, tap van ban huan luyén da dugc gan nhan va dugc sir dung dé thuc hién phan 16p, viéc thuc
hién gén cac nhan Ién mot van ban mai sé dua trén trén mic do tuong tu ciia van ban d6 so vdi cac vin ban
da duoc gan nhan trong tap huan luyén. Bé giai quyét mot bai toén phan 16p van ban, thuong trai qua 4 giai
doan:

Chuén bi dix liéu (Data Preparation)
Trich chon dac trung (Feature Engineering)
Xay dyng md hinh phan 16p (Buil Model)
e Tinh chinh m6 hinh va cai thién hiéu nang (Improve Performance)
Nhu di trinh bay & trén, Phan I6p van ban | mot bai todn hoc ¢6 gidm sat, c6 rat nhiéu thuat toan hoc
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c6 giam sat nhu: Support Vector Machines, Decision Trees, Naive Bayes, K-Nearest Neighbors, Random
Forest... Tuy nhién, Naive Bayes Classifiers 1a mét trong nhiing thuét toan dem lai hiéu qua cho nhiing bai
toan phan 16p trong NLP nh do chinh xac cao, thoi gian huan luyén mé hinh nho.

Hinh 1 1a két qua so sanh cac thuat todn hoc méy khac nhau trong viéc phan I6p vin ban trén cing mot
tap dit liéu bao gom 18000 vin ban dugc gan nhan vao 20 16p, sir dung ciing mot phuong phap trich chon
ddc trung va cling mot cau hinh may tinh nhu nhau. Céc két qua chi ra bao gom: Do chinh xac (score) cua
thuat toan trén tap kiém thu, thoi gian thuat toan st dung dé huan luyén trén tap huan luyén (Training time)
va thoi gian thuat toan sir dung dé kiém thir mé hinh trén tap kiém thir (Test time). Két qua cho thiy thuat
toan Naive Bayes vai ba bién thé khac nhau (ComplementNB, BernoulliNB va MultinomialNB) déu cho
Score cao va Training time, Test time nho hon céc thuét toan khac.
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Hinh 1. So s&nh cac thugt toan hoc may khac nhau trong phan Iép van ban.

Noi dung cua bai bao nay téc gia s& nghién ctru vé thuat toan Naive Bayes, va tmg dung cua Naive Bayes
trong bai toan phan I6p van ban trén tap dit liéu cu thé 1a nhiing nhan xét (comments) thu duoc tir mang xa
hoi Twitter, cac nhan xét dugc phén thanh 2 16p, gan nhan 0 — Non Toxic (nhan xét khéng chira cac tir doc
hai, khéng mang y nghia tuc tiu, kich dong....); gdn nhan 1 — Toxic (nhan xét c6 chira nhitng tir doc hai,
mang ¥ nghia tuc tiu, kich dong).

Nhu d3 biét, 6 chinh xac cia mot mé hinh hoc may khéng nhitng phu thudc vao thuat toan va thiét lap
cac tham s6 tuong ting cua thuat toan d6, ma mot trong nhiing yéu t rat quan trong anh huong 1on t6i do
chinh x4c d6 1a phuong phap trich chon dic trung, chuyén doi dit liéu dang van ban da dwgc xu ly vé dang
vector thudc tinh dang sb hoc. C6 nhiéu cach khic nhau dé dua dir liéu dang van ban vé dir liéu dang sé
nhu: Bag of words (BoW), TF-IDF, Word Embeddings, n-grams model, skip-Gram model...Bai bao nay
ciing trinh bay vé phwong phap trich chon dic trung co ban dwoc sir dung rong réi 1a TF-IDF, va ap dung
k¥ thuat nay cho tap di liéu thu nghiém.

2. Thuat toan phan lép Naive Bayes

Naive Bayes Classifiers (NBC) la mét trong nhiing thuat toan tiéu biéu cho bai toan phan 16p dya trén
ly thuyét x4c suét &p dung dinh |y Bayes.

Dinh ly Bayes cho phép chiing ta c6 thé tinh todn mot x4c suét chwra biét dira vao cac X4c suét co diéu
kién khéc. Vi cong thuc téng quét tinh xé&c suat caa bién cd A véi diéu kién bién cb By xay ra trudc (hay
duoc goi | xac suét hau nghiém):

Véi P(A) > 0 va{B, B,, ..., B,} 1a mot h¢ day du cac bién cb théa man tong xac suat cua hé bang 1
(X, P(B,) = 1) va timg dbi mot xung khic (P(B; n B;) = 0). Khi d6 ta c6:



_ P(AIB)PB) _  P(A|By)PBY
P(B4) = P(a) T3, p(AIB)PBY) (1)

B¢ phan lop Naive bayes hoat déng nhu sau:

- Goi D Ia tap dit liéu huin luyén, trong d6 mdi phan tir dit liéu A chira n gia tri thugc tinh By,
Bs,...,Bn duoc biéu dién bang mot vector n thanh phan {X1,Xz,....Xn}

- Giasircd m1ép Cy, Cy,..,.Cr. Cho mét phan tir dix liéu A, bo phan 16p s& gan nhan cho A 1a 16p c6
X&c suat hau nghiém lon nhét. Cu thé, bo phan I6p Bayes s& du doan A thudc vao I6p Ci néu va
chi néu:

P(C1A)>P(ClA) (i<ij<mi=)) )

Gi4 tri ndy sé tinh dya trén dinh ly Bayes.

- Pé tim xéc suit I6n nhat, ta nhan thiy cAc gié tri P(A) la giéng nhau véi moi 16p nén khéng can
tinh. Do d6 ta chi can tim gié tri Ion nhét caa P(A|C;) * P(Ci). Chd y ring P(Ci) dugc udce lugng
bing |Di//|D|, trong d6 D; 1a tap cac phan tir dit liéu thudc I6p Ci. Néu xac suat tién nghiém P(C;)
ciing khong xac dinh duoc thi ta coi ching bang nhau P(Cy) = P(Cy) = ... = P(Cp), khi d6 ta chi
can tim gia tri P(A|C;) 16n nhét.

- Khi sb lugng céc thudc tinh mé ta dix liéu 1a 16n thi chi phi tinh toan P(A|C;) 1a rat 16n, do dé c6
thé giam do phiic tap cua thuat toan Naive Bayes néu gia thiét cac thugc tinh doc 1ap nhau. Khi do
ta cd thé tinh:

P(A|C;) = P(x1]C) ... P(xy|C) 3

NBC c6 thé hoat dong véi cac vector dic trung ma mot phan 12 lién tuc (st dung Gaussian Naive Bayes),
phan con lai & dang roi rac (su dung Multinomial hoac Bernoulli). Trong phan thuc nghiém, tac gia sir dung
MultinomialNB dé xay dung mé hinh. Mi van ban dugc biéu dién bai mot vector c6 do dai d chinh 1a s6
tir trong tir dién. Gia tri cia thanh phan thi i trong mdi vector chinh 1a s6 lan tir thir i xuét hién trong van
ban do.

Khi do, P(xi|Cj) ti 1& v6i tan suat tir thir i (hay thudc tinh thir i cho tredng hop tong quat) xuét hién trong
cac van ban cua I6p Cj. Gié tri ndy c6 thé dwoc tinh bang cach
Trong do:

e Nqla téng s 14n tir thir i xudt hién trong cac van ban cua 16p Cj, n6 duge tinh bang tong cia tat
ca cac thanh phén thir i ciia cac vector thudc tinh tmg véi 16p C;

e Nclatdng sb tir (ké ca lap) xuat hién trong 16p C;. Néi cach khac, né bang tong d6 dai ciia toan bd
cac van ban thugc vao 16p C;.

Céch tinh nay c6 mét han ché la néu c6 mot tir mai chua bao gio Xuét hién trong I6p Cj thi biéu thuc (1)
s& bang 0, diéu nay dan P(AICi)=0 bat ké cac gia tri con lai ¢6 16n thé ndo. Viéc nay s& dan dén két qua
khong chinh xac. Dé giai quyét viec nay, mot ky thuat dwoc goi 1a Laplace smoothing duoc &p dung nhu
trong biéu thuc (5):

N i+«

, PG = O |

Vi o 1a mét s6 duong, thuong bang 1, d€ tranh truong hgp tir s6 bang 0. Mau s6 dugc cong voi da dé

dam bao tong xac suat N, P(x;|C;) = 1 (Vii Hitu Tiép, 2018; Haiyi Zhang, DiLi, 2007; Wei Zhang, Feng
Gao, 2011)

3. Trich chon dic trueng TF-1DF

Thuat ngit TF-IDF (Term Frequency — Inverse Document Frequency) la mot phwong thirc thong ké dugc
biét dén rong rai dé xac dinh do quan trong ciia mét tir trong doan vin ban trong mot tap nhiéu doan vin
ban khac nhau.

TF-IDF xéc dinh trong sé ciia mét tir trong van ban thu dwoc qua thdng ké thé hién mirc do quan trong
cua tir nay trong mot van ban, ma ban than vin ban dang xét nam trong mot tap hop cac van ban. Gié tri
TF-IDF cao thé hién d6 quan trong cao va nd phu thuc vao sé lan tir xuat hién trong vin ban nhung bu lai
bai tan suit cua tir d6 trong tap dir liéu. Mot vai bién the cua TF-IDF thuong dugc su dung trong cac hé
théng tim kiém nhu mot cdng cu chinh dé danh gia va sap xép van ban dya vao truy van cua ngudi ding.
TF-IDF ciing dwoc sir dung dé loc nhiing tir stopwords trong cac bai toan nhu tom tat vin ban va phan 16p
van ban.

TF (Term Frequency) — Tan suat xuét hién cua tir 1a s 1an tir xuat hién trong van ban. Vi cac vin ban co
thé c6 do dai ngan khac nhau nén maot sb tir 6 thé xuét hién nhiéu lan trong mét van ban dai hon 1a mot
van ban ngan. Nhu vdy, TF thudng duoc chia cho d6 dai vin ban (téng s6 tir trong mot van ban).



- fed
TF(t,d) = max {f (w,d):wed} ©

Trong do:
e TF(t, d) - Tan suat xuat hién cua tir t trong vin ban d.
e f(t,d) - SO lan xuat hién cua tir trong van ban d.
e max{f(w,d): w € d} — S4 lan xuit hién cua tir c6 s6 lan xuat hién nhiéu nhét trong van ban d.
IDF (Inverse Document Frequency) — Nghich dao tan suét ciia van ban, giup danh gia tim quan trong
cia mot tir. Khi tinh tan sé xuat hién TF thi céc tir déu dugc coi 1 quan trong nhu nhau. Tuy nhién c6 mot
sb tu thuorng dugc dugc st dung nhiéu nhung khong quan trong dé thé hién y nghia cta doan van. Vi vay
ta can giam di muc d6 quan trong cua nhiing tir do bang cach sir dung IDF:

IDF(t, D) = logl{del;l @)

D:t €d}|
Trong do:
IDF(t, D) — Gia tri IDF cua tir t trong tp van ban D.
e |D|- Tdng sb van ban trong tap D.
e |{dE D:t < d}-Théhién sd van ban trong tap D c6 chira tir t.

Co sb logarit trong cong thirc nay khong lam thay ddi gié tri IDF cua tir ma chi thu hep khoang gia tri
cua tir d6. Viéc sir dung logarit nham giup gié tri TF-IDF cia mét tir nhé hon, do cbng thuc tinh TF-IDF
cua mot tir trong mot van ban la tich caa TF va IDF cua tir d6. Cong thire tinh TF_IDF duoc xac dinh nhu
sau:

, TF — IDF(t,d, D) = TF(t,d)x IDF(t,D) - (® ,

Tu (8) cho thay nhitng tur c6 gia tri TF-IDF cao la nhiing tir xuat hién nhicu trong van ban nay, va xuat
hién it trong cac van ban khac. Viéc nay gilp loc ra nhixng tir pho bién va gitr lai nhitng tir ¢d gié tri cao
chinh l1a céc tu khoa cta van ban do.
4. Ung dung thuat toan Naive Bayes trén tap dir ligu Twitter
4.1. Chudn bj dé ligu

Tép di liéu céc nhan xét (comments) dugc thu thap tur Twitter va luu trit trong tép Data_NLP.csv nhu
minh hoa trong hinh 2, chira 56 700 dong dit liéu; véi 2 cot bao gom:

e Cotclass: cho biét I6p ma comments dugc gan nhén; cac comments duoc gan vao 2 16p: 0 —
Non Toxic (33 847 comments) | 1 — Toxic (22 853 comments).

o Cot tweet: cho biét noi dung cua doan van ban comments. Day la doan van ban gbe dugc liy
ve tir Twitter nén c6 thé thay chuaa rat nhiéu nhiéu (noise)

ONIRT @ma\. asolovely: As a woman you shouldn't complain about clea.m'ng up your house. &amp; as a man vou shoulg

1t II" @T_}'Iadlson_x. The shit ]'ust blows me..claim you so faithful and down for somebody but still fuckmg
1 111" @ __ BrighterDays: I can not just sit up and HATE on another bitch .. I got too much shit going on!"
1 1111 &#8220;@selfiequeenbri: cause I'm tired of you big bitches coming for us skinny girls!1&#8221;

1" &amp; vou might not get va bitch back &amp; thats that "

1" @rhythmixx_ hobbies include: fighting Mariam"

1 " Keeks is a bitch she curves everyone " lol I walked into a conversation like this. Smh
1 " Murda Gang bitch its Gang Land "

1 " So hoes that smoke are losers 7 " vea ... go on IG

1 " bad bitches is the only thing that i like "

1 " bitch get up oﬁ‘me

Hinh 2. Tdp dé ligu thé da dwoc gdn nhan ban dau Data_NLP.csv
C6 thé thdy cac cAu comments 1 dit liéu thd ban dau (raw data) duoc lay vé tir Twitter chira rat nhiéu
nhidu nhu: cac ky hiéu dac biét, cac thé HTML, JavaScript, c4c tir viét tit, cac lién két, email, con sd, tag
...Do d6 can phai dugc chuan bi truéc khi st dung cho cac muc dich tiép theo. Nhu trong phan mé dau da
chi ra, chuan bi dit liéu (Data Preparation) 13 giai doan thuc hién dau tién trong qué trinh xay dung mot mo
hinh hoc may cho bai toan phéan I6p van ban.



_ Céc phuong phap ma nhom téc gia sir dung dé chuan bi dit li¢u &p dung cho tap dit liéu Data_NLP bao
gom:

e Loai bo nhidu trong cac comments bao gom: Loai bo cac duong link, dia chi email; Loai bo
cac ky tu dic biét, ky tu sb.

e Loai bo céc tir StopWords: StopWords 1a nhing tir xuat hién nhiéu trong ngén ngit tu nhién,
tuy nhién lai khong mang nhiéu y nghia. Dé loai bo StopWords c6 2 cach chinh 1 ding tur
dién (corpus) hodc dya theo tan suat xuat hién cua tir. Véi tiéng anh, nhitng tir StopWords
bao gom: the, this, that, these, is, are, was, were....dd dugc tong hop vao trong mét corpus
trong thu vién NLTK.

e Chuan héa tir: Trong tiéng Anh, m&i mot tir ¢6 thé ¢ nhiéu bién thé khac nhau. Biéu nay
Iam cho viéc so sanh giita c4c tir 1a khdng thé mac di vé mit y nghia co ban 1a nhu nhau. Vi
du nhu cac tir “walks”, “walking”, “walked” déu la bién thé cua tir “walk”. Dé bién ddi cac
tir ndy vé dang gdc 2 ki thuat thuong dwoc sir dung 1a Stremming va Lemmatiaztion.

Nhom téc gia sir dung ngdn ngit lap trinh Python, cac thu vién hd trg bao gom: Pandas, NumPy, NLTK,
RE, ma ngudn duoc Viét trén hé théng Google Colab. Két qua sau khi chay cac ham chuan bi dir liéu dugc
thé hién nhu trong bang 1 v6i 5 comments trudc va sau khi xir ly.

Bang 1: Minh hoa 5 comments trudc va sau khi thyc hién xi ly

STT Comments ban dau Comments da xu ly

nuppnmnnnt@T_Madison_x: The shit just blows me..claim . .

1 | you so faithful and down for somebody but still fucking with z't]llltl Edgkwhga;thful somebody
hoes! &#128514;&#128514;&#128514;"

5 " got ya bitch tip toeing on my hardwood floors " &#128514; get ya bitch tip toe hardwood
http://t.co/cOU2WQ5L4q floor

3 "@Dunderball: I'm an early bird and I'm a night owl, so I'm early bird night owl wise
wise and have worms." worm
"@Tmacc_GFG: &#8220;@VoiceOfDStreetz:
"@Tmacc_GFG: &#8220;@tizzimarie: No slushes slush hoe nasty anyway fam

4 | &#128549;&#8221;hoes nasty anyway hoe taste like meds
fam" &#128564;&#8221;them hoes taste like
meds" &#127815;&#127815;&#127868;

5 beA°AYA’A“ A°AY A’ A“@user @user @user @user @user
@user @user @user @user @user

4.2. Trich chon dac trung

Nhur d trinh bay trong phan mé dau, giai doan thi 2 trong xay dung mé hinh hoc may cho bai toan NLP
d6 la trich chon dac trung (Feature Engineering), co rat nhiéu phuong phap dé thyc hién trich tron dic trung
chuyén déi van ban sang vector dit liéu sb. Tac gia sir dung phuong phap tinh TF-IDF dé thuc hién viéc
nay.

Sau khi thyc hién chuan bi dit liéu nhu trong phan 4.1, mot sé comments sau xir ly chi con la chudi rdng.
Théng ké cho thiy c6 43 chudi comments sau khi xir Iy chi con lai 1a chudi réng (NaN). Do do, truéc khi
thuc hién trich chon dic trung cho toan bo tap comments nay, cac chudi rong can phai duogc xt ly. TAc gia
thuc hién loai bo cac dong comments chira cac chudi rong nay ra khoi tap dit liéu bang phurong thic dropna()
trong thu vién Pandas (Hinh 3). Nhu vay, tap dit liéu ban dau bao gdm 57 000 comments, sau khi loai bo
thu duoc tap dir liéu mai con lai 56 657 comments.

1 #Théng k& s6 row null 1 #Thyc hién xda tdt ca cac row cé phan ti NaN
2 #trong tap dir 1liéu sau xir 1y: 2 data_NLP = data_finish.dropna()

3 data_finish.isnull().sum() 3 data_NLP.info()
class ) <class 'pandas.core.frame.DataFrame'>
tweet ok 43 Int64Index: 56657 entries, @ to 56699

Data columns (total 2 columns):

# Column Non-Null Count Dtype
9 class 56657 non-null inté64
1 tweet_ok 56657 non-null object
dtypes: int64(1), object(1)
memory usage: 1.3+ MB

Hinh 3. Thong ké va xi: Iy commnets rong trong Pandas
Thuec hién tach tap dit liéu thu dugc sau khi loai bé cdc comments rong thanh 2 tp con sir dung cho viéc



huan luyén va kiém thir mé hinh theo ty 1¢ 80% cho tap huan luyén va 20% cho tap kiém thir. Tac gia sir
dung thu vién sklearn dé tw dong hda viéc tach nay. Két qua sau khi thuc hién viéc tach tap dit liéu data_NLP
s& thu dugc tap huan luyén chira 45 325 comments (chiém 80%), tap kiém thir chira 11 332 comments
(chiém 20%) nhu Hinh 4.

1 #THYC HIEN TACH TAP DU LIEU THANH TAP TRAIN VA TEST

2 from sklearn import model selection

3 #Tach t3p dir 1iéu thanh Train - Test (ty 1lé: 0.8 - 0.2)

4 train_x,test x,train_y,test_y=model selection.train_test split(

5 data_MLP[ "tweet ok'],
6 data_MLP['class'],

7 test size=0.2)

8

9 print('Tap Train (8@%): ', train_x.shape)
10 print('Tap Test (20%): ', test_x.shape)

Tap Train (80%): (45325,)
Tap Test (20%): (11332,)

Hinh 4. Phan tach tgp di ligu thanh tgp Train (80%) — tdp Test (20%)

Dé thyc hién trich chon dic trung theo phuong phap TF-IDF da duoc ma ta trong phan 3, tic gia sir dung
module TfidfVectorizer trong thu vién Sklearn. Két qua sau qua trinh nay s& thuc hién chuyén doi dir ligu
van ban sang vector sé (Hinh 5); Di liéu s6 ndy s& dugc sir dung 1a dau vao cho md hinh hoc may Naive
Bayes dé thuc hién phan I6p cac comments.

1 # Tinh TF-IDF cho t3p dir ligu

2 from sklearn.feature_extraction.text import Tfidfvectorizer

3 #Convert a collection of raw documents to a matrix of TF-IDF features.
4 vector = Tfidfvectorizer(analyzer="word",

max_features=20000,

stop words = 'english')

oW

6
7
8 vector.fit(data_NLP[ "tweet ok'])
9 xtrain_tfidf = vector.transform(train_x)

16 xtest tfidf = vector.transform(test x)

11 print('Ké&t qua Vector héa tap Train sang dang s&:')

12 print(xtrain_tfidf.data)

13 print(xtrain_tfidf.shape)

14 print('Ké&t qua Vector hda tap Test sang dang s&:")

15 print(xtest_tfidf.data)

16 print(xtest_tfidf.shape)

KEt qua Vector hda tap Train sang dang sd:

[0.54907788 ©.53160745 0.64490852 ... 9.33670852 ©.13308591 0.26849291]
(45325, 20000)

K&t qua Vector hoa tap Test sang dang s&:

[0.73386444 ©.51887036 ©.43842506 ... 0.58960476 ©.39331306 0.52415607]
(11332, 20000)

Hinh 5. Két qua vector héa vin ban sang dang sé i dung TF-IDF
4.3. Xay deng m6 hinh

Pé sir dung thuat toan phan Iop Naive Bayes, tac gia sir dung thu vién hoc may Sklearn; Sklearn cung
cap 5 giai thuat cua Naive Bayes bao gom: Gaussian Naive Bayes; Multinomial Naive Bayes; Complement
Naive Bayes; Bernoulli Naive Bayes; Categorical Naive Bayes. Nhu so sanh thé hién trong Hinh 1, giai
thuat Multinomial Naive Bayes cho bai toan phan I6p van ban ¢6 hiéu qua ca vé Score, Training time va
Test time. Vi vay, tac gia sir dung Multinomial Naive Bayes ap dung cho tap dit liéu caa minh. Muiltinomial
Naive Bayes c6 2 tham s6 dau vao chinh bao gom:

e alpla: Tham s6 dung dé 1am min (Laplace smoothing); gié tri thiét 1ap 1a mot sb thuc nam
trong doan [0,1]; Thiét Iap mic dinh bang 1.

e fit_prior: Tham sb ding dé xac dinh c6 sir dung xac suat cac phan tir truéc d6 cho viéc huan
luyén hay khong; Gia tri thiét 1ap kiéu boolean (True|Flase), Thiét 1ap mic dinh bang True.

Qué trinh chay mé hinh véi tham sb alpha =0.79, fit_prior=True cho két qua tét nhat. Hinh 6 thé hién
viéc xay dung mod hinh MultinomialNB, huan luyén trén tap Train, va kiém thir trén tap Test. Do chinh xéac



trén khi huan luyén mo hinh dat 93.83%, do chinh xac ciia mé hinh khi chay trén tap Test dat 91.63 %.

1 #S0r dung md hinh Naive Bayes v&i TF-IDF

2 import time

3 from sklearn import naive bayes as nb

4 from sklearn.metrics import accuracy score

5

& #S0r dung thuat todn Multinomialne

7 MultinB = nb.MultinomialnB(alpha=0.79, fit prior=True)

8 #Hudn luyén md hinh v&i t3p hudn luyén Train

9 MultinB.fit(xtrain_tfidf,train_y)
10 train_score = MultiMB.score(xtrain_tfidf, train_y)
11 print('Po chinh xac cha mdé hinh trén tap Train: °, round(train_score*10e,2),'%")
12
13 #S0r dung mé hinh hudn luydn dy doan trén tdp TEST
14 y pred = MultiNB.predict(xtest tfidf)
15 #panh gia dé chinh xac cta mé hinh trén tap Test
16 test sore = round(accuracy score(test y,y pred)*1e0,2)
17 print('pd chinh xac cba md hinh trén tdp Test: ', test sore, '%")

B3 chinh xdc cta md hinh trén tap Train: 93.83 %
Py chinh xdc cta mé hinh trén tap Test: 91.63 %

Hinh 6. X&y dyng md hinh phan I6p van ban sir dung MultinomialNB
4.4. Ddanh gid két qua

Nhu ¢ trén cho thay d¢ chinh xac cia md hinh phéan I6p MultinomialNB trén tap dir liéu Test bao gom
11 332 Comments dat 91.63%; Thoi gian dé huan luyén mé hinh hét 0.013969 gidy, thoi gian dé chay mo
hinh trén tap dir liéu kiém thir hét 0.002822 giay. Pé c6 céi nhin tong quan hon vé két qua danh gia do
chinh xé4c caa md hinh trén tap kiém thu, tac gia sir dung Confusion matrix dé tryc quan héa két qua thé
hién trong Hinh 7.

Confusion matrix, without normalization Normalized confusion matrix

Tue label
Tue label

i v L] Y
Predicted label Predicted label

, Hinh 7. Tryc quan hoa két qud du dodn trén tgp kiém thir véi Confusion matrix
Co tat ca 10 384 comments trén tong s6 11 332 comments trong tap kiém thir dugc du doan chinh xac.
Trong do:

e 6159 comments I6p 0 va dugc du doan diing vao 16p 0 (91.56%);
o 4225 comments I6p 1 va dugc du doan dung vao 16p 1 (91.75%);
e 568 comments I6p 0 nhung mo6 hinh du doan sai sang 16p 1 (8.44%)
e 380 comments I6p 1 nhung mo hinh du doan sai sang 16p 0 (8.25%)

Bén canh do, tac gia cling thuc hién trich chon dac trung theo phuong phdp Bag of Words (BoW) va cai
dat bo phan 16p véi 2 thuat toan hoc may khac dé danh gia 1a Support Vector Machines (SVM) va K-
Nearest Neighbors (KNN).

Bang 2. Bé chinh x4c cuia céc thudt toan phan Iép trén tdp kiém thi

. Thuét toan phan l6p
P}é‘ﬁgﬁgdgi“:ﬁggh MultinomialNB SVM KNN
T (alpha=0.79) (C=0.5) (n_neughbors=10)
TF-IDF 91.63% 59.66% 67.94%
BowW 71.83% 59.29% 42.95%

Két qua thé hién do chinh xac cua cac mo hinh trén tap kiém thir duoc thong ké trong Bang 2. C6 thé



thdy rang Naive Bayes |4 thuat ton tot cho mo hinh phéan 16p van ban voi do chinh xc cao. Ngoai ra
phuong phap trich chon dic trung ciing anh hudng rat 16n t6i su chinh xac cia mé hinh.

5. Két luan

Hoc may da duoc nghién ctu, tng dung trong rat nhiéu linh vuc, trong d6 ¢ linh vuc xir ly ngén ngi
tu nhién (NLP) va thu duoc nhiu két qua tich cuc. Trong cac bai toan NLP, phan 16p vin ban 1a bai toan
co ban va rat quan trong. Trong noi dung cia bai béo nay, tac gia da nghién cau va tim hiéu vé mot trong
nhiing thuat toan rat hiéu qua cho phan Iép vin ban d6 1a Naive Bayes. Céc két qua trong phan thyc nghiém
phan 16p van ban vai tap 56 700 comments trén Twitter thanh 2 16p 0 — Non Toxic va 1 — Toxic da cho
thdy hiéu qua cua thuat toan Naive Bayes so vai cAc thuat toan hoc méy khéc. Két qua thuc nghiém ciing
chi ra rang, do chinh xac caa mot mé hinh phan 16p khéng nhitng phu thudc vao thuat toan, tham s thiét
lap cho thuat toan d6 ma con phu thudc rat 16n vao phuong phap trich chon dac trung cua tap dit liéu dau
vao. Tuy nhién, c6 thé khang dinh Naive Bayes Classifiers (NBC) 1a mét lya chon tét cho cac bai toan phan
I6p van ban (Text classification), NBC c6 thoi gian huan luyén, kiém thir mé hinh rat nhanh va d6 chinh
X4C cao.
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ABSTRACT

Research on Naive Bayes classifiers to text classification; Application
for Twitter’s comments data set.

Dang Van Nam !
1 Hanoi University of Mining and Geology

The content of this article will research on Naive Bayes classifiers to text classification and application for
Twitter’s comments data set. Naive Bayes classifiers which are widely used for text classification in
machine learning are based on the conditional probability of features belonging to a class, in which the
features are selected by feature selection methods. The paper specifically presents the construction of a
machine learning model with the Naive Bayes algorithm using TF-IDF features in text classification. The
experimental data set includes 56 700 comments on Twitter and that is divided into 2 classes: class 0 - Non
Toxic, class 1 - Toxic. At the same time, in the content of the article, the author also compared the accuracy
of Naive Bayes with SVN algorithm and KNN on the same experimental data set.
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