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LOI CAM POAN

Nghién cttu sinh (NCS) xin cam doan céc két qua trinh bay trong luan 4n Tién si
“Ndng cao hiéu qud phdn tich protein sica déi sau dich ma trén co sé két hop mé hinh
hoc mdy va xu ly ngon nguw tu nhién” la cac cong trinh nghién ciu cia NCS dudi su
huéng dan ctia PGS. TS. Lé Nguyén Qubc Khanh va TS. Nguyén Vin Nui, trif nhiing
kién thifc tham khao tif céc tai liéu da dugc tham chiéu 16 rang.

Cac két qua nghién cttu trong luén 4n 1a trung thuc, mot phan da dugc cong bd trén
cac Tap chi, Hoi thdo khoa hoc (danh sach cac cong trinh dugc liét ké tai cudi Luén 4n),
phan con lai chua dugc cong bd trong bat ky cong trinh nao khéc.

Moi noi dung dit liéu dudc tham khdo trong luin 4n déu dudc trich din diy di va
ding quy dinh.

Thai Nguyén, ngay .... thang .... nam 2025
Tac gia ludn an

Tran Thi Xuén



LOI CAM ON

Luan 4n tién si nay 1a két qua cta cd mot qua trinh nghién ctu ly thuyét va thuc
nghiém day thach thifc va khé khin, doi hoi su kién tri va sy tip trung cao do. Két qua
dat dugc khong chi 1a nhitng n6 luc cd nhan ma con c6 su hd trg, giip dd cia tip thé
ngudi hudng dan, co sé dao tao, cd quan chii quan, dong nghiép va gia dinh.

Véi 1ong biét on sau sac, NCS xin gti 15i cdm on chan thanh dén tap thé huéng dian
khoa hoc: PGS.TS. Lé Nguyén Qudc Khinh — Trudng Pai hoc Y Pai Bic (Pai Loan) va
TS. Nguyén Vin Nii — Truong Dai hoc Cong nghé Thong tin va Truyén thong, nhiing
ngudi di luon tin tAm hudng dan, hd trg va dong vién NCS trong sudt qud trinh thuc
hién luan an.

NCS xin tran trong gdi 16i cAm on Trudng Pai hoc Cong nghé Thong tin va Truyén
thong, Phong Pao tao - Bd phan Sau dai hoc, Khoa Cong nghé Thong tin di tao diéu
kién thuén 10i cho NCS trong qua trinh hoc tap va nghién cuu.

NCS ciing xin gifi 18i cdm on dén Trudng Pai hoc Kinh té va Quan tri Kinh doanh,
Khoa Khoa hoc Co ban, Khoa Kinh doanh va Logistics, dong nghiép di ludn c6 vi,
dong vién va tao diéu kién tdt nhat cho NCS hoan thanh nhiém vu hoc tip va nghién
ctiu.

Pic biét, NCS xin chan thanh cidm on sy hd trg tir Pé tai Khoa hoc va Cong nghé
cip Pai hoc Thdi Nguyén ma s6 PH2023-TN08-05 [2], va Dé tai thudc Quy Phat trién
Khoa hoc va Cong nghé Qudc gia (NAFOSTED) mi s6 102.05-2023.49, di tao ngudn
luc quan trong d&€ NCS trién khai cdc nghién cttu chuyén siu va hoan thién luan 4n nay.

Cubi cung, NCS xin gt 10i cdm on siu sic dén gia dinh, ban beé va cdc anh chi em
nghién ctu sinh trong nhém nghién ctfu — nhiing ngudi da ludn bén canh, ¢d vil, chia sé
va ting ho NCS vudt qua nhitng khé khin trong sudt chiing dudng hoc tip va nghién ciu.
Su quan tAm va dong vién ctia moi ngudi 1a ngudn ddng luc to 16n gitip NCS viing budc
hoan thanh nhiém vu ctia minh.

Xin chan thanh biét on!

NCS. Tran Thi Xuan

il
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DANH MUC CAC THUAT NGU, CHU VIET TAT

Thuat ngu

Dién giai tiéng Anh

Dién giai tiéng Viét

AAC

Amino Acid Composition

AAC 12 gia tri tan suét xuat hién cla
mdi axit amin trong chudi protein.
Pay la mdt trong nhitng dac trung co
ban nhit dugc st dung trong phén tich
protein biang hoc may [75].

AAlIndex

AAlndex 1a mot tap hop céc chi sb
sinh hoa va vt ly cia axit amin (tinh
ki nudc, tinh phan cuc, do linh dong),
dudc st dung d€ bi€u dién dic trung
cua protein trong cac bai toan hoc
may [52].

ACC

Accuracy

La mot chi s6 ddnh gia hiéu suit clia
mo hinh phan loai, dudc tinh bang ty
1¢ gitta s6 luong du doan dung trén

tong s6 mau dit lidu.

AUC

Area under the curve

Chi s6 dudc tinh todn dua trén dudng
cong ROC nhim danh gid kha ning

phan loai cia mo hinh.

BE

Binary Encoding

bic trung Binary encoding 1a mot
phuong phdp ma héa nhi phan dé biéu
dién thong tin vi tri clia céc axit amin
trong trinh tu protein, ho trg cdc mo
hinh hoc mdy du doan vi tri PTM.

BERT

Bidirectional Encoder
Representations from
Transformers

Mo hinh BERT.

vi



Thudt ngit  Dién giai tiéng Anh Dién giai tiéng Viét
Bi-LSTM 1a mang LSTM hai chiéu, 1a
, Bidirectional Long mot mang no-ron hodi quy dudc st
Bi-LSTM . 4 2 1s . A -
Short-Term Memory dung chu yéu trong xu ly ngén ngt tu
nhién.
CKSAAP la mdt phuong phap trich
xuét dic trung tif trinh ty protein bang
Composition of k-Spaced ~ cach dém tan suit xuit hién ctia cac
CKSAAP . . : .. : Xe e
Amino Acid Pairs cap axit amin trong chuoi v6i mot
khoang cach k cb dinh. CKSAAP tao
ra mot véc to 400 chiéu.
I-dimensional
CNN1D Convolutional Neural Mang no-ron tich chiap mot chiéu.
Network
Convolutional Neural i .
CNNs Mang no-ron tich chap.
Networks
DNN Deep Neural Network Mang no-ron sau.
, S6 mau duong tinh nhung bi du dodn
FN False Negative N
nham la am tinh.
. S6 mau am tinh nhung bi du doan
FP False Positive I .
nham la duong tinh.
GPS 1a mdt phuong phap dac trung
sinh hoc thudng dugc st dung trong
o du dodn vi tri bién d6i sau dich
Group-based Prediction . ) S
GPS S ma [[128]]. GPS khong chi la mot dac
core X
trung don thuan ma con la mot mo
hinh tinh diém dua trén nguyén tic
diém s6 nhém.
LSTM 1a mot loai mang no-ron hoi
quy dudc thiét ké dé giai quyét vin dé
LSTM Long Short-Term Memory  vanishing gradient cia RNN truyén

théng khi lam viéc véi dit liéu chudi
dai.
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Thuat ngu

Dién giai tiéng Anh

Dién giai tiéng Viét

MCC

Matthews Correlation

Coefficient

Hé sb tuong quan Matthews, 12 mot s6
liéu hiéu suét cho c4c bd phan loai nhi
phan trong hoc mdy. N6 do ludng mbi
tuong quan gitta két qua du doan va

thuc t&, xem xét day dii ma trin nham

lan.

Natural
Language-
Based

Ky thuat xu ly ngdn ngti ty nhién ma
hoa chudi protein: La ky thuat ma hoa
chudi protein theo cach tiép can cia
xu ly ngdn ngt ty nhién, tu do tao ra
véc td dac trung su dung trong cac mo

hinh hoc may.

NLP

Natural Language
Processing

X ly ngon ngi ty nhién la mot linh
vuc cua tri tué nhan tao (Al) giup may
tinh ¢6 thé hiéu, dién gidi va tao ra
ngon ngli con ngudi mot cach tu nhién

va hiéu qua.

PseAAC

Pseudo Amino Acid

Composition

PseAAC 12 mot phuong phép bi€u
dién trinh tu protein dudc dé xuat bsi
Kuo-Chen Chou (2001), md rong
AAC bing cach dua vao thong tin vé
mbi quan hé tuan tu va cic dic tinh

sinh hda cua axit amin [98]].

PSSM

Position-Specific Scoring

Matrix

Biéu dién muc dd bao ton ciia cic axit
amin tai mai vi tri trong chudi protein
bang cach st dung ma tran diém s6
dua trén nhiéu chudi tuong dong.
PSSM dudc tao ra thong qua can
chinh day trinh tu (MSA), dudc dung
trong du dodn ciu tric protein, tuong
tac protein-protein, va du doan vi tri
PTM.
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Thudt ngit  Dién giai tiéng Anh Dién giai tiéng Viét
Post-Translational oo . .
PTM . Stra doi sau dich ma.
Modification
RF Random Forest Thuat toan hoc mdy riing ngau nhién.
RNNs Recurrent Neural Networks Mang than kinh hdi quy.
SVM Support Vector Machine Thuét todn mdy vector hd trg.
Do nhay phan anh kha nang mo hinh
hat hién dung cac truong hgp duon
SEN Sensitivity p o 5 . &P . 5
tinh (positive).SEN cang cao, m6 hinh
cang it bo s6t mau ducng tinh
b0 dac hiéu phan anh kha nang mo
SPE Specificity hinh nhan dién dung céc truong hgp
am tinh (negative).
TN True Negative S6 mau am tinh dudc du dodn dung.
. S6 mau duong tinh dudc du doan
TP True Positive )
duang.
) _ Thuat toan hoc may tdng cuong do
XGBoost Extreme Gradient Boosting

dbc cuc dai.

X
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MO PAU

1. Tinh cap thiét cha deé tai
Boéi cdanh khoa hoc va thuc tién:

Stia d6i sau dich ma (Post-Translational Modification — PTM) 12 nhiing bién d&i
héa hoc dién ra sau khi qua trinh tdng hop protein hoan tat. Cac dang PTM phd bién
nhu glycosyl hoa, phosphoryl héa, ubiquitin hda, acetyl hda, lipid hoa, hay phan giai
protein... c6 vai tro dic biét quan trong trong viéc diéu chinh céu tric, chic ning va

hoat dong sinh hoc cuia protein [4]].

PTM tic dong siu rong dén nhiéu qua trinh sinh hoc then chét, chang han nhu
truyén tin hiéu té bao, diéu hoa mién dich, va biéu hién gen. Su sai léch trong qu4 trinh
PTM lién quan truc tiép dén nhiéu bénh 1y nguy hiém nhu ung thu, rdi loan than kinh
va bénh truyén nhiém [3,[37,91]. Do d6, viéc xac dinh chinh xéc cac vi tri PTM trong
chudi protein 1a mot nhiém vu ¢6 y nghia quan trong trong nghién cttu y sinh, ho trg lam

sang td co ché phan ti, phat trién thubc va liéu phap diéu tri méi.

Khéi phé (Mass Spectrometry — MS) dudc coi 1a phuong phap tiéu chuin vang dé
phat hién PTM [7,24]]. Tuy nhién, k¥ thut nay thudng yéu cau quy trinh thi nghiém phtc
tap, ton kém va mat nhiéu thoi gian, dong thdi khé mé rong quy mo. Do d6, su phat trién
cua cac phuong phap tinh toan c6 kha nang du doan vi tri PTM mdt cach nhanh chong,
chi phi thip va hiéu qua 1a hét stic can thiét nham hd trg cho cac nghién citu trong linh
vuc y sinh.

Su phdt trién ctia cdc phwong phdp tinh todn:

Trong hon hai thap ky qua, cdc phuong phép tinh toan da gép phan quan trong
trong du doan vi tri PTM, diic biét véi ba hudng tiép can ndi bat: hoc mdy truyén thong,
hoc séu, va xu ly ngon ngtt tu nhién (NLP) va m6 hinh ngén ngti protein (PLMs).

(i) Hoc mdy truyén thong (Machine Learning): Cac md hinh hoc maydudc st dung
x4y dung cac mé hinh du doan PTM nhu SVM, Random Forest, XGBoost hay kNN, tuy
nhién cdc md hinh nay thuong dua trén tap dic trung thii cong dudc thiét ké tir kién thic
sinh hoc (vi du: PseAAC, CKSAAP, BE, PsePSSM) [12,27,49,62,64.103,124] . Huéng
nghién ciu nay c¢6 vu diém ndi bat 1a d& huln luyén, trién khai nhanh, va c6 kha ning
dién giai tot, diic biét phut hop khi 1am viéc véi dit liéu nhoé. Tuy nhién, nhude diém 16n
12 phu thudc nhiéu vao dic trung thi cong von mang tinh chi quan va dé bo sét cac tin
hiéu nglf cinh quan trong, khién khé ning tdng quat héa bi han ché.

(i) Hoc sau (Deep Learning): M6 hinh du doan PTM dudc phat trién dua trén céc



kién tric mang hoc sau nhu CNN, LSTM, Bi-LSTM hoic cic m6 hinh hoc sau lai. Hoc
sau cho phép tu dong trich xuét dic trung tir dif liéu thd va mo hinh héa mdi quan hé phi
tuyén phtc tap trong chudi protein [30,45,60,(106,117,/125]. Cac nghién ciu gan day
cho thy m6 hinh hoc siu thudng vudt troi hon so véi hoc mdy truyén thong vé hiéu qua
du doan. Tuy nhién, chiing thudng doi héi tap dit liéu huin luyén quy mé 16n va tiéu ton
nhiéu tai nguyén tinh toan. Trong diéu kién dit liéu sinh hoc thudng han ché va méit can
bing, md hinh hoc sau dé gip phai vin dé qua khdp, 1am gidm kha niing ting dung thuc
tién.
(iii) Xt ly ngdn ngt tu nhién (NLP) va m6 hinh ngén ngtt protein (PLMs):

Trong hudng tiép can nay, chudi protein dugc xem nhu mot “ngdn ngit sinh hoc”,
trong d6 mdi axit amin tuong ng véi mot token, va ngii canh xung quanh token quyét
dinh chic nang sinh hoc ciia n6. Quan ni€ém nay md ra kha nang ing dung cac k¥ thuat
NLP vao du doan PTM. Cac mo6 hinh ngén ngtt 16n nhu BERT [22] va T5 [89] dudgc st
dung d€ trich xuét cic embedding ngit canh, sau d6 cdc embedding nay dudc dua vao
lam dac trung cho cac md hinh hoc may hodc hoc sau, xay dung nén cac mo6 hinh du
doan PTM hiéu qua [55,(79,/82,/101].

Ngoai ra, mot s6 mo hinh PTM con khai thdc cdc mo hinh tién huén luyén dua
trén BERT chuyén biét cho protein, chang han nhu ProteinBERT [11], dién hinh la
DeepPTM [[101]. Tuy nhién, mdt han ché quan trong 12 chi phi tinh todn rat cao, gay khé
khin trong trién khai thuc té, dic biét khi dit liéu han ché hoic tai nguyén tinh todn bi
gi6i han.

Cic thdch thiic va khodng trong nghién citu:

Mic du da dat dugc nhiéu tién bd, cac nghién citu du doan vi tri PTM hién nay van

ton tai mot s6 thach thic sau:

- Phu thudc dic trung thii cong: Phan 16n cac phuong phap hoc may truyén thong
van dua nhiéu vao dic trung do con ngudi thiét ké, mang tinh chii quan va thiéu kha
nang khai quat khi ap dung cho loai mdi hoac dang PTM khac.

- Nguy co qua khép do dit liéu han ché: Trong bdi canh dif liéu PTM thudng nhd
va méit cin biang, cdc mo hinh hoc sau dé bi qua khép, lam giam tinh téng quat trong
thuc tién.

- Chi phi dit liéu va tai nguyén 16n: Cac mo hinh hoc sau va PLMs/LLMs yéu cau
tap dit liéu khdng 16 va ha ting manh, khé 4p dung trong moi trudng nghién citu han ché

vé tinh toan.

- Chua khai thac k¥ thuat chat loc tri thiic (Knowledge Distillation-KD). KD da
chiing minh hiéu qua trong thi gidc may tinh (Computer Vision) va xu ly ngdn ngi tu



nhién (NLP), cho phép xiy dung mo hinh gon nhe nhung van duy tri hiéu suit cao. Tuy
nhién, dén nay chua cé cong trinh nao ap dung ky thuit hoc chat loc tri thic vao du doan
PTM, trong khi diy 1a mot huéng hita hen phit hop véi dit liéu han ché va moéi trudng tai

nguyén gidi han.

Xuat phét tif tAm quan trong cda viéc xdc dinh chinh x4c vi tri PTM trong nghién
cifu y sinh, cung v6i nhu cau phat trién cdc phuong phap tinh toan tién tién va nhiing
khoéng trong nghién ctiu da phan tich, NCS lya chon dé tai “Nang cao hiéu qua phan
tich protein stra d6i sau dich ma trén co s& két hop md hinh hoc mdy va xit Iy ngén ngi

tu nhién” 1am luén 4n tién si nganh Khoa hoc may tinh.

2. P6i twong va pham vi nghién citu
(1) Doi tugng thit nhdt la cdc protein sita déi sau dich ma:

Hién tai, c6 hon 600 loai PTM khac nhau da dudc phat hién va dinh danh. Mong
mubn ctiia NCS 1a c6 thé thuc hién nghién citu dudc véi nhiéu loai PTM khac nhau nham
bd sung, gép phan 1am giau tri thic, su hi€u biét cia con ngudi dbi véi tit ca cac loai
PTM hién c6. Tuy nhién, trong pham vi ludn an nay, nghién ctu tip trung vao ba loai
phd bién va c6 dit liéu tuong d6i ddy da va con khoang tréng nghién ciiu: SUMOylation,
Succinylation va Ubiquitination.

Ngoai ra, qua khao sat, cau triic protein bac cao (cAu tric bac 2,3,4- thudng dugc
Iuu trit du6i dang anh 3D) trong cac ngan hang Protein(UniProt, NCBI, Ensembl...) con
thiéu, chua day di va rt ton kém bod nhé d€ Ivu trii; hon nita hau hét dit liéu protein hién
nay dugc luu trit dudi dang chudi FASTA (Protein bac 1). Dang biéu dién nay khong chi
phd bién ma con tiét kiém tai nguyén va phu hop vé6i cac ki thuit hoc mdy, hoc sau hién
dai va NLP. Vi vy, luan 4n Iya chon ciu triic protein bac 1 1am dau vao dé phat trién mo
hinh du doan vi tri PTM vdi hiéu nang cao cho ba loai néu trén.

(2) Doi tugng thit hai la mé hinh du dodn vi tri PTM dya trén mé hinh hoc mdy két
hop vdi xit ly ngdn ngit tu nhién:

Ky thuat phé bién d€ du doan vi tri PTM, c6 do chinh x4c cao hién nay chinh 1a
k§ thuat kh6i phS va giai trinh tu. Tuy nhién, k¥ thuat MS nay c6 chi phi rat 16n, thoi
gian thuc hién lau, va dic biét 12 khé 4p dung véi nhiéu protein cung lic. Chinh vi vy,
viéc nghién cifu cac mo hinh du doan PTM dua trén mo hinh hoc mdy, két hop v6i NLP
12 mot céch tiép cin phit hop bdi né khai thac dudc nhiing tién bd clia cong nghé thong
tin, cac mo hinh hoc mdy va ky thuat NLP nham gitp ngan thdi gian hd trg cho cdc nha
sinh/y hoc dua ra nhiing két luaAn nhanh va chinh x4c, pht hop nhu cau va xu huéng phat

trién hién nay.



3. Phuong phap nghién ciru

D¢ dat dugc muc tiéu nghién ciu, luin 4n tri€n khai song song hai huéng chinh,
d6 1a: (1) Nghién ciu co sé ly thuyét d&€ dé xuit md hinh méi va (2) Nghién citu thuc
nghiém nham kiém chiing hiéu qua cac md hinh nay.

(1) Vé ly thuyét, luan 4n ké thira va phat trién cac phuong phép hién dai ctia khoa
hoc dit liéu va tri tué nhan tao, bao gdm: Hoc mdy tS hop (Ensemble Learning) nham
khai thac vu thé ctia nhiéu bd phan loai d€ nang cao do tin ciy du doan. Xt ly ngon
ngit tu nhién dé bi€u dién “ngdn ngit protein” va trich xuit ngit nghia, ngit canh tif chudi
axit amin; Céc kién triic hoc sau lai (Hybrid Deep Learning) két hgp CNN va LSTM/Bi-
LSTM nhim tin dung dong thdi kha niing phat hién dic trung cuc bd va quan hé tuan tu
dai han; Hoc chat loc tri thic d€ xdy dung cdc md hinh gon nhe, thich tng véi dit liéu
han che;

(2) Vé thuc nghiém, cidc md hinh dudc huin luyén va ki€ém dinh trén dit liéu PTM
thuc té, sau d6 so sdnh vé6i cac phuong phap tién tién hién c6. Két qua danh gia gidp
khang dinh tinh kha thi, hiéu qua va y nghia ting dung clia cdc md hinh dé xuét trong

viéc du dodn vi tri stta d6i sau dich ma trén protein.

4. Cac dong gop cua luin an

Lun 4n tap trung nghién cttu va dé xult phuong phap du dodn ba loai PTM phd
bién, bao gdbm: SUMOylation, Succinylation va Ubiquitination. Trén cd s két hop cac
phuong phép truyén thong, hoc mdy, hoc sau va ky thuat xi ly ngdn ngit tu nhién, luin
4n da giai quyét dudc cdc muc tiéu dit ra cla dé tai, dé xult dugc nhiing mé hinh cai
tién v6i hiéu suat cao. Trong qud trinh thuc hién ludn 4n NCS da cong bd 08 bai bao
khoa hoc trén cac tap chi va hoi thao chuyén nganh trong nuéc va qudc té. Trong do, 06
cong bd c6 ndi dung gan truc tiép v6i tén dé tai, phan 4nh rd rang cac két qua nghién
ctfu chinh ctia luan 4n, dudc trinh bay day di va chi tiét trong cac chuong noi dung. Bén
canh d6, 02 cong bd khac c6 ndi dung lién quan va hd trg, gép phan lam phong phu thém
cho luan 4n, mé rong pham vi nghién citu, dong thdi khang dinh kha ning ng dung,
tinh téng quat va huéng phat trién ctia két qua nghién ctiu, cic cong bd bé trg nay khong
di sau vao ndi dung chinh ctia luan 4n nhung c6 y nghia bé trg vé phuong phdp, ki thuat
va linh vyc tng dung.

Danh muc chi tiét cdc cong bd da dugc liét ké trong phan Danh muc cong trinh
khoa hoc kém theo luan an.

Luan an c6 ba dong gop chinh sau:

(1) Co s6 Iy luéin va téng quan hé thong: Luin 4n di hé thdng héa, phan tich va
so sanh cac phuong phap tif truyén thdng, hoc mdy t6 hop, hoc sau lai, k§ thuat NLP



trong bai toan du doan PTM, qua dé xay dung nén tang khoa hoc viing chic cho céc

nghién citu tiép theo.

(2) Khai thac NLP cho dur liéu protein: Luan an da chiing minh kha nang tng
dung va hiéu qua cta céc ky thuat NLP trong viéc bi€u dién ngit canh ctia chudi protein,

gidp vuot qua han ché ciia dic trung thii cong va nang cao do chinh xac trong du doan.

(3) Pé xuét va phat trién mé hinh méi: Luan 4n da d& xuAt bén mo hinh PTM
v6i hiéu suit cao, trong d6 c6 cac md hinh lai két hop hoc sau v6i NLP va dic biét 1a md
hinh 4p dung hoc chat loc tri thifc cho Ubiquitination, phlt hgp véi bdi canh dif liéu han
ché va moi truong tinh todn han ché. Cu thé, bon dé xuét chinh gom:

- Pé xuét mo hinh du dodn vi tri PTM (SUMOylation) dua trén hoc may t3 hop va
cac ddc trung lai ghép.

- Pé xuat hai mo hinh du dodn vi tri PTM (SUMOylation va Succinylation) dua
trén ky thuat hoc sau lai ghép va ky thuat xui ly ngdn ngt tu nhién.

- Pé xuit mo hinh du doan PTM (Ubiquitination) dua trén hoc chit loc tri thic va
ky thuat xt Iy ngdn ngit tu nhién.

5. B0 cuc cua luidn an

Luan 4n bao gébm cdc phan: M& dau, 4 chuong noi dung chinh, két luan va huéng
phat trién, danh muc céc cong trinh khoa hoc di cong bd va danh muc tai liéu tham khio.
Noi dung chinh ctia 4 chuong dugc tém tat nhu sau:

Chuong 1. Tong quan du doan vi tri stra doi sau dich ma trong chuéi protein
va cdc kién thitc nén tang

Trong chuong nay, NCS trinh bay cac kién thiic nén tdng vé protein va protein siia
ddi sau dich ma (PTM), vai trd clia viéc xay dung mo hinh du doén vi tri PTM hiéu suét
cao. Phan tiép theo clia chuong trinh bay vé bai todn du doén vi tri PTM, cdc budc xay
dung md hinh du doan vi tri PTM, cac phuong phap ma hoa dic trung protein hi€n nay,
tong quan tinh hinh nghién ctiu du dodn vi tri PTM, mot s6 han ché va dé xuét huéng
nghién cuu.

Chuong 2. M6 hinh hoc may t6 hgp du doan vi tri sita ddi sau dich ma trong
chuoi protein

Trong chuong nay, NCS trinh biy vé phuong phap du dodn vi tri sita d6i sau dich
ma trén protein dua trén k¥ thuat hoc mdy t& hop. Phuong phap dé xuét sit dung ba mo
hinh thanh phan gom Random Forest (RF), Extreme Gradient Boosting (XGBoost) va
Support Véc té Machine (SVM), dudc huéin luyén doc 1ap va két hop két qua du dodn
bing chién lugc trung binh c6 trong s6 (Weighted Average Voting). Céch tiép cin nay



gitp khai thac thé manh riéng biét clia ting mo hinh hoc mdy, tir d6 cai thién do chinh
x4c va tinh 6n dinh trong du dodn. Cac két qua thuc nghiém cho thiy phuong phap td
hop mang lai hiéu suat vuot trdi so véi cdc md hinh don 18.

Chuong 3. Mé hinh hoc siu lai két hop xi Iy ngdn ngit tu nhién du doan vi tri
stta doi sau dich ma trong chudi protein

Trong chuong nay, NCS gidi thi€u m6 hinh hoc séu lai tich hgp vé6i ky thuat NLP
nhiam ning cao kha ning du dodn vi tri PTM. M6 hinh dudc xay dung dua trén su két
hop gitta mang CNN1D dé khai thac dic trung cuc bd va mang LSTM/Bi-LSTM dé hoc
ngit canh tuan tu trong chudi protein. Ky thuit NLP dugc ap dung dé biéu dién chudi
axit amin dudi dang véc to, gitip md hinh hoc dudc cac thdng tin 4n trong chudi sinh hoc
mot cach hiéu qua hon. Thuc nghiém trén céac tap dit liéu PTM cho thdy md hinh lai cho
két qua chinh x4c va 6n dinh hon so véi cac md hinh don céu triic, dong thdi khang dinh
dudc kha niing tong quat héa ctia phuong phép.

Chuong 4. Mé hinh hoc chit loc tri thitc két hop x& Iy ngén ngit tu nhién du
doan vi tri stta doi sau dich ma trong chudi protein

Trong chucong nay, NCS trinh bay vé dé xuit mot phuong phap du doan vi tri PTM
dua trén kién triic hoc chit loc tri thifc két hgp NLP. Phuong phap st dung mé hinh Gido
vién-Hoc vién, trong d6 mo hinh Gido vién c6 cau triic 16n hon va dudc huin luyén trén
tap dit lidu da loai d€ rit trich tri thiic, sau d6 truyén lai cho mo hinh Hoc vién nho gon
hon, dugc huin luyén trén tap dit liéu chuyén biét cho mot loai. Viéc két hop ky thuat
NLP gitip ma héa chudi protein thanh khong gian véc to, hd tr¢ qua trinh hoc hiéu qua tir
dit liéu thd. Thuc nghiém chiing minh ring mo hinh Hoc vién khong nhiing gidm dang
k€ s6 lugng tham s6 ma van duy tri dudc hiéu suét cao, thim chi vugt trdi so v6i cidc md

hinh khong st dung hoc chat loc tri thiic trong cuing diéu kién huin luyén.

Phan cudi ciing cta luan 4n NCS trinh bay cac két luan chinh va dé xuét huéng
nghién ciu tiép theo.



CHUONG 1. TONG QUAN DU POAN VI TR SUA POI SAU

DICH MA TRONG CHUOI PROTEIN VA CAC KIEN THUC
NEN TANG

Trong chuong 1, NCS trinh bay mét sé kién thiic nén tdng vé protein va protein siia
doi sau dich md (Post-translational modification - PTM), vai tro cua viéc xdy dung mo
hinh dy dodn vi tri PTM hiéu sudt cao. Phdn tiép theo ciia chwong trinh bay vé bai todn
du dodn vi tri PTM, cdc budc xdy dung mé hinh du dodn vi tri PTM, tong quan tinh hinh
nghién ciiu trong boi canh Al (SOTA), cdc khodng trong nghién ciu, thdch thiic ciia mo
hinh duw dodn vi tri PTM, huéng nghién citu trong ludn dn. Phdn cudi ciia chiuong trinh
bay vé moi truong sv dung dé’thiee nghiém, phwong phdp ddnh gid mé hinh dé xudt. Mot
phdn két qud nghién citu dwoc ddng trong bai bdo tong quan cdc mé hinh hoc mdy trén
tap chi Expert Opinion on Drug Metabolism Toxicology, SCIE Q1, IF=3.9 (CT1) va hoi
thdao iFUZZY, Kagawa, Japan (CT2).

1.1 Gigi thiéu chung
1.1.1 Protein

Protein, hay con goi 12 chit dam, 14 nhiing dai phén t sinh hoc dudc cAu thanh tir
chudi cic axit amin lién két v6i nhau thong qua lién két peptide. Su khdic biét gilta cic
protein chii yéu nam & trinh tu sap xép ciia cac axit amin, von dugc ma héa béi trinh tu
nucleotide trong cdc gene tuong tng. Sau khi dudc tong hop, chudi polypeptide trai qua
qua trinh cudn gip (protein folding) d& hinh thanh cAu tric ba chiéu dic thi, quyét dinh
dén chiic ning sinh hoc ciia protein d6. Protein ¢6 nhiéu chic ning sinh hoc khac nhau,
tif sao chép DNA, hinh thanh ciu tric bd xuong té bao, vin chuyén oxy xung quanh co
thé clia cac sinh vat da bao dén chuyén ddi mot phan ti nay thanh phan ti khac [[120].

Nhiing tién bo trong di truyén hoc phan ti cho thiy nhiéu bénh bit ngudn tir cac
khiém khuyét cu thé ctia protein [[120], do d6 nghién cifu vé protein c6 y nghia quan
trong. C6 20 axit amin tham gia cAu tao nén chudi protein [120]. Dic biét, mdi loai
protein dudc phan biét khong chi bsi s6 Iuong ma con bdi thanh phan va trinh tu sap xép
clia cdc axit amin trong chudi polypeptide. Bé’m trinh bay hé théng céc ky hiéu ma
héa protein dudc st dung trong cic cd sd dit liéu protein chuyén biét, nham phuc vu cho
nhiéu muc dich nghién cu khic nhau nhu phén tich chic ning sinh hoc, nghién ctiu co
ché hoat dong ctia protein, ciing nhu hd trg trong cic nghién citu vé stta ddi sau dich ma
va thiét ké thudc.



Nhém My L Nhém
amin  H” L “OH cacboxy

Géc hivu co R

Hinh 1.1 Ciu tao cua axit amin (gém mot nhom amin (-NH;), mot nhom carboxyl
(-COOH), va gbc hitu co (R)) va su lién két cac axit amin bdi lién két peptit [110].

—

1,2 dehydrogenation

i/ H .” Tyr

Cyclisation /
zac=0 Gl
\

Hinh 1.2 Qua4 trinh hinh thanh nén chubi protein ( [120])




Qua trinh tdng hop protein dién ra qua hai giai doan chinh, bao gém phién mi va
dich ma (Hinh . Trudc hét, trong giai doan phién ma (Transcription), ADN trong
nhan té bao dugc chuyén ddi thanh RNA. Qua trinh nay gitip ma di truyén dudc sao chép
va van chuyén ra ngoai té bao chét. Tiép theo, trong giai doan dich ma (Translation),
RNA dudc ribosome doc theo ting bo ba ma di truyén (codon), tit d6 1ap rap cdc axit
amin theo ding trinh tu dé€ hinh thanh chudi polypeptide. Két qua 1a mot protein ban
dau (pre-protein) dudc tao thanh, sau d6 sé trii qua cac budc chinh sita va hoan thién dé&
thuc hién chic ning sinh hoc ctia né. Protein c6 thé ton tai & bén dang cAu tric [[120],
CéAu tric bac mot 12 trinh tu cac axit amin trong chudi polypeptit, quyét dinh tinh dic
thu va ciu triic khong gian cia protein. Chudi nay c6 thé gap nép thanh ciu tric bac hai
nhu vong xodn alpha hoiic phién gip beta nho lién két hydro. Cac cAu tric bac hai tiép
tuc cudn gip thanh ciu tric bac ba vé6i hinh dang ba chiéu &n dinh. Mot s protein gom
nhiéu chudi polypeptit lién két véi nhau tao thanh ciu tric bac bon (Hinh [1.2). Protein
cAu tric bac 1 dudc luu trit trong cac ngan hang protein nhu Hinh [1.3|dudi day.

2o rest.uniprot.org/uniprotkb/000222 fasta

>sp| 0008222 | GRM8_HUMAN Metabotropic glutamate receptor 8 0S=Homo sapiens 0X=9606 GN=GRM8 PE=1 SV=2
MVCEGKRSASCPCFFLLTAKFYWILTMMQRTHSQEYAHSIRVDGDIILGGLFPVYHAKGER
GVPCGELKKEKGIHRLEAMLYAIDQINKDPDLLSNITLGVRILDTCSRDTYALEQSLTFV
QALIEKDASDVKCANGDPPIFTKPDKISGVIGAAASSYSIMVANILRLFKIPQISYASTA
PELSDNTRYDFFSRVVPPDSYQAQAMVDIVTALGWNYVSTLASEGNYGESGVEAFTQISR
EIGGYVCIAQSQKIPREPRPGEFEKIIKRLLETPNARAVIMFANEDDIRRILEAAKKLNQS
GHF LWIGSDSWGSKIAPVYQQEEIAEGAVTILPKRASIDGFDRYFRSRTLANNRRNVUWFA
EFWEENFGCKLGSHGKRNSHIKKCTGLERIARDSSYEQEGKVQFVIDAVYSMAYALHNMH
KDLCPGYIGLCPRMSTIDGKELLGYIRAVNFNGSAGTPVTFNENGDAPGRYDIFQYQITN
KSTEYKVIGHWTNQLHLKVEDMQWAHREHTHPASYCS LPCKPGERKKTVKGYPCCWHCER
CEGYNYQVDELSCELCPLDQRPNMNRTGCQLIPIIKLEWHSPWAVVPYFVAILGIIATTF
VIVTFVRYNDTPIVRASGRELSYVLLTGIFLCYSITFLMIAAPDTIICSFRRVFLGLGMC
FSYAALLTKTNRIHRIFEQGKKSVTAPKFISPASQLVITFSLISVQLLGYFVWFYYDPPH
ITIDYGEQRTLDPEKARGYLKCDISDLSLICSLGYSILLMYTCTVYAIKTRGVPETFNEA
KPIGFTMYTTCIIWLAFIPIFFGTAQSAEKMYIQTTTLTYSMSLSASYSLGMLYMPKVYT
IIFHPEQNVQKRKRSFKAVVTAATMQSKLIQKGNDRPNGEVKSELCESLETNTSSTKTTY
ISYSNHSI

Hinh 1.3 Protein bac 1 GRMS8_HUMAN trong database UniProt



Bang 1.1 Bang 20 axit amin c¢ ban cau tao nén cac chuoi protein

TT | Tén Ky hiéu 1 ky tu | Ky hiéu 3 ky tu | Trong luong (Dalton)
1 | Glycine G Gly 75.07
2 | Alanine A Ala 89.09
3 | Valine A% Val 117.14
4 | Leucine L Leu 131.17
5 | Isoleucine I Ile 131.17
6 | Methionine M Met 149.21
7 | Proline P Pro 115.13
8 | Phenylalanine F Phe 165.19
9 | Tryptophan W Trp 204.22
10 | Serine S Ser 105.90
11 | Threonine T Thr 119.12
12 | Asparagine N Asn 132.12
13 | Glutamine Q Gln 146.15
14 | Tyrosine Y Tyr 181.19
15 | Cysteine C Cys 121.16
16 | Lysine K Lys 146.20
17 | Arginine R Arg 174.21
18 | Histidine H His 155.16
19 | Aspartic acid D Asp 133.10
20 | Glutamic acid E Glu 147.12

1.1.2  Protein sita doi sau dich ma

Sau qud trinh dich ma, cdc protein méi tong hdp khong hoan toan & trang thdi hoat

dong ma thudng trai qua cac bién d6i héa hoc bd sung goi 12 stta ddi sau dich ma (Post-
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Translational Modifications — PTMs). Day la qué trinh trong d6 cdc nhom chic hda hoc
(nhu phosphate, ubiquitin, acetyl, methyl, succinyl. ..) dudc gan hoic loai bd khdi chudi
protein, thong qua hé thong enzyme chuyén biét. Hinh la vi du qua trinh hinh thanh
PTM Ubiquitination.

o a + ATP  AMP + PP

\_J =

Hinh 1.4 Qua4 trinh hinh thanh PTM Ubiqutination bing viéc gan Ubiquitin vio
protein muc tiéu béi tic dong ctia cic enzim E1 [88].

H H o
| | 1
threonine — proling —mn — C — O —— Iys
1
CH= o

| 1
glutamic acid MNormal

hemoglobin

Amino acid
T T ﬁ substitution

HLy O = CH =—

threonine — proling — N — C — O —— lys ..

waline Sickle cell
hemoglobin

Hinh 1.5 Sita ddi sau dich ma trong chudi -hemoglobin (147 axit amin), trong
protein nay axit amin glutamic (vi tri thit 7) bi thay boi axit amin valine gay ra
bénh thiéu mau hong cu hinh liém .

Stia d6i sau dich ma clia protein 1a mot cach quan trong dé€ diéu chinh cu triic,
chiic niing protein, su dd dn dinh, va tuong tac ctia protein trong té bao, diéu hoa tin hiéu
té bao, chu ky t& bao, dap ting mién dich, va cdc qua trinh sinh hoc quan trong khac.
Hién nay c¢6 khoang hon 600 PTM khac nhau [107], va ¢6 khoang 50% ~ 90% protein
trong té bao ngudi c6 cac loai bién d6i sau dich ma khac nhau. Cac nghién cu da chi
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ra rang nhiéu loai bién ddi protein sau dich ma c6 lién quan dén viéc diéu chinh vi moi
truong khéi u, dic biét 1a sy ting sinh, trao ddi chit ctia cic t& bao mién dich va té bao
khéi u. Nhiing thay d6i trong qud trinh stta ddi sau dich ma cta nhiéu gen tién ung thu
tic ché khdi u hoiic cic chit diéu hoa ung thu quan trong khac c6 thé dnh hudng truc tiép
dén su xuat hién, phat trién, diéu tri va tién luong clia ung thu . Mot vi du vé stia d6i sau
dich ma [[105] c6 thé giy ra bénh thiéu mau hong cau hinh ludi niém Hinh

Bang [1.2|trinh bay mot s6 loai PTM phd bién cling cdc axit amin lién quan. M&i
PTM chi x3y ra tai mot hodc mot sd axit amin nhat dinh, do d6 viéc du doén vi tri PTM
mang tinh dic thu. Tu dic diém nay, bai toan du dodn PTM dudc chia thanh hai dang:
phan 16p nhi phan va phéan 16p da phan. Céc loai PTM tiéu biéu nhu phosphorylation,
acetylation, ubiquitination, succinylation, methylation, malonylation, SUMOylation va
hydroxylation dugc tong hop trong bang dudi day.

Bang 1.2 Mét s6 loai PTM phé bién va axit amin lién quan

Loai PTM Axit amin lién quan Loai du doan PTM
Phosphorylation (Phosphoryl hda) isir::nis(){{)Threonine ™. Pa phan
Acetylation (Acetyl hod) Lysine (K) Nhi phan
Ubiquitination (Ubiquitin hod) Lysine (K) Nhi phan
Succinylation (Succinyl héa) Lysine (K) Nhi phan
Methylation (Methyl hoa) Lysine (K), Arginine (R) Pa phan
Malonylation (Malonyl hod) Lysine (K) Nhi phan
SUMOylation (SUMO ho4d) Lysine (K) Nhi phan
Hydroxylation (Hydroxyl hod) Proline (P), Lysine (K) ba phan

1.1.3  Vai tro cua bai todn duw dodn vi tri PTM va cdc phwong phdp chinh du dodn vi
tri PTM hién nay

PTM déng vai trd quan trong trong viéc diéu chinh hoat dong ctia hau hét cac
protein nhan chudn. Chuing c6 trach nhiém cam bién va truyén tin hiéu d€ diéu hoa cac
chiic niing té bao va cic qua trinh tin hiéu sinh hoc khac nhau. Tuy nhién, viéc phan tich
PTM dit ra nhiéu théach thiic 16n, nhung dong thdi cling mang lai nhiing hiéu biét khong

thé thiéu vé chiic ning sinh hoc.
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Céac bat thudng ctia PTM ¢6 lién quan chit ché dén cac bénh ly bao gdm ung thu,
trong khi mot s6 enzyme diéu hoa lién quan dén PTM 1a muc tiéu cda thudc [67]. Do
do, viéc x4c dinh céc vi tri PTM trong protein rat quan trong di v6i ca nghién ciiu co
bén va thiét ké thudc.

Hién nay, c6 hai phuong phdp chinh dé€ xé4c dinh vi tri PTM trong protein:

Phuong phap thuc nghiém: Chi yéu dua vao khdi phd va cac ky thuat sinh hoc
phan ti khac [25,/100]. Phép do phd khdi (MS) c6 dd phan gidi cao cho phép xéc dinh
chinh x4c khédi lugng phan tif ctia protein hoic peptide va khéi luong phan ti clia protein
sé thay doi tuong ung sau khi dugc protein stta doi sau dich ma, dua trén dic di€m nay,
ky thuat MS dugc 4p dung dé xac dinh vi tri PTM. Mic du c6 do chinh xéc cao, phuong
phap nay doi hdi chi phi 16n, thdi gian thuc hién 1au va cong stic ddng ké.

Phuong phap du dodn vi tri PTM bang hoc mdy [29,69,90,/119]: Xuit phat tif su
phat trién manh mé cta cong nghé tinh todn va dit liéu 16n, phuong phap nay c6 uu di€ém
vuot troi vé téc do, chi phi va kha niing téng quat héa. Cic mo6 hinh hoc may c6 thé
hoc tir dit liéu huén luyén dé du doén cac vi tri PTM tiém ning véi hiéu suit cao, mé ra
hudng tiép can hiéu qua hon so vdi cac phuong phép thuc nghiém truyén théng.

Véi nhiing Igi thé nay, du doan vi tri PTM bang hoc mdy dang tré thanh mot huéng
nghién cifu quan trong, hd trg dic Iuc cho cac nha khoa hoc trong viéc kham phd cic co
ché PTM va phat trién c4c phuong phap diéu tri bénh dua trén PTM.

1.2 Bai toan du doan vi tri PTM dua trén hoc may

Pau vao: Chudi protein bac 1, kém theo cdc vi tri nghi ngd ¢6 kha niing bi stta ddi
sau dich ma.

Pau ra: Nhin du dodn cho tung vi tri nghi ngo, xac dinh xem do 1a vi tri PTM hay
Non_PTM (c6 thé kém theo x4c suit du dodn).

Muc tiéu: Dé xuit mot md hinh hoc mdy hiéu suét cao, c6 kha ning du dodn chinh
xdc cdc vi tri PTM trén chudi protein.

Qua trinh bién d6i sau dich ma 1a mdt co ché sinh hoc quan trong, xdy ra tai mot
hodc mot sb axit amin cu thé trong chudi protein. Trong thuc té, chi mot phan nhé cac
axit amin trén chudi protein chiu dnh hudng cua viéc stta doi sau dich ma dudi tac dong
cua enzim nhu phosphoryl héa, ubiquitin héa, succinyl hda,. .. Mat khac, do dai cia cac
chudi protein 1a khac nhau c6 chudi dai vai nghin axit amin, céc vi tri stta doi trén chudi
protein thudng khong dudc biét truée, do d6 can 4p dung ky thuat ctia s6 trugt (sliding
window) d€ tao ra cac phan doan peptide c6 do dai c6 dinh, trong d6 tim ctia s6 tuong
ting v6i vi tri nghi ngd bi stra d6i [82,112] (Hinh .
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>sp| Q9BQ6I | MACD1_HUMAN
MSLQSRLSGRLAQLRAAGQLLYPPRPRPGHLAGATRTRSSTCGPPAFLGVFGRRARTSAG

VGAWGAAAVGRTAGVRTWAPLAMAAKVDLSTSTDW KEAKS FLKG LSDKQREEHYFC

KDFVRLKKIPTWKEMA KGVAVKVEEPRYKKDKQLNEKISLLRSDITKLEVDAIVNAANSSLL
GGGGVDGCIHRAAGPLLTDECRTLQSCKTGKAKITGGYRLPAKYVIHTVGPIAYGEPSASQA
AELRSCYLSSLDLLLEHRLRSVAFPCISTGVFGYPCEAAAEIVLATLREWLEQHKDKVDRLIICV
FLEKDEDIYRSRLPHY FPVA

Mau dwong tinh (PTM) m Mau &m tinh (Non-PTM)

sp|Q9BQEI_129:

sp|Q9BQ69_ge: HYFCKDFVRLKKIPTWKEMAKGVAVKVEEPRYK

PLAMAAKVDLSTSTDWK EAKSFLKG LSDKQREE sp|Q9BQEY_138:

sp|Q9BQB9._133: LKKIPTWKEMAKGVAVKVEEPRYKKDKQLNEKI
_ sp|Q9BQE9_145:

KDFVRLKKIPTWKE MAKGVAVKVEEPRYKKDKQ KEMAKGVAVKVEEPRYKKDKQLNEKISLLRSDI

sp|Q9BQ6Y_146:
EMAKGVAVKVEEPRYKKDKQLNEKISLLRSDIT

Dw doén cac vi tri tam cta mau divliéu 1a PTM sp|Q9BQ6I_148:
hay Non-PTM, sau dé truy nguworc tim vi tri AKGVAVKVEEPRYKKDKQLNEKISLLRSDITKL
, 0 I

Hinh 1.6 Chuyén tir bai toan tim vi tri nghi ngo stra doi sau dich ma, vi tri nghi ngo
d6 nam & thit tu bao nhiéu trong chudi vé bai toan phén loai nhi phan

Mai phan doan dudge xem nhu mot miu dau vao cho md hinh hoc mdy. Néu axit
amin tai tam ctia s 13 vi tri PTM da biét, mau d6 dudc gan nhin duong tinh (1); ngudc
lai, néu khong bi stra d6i, mau dudc gan nhan Am tinh (0). Bai todn vi vy dudc quy vé
mot bai toan phan loai nhi phan, v6i dau vao 1a cac phan doan da gan nhan, va dau ra la
X4c suit cia axit amin & trung tAm ctda ctra s6 12 PTM hay Non-PTM. Dua trén két qua
dau ra cia mo hinh, c6 thé anh xa ngudc lai cdc tAm ctia s6 vé vi tri tuong ting trén chudi
protein goc, tif d6 xac dinh céc vi tri ¢ kha ning bi sita d6i sau dich ma. Cach tiép can
nay cho phép xdy dung cac cong cu du doan vi tri PTM véi d6 chinh x4c cao, gép phan

hd trg cc nghién ciu y sinh va thiét ké thude.

Tir d6, bai toan du dodn vi tri PTM dudc chuyén thanh mot bai toan phan 16p nhi
phan (Hinh [1.7), trong do:

Pau vao: La mot tap cac doan peptide X = {x;,x2,...,x,}, trong d6 mbi x; 1a mot
doan peptide cb dinh c6 do dai 1a w (w 1a kich thuéc ctia s truct), dudc trich xult tix
cac chudi protein ban dau bang phucng phap ciia s6 trudt. Vi tri trung tim ctia méi doan

peptide dudc gia dinh 1a vi tri nghi ngd c6 thé xdy ra su kién stta d6i sau dich ma (PTM).

Pau ra: Vi tri trung tdm clia mdi doan peptide 1a PTM hay Non-PTM, c6 thé phat
biéu dau ra nhu mot tip cac nhan tuong tng ¥ = {y1,y2,...,ys}, trong do:

* y; = 1 néu doan x; c6 vi tri trung tim 1a PTM,
* y; = 0 néu doan x; c6 vi tri trung tam 13 Non-PTM.
Muc tiéu: Xay dung mot ham phén 16p nhi phan:
X =% (1.1)
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trong do:

« 2" 1a khong gian cac doan peptide dau vao;

« % ={0,1} 1a tap nhan dau ra;

sao cho:
fx)~y; Vi=1,2,....n (1.2)
INPUT
sp|Q9BQ6I_129:
HYFCKDFYRLKKIPTWKEMAKGVAVKY EEPRYK OUTPUT
sp| Q9BQGI_138:
LKKIPTWKEMAKGVAVKVEEP RYKKDKQLNEKI PTM

sp|Q9BQGI_145:
KEMAKGVAVKVYEEPRYKKDKQLMNEKISLLRSD | . .
sp|QIBQ6I_146: B¢ phan lap:

EMAKGVAVKVEEPRYKKD KQLNEKISLLRS DIT - XY= {0 1}
sp|QUBQGI_148: - Non- PTM

AKGVAVKVEEPRYKKDKQLNEKISLLRSDITKL

Dir doan cic K & tim ciia chudi 13 PTM hay Non-PTM

Hinh 1.7 M6 ta bai toan du doan vi tri PTM

1.3 Xay dung mo hinh du doan vi tri PTM

Hinh [1.8] Hinh [1.9]1a so d tdng quan xay dung du dodn vi tri PTM dya trén hoc
mady, hoc sau [29]]. Nhu vay bai toan du doan vi tri PTM c6 thé chia thanh cdc pha: Thu
thap dit liéu va tién xt ly dit liéu; Trich xuit dic trung va ma hod; Xay dung mo hinh;
Huén luyén mo hinh; Pédnh gid md hinh; Lua chon md hinh. Chi tiét nhu Hinh dudi
day.

S —
dbPTM .
Luwachgn va

— Téi wu L
iet ke va A ) Dénh gia Luwa chgn
|| Thictkera thiét ké b) hoa tham b8 o2 A
Tién xi ly trich xuat |— . % N 0 phan 0 phan
B phan lép s0 cho bd 16 16
dac trung han 14 op op
—— (SVM, RF....) phan lop

[

Hinh 1.8 So d6 tong quan du doan vi tri PTM dwa trén hoc may [29]
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S—

Thiét ké kién

tric mang va

Iwa chgn tham
s0

Luya chon kién
tric mang tot
nhat

—| luyén mé

l——

Tién xu Iy

RAQER <A > E

Mau dit lidu

Hinh 1.9 S¢ d6 tong quan dv doan vi tri PTM dua trén hoc sau [29]

*Loai bé trming 1ap

Chuén bi dit *Chia bg dirliéu Train, test
lidu =Cit chudi bang cira s, gan nhén,
X 1y dit héu mat can bang

Ma hoa dirliéu va trich}
xuat dac trung

*Lira chon mo hinh hoc may, hoc sau
Xay dyng Mé | *Céc tham so ctia m6 hinh

hinh hoc¢

Huén luyén
mé hinh

l

Lua chon
mé hinh toi

Té1 vu hoa mé hinh

{Optimization) u

Hinh 1.10 Céc budc xay dung va huén luyén mé hinh du doan PTM

1.3.1 Thu thdp va tién xit ly dit liéu

Trong pham vi nghién ctiu ctia luan 4n nay, NCS chi yéu st dung cdc bo dit lidu
da dudc cong bd tir cac nghién ciiu trude d6. Viée st dung dit liéu c6 sin nham dam bao
tinh khach quan va cong bang khi so sanh hiéu suét giita cic mo hinh, dong thdi gitp két
qua nghién ctiu c6 thé dbi sanh truc tiép v6i cac phuong phap hién c6 trong cung linh
vuc. Bén canh d6, viéc st dung bd dit liéu chuan ciing gitp giam thiéu sai léch do qua
trinh thu thap dit liéu méi va ddm bao tinh tdi 1ap cho cac nghién ciu tiép theo. Quy
trinh tién x ly dit liéu van dudgc trinh bay diy dd trong luin d4n dé€ minh bach héa quy
trinh nghién ctu, dong thdi tao tién dé cho viéc mé rong hoic phat trién cac nghién ctiu
tuong lai khi can thiét.

Do tinh phuc tap va dac thu cua cic PTM khéac nhau, khong c6 co sé du liéu
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(CSDL) nao c¢6 thé cung cip tai nguyén toan dién cho nghién citu PTM. Trong linh vuc
nghién ctu nay, c6 mdt s6 CSDL chudn dudc st dung rong rai nhu: Uniprot, dbPTM,
PhosphoSitePlus, NCBI,... va di liu tu cac bai bdo dang trén cac tap chi uy tin.
Hinh chi viét tom tit tén cac CSDL, dia chi truy cap, va loai PTM c6 thé khai

thac d€ phuc vu cho cac nghién cttu du doan vi tri PTM.

Co s6 dir liéu Link Web Loai PTM
Uniprot www.uniprot.org Multiple
PhosphoSitePlus www.phosphosite.org Multiple
dbPTM dbptm.mbc.nctu.edu.tw Multiple
PLMD Cplm.biocuckoo.org Multiple
PTMfunc ptmfunc.com Multiple
Phospho.ELM Phospho.elm.eu.org Phosphorylation
PhosphoPep www.phosphopep.org Phosphorylation
PhosPhAt Phosphat.mpimp-golm.mpg.de Phosphorylation
SCUD Scud kaist.ac.kr Ubiquitination
dbOGAP Cbsb.lombardi.geogetown.edu/OGAP. | Glycosylation

html
iPTMnet Research.bioinfomatics.udel.edu/iptm | Multiple
net/
NCBI www.ncbi.nlm.nih.gov/guide/proteins | Multiple
EPSD https://epsd.biocuckoo.cn/ Phosphorylation

Hinh 1.11 Mt s6 CSDL vé PTM chuén

Tién xt Iy dit liéu gom cdc budc sau: Thit nhdr, xi Iy di liéu tho

- Chuén héa trinh tu protein, kiém tra lai tinh ding din ctda di liéu.

- Loai bé dit liéu triing 1ip cdc chudi protein & cdc ngudn thu thap, giit lai chudi

khong trung lp.
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1D Position |Gene Type Seguence

000138 499 KIF2A Succinylation |MATANFGKIQIGIYVEIKRSDGRIHQAMVYTSLNEDNESVTVEWIENGDTKGKEIDLESIFSLNPDLVPDEEIEPSPETPPI
000148 155|DDX39A Succinylation |MAEQDVENDLLDYDEEEEPQAPQESTPAPPKKDIKGSYVSIHSSGFRDFLLKPELLRAIVDCGFEHPSEVQHECIPQAIL
000148 187 |DDX39A Succinylation |MAEQDVENDLLDYDEEEEPQAPQESTPAPPKKDIKGSYVSIHSSGFRDFLLKPELLRAIVDCGFEHPSEVQHECIPQAIL
000148 333|DDX39A Succinylation |MAEQDVENDLLDYDEEEEPQAPQESTPAPPKKDIKGSYVSIHSSGFRDFLLKPELLRAIVDCGFEHPSEVQHECIPQAIL
000148 52 |DDX39A Succinylation |MAEQDVENDLLDYDEEEEPQAPQESTPAPPKKDIKGSYVSIHSSGFRDFLLKPELLRAIVDCGFEHPSEVQHECIPQAIL
000159 667 MYO1C Succinylation |MALQVELVPTGEIIRVVHPHRPCKLALGSDGVRVTMESALTARDRVGVQDFVLLENFTSEAAFIENLRRRFRENLIYTYI
Q00159 704 MYQ1C Succinylation |MALQVELVPTGEIIRVVHPHRPCKLALGSDGVRVTMESALTARDRVGVQDFVLLENFTSEAAFIENLRRRFRENLIYTYI
000159 885 MYO1C Succinylation |MALQVELVPTGEIIRVVHPHRPCKLALGSDGVRVTMESALTARDRVGVQDFVLLENFTSEAAFIENLRRRFRENLIYTYI
000186 214|STXBP3 Succinylation |MAPPVAERGLKSYVWOQKIKATVFDDCKKEGEWKIMLLDEFTTKLLASCCKMTDLLEEGITVVENIYKNREPYRQMKA
000186 590|STXBP3 Succinylation |MAPPVAERGLKSVVWQKIKATVFDDCKKEGEWKIMLLDEFTTKLLASCCKMTDLLEEGITVVENIYKNREPVRQMKA
000203 1088 AP3B1 Succinylation |MSSNSFPYNEQSGGGEATELGQEATSTISPSGAFGLFSSDLKKNEDLKQMLESNKDSAKLDAMKRIVGMIAKGKNAS

Hinh 1.12 B6 dir liéu 6 budc 2 6 dinh dang .csv

Thd hai, Tao mau dit liéu

D¢ tai luan 4n tap trung vao viéc xac dinh vi tri bi sita ddi sau dich ma xay ra tai
mot axit amin cu thé nao d6 trén chudi (gia st 1a axit amin K). Do d6, viéc khoanh
viing vi tri bi stta d6i sau dich ma 1a can thiét. Vi vay, NCS st dung mot ciia sd truot
(window-size = 2xn +1) d& cat chudi protein diu vao thanh cic doan con (peptides) c6
d6 dai 2xn +1 (v6i trung tam 12 vi tri clia axit amin K da dudc kiém ching bing cac thuc
nghiém y/sinh hoc 1a bi stta doi sau dich ma). Céac doan con nay (peptides) sau d6 sé

dudc st dung nhu 1a cdc mau dit liéu duong tinh (positive samples).

Déi v6i cac mau dit liéu Am tinh (negative sample): Vé ban chit, tit ca cic peptides
c6 do dai 2xn +1 (v6i trung tam 1a vi tri cia axit amin khong phai K, hodc axit amin 1a
K nhung chua dudc kiém chiing thuc nghiém 12 bi stta d6i sau dich ma) déu 12 mau di
liéu Am tinh. Tuy nhién, viéc 1ay dit liéu Am tinh nhu vy sé dan dén hién tuong méit can
bang qué 16n vi thuc té s6 luong cac axit amin K so vdi cac axit amin con lai 13 qua bé.
Vi vy, trong Bioinformatics, cic nha nghién cttu thudng chi st dung mau am tinh la cdc
(peptides) c6 do dai 2xn +1 (v6i trung tam la vi tri cua axit amin K nhung chua dugc
kiém chiing bing cdc thuc nghiém y/sinh hoc 1a bi stfa ddi sau dich ma).

Qua trinh tao mau dit liéu huin luyén trong du doan vi tri PTM c6 thé dudc minh

hoa qua vi du sau:

Gia st v6i chudi protein splQIBQ69, cac nghién ctiu di xac dinh ring céc vi tri 96
va 133 1a céc vi tri c6 stia ddi sau dich ma (PTM sites — K mau d6 trong Hinh . Khi
st dung phuong phap ctia so trugt véi do dai 33, cdc vi tri lysine (K) tai 96 va 133 sé
dudc dit 1am trung tAm dé€ tao ra cic mau dif liéu duong tinh dai dién cho céc vi tri ¢
PTM. Ngudc lai, céc vi tri lysine (K) khéc trong chudi protein, nhung khong lién quan
dén stta d6i PTM, sé dudc chon lam trung tim dé tao ra cdc mau dif liéu Am tinh dai dién
cho cac vi tri Non-PTM.

Ngoai ra, néu mot vi tri lysine ndm gan dau hoiic cudi chudi protein, ctia s truct

c6 thé vugdt ra ngoai gidi han cia chudi. DPE xii 1y trudng hop nay, cdc ky hiéu axit amin
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gia X s& dudc st dung d€ bd sung vao hai dau, ddm bao ring tit ca cac doan déu c6 do
dai ding bang cilia s6 truot.

Cubi cung: Loai bé cic chudi tuong dong bang CD-HIT. Nham loai céc trinh tu
protein c6 mic do tuong ddng cao gitp gidm su tring lip trong dif liéu. Diéu nay, gitp
md hinh hoc dudc cdc dic trung da dang thay vi dua vao cdc miu tuong tu, tranh hién
tugng qua khép trong qud trinh huin luyén. Cong cu st dung: CD-HIT [46] (Cluster
Database at High Identity with Tolerance) DAy 1a mot cong cu manh mé dé phan cum
céc trinh tu protein hoic DNA dua trén miic do tuong dong.

ID Peptide_ WS Label label

Q92575_UBXN4_287 IALDRAERAARFAKTKEEVEAAKAAALLAKQ 1 positive
P62828_RPL23_43 CADNTGAKNLYIISVKGIKGRLNRLPAAGVG 1| positive
PA6777_RPL5_241 YIKNSVTPDMMEEMYKKAHAAIRENPVYEKK 1 positive
060879_DIAPH2_25 GAGGGSEEPGGGRSNKRSAGNRAANEEETKN O|negative
PO0O33&8_LDHA_284 RVHPVSTMIKGLYGIKDDVFLSVPCILGQNG O|negative
Q99798 ACO2 651 VTQEFGPVPDTARYYKKHGIRWYVIGDENYG O|negative
Q13045_FLII_S74 AEGKEGEEATAEAEEKQPEEDFQCIVYFWQG O|negative
015091 _PRORP_202 FHMQTSEVIDVFEIMKARYKTLEPRGYSLLI 0| negative

Hinh 1.13 B dit liéu st dung trong huén luyén mé hinh (Peptide_ WS, nhan Label)

1.3.2 Phuwong phdp ma hod va trich chon ddc trung

Trong hoc may trich chon dac trung va ma hoa dong vai tro quan trong trong viéc
cai thién hiéu suat mo hinh. Véi dit liéu protein c6 mot sd phuong phap ma hod sau:

1.3.2.1 Phuong phdp trich chon ddc trung dva trén chudi

Phuong phép trich chon dic trung dua trén chudi (Sequence-Based Features)
thuong dugc trich xult thii cong nhd mdt s6 Tool dudc cung cAp sin nhu iFeature [18]]
hay iLearn [[19]. Mot s dic trung trich xuat theo phuong phap nay nhu:

Pac trung CKSAAP:

Dic trung CKSAAP phan anh cdc mdi tuong tac ngin han giita cdc cip axit amin

va da dudc su dung rong rai trong linh vuc tin sinh hoc.

Phuong phdp nay xem xét tan suat xuat hién ctia cic cip axit amin cach nhau k (k=
0,1, 2, 3,4, 5) vi tri trong chudi protein. Vi du, khi k = 0, ta xét dén cdc cip axit amin
lién ké nhau nhu: AA, AC, AD, ..., YY. V6i mdi gia tri k, véc to dic trung sé dudc tinh

toan theo cong thic sau:

<NAA Nac  Nap Nyy > (1.1)

) b 7
WY total WY total M total N total
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Trong do:
- Niotal = L —k— 1, v6i L 1a do dai doan protein.

- Nyc 1a s6 1an xuit hién cla cdp axit amin A va C cach nhau k vi tri trong doan

protein.

Pic trung CKSAAP gitdp m6 hinh hoc dugc thong tin vé mbi lién két ngan han
gitta c4c axit amin trong chudi, tif d6 cai thién hiéu qua du doan cac dic di€ém sinh hoc

quan trong nhu vi tri sita d6i sau dich ma.
Pac trung AAindex:

bic trung AAindex dudc xdy dung dua trén cic thudc tinh sinh hoa va ly hda co
ban clia axit amin, dugc trich xuit tif co s dit liéu AAindex — noi tdng hdp céc chi sd

md ta ddc di€ém sinh hoc cua ting loai axit amin.

Trong nghién ciiu niy, mdi doan protein sé dudc ma héa bing cac gia tri sb dai
dién cho céc dic tinh vat ly va hoa hoc cla tling axit amin tai méi vi tri. Cu thé, mdi axit
amin trong doan dudc biéu dién bang 12 gi4 tri, tuong ting v6i 12 dic tinh sau: Pién tich
rong (Net charge), tan suét chuidn héa hinh thanh alpha-helix, xu hudng tao alpha-helix,
ty 1 thanh phan axit amin trong protein ndi bao, ty & thanh phan axit amin trong mang
protein xuyén mang nhiéu viing, thé tich clia phan ti nudc két tinh, gid tri thong tin lién
quan dén miic do tiép xic v6i dung mdi, ning ludng chuyén tiép trong moi trudng hitu
co/nuédce, ty 1& thanh phan axit amin trong protein mang, Entropy hinh thanh, xu huéng
cAu tric dang beta-strand, ning lugng phan bd t6i uu tuong déi

Dic trung BINARY: MGi axit amin dudc biéu dién biang mot véc to 20 chiéu. So
dd ma héa nay d€ ma héa cho cac chudi peptit ¢ dd dai bang nhau. Vi du sy ma hod
cua axit amin v6i dic trung BINARY:

A (10000000000000000000); C (01000000000000000000)

Dic trung AAC: Biéu dién tan s6 xuét hién clia cac axit amin trong chudi peptit.
Céc tan so cla tat ca 20 axit amin ACDEFGHIKLMNPQRSTVWY dudc tinh nhu sau:

f(t):—t, te{A,C,D,....Y} (1.2)

Trong d6 N(t) 1a tan sult xuét hién clia axit amin ¢, N 1a do dai clia chudi peptit
hodc protein.

Pac trung CTDC: Cac amino acid dugc chia thanh ba phan nhém: phén cuc,
trung tinh va ki nuc. Bo mo ta thanh phan gém ba gid tri: thanh phan tdng thé (phan
tram cua du lugng phan cuc, trung tinh va ki nude cia protein). CTDC (Composition of
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Tripeptide Distribution of Charge) ¢6 thé dudc tinh nhu sau:
CTDC = %, R; € {Tich dién duong, Trung tinh, Tich dién am} (1.3)
Trong do:
Tich dién duong = {K, R},
Trung tinh= {N,AC,G,Q, H,L,LFE, M,P, T, S, W, Y, V},
Tich dién am = {D, E}.

1.3.2.2 Phuong phdp md hod va trich chon ddc trung dua trén ky thudt xu Iy ngon ngir
tu nhién

NLP Ia mot hudng nghién ctiu trong tri tu€ nhan tao, cho phép may tinh phan tich
va hi€u ngdn ngi ctia con ngudi 6 ca dang vin ban va Ii noi.

Vin ban trong bai todn du doan vi tri PTM 1a cac chudi protein dang bi€u dién
bac 1. Cac mo6 hinh NLP phd bién trong du dodn vi tri PTM [17,/58] nhu One-hot,
Word2Vec, FastText, BERT, va ELMo chii yéu dudc st dung dé trich xuat dic trung, tao
ra véc td dac trung (Hinh . Tuy nhién, cach tiép cin nay van con han ché do chi
diing lai & budc biéu dién dit liéu dic trung, chua khai thac dudc kha ning tu hoc tir dit
liu thd ctia cac md hinh hoc sau va phat hién cac dic trung bac cao.

MATANFGKIQ... ... CENTLNTLRYANRVKELTVDPTAA....... QASKQINPKRPRAL

Clra s6 dé cit chudi

IALDRAERAARFAKTKEEVEAAKAAALLAKQ

St dung toan b chudi, st dung k§
thuat NLP dé ma hoa

Trich xuat dac trung

Non-PTM

Kien trac hoc siau

PTM

Hinh 1.14 Trich xut diic trung protein tao ra véc te sb biéu dién protein theo ky
thuat NLP [84]

Gidng nhu ngdn ngit tu nhién cta con ngudi, chudi protein [77] dudc biéu dién
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dudi dang chudi ky tu (Hinh . Bang chit cdi clia protein bao gom 20 axit amin
phd bién (loai tri cac axit amin khong thong dung va hiém). Tuong tu nhu ngdn ngit tu
nhién, cac protein tién héa tu nhién thudng dudc tao thanh tif cic mo dun véi nhitng bién
thé nho, c6 thé dugc sap xép va két hop theo mot ciu triic phan cip. Theo phép tuong
tU nay, cidc mo tip (motifs) va mién (domains) protein phd bién, von 1a cac don vi chic
ning co ban cla protein, ¢ thé dugec xem nhu céc tif, cum tif va cau trong ngdn ngli con
nguoi.

Mot dic diém quan trong khdc ma protein va ngdén ngi tu nhién ¢ chung 1a tinh
hoan chinh théng tin. Mic du protein khong chi don thuan 12 mot chudi axit amin, n6
con c6 cac cau tric khong gian ba chiéu (cu triic bac 2, bac 3 va bac 4) vdi clu triic
va chiic ning xdc dinh, nhung tit cd nhiing diic di€ém nay déu dugc quy dinh bdi trinh
ty axit amin. Mic du cu tric va chiic niing ctia protein c6 thé thay ddi theo ngit canh
(trang thdi t& bao, cac phan ti khdc va cdc stra d6i sau dich ma), nhung ching van dudc
x4c dinh béi trinh tu axit amin. Nhu vy, theo quan diém ly thuyét thong tin, toan bd

thong tin vé protein (chang han nhu céu tric ciia né) déu nam trong trinh tu axit amin.
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String: The cat sat on the mat MSTIYSTGKVCNP...

Possible [*start*] [T] [h] [e] [*space*] [c] [a] [t] ... [*start*] [M] [S] [T] (1] [Y] [S] [T] [G] ...
tokenizations: [*start*] [The] [cat] [sat] [on] [the] [mat] [*start*] [MS] [TI] [YS] [TG] ...
[*start* The] [cat sat on] [the] [mat] [*start®* M] [STI] [YST] [GK] [VCN] ...
String Bag-of-words vector representation Machine learning
I I I
the cat sat on the mat 2.1 1 0(..|0|
N 1 | _ N
L em e
a mat was put on the floor o 1] [O] . |1 1]..10]...
Token: the cat mat floor  cthulhu
N . N @
N 20 )
MSTIYSTGKVCNP... l// I-II-I--—I--IIII.I-- € R L’/ { {

Hinh 1.15 Phuong phap biéu dién NLP cho ngdn ngit protein.Vin ban va protein
stt dung bang chit cai va dugc xit Iy bang cac ky thuat NLP dé nghién citu cic
thudc tinh cuc b va toan cuc, bude tién xit Iy phd bién trong NLP 1a ma héa
chiing thanh cic ma thong bao riéng biét, 1a cac don vi thong tin, bicu dién tdi tir
doi khi dugc sit dung d€ dém cac mé thong bao duy nhét trong vin ban, bién doi
van ban dau vao thanh mét véc te ¢6 kich thuée ¢6 dinh. Sau dé, cic biéu dién véc
to nay 6 thé dudc phan tich thong qua bit ky thuét toan hoc may nao [84].

V6i nhiing diém tuong dong nay, viéc ap dung k§ thuat NLP cho chudi protein 1a
mdt hudng tiép can hop ly. Mic du thuét ngit NLP thuong dé cap dén ngon ngit tu nhién
clia con ngudi, nhung cic phuong phdp tinh todn tuong tu cling c6 thé dugc st dung dé
nghién ctiu cac ngdn ngi phi ty nhién nhu ma 1ap trinh. Trong nhiing thip ky qua, nhiéu
thuat todn théng ké va hoc mdy tif linh vic NLP da dudc chuyén giao sang linh vuc tin
sinh hoc. Tuy nhién, phép so sanh gitia protein va ngdn ngii con ngudi co nhing giGi
han nhét dinh, chuing ta c6 thé doc va hiéu ngon ngit con ngudi, trong khi protein, mic
dit mang thong tin sinh hoc quan trong, khong phai 12 mot hé théng ngén ngit theo nghia
hiéu biét truc tiép ctia con ngudi. Hau hét ciac ngdn ngit clia con ngudi déu bao gom
d4u cau va tir ngat 1a thdng nhit, véi cdc cu triic c6 thé tach biét rd rang nhu tir, cau va
doan vin. Véi protein, khong phai ldc nao ciing biét liéu mot chudi axit amin c6 phai 1a
mdt phan ctia mot don vi chifc ning hay khong. Khong c6 su tuong tu rd rang gitta cac
khdi xay dung ctia ngdn ngit va cac khdi xay dung ciia protein. Vi du, viéc coi cac mién

protein tuong duong vSi cic tif thuong gy hiu lam. Hon nifa, cdc don vi chic ning
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protein thudng chong chéo 1én nhau. Do d6, trong khi cic ngdn ngit tu nhién c6 von tit
vung dudc xdc dinh 1o rang (véi triéu tif trong tiéng Anh), thi protein lai khong c6 von
tu vung ro rang.

Khi tiép can bai toan xit Iy chudi protein bang k§ thuat NLP, viéc lua chon phuong
phap ma héa 1a mot budc then chét, quyét dinh kha niing mé hinh hoc dudc cac dic trung
quan trong. Céc phuong phap ma hda nay cé thé dugc phan loai dua trén cach chung

nam bat thong tin va ngit cédnh ctia chudi.

Loai dau tién 1a Embedding doc 14p nhu One-hot va TF-IDF. Pay 14 nhiing ky thuat
don gian, dé trién khai va khong doi hdi nhiéu dit liéu. Chiing ma héa mdi axit amin mot
cach doc 1ap, khong xét dén mdi quan hé véi céc axit amin 1an can. Tuy nhién, chinh su
don gian nay lai 12 han ché 16n nhit, vi ching khong thé ndm bat dudc ngit nghia sinh
hoc hay bdi canh phiic tap ctia cdc axit amin trong chudi, din dén viéc bd sét thong tin
quan trong. Thém vao do, cach biéu dién nay thudng tao ra cac vector dic trung c6 kich
thude rat 16n, gdy khé khin cho viéc xi ly.

Pé khiac phuc han ché trén, cic phuong phidp Embedding theo ngit canh nhu
Word2Vec, GloVe va FastText ra ddi. Cdc mo hinh nay hoc cach biéu dién mot axit
amin dua trén cic axit amin xung quanh no, giup vector dac trung mang theo thong tin
ngit nghia cuc bd. Piéu nay cho phép mo hinh hiéu dugc vai tro cia mot axit amin trong
mot doan chudi cu thé, tir d6 cai thién dang ké hiéu suit so v6i cac phuong phéap doc 1ap.
Mic du vdy, ching vin chua di manh mé d€ nim bat dugc toan bo ngif canh dai han, tifc

12 mdi quan hé giita cic axit amin & xa nhau trong chudi protein.

Thé hé tiép theo ctia ciac phuong phap ma héa 13 Mo hinh ngon ngit 16n (LLMs)
nhu BERT va GPT-2. Dua trén kién triic Transformer, nhitng md hinh nay vugt trdi trong
viéc hoc cdc biéu dién sau va toan dién. Véi co ché tu chi y (Self-Attention), ching c6
thé ddng thoi xem xét tit ca cac vi tri trong chudi protein, giip nam bat dudc cac mdi
quan hé ngit canh dai han phiic tap. Nhd d6, ching tao ra cac vector dic trung chét lugng
cao, biéu dién dudc cic dic trung bic cao va cai thién dang ké hiéu suit clia cdc bai toan
du dodn. Tuy nhién, uu diém nay di kém v6i mot nhudc diém 16n 1a chiing doi héi luong
dit liéu khdng 16 cho viéc tién huan luyén va yéu cau tai nguyén tinh toan rat 16n, gay
kho khin trong viéc trién khai.

Mai phuong phap déu c6 nhiing vu diém va han ché riéng, viéc lua chon phuong
phédp phit hp phu thudc vao muc tiéu nghién ciiu va tai nguyén san c6. Phan tich chi tiét
hon vé cac phuong phap nay dugc thé hién trong Bang
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Bang 1.3 So sanh cac phuong phap ma hoa trong NLP

Phuong phap Uu diém Han ché

(One-hot, TF-IDF) can nhiéu dit liéu kich thudc véc to 16n

Embedding doc 1ap | Pon gian, dé trién khai, khong | Khong git dudc ngli nghia,

GloVe, FastText) liéu

Embedding theo ngit | Biu dién ngit nghia t6t hon, | Khong nam bat toan bo ngit

canh (Word2Vec, | tan dung bdi canh cuc bd canh dai han, can nhiéu di

Mo hinh ngdn ngit 16n | Hoc biéu dién siu hon, giif | Can thi nguyén tinh toan 16n
(BERT, GPT-2) dudc thong tin dai han

1.3.3 Xdy dung mé hinh

Luén an dugc thuc hién theo hudng thuc nghiém, tap trung xay dung, thir nghiém
va danh gid cac md hinh hoc mdy, hoc sau dé xac dinh kién tric t6i wu cho bai toan du
dodn vi tri PTM. C4c md hinh sau dugc lwa chon dua trén kha nang x{ ly dit liéu chudi
va hiéu qua dy doan:

- M6 hinh hoc mdy truyén thong: SVM, XGBoost, RF.

- Mb hinh hoc sdu: CNN1D, LSTM, Bi-LSTM va céc bién thé két hgp theo hudng
md hinh hoc sau lai, hoc chat loc tri thic.

1.3.4 Lua chon cdc tham sé trong qud trinh hudn luyén mé hinh du dodn

Huén luyén m6 hinh hoc sau 1a phan c6t 16i nham nang cao hiéu qua hoc va kha
ning tdng quat héa. D€ dat hiéu suét téi uu, can diéu chinh mot s6 siéu tham s6 quan
trong 73], bao gdm:

(1) Téc dd hoc (learning rate):

Trong hoc mdy va thdng ké, tbc do hoc 12 mot tham s6 diéu chinh trong thuit todn
t6i uu hod xac dinh kich thuéc budc tai mdi 1an ldp trong khi di chuyén vé phia gia tri tdi
thi€u cia hAm mat mat. Toc d6 hoc 1a mot trong nhiing tham s6 quan trong nhat, quyét

dinh mtc do diéu chinh trong sb trong mdi budc lan truyén ngudc (backpropagation).

Khi thiét 1ap téc do hoc, c6 su danh déi gitta tbc dd hoi tu va vudt ngudng. Trong
khi huéng di xubng thudng dudc xac dinh tir do dbc cia ham mat mat, tbe dd hoc xac
dinh budc di 16n nhu thé nao theo hudng d6. Toc do hoc qud cao sé khién qud trinh hoc
VUGt qua gid tri tdi thi€u nhung tdc dd hoc qua thip s&é mat qua nhiéu thoi gian dé hoi tu
hoic bi ket & gia tri t6i thiéu cuc bd khong mong mudn.
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(2) Kich thudc 16 (batch size):

Kich thudc 16 12 viéc xac dinh s6 luong mau dugc sit dung d€ tinh todn gradient
va cip nhat trong s6 trong mdi vong 1ip huin luyén. Kich thudc 16 nhd gitip md hinh
hoc nhanh hon nhung dé bi nhiéu, trong khi kich thudc 16 16n gitp gradient 6n dinh hon

nhung yéu cau tai nguyén tinh toan 16n hon.

(3) S6 16p (number of layers) va sd no-ron (number of neurons): Cic kién triic
mang siu v6i nhiéu 16p hodic nhiéu no-ron c6 thé hoc dudc cic dic trung phic tap hon,
tuy nhién néu thiét ké khong hop ly dé din dén hién tuong overfitting. Viéc lua chon ciu
triic phit hop can dua trén dic thu cia bai todn va dic diém di lidu.

(4) Ham kich hoat (activation function): Lua chon ham kich hoat nhu ReLl.U, sig-
moid, softmax,... anh hudng truc tiép dén kha niing hoc phi tuyén va téc do hdi tu cia

mo hinh.

(5) S6 epoch: La sb 1an toan bo tap dif liéu huin luyén dugc dua qua mang. Viéc
x4c dinh s6 epoch pht hgp gitip mé hinh hdi tu ding mic, tranh hién tugng underfitting
hodc overfitting.

(6) Ky thuat nhu dung som (early stopping): giam sat mot tiéu chi (thuong la do
chinh xdc hodc ham méit mat trén tip kiém tra) va diing huin luyén néu tiéu chi nay
khong dudc cai thién sau mot s6 epoch lién tiép nhat dinh.

(7) Viéc bd mot sd niit ctia mang (dropout) ciing thudng dudgc tich hop dé cai thién
kha ning khéi quat héa va tranh qua khép dit liéu huén luyén.

(8). Tbi uu hod Adam

Adam viét tat ciia Adaptive Moment Estimation, 13 mot thuét toan t6i uu héa phd
bién dudc st dung trong hoc mdy va dic biét 1a trong hoc sau. Adam két hop céc y tudng
chinh tir hai k¥ thuat t6i vu manh mé khac 12 momentum va RMSprop. Thuit todn nay
dudc goi 1a “thich ing” vi né diéu chinh ty 1& hoc cho mdi tham s6. Tbi wu hoa Adam
giébng nhu mot trg ly thong minh trong viéc huin luyén mang no ron. N6 gitip diéu chinh
cac thiét 1ap (tham sd) cia mang d€ mang lam viéc hiéu qua hon, nhu nhan dang hinh

anh hodc hiéu vin ban.

1.3.5 Ddanh gia mo hinh

Hiéu qua du dodn vi tri PTM dugc NCS danh gid bing hai phuong phdp: (i) kiém
tht chéo k-fold d€ u6c luong hiéu suit tdng thé va tinh &n dinh ciia mé hinh, va (ii) kiém
thtt doc 1ap d€ danh gia kha ning khdi quat trén dif liéu chua tiing thiy.

Trong céc bai toan phan 16p nhi phan, dic biét khi phan bd giita hai 16p khong

bi mét cin bang nghiém trong, viéc lua chon céac chi s danh gid phu hop 1a yéu tb
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quan trong nham phan dnh chinh x4c hiéu suét ctia md hinh. Céc chi s6 thudng dudc
st dung bao gdom do chinh x4c (Accuracy - ACC), do nhay (Sensitivity - SEN), do dic
hiéu (Specificity - SPE), hé s6 tuong quan Matthews (Matthews Correlation Coefficient
- MCCQ), va dién tich duéi dudng cong ROC (Area Under Curve - AUC). Nhiing chi sd
nay cung cip goc nhin toan dién vé kha ning phan biét, miic do chinh xéc, va su nhét
quén trong du dodn ctia mod hinh. D€ danh gid toan dién hiéu qua ciia mo hinh, AUC can
dudc xem xét déng thoi véi cac chi sb6 khac nhu ACC, SEN, SPE, MCC.

TP
SEN=———
TP+FN
T
SPE = —N
TN+FP
TP+TN
ACC = i
TP+FN+TN+FP (1.4)
MCC — (TPxTN)— (FN x FP)
V/(TP+FN)(TN+FP)(TP+FP)(TN+FN)
TPR—FPR+1
AUC = i
2
TP FP
TPR= ————; FPR=———
TP+FN FP+TN (1.5)
T F '
TNR= 1N . _ N
TN+FP FN+TP
Trong do:

- SEN sti dung d€ tinh todn khé ning mo hinh phat hién diing céc trudng hgp ducng
tinh.

-SPE phan anh kha nang mo hinh nhan dién chinh xac céc truong hgp am tinh. Su
két hop giita SEN va SPE gitip ddnh gid miic do cin bang trong viéc phat hién ca hai
16p, dic biét hitu ich trong cac bdi canh sinh hoc noi ¢4 hai loai 16i déu c6 thé anh hudng

nghiém trong dén két luan nghién ciu.

- ACC la ty 1& giita s6 luong maiu dudc phan loai diing va tdng s miu trong tip
kiém tra. Trong trudng hop dif liéu can bang, ACC c6 thé phan 4nh tuong dbi chinh xic
hiéu suét tong thé ciia mo hinh. Tuy nhién, chi s6 nay khong cung cip thong tin vé cic
loai 16i khac nhau (nhu du doan duong tinh sai hay 4m tinh sai), do d6 can dudc st dung
két hop v6i cac chi s6 khac d€ dam bdo danh gia khach quan.

- MCC 1a mot thuée do théng ké manh, phan 4nh mdi tuong quan giita nhin thuc
té va nhin du doan. MCC tich hgp dong thdi ca bén thanh phan ctia ma trin nham 14n
(TP, TN, FP, FN), mang lai mot chi s6 duy nhit nhung dy dd vé hiéu qué ctia mo hinh.
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V6i gia tri ndm trong khoang tir 0 dén 1, MCC = 1 biéu thi mo6 hinh hoan hdo. MCC
dugc xem 12 mot trong nhiing chi sd d4nh gia dang tin ciy nhit cho phan 16p nhi phan,
dac biét trong cac nghién ctu hoc thuat.

- TP (True Positive - Duong tinh that): La s6 trudng hop ma mo hinh du dodn 1
duong tinh va thuc té ciing diing 1a duong tinh.

- FP (False Positive - Duong tinh gid): La s trudng hop ma md hinh du dodn 1
duong tinh, nhung thuc té lai 1a Am tinh.

- TN (True Negative — Am tinh that): La s6 trudng hop ma md hinh du doén 12 Am
tinh va thuyc té cling ding la 4m tinh.

- FN (False Negative — Am tinh gid): La sb trudng hop ma mo hinh du doan 12 4m
tinh, nhung thuc té lai 1a duong tinh.

- TPR, FPR, TNR, FNR: 1an luct do do nhay, ty 1é nham duong tinh, do dic hiéu
va ty 1€ bo sot duong tinh.

- AUC-ROC: dién tich duéi dudng cong ROC, thé hién xac suit mo hinh gan diém
cao hon cho mau duong tinh so v6i mau am tinh ngau nhién. AUC = 1 biéu thi md hinh
hoan héo, AUC = 0.5 tuong duong ngau nhién.
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Hinh 1.16 Minh hoa truc quan cho phan tich duong cong ROC. Puong chéo chinh
gitta bi€u do dai dién cho hé théng du doan ngau nhién. Céc diém nam phia trén
dudng chéo nay thé hién mé hinh c6 hiéu suit du doan t6t hon ngiu nhién, trong
khi cac diém phia dudi thé hién hiéu suét té hen ca ngiu nhién. Véi mét mé hinh
phan loai t6t (duong nét chAm mau xanh 13), AUC chinh la dién tich phia dudi
dudng cong tao béi md hinh nay va truc hoanh chay tir 0 dén 1. M6 hinh té (duong
nét ditt mau do) nhan dau ra da bi gan sai [85].

1.3.6 Lwa chon mé hinh

Quid trinh Iya chon md hinh tbt trong du dodn vi tri PTM doi hoi mot cach tiép can
c6 hé théng nham dam bao d6 chinh xdc cao, tinh tdng quat hod tot va hiéu suét tinh
toan hop ly. Trong sb rat nhiéu mo hinh da thuc nghiém, md hinh t6t dudc lua chon dua
trén cac ti€u chi sau:

Hiéu suét trén tap dif liéu huin luyén va dit liéu kiém tra doc 1ap ACC, SEN, SPE,
MCC la cic chi s6 quan trong d€ danh gia chit lugng mo hinh.
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Gid tri AUC-ROC ciing dugc xem xét d€ ddnh gid khéa niing phan biét gitta cdc mau
duong tinh va am tinh.

Kha niing tong quat héa

Mo hinh khong chi dat két qua cao trén tip huén luyén (ki€ém thi chéo) ma con
phai thé hién tot trén tap kiém tra doc 1ap, tranh hién tuong qua khép.

Hiéu suat tinh toan

M0 hinh can c6 thdi gian hun luyén va suy luan hop 1y, khong yéu cau tai nguyén
tinh todn qua 16n so v6i do cai thién hiéu suit mang lai.

Ddi v6i cdc mo hinh qua phiic tap, néu do chinh xdc chi cai thién khong dang ké so
v6i cac mo hinh don gian hon, thi mo6 hinh don gian hon s€ dudc vu tién.

Kha nang mé rong va ing dung

M5 hinh dugc lua chon can c6 kha ning trién khai trong thuc té, c6 thé mé rong
cho nhiéu loai PTM khéc nhau hoic tich hdp vao cac cong cu sinh hoc hién cé.

Dua trén cic tiéu chi trén, mo hinh t6i uu dudc xdc dinh dua trén su can bang gitta
do chinh x4c, kha ning tdng quat héa, tinh gidi thich dudc va hiéu suit tinh toan.

1.3.7 Cdc yéu cau hé théng va méi truong cai dt
Hé théng va mdi trudng can thiét d€ chay md hinh bao gom:
Ngon ngur 1ap trinh: Python
Moéi truong thue thi:
- Google Colab
- Mdy chii GPU ho tr¢ cac dong card nhu T4, L4, A100
Cic thu vién can thiét:
- Numpy dé xt ly dit liéu s6
- Pandas d€ thao tac véi dit liéu dang bang
- Tensorflow dé xay dung va huin luyén mé hinh hoc siu
- Sklearn (scikit-learn) dé tién xi 1y dit liéu va danh gia md hinh
- Matplotlib dé tric quan héa dit liéu va két qua mo hinh

Du liéu dau vao: File dit liéu & dinh dang .csv
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1.4 Thach thitc cua cac moé hinh du doan vi tri PTM

Mic dit cdc mo hinh hoc mdy va hoc sau di dat dugc nhiéu tién bo trong viée du
dodn vi tri PTM, tuy nhién, van ton tai mot s6 thach thic 16n 4nh hudng dén do chinh
xdc, kha ning tong quat va kha ning ting dung thuc tién ctia cic mo6 hinh. Nhiing thach
thtic nay bao gom:

Dit liéu khong can bang va han ché vé sé lugng:

Déi v6i hau hét cac loai PTM, s6 luong cic vi tri dudc xdc nhan thuc nghiém (miu
dit liéu duong tinh) rat han ché so véi sd luong vi tri khong dudc gan nhan (dit liéu am
tinh). Ty 1& mat can bing nghiém trong nay giy khé khin trong huin luyén mé hinh,
lam tang nguy co thién 1éch (bias) va giam kha nang phat hién chinh xac cac vi tri PTM
thuc su.

Ngoai ra, mot s6 PTM it phS bién hon van chua cé di dif liéu chét luong cao dé
huén luyén md hinh hoc sau phtc tap, khién viéc xdy dung mo hinh t6ng quét gip nhiéu
tré ngai.

Pac trung khong dong nhat va khé xdc dinh:

Cac déc trung sinh hoc cia vi tri PTM thudng khong rd rang va phan tan. Viéc
lua chon hoic thiét ké dic trung thi cong nhu AAindex, BLOSUM, CKSAAP.,... doi héi
nhiéu kién thiic chuyén nganh va c6 thé khong khai thac day da cdc mbi quan hé phic
tap trong protein.

Viéc st dung qua nhiéu loai diic trung tif nhiéu ngudn khac nhau c6 thé lam ting
do phiic tap va nguy co du khép, dong thdi giam tinh md rong ctia mo hinh.

Kho tich hgp thong tin ngur canh va phu thudc dai han:

Céc PTM khong chi phu thudc vao vai axit amin 1an cin ma con c6 thé bi anh
hudng bdi cac yéu td ngit canh dai han trong chudi protein, ciu tric bac cao hoic tin
hiéu sinh hoc khdc. C4c md hinh don gidn dua trén ctia s6 trudt hodc chi dung CNN
thudng khong nam bat duge diy dui cac phu thudc phic tap nay.

Thiéu kha niing mé rong va thich dng véi dir liu méi:

Céc md hinh dudc huin luyén trén mot loai hodc tip dit lidu cu thé thudng khong
tong quat tot sang cac loai khéc, hoic cac tip dif liéu c6 phan bd khac biét.

Ngoai ra, hau hét cdc mo hinh hién nay van chua tan dung hiéu qua cdc mo hinh
ngon ngit 16n chuyén biét cho sinh hoc dé thich ing véi dit liéu mdi theo cach hoc chuyén
giao.

Hiéu sut tinh todn va kha ning trién khai thuc tién:

Céac mo hinh hoc siu 16n, st dung nhiéu dic trung diu vao hoidc embedding tit
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nhiéu mo hinh ngodn ngf tién huin luyén (nhu mo hinh Bert, GPT), thudng doi hoi tai
nguyén tinh todn 16n, khé trién khai trong méi trudng han ché hoic cac ing dung sinh
hoc quy mo6 16n.

Do d6, can c6 huéng tiép can vita dam bdo hiéu qua du dodn, vira gidm tai tinh
toan, chang han nhu céc kién triic lai nhe, hoic st dung hoc chat loc tri thic dé xay dung
md hinh nhe hon nhung van duy tri hiéu ning.

1.5 Téng quan nghién ciu vé du doan PTM va cic phuong phap tién tién
hién nay

Trong hai thap ky gan day, cac phuong phap tinh toan du dodn vi tri stia ddi sau
dich ma (PTM) da phat trién manh mé va tré thanh hudng nghién ctiu quan trong song
hanh cling cic phuong phdp thuc nghiém. Nhiéu cong trinh khoa hoc da khai thic cic
k¥ thuat tif hoc mdy truyén théng, hoc sau, cho dén xi 1y ngdn ngit tu nhién va mo hinh
ngdn ngit protein. Tuy nhién, mdi huéng tiép cin déu c6 uu diém va han ché riéng, dit
nén tang cho viéc tim kiém cac giai phap tdi uu hon. Hinh 12 s6 do biic tranh tdng
thé vé ba hudng nghién cttu chinh trong du doan PTM hién nay.

Téng quan nghién ciru vé dw
doan PTM dua trén hoc may

I

-
P - N\ e -~
M6 hinh hgc may truyen Mo hinh hoc sAu, mé hinh Cac mo6 hinh ngén ngir protein (Protein
L thong L hgc sau lai Language Models - PLMs) va mé hinh
L ngon ngir 1on (LLMs)
M5 hinh: Vo bk
M6 hinh: SVM, RF, XGBoost,... . :
CNN, LSTM, Bi LSTM SVM, RF, XGBoost, CNN, RNN, LSTM, Bi-
LSTM
Pac trung:
Pac trung thii cong: PseAAC, - Thii cong: PseAAC, CKSAAP, —
CKSAAP, PsePSSM, BE, PsePSSM, BE, Aaindex ) Pac tr Img
AAindex - Embedding: One-hot, Word2Vec, - Embedding: Bert, ESM, GPT
Fastext,... - Pac trung lai: dac trung thi céng va dac
- Pac trung lai trung Embedding

Hinh 1.17 S¢ do tong quan cdc hudng tiép can trong du doan vi tri PTM

(i) Cac mé hinh hoc may truyén théng: Trong du doan vi tri PTM, cic md hinh
hoc mdy truyén thong da déng vai tro nén tang nhd kha ning xt 1y tot cac bd dit liéu nho,
dé huén luyén va cho két qua dé dién giai. Céc thuit toan phd bién nhu SVM, RF, k-NN,
XGBoost hay LightGBM déu tin dung triét d€ cac dic trung chudi protein dugc thiét ké
thii cong, bao gdm PseAAC, CKSAAP, BE, PsePSSM hay AAlIndex. Mdi loai dic trung
cung cAp mot géc nhin riéng: PseAAC téng hop thong tin vé thanh phan amino acid va
tinh chat vat 1y-héa hoc, CKSAAP va BE ghi nhan méi lién hé giita cdc cip amino acid
hodc cau tric chudi, trong khi PsePSSM va A Alndex phan anh thong tin tién héa va sinh

hoc, tif d6 nang cao kha nang phan biét cac vi tri PTM.
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Mot s6 mo hinh tiéu bi€u minh hoa céch cac thuét todn va dic trung dudc két hop
hiéu qua (Bang [1.4). Mo hinh pSumo-CD st dung PseAAC va thudt toan Covariance
Discriminant, dat hiéu qué cao trong du doan SUMOylation nhd kha ning trich xuét
théng tin c6 y nghia sinh hoc tit dic trung thi cong. iAcet-Sumo két hgp one-hot en-
coding v6i SVM, ching minh ring ngay ca cdc bi€u dién don gian ciing c6 thé dem lai
hiéu quéi ddng k€ khi dit liéu khong qud 16n. Trong khi d6, cdc cong cu nhu [27,62] khai
thac dic trung lai CKSAAP, EAAC, 188D hoic BE_PAA_EBGW két hop véi PsePSSM,
gitip md rong kha niing biéu dién chudi va cai thién hiéu suét du doan. Cac md hinh hoc
mady t6 hop nhu SUMOgo (RF) hay [64] (AdaBoost) nhan manh stic manh cta phuong
phép tap hgp, viia ting do chinh xdc vira nang cao tinh 6n dinh ctia du dodn. M&i day,
O-GlyThr [103]] (2023) st dung 7 dic trung thi cong két hgp RF d€ du doan O-linked
threonine glycosylation, minh chiing cho viéc Iua chon bo dic trung phut hop c6 thé tdi
uu héa hiéu suat du doan cho ting loai PTM cu thé.

Nhin chung, cdc md hinh hoc may truyén théng t6 ra rit hitu ich khi 1am viéc v6i
cac bo dit liéu han ché, dic biét 1a nhd kha ning giai thich két qua va trién khai nhanh.
Tuy nhién, nhudc di€ém 16n ctia ching 12 phu thudc nhiéu vao dic trung tha cong, khién
kh4 ning tdng quat héa khi 4p dung cho céc loai PTM hoic loai méi con han ché. Ngoai
ra, khi d6i mit v6i chudi protein dai hoidc cic mbi quan hé PTM phic tap, hiéu qua du
dodn ctia cac md hinh nay c6 xu huéng dat gidi han, tao tién dé cho viéc st dung hoc
sau hodic cdc md hinh ngdn ngi protein nham trich xuit dic trung tu dong va khai thac
thong tin nglt canh dai hon.

Bang 1.4 M6 hinh hoc may trong du doan cac PTM

TT Congcu Loai PTM Thuét toan Pic trung Nam
1 pSumo-CD [49]  SUMOylation Covariance Discriminant PseAAC 2016
2 |64 SUMOylation AdaBoost - 2017
3 iAcet-Sumo [124] SUMOylation SVM One-Hot 2018
4 SUMOgo [12] SUMOylation RF - 2018
5 [27) Glutarylation AdaBoost CKSAAP, 188D, EAAC 2020
6 162] Crotonylation LightGBM BE, PAA, EBGW, KNN, PsePSSM 2020
7 l61] Ubiquitination XGBoost PseAAC, CKSAAP, ANBPB, AAindex, EBGW, BLOSUMG62, PsePSSM 2021
8  O-GlyThr [103] O-Linked Thr. Glycosylation RF 7 handcrafted features 2023
9 HOTGpred [81] O-Linked Thr. Glycosylation XGBoost 25 features (14 PLM embeddings + 11 conventional descriptors) 2024

(i) Cac mé hinh hoc sau (Deep Learning), hoc sau lai: Trong nhiing nim gan
day, hoc sau da tré thanh hudng tiép can chu dao trong du dodn cac vi tri PTM, nho kha
ning tu dong trich xult dic trung vA mo hinh héa cdc mbi quan hé phi tuyén phiic tap
trong chudi protein (Bang . Phan 16n cdc mo hinh hién nay st dung kién tric mang
tich chap mot chiéu (CNN1D), doi khi két hop v6i cadc mang hdi tiép nhu LSTM hoic
Bi-LSTM nham khai thac thong tin theo thi tu chudi, tif d6 ning cao kha ning nhin
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dang céc vi tri stia d6i sinh hoc. Céac mo hinh tiéu bi€u nhu DeepUbi [30] (2019) va

Bang 1.5 M6 hinh hoc sau trong du doan stta doi sau dich ma (PTM)

TT Coéngcu Loai PTM Thuét toan bac trung Nam
1 DeepUbi [30] Ubiquitination CNNI1D One-hot 2019
DeepSuccinylSit
2 [16(:)?] Hectyiste Succinylation CNNI1D One-hot 2020
3 Arabidosis [[117]  Ubiquitination CNNI1D AAindex 2021
LSTMCNNsucc ) ) CNNI1D_Bi- )
4 Succinylation Embedding 2021
[45]] LSTM
. Binary and
. human Ubiquiti- . .
5  HubipPred [[118] g CNNID_RNN physicochemical 2021
nation
properties

CKSAAP, ACF,

6  DeepSucc [125] Succinylation CNN1D_LSTM BLOSUMS62, 2022
one-hot

Deep-KsuccSit Cascadi har-

7 cep-isteestte Succinylation CNNID_LSTM aSC? %ng 002
[[60] acteristics

8 ResSUMO [129] SUMOylation CNNI1D BLOSUMG62 2022
PSSM-

9 SUMOylation DNN PSSM 2024
SUMO [53]]

DeepSuccinylSite [[106] (2020) sit dung CNN1D két hop v6i ma héa one-hot don gian dé
dai dién chudi protein, cho thiy ring ngay ca cic biéu dién co ban ciing c6 thé mang lai
hiéu qua du doan vudt troi nhd kha ning hoc ty dong cdc mau dic trung tir dit liéu. Trong
khi do, Arabidosis Ubiguitination [[117] (2021) két hop CNN1D véi dic trung AAlIndex,
minh hoa céch tich hdp cic thong tin sinh hoc thiét ké thi cong v6i hoc siu dé€ cai thién
kha nang nhan dang vi tri PTM.

Mot sd cac nghién ctiu khac cd gang cai thién hiéu suat cia cdc md hinh hoc sau
bing cic md hinh hoc siu lai. Su két hop gitta CNN va Bi-LSTM, vira khai thac kha
ning hoc dic trung cuc bo tit CNN, vita nam bat ngit canh dai tit Bi-LSTM. Cac m6 hinh
hoc sau lai tiéu bi€u nhu DeepSucc [[125]] (2022) va Deep-KsuccSite [60] (2022) st dung
mang CNN1D két hop v6i mang LTSM/Bi-LSTM va céc dic trung sinh hoc dugc trich
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xuét thii cong nhu CKSAAP, BLOSUMG62 va Cascading characteristics d€ cai thién du
doan PTM.

Nhin chung, cdc mo6 hinh hoc sau va hoc sau lai thé hién wu thé vuot trdi so vé6i
hoc mdy truyén thong nho kha ning tu dong trich xuét dic trung, tin dung ngit cdnh dai
trong chudi protein va xi Iy cdc quan hé phi tuyén phic tap. Tuy nhién, nhugc diém 1a
chiing doi hdi tap dit liéu 16n va tai nguyén tinh toan dang ké, dong thdi van c6 nguy co
qué khdp néu dit liéu huén luyén han ché.

(iii) Cac mo hinh ngon ngu protein (Protein Language Models - PLMs) va m6
hinh ngon ngir 16n (LLMs): Chudi protein c6 th€ dugc xem nhu mot dang “ngdn ngi
sinh hoc”, trong d6 moi axit amin dong vai trd 1a mot don vi ¢ ban va ngit canh xung
quanh quyét dinh chic ning sinh hoc. Quan niém nay cho phép tin dung cic ky thuit
Xt 1y ngdn ngit tu nhién dé€ khai thic thong tin tiém 4an trong chudi protein. Cic mo
hinh ngdn ngit tién hun luyén nhu BERT [22] hay T5 [89] ducc st dung dé tao cac
embedding ngit canh, tu d6 lam dac trung cho cac mo6 hinh hoc mdy hoac hoc sau trong
du doan PTM [55,79,[82,101]. Thay vi dua hoan toan vao cac encoding nhu one-hot hay
PseAAC, PLMs khai thic embedding ngit canh, cho phép md hinh nhan biét mdi quan

hé phi tuyén phiic tap giita céc vi tri axit amin trong chudi protein.

Mot sb nghién ctu dién hinh minh ching hiéu qua cta hudng tiép cin nay bao
gdm LMSuccSite [83]) (2022), PTMGPT2 [99]], HOTGpred [81] (2024), DeepPTM [101]
(2024) va LMPTMSite [86] (2024) (Bang . Nhiing cong trinh nay cho thiy rﬁng viéc
tich hop embedding tit PLMs véi céc kién tric hoc sau khong chi ning cao do chinh
xdc du doan ma con cai thién kha ning tong quat hoa trén cdc tap di liéu méi. Cu thé,
embedding tr PLMs giiap mo hinh nhan dién cac motif sinh hoc phtic tap ma truéc day
kh6 mo ta bang cac dic trung thii cong, dong thdi giam nhu cau thiét ké dic trung phiic

tap va ton thdi gian.

Tuy nhién, nhugc diém 16n ctiia PLMs va LLMs 12 yéu cau tai nguyén tinh todn
khéng 16. Viéc huin luyén tif dau hodc tinh chinh trén cac tap dit liéu nhé tré nén kho
kha thi, dong thdi doi hdi phan cting manh va thdi gian tinh todn dang ké. Diéu nay tao
ra mot thich thic dbi vi cdc nghién ciiu trong moi trudng han ché tai nguyén hoic khi
dit liéu PTM khong du 16n, khién céc phuong phéap nay can dudc két hop khéo Iéo véi
hoc sau truyén théng hoic ky thuat hoc chat loc tri thiic (Knowledge Distillation) dé tbi
wu héa hiéu qua va kha nang trién khai thuc tién.

Khoang trong nghién citu:

Mic du cac phuong phap hoc mdy, hoc sau va md hinh ngoén ngt protein da dat
dudc nhiéu tién bd quan trong trong du dodn vi tri PTM, nhung hién tai van ton tai mot
s6 han ché can cdi thién. Cac khodng trong nghién cifu c6 thé tém ludc nhu sau:
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Bang 1.6 Cac mo6 LLM va PLMs trong du doan vi tri PTM

TT | Cong cu Loai PTM Thuit toan Pac trung / Embedding Nam

1 | LMSuccSite [83] | Succinylation | BiLSTM + PLM embeddings ProtBERT/ESM em- 2022
beddings +  sequence
descriptors

11 | PTMGPT2 [99] | Multiple PTMs | GPT-2 based transformer Pre-trained language model 2023
embeddings
2 | DeepPTM [101] | Multiple PTMs | Hybrid DL (CNN + Transformer) | PLM embeddings + hand- 2024

crafted features

3 | LMPTMSite [86] | Multiple PTMs | Transformer + PLM fine-tuning Embeddings tu ProtT5, | 2024 (thang 11)
ESM2 (contextualized
PLM representation)

- Phu thudc dic trung thii cong: han ché tinh téng quat khi 4p dung trén PTM hoiic
loai méi.

- Yéu cau dit liéu va tai nguyén 16n: hoc siu va PLMs can tap dif liéu khdng 16 va
ha tang manh. Nguy co qud khép: dit liéu PTM thudng nho, mét can bang, dé din dén
md hinh kém tong quat.

- Chua khai thac ky thuat hoc chat loc tri thic (Knowledge Distillation) trong du
doan PTM: mac du ky thuat nay da dudc ing dung thanh cong trong cac linh vuc thi giac
mdy tinh va xi ly ngon ngii tu nhién, nhung dén nay chua ¢ cong trinh nao ap dung cho
du dodn PTM. Pay 1a mot huéng nghién cttu tiém ning, dic biét phit hgp trong bdi canh

dit liéu han ché va moéi trudng tai nguyén gidi han.

1.6 Hudng nghién ciru trong luin an

Xuat phat tif nhitng khoang trong trong nghién ctiu du doan PTM, nhu cau phat
trién cac mo hinh tu dong hoc dic trung tir dif liéu thd (end-to-end) nhim giam thiéu
su phu thudc vao cdc dic trung trich xuit thi cong, cuing véi tiém ning chua dudc khai
thac nhiéu ctia k¥ thuat hoc sau lai va hoc chat loc tri thic, luan 4n dudc thuc hién véi 3
nhdnh nghién ciiu chinh, dugc nang cp va cdi thién theo thi gian, cu thé nhu sau:

Thit nhit, trong bdi canh dit liéu huin luyén han ché, d€ nang cao kha ning khai
thac thong tin tf cd dic trung sinh hoc thi cong va bi€u dién theo ngit canh tir NLP,
nghién ctiu da dé xuit mot mo hinh hoc mdy t8 hop, st dung dic trung lai ghép giiia hai
nhom: (i) dac trung thu cong (AAindex, BLOSUMG62, CKSAAP) va (ii) déc trung hoc
dugc tit md hinh NLP (Word2Vec). Su két hop nay gitp tin dung dong thdi kién thiic
sinh hoc chuyén biét va kha ning hoc mau ngit canh tif chudi protein. Ngoai ra, thiét ké
lai ghép con déng vai trd nhu mot bude nén quan trong dé danh gia dinh lugng mic do
dong gop cua tiing nhém dac trung trong nhiém vu du doan vi tri PTM.
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Thi hai, nham gidm thiéu su phu thudc vao dic trung thi cong, nghién citu phat
trién modt moé hinh hoc sau lai két hop gitta CNN1D va LSTM/Bi-LSTM, tich hop k§
thuat NLP d€ tu dong hoc biéu dién dic trung tif mau dif liéu thd. M6 hinh dudc huin
luyén theo co ché dau-cudi (end-to-end), trong dé toan bd quy trinh tif biéu dién, trich
chon dic trung dén phan loai déu dudc t6i uu héa dong thdi trong mot mang duy nhat.
Céch tiép can nay gidp md hinh hoc truc tiép tir dit liéu tho, nang cao tinh tdng quat va
kha nang tu thich tung.

Thit ba, nhan thAy mo6 hinh hoc siu lai va t6 hop tuy hiéu qua nhung tiéu ton tai
nguyén tinh toan dang k€, nghién citu dé xuét ting dung ky thuat hoc chat loc tri thic két
hop véi ky thuat NLP d€ xay dung md hinh du doan PTM hiéu qua hon vé mit chi phi.
Cu thé, mdt md hinh manh (gido vién) sé truyén tri thiic cho mot moé hinh nhe hon (hoc
vién), qua d6 duy tri hiéu ning du doan trong khi gidm dang ké do phiic tap va thoi gian
huan luyén. Day 14 huéng tiép can mdi, chua dugc ap dung trong linh vuc du doan PTM,
c6 tiém ning 16n ca vé gid tri hoc thuat 14n tinh ing dung thuc tién.

1.7 Két luan chuong 1

Trong chuong 1, NCS da trinh bay cic kién thdc nén ting vé protein, dic biét
protein stia d6i sau dich ma, vai trd viéc x4c dinh vi tri PTM trén chudi protein. Phat
biéu bai toan du dodn vi tri PTM. Quy trinh x4y dung md hinh du doan, phuong phap
ma hod dic trung hién nay, phuong phap ddnh gid mé hinh du dodn, yéu cau hé thong
thu vién va moi trudng cai dit. Tong quan tinh hinh nghién cifu trong bbi canh su phat
trién cia Al va SOTA, khoang tréng nghién ctiu, lya chon hudng nghién ctiu cia luin
4n. Mot phan noi dung trong chuong nay da dugc NCS cong bb trén tap chi va hoi thao

sau:

[CT1] Le N.Q.K, Tran T.X, Nguyen P.A. Nguyen V.N, et al. (2023), Recent
progress in machine learning approaches for predicting carcinogenicity in drug devel-
opment. Expert Opinion on Drug Metabolism & Toxicology. p 621-628, DOI: https:
//doi.org/10.1080/17425255.2024.2356162.(SCIE Q1, IF: 3.9)

[CT2] Le N.Q.K, Nguyen V.N, Nguyen T.T, Tran T.X, at al. (2024), Enhanc-
ing Protein Sequence Classification with a Fuzzy Neural Network: A Study in Anti-
cancer Peptide Identification, International Conference on Fuzzy Theory and Its Ap-
plications (iIFUZZY), Kagawa, Japan. pp. 1-6, DOI: https://doi.org/10.1109/
1FUZZ2Y63051.2024.10662887.
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CHUONG 2. MO HINH HOC MAY TO HOP DU DOAN VI TR
SUA POI SAU DICH MA TRONG CHUOI PROTEIN

Trong giai doan ddu ciia nghién citu, dé gidi quyét van dé di liéu han ché va dé
hiéu mot sé loai ddic trung trong dw dodn PTM, NCS nghién citu cdc mé hinh hoc mdy va
cdc ddc trung (bao géom cd thii céng va dc trung tic mé hinh NLP Word2vec), tiép theo
NCS dé xudt mé hinh hoc mdy t6 hop duwa trén ddc trung lai dé du dodn PTM. Mdc di
viéc két hop nhiéu ddc trung lam tdang chiéu va doé phiic tap, tuy nhién budc nay cé vai
tro nhw mot budc neén dé ddanh gid khd ndng dong gop ciia loai ddc trung trong mé hinh
du dodn vi tri PTM. Két qud nghién ciiu dugc cong bo tai Hoi thdo quoc té CITA2023
(Indexed: Scopus Q4) - (CT3).

2.1 Dit van dé

Du doan vi tri PTM la mét bai toan quan trong trong sinh hoc phan tt, c6 y nghia
16n trong viéc hi€u o hon vé cic cd ché sinh hoc va phat trién cdc phuong phdp diéu
tri bénh. Tuy nhién, bai toan niy gip nhiéu thach thiic do tinh phtc tap ctia dit liéu sinh

hoc, su da dang ctia cac loai PTM va su han ché vé dit liéu.

Mot trong nhiing huéng tiép cin tiém ning dé€ nang cao hiéu suit du doan vi tri
PTM véi hoc mdy truyén thong dé 1a st dung k§y thuat hoc may tS hop, giip két hop
nhiéu md hinh thanh phan nhim cii thién do chinh x4dc va tinh 6n dinh ctia md hinh du
doan. Céc nghién ctu truée ddy da ching minh rang hoc may t hop c6 thé ning cao
hiéu suit du dodn trong nhiéu linh vuc, bao gdbm nhén dién mau sinh hoc, phan loai bénh
va du doan tuong tac protein-protein [47,93]].

Trong linh vuc y sinh, hoc may t6 hop da dugc ung dung thanh cdng vao céc bai
toan nhu chin dodn bénh tim, ung thu, va cic bénh than kinh, cho thiy kha ning tdng
hop thong tin tif nhiéu md hinh (Decision Tree, RF, Naive Bayes (NB), SVM) dé cai
thién do chinh x4c va gidm thiéu sai s6 [28,51,[109]. Diéu nay cho thiy phuong phap
hoc mdy t6 hop c6 thé mang lai 1di ich dang ké trong bai todn du doan vi tri PTM, noi
yéu cau su chinh x4c cao trong viéc x4c dinh vi tri stta ddi sau dich ma cta protein.

Bén canh viéc lua chon md hinh, hiéu suit ctia md hinh du doén vi tri PTM con
phu thudc vao dic trung dau vao. Cac dic trung phd bién hién nay c6 thé chia thanh hai
nhom chinh: (1) déc trung dua trén trinh ty, phan anh cac thudc tinh sinh ly—-hoéa hoc
va cAu triic cuc bd clia axit amin; va (2) dic trung dua trén ky thuat xi 1y ngdn ngit tu
nhién, cho phép khai thac cic mdi quan hé ngit nghia tiém 4n trong chudi protein. Tuy
nhién, viéc st dung mot nhém dic trung duy nhét c6 thé khién md hinh bo sét cac chiéu
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thong tin b trg can thiét cho viéc phan biét tin hiéu PTM.

Tit nhitng ly do trén, trong nghién ctiu nay NCS dé xuat mot phuong phap hoc mdy
t6 hop, trong d6 két hdp nhiéu mé hinh hoc mdy cé dién (RF, XGBoost va SVM), dong
thai khai thac dac trung lai ghép gitta dac trung thu cong va dac trung tit mo hinh ngdn
ngit tu nhién. Phuong phdp nay khong chi tin dung loi thé ctia hoc may tS hop trong
viéc nang cao hi€u qua du doan, ma con cho phép danh gia mic dd dong gop cua tung
loai dic trung va tiing mo hinh thanh phan, 1am nén ting cho céc budc nghién ctiu & cac
chuong sau.

2.2 Ky thuat hoc may to hap

hoc mdy t8 hop (Ensemble learning) [23] 12 mot ky thuat dugc st dung dé két hop
hai hoiic nhiéu thuat toan hoc mdy nhiam dat dugc hiéu suat vuot troi so vdi khi sit dung
tiing thuat toan riéng 18. Thay vi chi dua vao mdt md hinh duy nhét, cac du dodn tir tiing
mé hinh thanh phan dudc két hop lai bang mot quy tac t6 hop dé tao ra mot du dodn duy
nhét c6 dd chinh x4c cao hon.

C6 th€ chia ky thut hoc mdy t6 hgp thanh 2 nhém [70]:

Nhém 1: T6 hop hoc song song

TS hop song song huin luyén cic mé hinh co s6 mot cach ddc 1ap va két hop du
doan cua chung thong qua mdt bo két hop. Mot phuong phap to hop song song ph6 bién
la bagging, cung véi phﬁn md rong cua no, thuat toan RF. Cac thuat toan to hop song
song su dung viéc tao ra cic mo hinh co sd theo cach song song nham khuyén khich su
da dang gitta caic md hinh trong to hop.

Md hinh co s 1

 1en A1 . ] Quy tic két hop
Dir liéu Mo hinh co s 2 J ~ 3 hinh o0 s

huan luyén

Mo hinh
dw doan
cuoi

M5 hinh co son

Hinh 2.1 Kién tric hoc may t3 hop song song
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Nhém 2: T8 hop hoc tuan tu

TS hop tuan tu khong huin luyén cdc md hinh cd sé mot cach doc 1ap ma ducc
huin luyén theo titng budc 1ip. O mdi vong lip, md hinh méi hoc cach sita 161 ctiia md
hinh truc d6 nham cai thién hiéu suét tdng thé.

Dit liéu

huan luyén

Hinh 2.2 Kién triic hoc mdy t6 hop tuan tu

Lua chon mé hinh hoc may con trong hoc may to hop [70]:

Trong hoc may t6 hop, viéc lua chon mot tap hdp con phi hgp tif cic md hinh co
s& 1a mot vin dé quan trong, vi khong phai tit ca cac mo hinh déu c6 hiéu suit tot nhu
nhau. Thay vi két hop ca cac md hinh manh va yéu, viéc chi chon ra cic mo hinh c6 hiéu
suét cao sé gilp cai thién do chinh xdc va kha ning tdng quit hda ctia bo phan loai td
hop.

Mot sb phuong phap hoc may td hop tiéu biéu bao gom:

Bagging: St dung bootstrap sampling dé tao ra nhiéu tap dit liéu huin luyén con.
Cac m6 hinh cd s dugc huén luyén song song va két qua dudc tdng hdp bang bod phiéu
(phan loai) hoic trung binh (hdi quy).

Boosting: Xay dung cdc md hinh tuin tu, trong d6 méi mé hinh tip trung vao
nhitng mau ma mo hinh trudc d6é du dodn sai. Cac thuat toan ndi bat theo hudng nay 1a
Gradient Boosting Machines (GBM) va XGBoost.

Voting: Biéu quyét (Voting) 12 mot k¥ thuat tdng hop phd bién trong phan loai, két
hop dau ra cia nhiéu bd phan loai d€ dua ra du doan cudi cung [32,93]]. C6 ba bién thé
chinh:

+ Bo phiéu da s6 (Max Voting): Nhin dudc chon 12 nhin ¢6 s6 phiéu nhiéu nhét tir
cac mo hinh.

+ B0 phiéu trung binh cdng (Average): Két qua du doan cubi cung 1a trung binh
cdng cac du doan cua cac mo hinh.

+ Bo phiéu trung binh cong c6 trong s6 (Weighted average Voting - WAV): Mbi
mo hinh sé dudc gin mot ti trong (trong sd quan trong ctia mo hinh). Két qua cubi cung
12 trung binh cdng cta du doan véi trong s6 clia cac mo hinh.

Céc chién lugc trén cho thay su khac biét trong cach két hop mo hinh: Bagging
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thién vé gidm phuong sai, Boosting tip trung gidm sai l&ch, con Voting cung cip mot
cach tiép can don gian nhung hiéu qua d€ khai thac stic manh tip thé ctia nhiéu bd phan
loai.

Lua chon md hinh hoc mdy con 12 mdt k§ thuat dugc st dung d€ xay dung bd phan
loai t6 hop tit mot tip hop cac md hinh co s6. Pay 1a mot chi dé quan trong trong hoc
mady t0 hop, vi viéc chon mdt tap hop con phit hdp ctia cdc md hinh c¢d s6 ¢6 thé mang
lai hiéu suét t6t hon so véi khi sit dung toan bd cdc md hinh dé€ tao bd phan loai td hop.

Do cac m6 hinh ¢o s dugc phat trién bang cac thuit toan hoc mdy khac nhau hoic
trén cac tip con khac nhau ctia dit liéu huin luyén, hiéu suit ctia ching ciing sé khac
nhau; mot s6 mo hinh c6 thé dat hiéu suit tét, trong khi nhitng mo hinh khac c6 thé hoat
dong kém. Thay vi két hdp ca md hinh tdt va kém, viéc chi chon mot tap hdp con gdm
cac md hinh c6 hiéu suit cao c6 thé mang lai 1oi ich, gitip cai thién hiéu suét tong thé
ctia td hop. Gia ma cia thut toan Bagging, Boosting va Stacking dudgc trinh bay chi tiét
tai phu luc:

2.3 M0 hinh du doan SUMOylation dua trén k§j thuit hoc may t6 hop dé
xuét

2.3.1 Tén viéttat

Trong nghién cifu nay, NCS d& xuit mot md hinh hoc mdy t& hgp nhiam du dodn vi
tri SUMOylation, dudgc dit tén 1a RSX_SUMO. Tén goi nay la viét tit cia "An ensemble
learning approach combining RF, SVM, and XGBoost for SUMOylation site prediction".
RSX_SUMO Kkét hop ba thuit toan RF, SVM and XGBoost véi trong s6 cho du doan
PTM SUMOylation.Trong luan 4n NCS st dung tén goi RSX_SUMO nay dé chi mo
hinh hoc mdy t8 hop dé xuat cho du dodan SUMOylation.

2.3.2 Dit liéu thuc nghiém

Trong nghién ctfu nay, NCS sit dung k¥ thuat hoc mady t6 hop d€ xay dung mo hinh
du doan vi tri PTM SUMOylation.

SUMOylation 1a mot dang bién d6i sau dich ma, trong dé cic protein thudc ho
Small Ubiquitin-like Modifier (SUMO) dudc gin vao protein muc tiéu, déng vai trd
quan trong trong nhiéu qua trinh sinh hoc nhu van chuyén ndi bao, phién ma, stia chita
DNA va truyén tin hiéu [33,40,74]. SUMO protein c6 bbn isoform chinh: SUMO-1,
SUMO-2, SUMO-3, va SUMO-4, véi céu triic dic trung thé hién qua cdc md hinh khong
gian cta protein (Hinh [2.3).
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Hinh 2.3 Chu tric protein SUMO1 6 nguoi (P63165_SUMO1_HUMAN) [108]

Nghién ctiu gan day cho thdy SUMOylation c6 thé ting cudng kha ning lién két
ctia protein, dic biét 12 véi mot sb protein nhu Claspin, von phu thudc vao SUMOylation
d€ thuc hién chiic ning lién két. Hon nifa, nhiéu bénh ly nghiém trong nhu Alzheimer
va Parkinson c6 lién quan chit ché dén qua trinh SUMOylation [68}/87,96].

Dit lidu vé cac vi tri SUMOylation xac thuc thuc nghiém dudc thu thap tif nhiéu
co 56 dif liéu ngudn md va cdc nghién ctiu da cong bd, tiéu biéu nhu dbPTM3.0 [65],
SUMOsp [92], GPS-SUMO [127], JASSA [9], pSumo-CD [49], seeSUMO [104], va
SUMOhydro [[15]. S6 lugng dif lidu thu thap dugc trinh bay trong Hinh va Bang
. Sau khi thuc hién mot s6 bude ky thuat nham loai bd cdc protein tring lip hoic du
thira, thu dudc bo dit liéu khong trung lip cudi ciing gdbm 1160 protein duy nhat. Thuc
hién chon ngau nhién 160 protein tit bd dit liéu khong trung lip d€ lam bo dit liéu kiém
thtt doc 1ap. Phan dit liéu con lai 1000 protein dudc st dung 1am bd dit liéu huén luyén.
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Céc ngudn dit lidu thu thap
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B SUMOvylated proteins  ® Sumosites
Hinh 2.4 Nguon dit liéu SUMOylation thu thap
Bang 2.1 Thong ké dit litu SUMOylation thu thap
SUMOylated proteins | SUMO sites

Tong dit liéu thu thap 2623 4654
Dii liéu da loai b6 tring gitta cdc b di liéu 1160 2109
Dit liéu huén luyén 1000 1820
Dit liéu kiém tra 160 289

Dé tao ra mau dit liéu duong tinh (SUMO), NCS sit dung ctia s6 ¢6 kich thuée 1a
2n + 1 d€ trich xuét cac doan chudi c6 trung tam 1a vi tri lysine (K) da dudc x4c minh
thuc nghiém 132 c6 SUMOylation, dong thdi chifa n axit amin 14n c4n & ca hai phia. Véi
mot s6 lugng protein SUMOylated da dudc xdc minh thuc nghiém, cac doan peptid c6
chiéu dai ctia s& 2n + 1 axit amin va c6 trung tam 12 lysine nhung khong dudc chu thich
12 ¢6 SUMOylation dudc xem 12 miu 4m tinh (non-SUMO). Do d6, bd dit liéu huin
luyén ban dau bao gom 1820 miu duong tinh va 37222 mau am tinh. Tuy nhién, do mot
s6 mau am tinh c6 thé giébng hét mau duong tinh nén hiéu suit du dodn ctia md hinh c6
thé bi ddnh gid qud cao trong ca bd dit liéu huan luyén va kiém thd. DE khac phuc diéu
nay, NCS di st dung chuong trinh CD-HIT d€ loai bd dif liéu véi do gibng 40%. Cudi
cuing bd di liéu vé du dodn vi tri PTM SUMOylation dudc st dung trong nghién ciu
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thuc nghiém mo hinh hoc mdy t6 hdp nhu trong Bang [2.2| dudi day.

Bang 2.2 Bo dur lieu SUMOylation st dung trong nghién citu

SL mau duong tinh | SL mau 4m tinh

Tap dit liéu huin luyén 745 1490
Tap dit liéu ki€m tra 117 234

2.3.3 Phuong phdp md hod va trich chon ddc trung

Pé xay dung cac mo hinh du dodn cho viéc xdc dinh cdc vi tri SUMOylation, NCS
trich chon cdc dic trung duva trén chudi: AAlndex, CKSAAP, BLOSUM62, cic dic
trung nay dudc trich chon bdi tool iFeature; dac trung dua trén ky thuat NLP dudc trich
chon bdi mo6 hinh Word2Vec (Skip-gram). Chi tiét cic dic trung va kich thudc clia véc
td dic trung dudc hién thi trong Bang

Bang 2.3 Véc to dac trung su dung trong nghién ciu

Pac trung don | Kich thudc | Pac trung lai ghép Kich thudc
AAlIndex 6903 AAlndex_CKSAAP 7053
CKSAAP 150 AAlIndex_BLOSUM62 7163
BLOSUM®62 260 AAlIndex_Word2Vec 7003
Word2Vec 100 CKSAAP_BLOSUM®62 410
CKSAAP_Word2Vec 250
BLOSUM62_Word2Vec 360
AAlndex_CKSAAP_BLOSUMG62 7313
AAIndex_CKSAAP_Word2Vec 7153
CKSAAP_BLOSUMG62_Word2Vec 510
AAlndex_CKSAAP_BLOSUMG62_Word2Vec 7413

2.3.4 Kién triic mé hinh du dodn PTM dé xudt dua trén ky thudt hoc mdy t6 hop

Muc tiéu chinh ctia nghién cifu 12 cai thién hiéu suat du doan vi tri PTM SUMOy-

lation thdng qua viéc két hop nhiéu md hinh hoc mdy véi cac nguyén 1y khic nhau. DE
thuc hién, ba md hinh dudc lua chon gom RF [42], XGBoost [[14] va SVM [21]], dai dién
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cho ba huéng tiép cin hoc mdy khic biét. Két qua du dodn cubi cung dugc tdng hop
bang cd ché két hop c6 trong s6, véi cong thiic:

f=wi-RF+wy-XGB+w3-SVM

trong d6 céc trong sd wy,wy, w3 dudc xdc dinh thong qua qua trinh tdi wu trén tap vali-
dation (Algorithm [2.2). Nhd vy, mbi mo hinh déng gép theo thé manh riéng, dong thoi
han ché nhudc diém ctia nhau.

Ba md hinh dugc chon dua trén nguyén tic da dang hoa nhiam ting kha ning khai
quat hoa trén dit liéu sinh hoc phtic tap. Cu thé, RF la thuit toan Bagging véi nhiéu cay
quyét dinh huin luyén song song trén céc tap con dif liéu, gitip gidm phuong sai va ting
tinh 6n dinh. XGBoost dai dién cho nhém Boosting, hoc tuan tu d€ khic phuc sai sb ctia
cac mo hinh trudc, dong thai tich hdp cac co ché regularization nham han ché overfitting
va ting kha ndng tong quat hoa. SVM, tuy khong phai 1a phucng phap t6 hdp, nhung
bd sung tinh da dang bang kha ning phan tich manh trén khong gian dic trung cao, dic
biét nhd ky thuat kernel cho phép phan loai ca dit liéu phi tuyén.

Su két hop nay tao ra su bd trg 14n nhau gitta ba huéng tiép can (song song, tuan
tu, tdi uu bién), gitip mod hinh t8 hop khong chi nang cao hiéu suit du doan vi tri PTM
ma con khic phuc han ché cia tiing thudt todn don 18. Kién triic téng thé ctia moé hinh
dudc trinh bay trong Hinh[2.3]

AAINDEX_ CKSAAGP _BLOSUMG2
AAINDEX_BLOSUMG2_Word2Vec

T CKSAAGP _BLOSUMG2_Word2Vec

AAINDEX_ CKSAAGP_BLOSUMG2_Word2Vec -

Data collection and pre-processing  Feature Extraction and Encoding Modellearning and Evaluation
Protein sequences:Training or Test AAINDEX_ CKSAAGP
AAINDEX AAINDEX_BLOSUMS62
l S l CKSAAGP AAINDEX_Word2vec !
Window size BLOSUMG2 CKSAAGP BLOSUM62 H
= : ) wordvec CKSAAGP_Word2Vec b !
Positive Negative BLOSUM62_Word2Vec i
CD-HIT I S
wL ~L 1 Cross-Validation
1
1
1
1
1

Databases or Literatures Parameter Optimization

Independent testing Ensemble learning: RSX_SUMO building l
.--___I_n_de_perﬁe_ﬁt_?» | Featre | RF Classifier XGB Classifier
Testing dataset encoding
-—-—”". - 4
I 1
RSX_SUMO
Other prediction (f - 0.1%RF + 0.4* XGB + 0.5% SVM)
tools

Hinh 2.5 Kién triic mé hinh hoc may t6 hop du doan PTM dé xuét
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Hinh 2.5|minh hoa quy trinh xay dung m6 hinh dy doan vi tri PTM SUMOylation
dua trén ky thuat hoc may t6 hop. Trude hét, dit liéu protein dudc tién xi 1y va trich
xuat dic trung, sau d6 dudc chia thanh cic tip huin luyén, kiém tra va validation. Trén
tap huin luyén, ba m6 hinh hoc may co s& gdm RF, XGBoost va SVM dudc xiy dung
doc 1ap theo nguyén 1y hoc khac nhau. Tiép d6, dau ra du dodn cia titng md hinh dudc
tong hop thong qua co ché cong c6 trong sb, trong d6 céc trong s6 ti uu dugc xac dinh
nhd qua trinh tim kiém trén tap validation. Két quéa cubi cung la mot mo hinh t6 hop,
vita tin dung dudc uu diém cla tiing thudt toan, vita giam thi€u han ché riéng 18, qua d6
cai thién hiéu suat du doan SUMOylation trén dit liéu sinh hoc phtc tap. Cac buéc thuc
hién ctia mo hinh dé xuét, bao gdm gid ma cla hai thuat todn: thuit toan xac dinh trong
s6 (Algorithm [2.2)) va thuét todn hoc mdy t& hop (Algorithm [2.1)):

Buéc 1: Pdnh gid hiéu sudt mo hinh trén cac dic trung don, dic trung lai ghép trén
cac mo6 hinh hoc mdy co s8, d€ tim dic trung cho hiéu suit tét nhat. Dic trung tdt nhat

nay sé 1a dau vao cho md hinh hoc tap téng hop.
Budc 2: Pinh nghia mé hinh t6 hdp v6i 3 mo hinh hoc mdy co sé (Algorithm [2.1)).
Budc 3: St dung (Algorithm dé tim cic trong s6 cho mo hinh t& hop.

Bué6c 4: Huén luyén mo hinh t6 hop dé xuit trén bo trong sb tot nhit da tim ducc
6 budc 4 boi (Algorithm 2.1)).

Budc 5: St dung md hinh & Budc 4 d€ du doan mau dit liéu méi.

2.3.5 Chién ludc va tham sé hudn luyén mé hinh

Céc tham s6 chi tiét cia ba mo hinh co s6 (XGBoost, SVM va RF) dudc trinh bay
trong Bang Qué trinh huin luyén mo hinh RSX_SUMO dudc thuc hién trén moi
trudng Google Colab véi su hd trg ctia GPU, gitip rit ngan dang ké thdi gian tinh todn.
Trong qu4 trinh huin luyén, cic md hinh co sé dudc huin luyén theo bo tham s da dinh
nghia va danh gid hiéu suét trén tip validation. Két qua du dodn cta titng mo hinh sau
d6 dugc tdng hop thong qua co ché cong c6 trong sb, trong d6 bo trong sd tdi uu dudc
xéc dinh bing giai thuat riéng (Algorithm 2.5). M&i m6 hinh co sé vi viy déng gop theo
ding thé manh ctia minh, dong thdi han ché dudc nhitng nhugc diém vdn cé.

Chién lugc nay cho phép mo hinh t§ hop dat dugc hiéu suit du doan 6n dinh va
ddng tin cdy hon so véi viéc sit dung titng md hinh don 18, dong thdi khai thac hiéu qua
su da dang trong nguyén 1y hoc tap ctia XGBoost (Boosting), RF (Bagging) va SVM (tbi
uu bién).

46



Algorithm 2.1 hoc mdy t8 hop c6 trong s6 véi 3 mo hinh hoc mdy co s6

Pau vao: Tap dit liéu ban diu Z; tap huin luyén Xy C Z; tap kiém tra Xies C Z;
mo hinh t8 hop .# = {RF,XGB,SVM}; véc (0 trong sO w = (w1, wz, w3)
Pau ra: Két qua phén 16p Result = {§ i} cho moi x; € Xieg
1: k<3
2: Result < 0
Huén luyén tirng mé hinh ce sé
3: fori=1tokdo
4: Huén luyén md hinh M; trén Xin
5: end for
Du doan cho méi mau trong tap kiém tra

6: for all x € X do
7: fori=1tokdo
8: Du do4n x4c suét tif mo hinh M;
9: pi(x)  M;(x)
10: end for

11: p(x) = X5 wi- pi(x)
12: if p(x) > 0.5 then

13: vy 1

14: else

15: y<+<0

16: end if

17: Result <— ResultU {y}
18: end for

19: return Result
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Algorithm 2.2 Tim trong sd t6i uu wy,w», w3 cho md hinh t6 hop RF, XGB va SVM

e e e e e
AN L T el =

17:
18:
19:

A S AN LT~ S

Pau vao: Tap dit liéu ban dau Z; tp huin luyén Xi,in; tap tinh chinh X,,; mo hinh
t6 hop .# = {RF,XGB,SVM}; budc ting 6 = 0.1
Pau ra: Trong s6 t&i uu (w}, w3, w}) sao cho ham mit mat MSE 1a nho nhét.
best_score <— oo
best_weights < 0
for w; =0to 1 step & do
for w) =0to 1 step 6 do
w3+ 1— (Wl +W2)
if 0 < w3 <1 then
Khdi tao mo hinh t6 hop
M = Ensemble_model(RF : wi, XGB : wy, SVM : w3)
Huin luyén M trén Xyain
ye—M (Xval)
score <— MSE(yya1,9)
if score < best_score then
best_score <— score
best_weights < (wq, w2, w3)
end if
end if
end for
end for

return best_weights
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Bang 2.4 Cac tham s6 cia XGBoost, SVM va RF

Tham s6 cho md hinh XGBoost Tham s6 cho mé hinh SVM va RF

colsample_bytree: 0.9 M6 hinh SVM
learning_rate: 0.01 C: 1.0

max_depth: 7 gamma: 0.01
min_child_weight: 30 kernel: ’linear’
nthread: -1 probability: True

objective: ’binary:logistic’ | M6 hinh RF

reg_lambda: 1.0 max_features: 8
use_label_encoder: False n_estimators: 100
eval_metric: ’logloss’

2.3.6 Két qud va thdo ludn

Két qua kiém thi chéo (Hinh va kiém tht doc 1ap (Hinh cho thiy viéc
két hop cic dic trung AAIndex, CKSAAP, BLOSUMG62 va Word2Vec gitp céi thién
hiéu suit du doan so véi tiing dic trung don 1é. Trong kiém tht chéo, cic mo hinh
RF, XGBoost va SVM déu ghi nhan mitc ting ACC tif 1-3% khi st dung dic trung
lai, phan 4nh sy bS sung thong tin gitta cdc loai dic trung sinh hoc va ngit nghia. Tuy
muc cai thién khong qua 16n va di kem chi phi tinh toan cao hon, dac trung lai giup
cai thién hiéu suét du doan thé dang ké trong bdi canh dit liéu han ché. Dic biét, trong
ki€ém thit doc 1ap, t6 hop dic trung nay dat ACC cao nhit vé6i RF (0.875), XGBoost
(0.877) va SVM (0.873), cao hon 3% so v6i dac trung don. Do do6, dac trung lai AAlIn-
dex_CKSAAP_BLOSUM®62_Word2Vec dudgc lua chon lam dau vao chinh cho méd hinh
t6 hop RSX_SUMO nhim tbi uu héa hiéu suit du dodn.
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Hiéu suit ACC ciia cac mé hinh véi cac dic trung
trong ki¢m thir chéo
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Hinh 2.6 Hiéu suit ACC ctia cac thuét toan hoc may trén cac diic trung nghién citu
trong kiém thit chéo

Hiéu suit ACC ciia cac mé hinh véi cac dic trung khac nhan
trong kiém thir doc 1ap
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Hinh 2.7 Hiéu suit ACC ctia cac thuét toan trén cdc dic trung nghién citu trong
kiém thir doc 1ap

Viéc két hop céc dic trung dua trén chudi (AAIndex, CKSAAP, BLOSUMG62) va
dic trung nglt nghia tir k§ thuat NLP (Word2Vec) da gitip cai thién hiéu suit du doan
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ddng k€. Trong khi dic trung chudi gitip mo hinh khai thac thong tin vat Iy — héa hoc
clia axit amin, dic trung Word2Vec lai bd sung kha ning nim bat mdi quan hé ngit nghia
4n trong chudi protein. Su két hop nay tan dung vu thé clia ca hai nhém dic trung, gitp
mo hinh hiéu ro hon ban chit dit liéu va ting cudng kha ning nhan dién chinh xac vi tri
SUMOylation.

Hi#u suét ciia mé hinh dé xuit so voi cac mé hinh hoc may trong kiém
thir chéo véi dac trung lai

083 ggp ggpy 0841 0853 0861 0334 D336 g3 0835

g o774 D796
07 0626 0632
06 0579 0571
(1]
04
0z
i}
01

i

ACC SEN SPE MCC

ERF ®XGBoost mSVM m®mRSX SUMO

(%]

Hinh 2.8 Hiéu sut ctia mé hinh dé xuét va cic mé hinh co s6 trong kiém thi chéo
v6i dac trung lai dugc chon

Hiéu suit ciia mé hinh dé xuét so véi cac mé hinh hoc may trong
kiém ddc lap voi diic trweng lai

0.886 0902 09 n3gop 0911

g7 083 05230835
I I I I I I I i
SEN SPE MeC

BERF wmXGBoost mSVM ®mRSX SUMO

0o 0.875 0.877 0.873

ACC

Hinh 2.9 Hiéu suét ctia mo hinh dé xut va cac mé hinh co s6 trong kiém thi déc

0.8
07
0.4
0.5
0.4
0.3
0.2
0.1

0

lap véi dac trung lai duge chon

Danh gi4 hiéu qué ctia cdc md hinh véi dic trung lai dude chon két qua 6 Hinh
va Hinh cho thiy md hinh t8 hgp RSX_SUMO vugt troi hon so véi cadc md hinh co s6
(RF, XGBoost, SVM) trong ca kiém thit chéo va kiém thtt doc 1ap. Cu thé, RSX_SUMO
dat ACC (0.841) cao hon XGBoost va SVM 3%, va cao hon RF khong ding ké trong
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ki€m thti chéo. Trong ki€m tht doc 1ap, RSX_SUMO dat ACC 0.886, SEN 0.835, SPE
0.911 va MCC 0.743, déu cao hon cac mé hinh co sé.

2.4 So sanh véi cac cong cu du doan khac

Trong nghién ctu nay, viéc so sanh dudc thuc hién véi hai cong cu duy doan
SUMOylation phd bién va dudc xem la state-of-the-art tai thoi di€ém nghién citu, bao
gdém (GPS-SUMO2.0 [[127] (truy cap thdi diém nim 2022), seeSUMO2.0 [97]]. Pay la
nhiing cdng cu da dudc cong dong qudc té cong nhan va st dung rong rai, c6 do tin cay
cao va thudng dugc ding 1am dbi ching trong cac nghién citu du doan PTM. Viéc lua
chon hai cong cu nay thay vi cac cong cu khdc nham dam bdo tinh khach quan, dong

thdi phan dnh ding trinh do phat trién clia linh vuc tai thoi diém trién khai nghién cifu.

Két qua so sanh hiéu suit gitta RSX_SUMO va cic cong cu du dodn hién cé dugc
trinh bay trong Bang

Bang 2.5 So sanh hiéu suét giita cic cong cu du doan SUMOylation

Cong cu Nguong | ACC SEN SPE
Low 0.877 0.884 0.875
GPS-SUMO2.0 Medium 0.794 0.694 0.838
High 0.877 0.884 0.875
Low 0.855 0.828 0.865
seeSUMO2.0 Medium 0.769 0.644 0.829
High 0.836 0.790 0.853
RSX_SUMO (Dé xuit) 0.886 0.835 0911

Két qua trong Bang 2.5/ cho thiy mo hinh dé xuiat RSX_SUMO dat do chinh xac
(ACC) 0.886 va do dac hiéu (SPE) 0.911, vugt trdi so vé6i ca hai cong cu GPS-SUMO2.0
va seeSUMO2.0 trén cung bo dit liéu kiém thti. Dic biét, chi s6 SPE cao cho thidy mo
hinh dé xuit c6 kha ning phan biét tot gitta cac vi tri SUMO va Non-Sumo, gidm thiéu
cic du dodn duong tinh gid. Diéu nay chitng minh ring viéc két hop hoc mdy t& hop véi
ddc trung lai da mang lai hiéu qua rd rét, nang cao khé ning tdng quét héa cia mo hinh

so vGi cac phuong phap hién hanh.

Nhu vay, RSX_SUMO khong chi ké thira uu diém cta cac phuong phap hoc mdy
thanh phin ma con khac phuc dudc mot s6 han ché vén co, tir d6 tré thanh mot giai phap

tiém ning trong du dodn vi tri SUMOylation.
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2.5 K&t luan chuong 2

Trong chuong nay, NCS di dé xuit mo hinh RSX_SUMO du doan vi tri SUMOy-
altion. M6 hinh RSX_SUMO xay dung dua trén ky thuat hoc mdy t& hop bing cach két
hop ba thuét toan hoc mdy: RF, XGBoost va SVM. Viéc két hop nay gitip khai thac uu
diém cta ting thuit toan, nang cao hiéu suat phan loai va didm bao tinh 6n dinh cia mo
hinh. Tuy nhién md hinh hoc mdy t6 hdp vdi nhiéu md hinh co sé va cic dic trung lai
tuy c6 hiéu suét cao hon mdt chiit so v6i mo hinh cd s nhung ton rat nhiéu tai nguyén
tinh toan. Pay ciing 12 tién dé d€ NCS nghién cifu dé xuit cac phuong phap du doan &
cac chuong tiép theo. Noi dung ctia chuong NCS dudc cong bd trén hoi thao va sau:

[CT3] ran T.X, Nguyen V.N, and Le N.Q.K. (2023) Incorporating Natural
Language- Based and Sequence-Based Features to Predict Protein SUMOylation

Sites. Con- ference on Information Technology and its Applications. DOI: https://doi.
org/10.1007/978-3-031-36886-87.(Indexed : ScopusQ4).
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CHUGNG 3. MO HINH HOC SAU LAI KET HOP XU LY NGON

NGU TU NHIEN DU POAN VI TRi SUA POI SAU DICH MA
TRONG CHUOI PROTEIN

Tiép tuc nghién citu, trong chuong nay NCS tdp trung vao viéc khdc phuc cdc han
ché ciia moé hinh hoc mdy trong bai todn du dodn vi tri SUMOylation. O thoi diém
nghién citu trong Chuong 2, nguén dit liéu SUMOylation con han ché, dnh hudng khong
nhé dén hiéu qud hudn luyén va khd ndng téng qudt héa cia cdc mé hinh. Nham cdi
thién diéu nay, trong Chuong 3, NCS dd tién hanh cdp nhdt va md rong tdp dit liéu
SUMOpylation, thu thdp bo sung di lidu, giiip cdi thién chdt luong di liéu dau vao cho

mo hinh hoc sdu.

Song song vdi viéc md rong dit liéu, NCS dé xudt mot huéng tiép can mdi dua trén
mé hinh hoc sdu lai, két hop giita CNNID va LSTM/Bi-LSTM, dong thoi tich hop ky
thudt xit Iy ngén ngit tw nhién (NLP) dé biéu dién trinh tu protein mot cdch hiéu qud.
CNNID cho phép trich xudt ddc trung cuc bo lién quan dén tin hiéu PTM, trong khi
LSTM/Bi-LSTM c6 khd ndng hoc cdc phu thudc dai trong chudi, von rdt cdn thiét cho
cdc ddc trung ngit canh sinh hoc. Cdch tiép cdn theo hudng NLP dé xudt con gitip gidm
su phu thudc vao ky thudt trich chon thu cong, thay vao do cho phép mé hinh hoc ddc
trung tw dong tir chudi ddu vao.

Khong ditng lai 6 SUMOYylation, chuong nay ciing md rong pham vi nghién ciiu
sang mot loai PTM khdc la Succinylation. Viéc phdt trién mo hinh cho cd hai loai PTM
nay nham vica kiém chitng khd ndng tong qudt héa ciia mé hinh dé xudt, vica gop phdan
lam giau hiéu biét cia cong dong khoa hoc vé cdc dang svwa doi sau dich md trong hé

gen va proteome sinh vt.

Két qud thuc nghiém cho thdy cdc mé hinh hoc sdu dé xudt khong chi cdi thién do
chinh xdc va khd ndng tong qudt so véi phuong phdp hoc mdy & chuwong truéc, ma con
t6i wu hon vé chi phi tinh todn va luu trit. Mot phdan két qud nghién citu da dwoc cong bo
trén cdc tap chi khoa hoc uy tin nhu Tap chi Tin hoc Diéu khién (CT4) va Computer and
Medicine (SCIE Q1, IF 7.0) (CTS), Hoi thao CITA2024 (CT6) va hoi thdao ICTA2024
(CT7).

3.1 MO0 hinh hoc sau lai

Khdi niém mo hinh hoc siu lai (Hybrid Deep learning) khong xuAt phat tit mot bai
bao khoa hoc cu thé nhu CNN hay LSTM ma 12 mot thuat ngit tdng quét chi cdc mo hinh
két hop nhiéu k¥ thuat hoc siu khac nhau. M hinh hoc siu lai 1a sy két hop giita cac
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kién triic mang hoc sau khac nhau nham tin dung uu diém ctia tiing md hinh d€ cai thién
hiéu suat du dodn, va kién tric hoc ndy di dudc ing dung thanh cong trong nhiéu linh
vuc gitip cai thién hiéu sut ciia cdc mo hinh phan loai [63,/122]. Mic du khong c6 mot
nha khoa hoc cu thé ndo dudc ghi nhan la ngudi dau tién dé xuét khai niém nay, nhung
viéc két hop cac mo hinh hoc sau da trd thanh mot xu huéng phd bién trong nghién ciu

tri tué nhan tao [g]].

Trong nghién ctitu nay, NCS dé xuit mot mo hinh hoc sau lai d& du dodn vi tri PTM,
bing cach két hop hai kién tric mang no ron sau 1a CNN1D va LSTM/Bi-LSTM. Su két
hop nay nham tan dung dong thoi kha ning trich xuét dic trung cuc bo ctia CNN1D va
kha ning hoc cdc quan hé phu thudc dai han trong chudi cia LSTM/Bi-LSTM. Nho do,
md hinh ¢6 thé hoc dugce ca motif cuc bd va ngili canh toan cuc trong chudi protein, hai
yéu td then chdt gidp cai thién do chinh xic trong du doén vi tri PTM.

3.1.1 Mo hinh mang neural tich chip mét chiéu (CNNID)

Trong nghién cfu vé md hinh hoc sau du doan vi tri PTM dudc trinh bay trong
phan téng quan trong chuong 1, CNN1D la mot trong nhiing phuong phap phd bién ting
dung trong linh vuc nay. Véi cac 16p tich chip (convolutional layers) va I6p giam chiéu
(pooling layers), CNN1D c6 thé phat hién cdc mau quan trong trong chudi protein.

Trong s6 céc bién thé ctia CNN, CNN1D dudc st dung phé bién d€ du doan vi tri
PTM [44.|111,/113,125]] do phu hop véi dit liéu chudi protein bac 1.

Word-  Word Kernelk =3
Token Embedding
1 - 1 Feature vector o300 0001000306+
A —> | 2 |—— e, |/0002] 0004|0003 [Jooss | .. 0.001*0.4+0.002*0.5+0.001*0.9+
— / 0.002*0.1-+-0.001*0.4+0.005*%0.8
K — | 16 |—» ey || 0001 0002 | 0001 [fooss | ... 0.0053 = 0.0053
- .
® L 4 .+ e || 0002|0001 0oos [Jooor | ... ConvlD 0.0796
= N
g M — | 6 |—s ey |0008]0004 [ -0003 [-0002] ... (kernel =3) 0.1509
g —_— 0.001 | 0.002 | 0.001 |0.039 = Max (0.0053,
@ | K | 16— e (ML O0R) MO0 MaxPooli 0.00796, 0.1509,..)
R W —| 0 L, eg |0002]0006|-0003000s| . 0.3 |0.1 |0.6 axPooling/
g »re 0.4 |05 0.9 AveragePooling
8 K — 16 ex 0.001 | 0.002 | 0.001 0.039 3
A R — | 17 — eg | 0006|0008 | 0.003 | 0072 0.1 |04 0.8
S — 10 |— eg 0.002 | 0.004 | -0.003 | 0.098

dictionary |

Hinh 3.1 M6 hinh CNN1D hoc miu dit liéu protein (1-gram) dé xuét

CNNI1D hoat dong bang cach sit dung bd loc truct doc theo chudi, 4p dung phép
tich chap 1én titng doan nhd dé€ phat hién cac mau theo trinh tu. Piéu nay giip mo hinh
nhén dién cic dic trung quan trong, chang han nhu cac ciu triic con trong chudi axit

amin. Ldp pooling gitp gidm s6 luong tham sb va cdi thién kha ning tdng quat hod,
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trong khi céc 16p fully connected thuc hién phan loai cudi ciing dé xac dinh vi tri PTM
(Hinh [3.1).
Duéi day la mé ta quy trinh hoc dic trung tir chudi protein cia mang CNN1D:
Budc 1: Bi€u dién chudi protein dudi dang Word-Token

- Méi axit amin trong chudi protein dudc dnh xa thanh mdt chi s& duy nhit dua trén
mot tif di€én ma héa (dictionary).

- Vi du, axit amin ‘A’ dudc ma hoéa thanh 2, ‘K’ thanh 16, ‘L’ thanh 4, ..v.v.
Budc 2: Embedding

- Céc chi s6 Word-Token nay dugc dua vao mot 16p Word Embedding dé chuyén
thanh cdc véc to nhing c6 kich thudc cb dinh.

- Mobi véc td Word Embedding tuong ting v6i mdt véc to dic trung clia mot axit

amin, bi€u dién thong tin nglt nghia ctia né trong chudi protein.
Budc 3: Ap dung Convolution 1D (Conv1D)

- Mot bo loc (kernel) kich thude k = 3 trudt qua cac véc td embedding theo tiing

cum lién tiép dé trich xuit dic trung cuc bd.

- Mdi phép tich chap gitta bo loc va cdc gid tri embedding cla axit amin trong clia
s0 tao ra mot gid tri dic trung mdi trong véc to dic trung.

Budc 4: Tinh toan gia tri dic trung

- Céc gia tri trong véc to dic trung dugc tinh dua trén trong sb ctia bod loc va cac
gi4 tri embedding clia axit amin trong ctia s0 kich thudc 3.

- Cong thiic tinh todn 1a tich ¢6 hudng gitta bo loc va embedding trong mdi ciia so.
Budc 5: Ap dung MaxPooling/AveragePooling

- Sau khi qua 16p Convolution, véc to dic trung dudc dua vao 16p Pooling dé chon

ra cac dic trung quan trong nhat.

- MaxPooling chon gi4 tri 16n nhit trong véc to dic trung d€ lam dau ra cua 16p
pooling, gitip gidm chiéu dif liéu va giif lai thong tin quan trong nhat.

Hé thdng hoc sau st dung CNN1D d€ trich xuit dic trung tif chudi protein bang
cach két hop Word Embedding, Convolution, va Pooling. Qu4 trinh nay gitip md hinh
hoc dudc céc dic trung quan trong trong chudi protein, tit d6 cai thién hiéu qua du doan
vi tri PTM.

Loi ich cia CNN1D trong hoc chudi protein:

- Viéc ap dung CNN1D trong xii Iy chudi protein mang lai nhiéu 10i ich ddng ké,
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dic biét trong bdi canh trich xuit dic trung tu dong va phat hién cidc mau sinh hoc c6 y
nghia. Cu thé:

+ Khé ning phat hién mau cuc bd (local patterns): L6p tich chap trong CNN1D ¢6
kha ning ty dong hoc va nhan dién ciac mau lip cuc bd trong chudi protein, chazlng han
nhu cdc motif chiic ning hodc viing bao ton, von thudng c6 lién quan truc tiép dén hoat
tinh sinh hoc va vi tri bién d6i sau dich ma (PTM sites).

+ Tu ddng trich xuét dic trung: CNN1D loai bé nhu cau thiét ké thii cong dic trung
dau vao, thay vao dé hoc truc tiép cac biéu dién dic trung tir dif liéu tho thong qua qua
trinh huin luyén, gitdp ting tinh khich quan va kha ning khai quit héa ctia mo hinh.

- Kha ning xt 1y chudi dai: Viéc tich hop cac 16p max pooling gitip gidm chiéu dai
ctia chudi dau vao ma van gitt lai cac thong tin quan trong nhét, nhd d6 mo hinh c6 thé
hoc hiéu qué ngay c vdi nhiing trinh ty protein dai, dong thdi gidm chi phi tinh toan.

+ Téng quat héa tot trén dit liéu chua thdy: M6 hinh CNN1D c6 khé ning hoc cac
mau biéu dién giau thong tin tif tap huin luyén va 4p dung hiéu qua cho dit liéu kiém thi
hoic dit liéu chua tliing gip, tif d6 nang cao do tin ciy va hiéu suit tdng thé trong cac bai
toan du doan PTM.

3.1.2 Moé hinh LSTM, Bi-LSTM
LSTM [43] ra ddi nim 1997 1a mot loai mang no-ron hdi quy (RNN) dugc thiét ké

dé xt 1y dit liéu chudi dai va luu trif thong tin qua nhiéu budc tinh toan. Khac véi cac
mang RNN truyén thong, LSTM sit dung cac cong (gates) d€ kiém soat thong tin ducc
luu trit hodc quén, gitp gidm thi€u vin dé mit mat thong tin trong qua trinh hoc.

Kién tric cia mang LSTM bao gom céc cdng (gate) dé kiém soat viéc thong tin
dugc Ivu trit va truyén qua thdi gian (Hinh Hinh [3.3)). C4c c6ng nay bao gom:

- Céng quén (Forget gate): Quyét dinh thong tin nao trong cell state sé dudc quén
di hoan toan.

- C6ng dau vao (Input gate): Quyét dinh thong tin méi nao sé dudc thém vao cell
state.

- Céng dau ra (Output gate): Quyét dinh thong tin nao tir cell state sé dudc st dung
d€ tinh todn dau ra.

Diéu nay gitip LSTM c6 kha ning hoc va Iuu trit thong tin dai han mot cach hiéu

qua, phi hdp cho céc bai toan ¢6 tinh chudi dai va phiic tap.
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Hinh 3.2 So d6 ¢ ban RNN cell (bén trai) va mot LSTM cell (bén phai) [26]
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Hinh 3.3 Kién triic mang LSTM [1]

Bi-LSTM la mot phién ban mé rong ctia LSTM, trong d6 dit liéu chudi duge xi ly
tif c& hai chiéu: tif trudc ra sau va tif sau ra trude. Diéu nay gitip Bi-LSTM hoc dudc cac
thong tin tu ca hai phia cta di liéu.

Céu tric cia Bi-LSTM: Bi-LSTM két hop hai md hinh LSTM: mo6t md hinh doc
chudi tir dau dén cudi (forward LSTM) va mot mé hinh doc chudi tit cudi dén dau
(backward LSTM). Két qua tif ¢4 hai mo hinh dudc két hop dé€ cai thién kh4 ning nhan

dién cdc mau phiic tap trong chudi protein.

Ung dung trong du dodn vi tri PTM: Bi-LSTM c¢6 uu thé trong viéc hoc cac mbi
quan hé phtc tap va dai han trong chudi protein, dong thdi gitip mo hinh nhén dién cic
dau hiéu PTM c6 thé xuit hién & cdc vi tri xa trong chudi.
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Hinh 3.4 Bi-LSTM hoc chubi protein (1-gram) dé xuét

Duéi day 1a mé ta quy trinh hoc diic trung tir chudi protein ctia mang LSTM,
Bi-LSTM (Hinh 3.4):

Budc 1: Bi€u dién chudi protein dudi dang Word-Token. Moi axit amin trong chudi

protein dudc 4nh xa thanh mot Word-Token theo mdt tif dién ma héa (dictionary.
Budc 2: Nhiing chudi protein bing Word Embedding
Budc 3: LSTM xt ly chudi protein
- C4c véc to embedding dugc dua vao mang LSTM/Bi-LSTM dé€ hoc thong tin:

LSTM c6 kha ning nhé cac mbi quan hé xa trong chudi, vi du, mdi quan hé gitta

cdc axit amin cdch nhau nhiéu vi tri trong chudi protein.
Bué6c 4: Ghép nbi (Concatenate) va 1am phazlng (Flatten)

- Pau ra ctia forward va backward LSTM tai mdi budc thdi gian dugc két hop
(concatenate) lai.

- Sau d6, toan bd chudi dudc 1am phang (Flatten) dé chudn bi dua vao ting diu ra

hoic céc tang tiép theo (nhu Dense).

Loi ich cia LSTM trong hoc chudi protein:
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LSTM mang lai nhiéu Igi ich trong viéc hoc chudi protein nhd kha ning ghi nhé
thong tin theo thdi gian. PAu tién, md hinh nay c6 thé ndm bat quan hé tuan tu dai, gitp
ghi nhé thong tin trong toan bd chudi, dic biét hitu ich khi xt ly céc trinh tu protein
dai. Bén canh d6, LSTM hoc ngif canh hiéu qua biang cich sit dung bd nhé dé luu trit
thong tin tif cac budc truée do, cho phép md hinh hi€u y nghia ctia mot axit amin trong
bdi canh toan chudi. Ngoai ra, LSTM c6 tinh linh hoat cao, c6 thé d4p dung cho nhiéu
loai bai toan sinh hoc khic nhau, tif phan loai protein dén du dodn cé4c vi tri PTM nhu

succinyl héa hodc ubiquitin hda.

Bi-LSTM mé rong 16i thé cia LSTM bing cach xt 1y thong tin theo ca hai chiéu,
gitip mo6 hinh ndm bét ngit canh toan dién, khong chi tii c4c axit amin trudc d6 ma con tir
c4c axit amin phia sau. Piéu nay 1am cho Bi-LSTM c6 hiéu sut cao hon so v6i LSTM
don hudng, dic biét trong cac bai toan yéu cau hiéu sau vé mdi quan hé gitta cac axit
amin trong chudi protein. Hon nita, Bi-LSTM tucng thich tot véi dit liéu sinh hoc, do
trinh tu protein thudng mang tinh lién két chit ché theo ca hai chiéu. Nho vy, mo hinh
nay dic biét phit hop cho céc bai toan phiic tap, noi viéc khai thac mdi quan hé dai han
va da chiéu déng vai trd quan trong trong viéc nang cao do chinh xac du dodn.

3.2 Mé hinh du doin SUMOylation duwa trén Kién tric hoc siu lai
(CNN1D_LSTM) va k§ thuét x& Iy ngén ngit tu nhién dé xuét

3.2.1 Tén viéttat

Trong nghién ctiu nay, NCS dé xuit mot mo hinh hoc siu lai két hgp gitta mang tich
chap mot chiéu (CNN1D) va mang ghi nhé dai ngrfln han (LSTM), dua trén ky thuat ma
hoa tit Word2Vec d€ biéu dién chudi protein. D€ thuan tién cho viéc trich dan va trinh
bay trong c4c phan tiép theo, mo hinh dudc dit tén 1a CLW_SUMO viét tat ctia "a hybrid
deep learning model combining CNN1D and LSTM architectures with Word2Vec for
SUMOylation prediction".

3.2.2 Du liéu thuc nghiém

M0 hinh hoc séu lai két hop gitta mang CNN1D va LSTM, goi tat la CLW_SUMO,
dugc xay dung nhiam du dodn cic vi tri SUMOylation trong protein. Trong chuong 2,
mo hinh da dudc thit nghiém trén mot tap dit liéu SUMOylation con han ché, chua di
quy md d€ khai thiac day dd tiém ning ctia cdc mo hinh hoc siu von yéu cau lugng
dit liéu 16n d€ huin luyén hiéu qua. Nham khic phuc han ché nay, trong chucng nay,
NCS da mé rong tap dit liéu bang cich thu thap thém cac vi tri SUMOylation da dudc
x4c minh thuc nghiém tif nhiéu co s& dif liéu va ngudn tai liéu cong bd gan diy, bao
gSm: dbPTM3.0 (phién ban 2024), JASSA [9], SUMOhydro [[16], pSumo-CD [49],
HseSUMO [97], GPS-SUMO [127]], ResSUMO [129]. Téng cong, mdt tap dit liéu gdm
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3639 protein v6i 8838 vi tri SUMO da dugc thu thap. Sau khi thuc hién mot s6 bude ki
thuat d€ loai bd céc protein trung lip, tip dif liéu cudi cing khong trung lip chia 3000
protein duy nhét. D€ chuin bi cho thit nghiém doc 1ap, NCS chon ngiu nhién 1/3 protein
tl tap dit liéu khong tring lip d€ 1am tap dit liéu thi nghiém doc 1ap. Sau do, di liéu

con lai dudc coi la tap du liéu dao tao.

Bang 3.1 Dur lieu SUMOylation sites thu thap

Nguﬁn thu thap SUMOylated proteins | SUMO-sites
dbPTM 3.0 (01/2024) 1432 5191
SUMOsp (01/2024) 197 332
seeSUMO 247 377
GPS-SUMO 2.0 (01/2024) 510 912
JASSA 505 877
pSUMO-CD 510 755
SUMOhydro 238 394
Tong dix liéu thu thap 3639 8838
Dur liéu thu thap loai bo trung lap 3000 7982
Dit liéu huén luyén 2000 5890
Dit liéu kiém tra 1000 2092

Céc budc tao bd dit lidu thuc hién véi ctia sd truct nhu chuong 2, va ciing tiép tuc
ap dung loai bé tring 1dp véi cong cu CD_hit 40%. Cudi cing bo dit liéu dudc sit dung
trong hun luyén mo hinh trong Bang dudi day.

Bang 3.2 Dt liéu sit dung trong nghién ciru

SL méau duong tinh | SL mau am tinh

Tap dit liéu huan luyén 4985 9967
Tap dit liéu ki€m tra 1245 2870

61



3.2.3 Phwong phdap ma hod va trich chon ddc trung

Viéc lua chon phuong phap ma héa chudi protein 12 mot buée nén tang, anh hudng
truc tiép dén hiéu qua ctia md hinh hoc sau. Trong nghién ctiu nay, NCS dé xut st dung
ma trin nhing (embedding matrix) dudc tao ra tif moé hinh Word2Vec, mot quyét dinh
dua trén su cAn nhic k§ ludng gitta kha ning biéu dién ngit nghia va tai nguyén tinh todn.

Thi nhét, Word2Vec thé hién hiéu qua vuot trdi trong viéc nim bat ngit canh cuc
bd ctia chudi protein. Khong gidng nhu cac phuong phap ma héa ddc 1ap nhu One-hot,
Word2Vec hoc cach biéu dién ting axit amin hodc n-gram thanh mot vector day dic
(dense vector) dua trén cdc axit amin 1an can. DPiéu nay cho phép cac n-gram c6 y nghia
sinh hoc hoidc thudng xuat hién trong cling mot ngit canh dudc dnh xa gan nhau trong
khong gian vector. Kha nang nay dac biét quan trong trong bai toan du doan PTM, nai
cdc motif hodc cdc chudi axit amin ngin thudng déng vai tro then chdt trong viéc xac
dinh vi tri stra doi.

Thi hai, viéc lua chon Word2Vec 1a mot giai phap t6i wu v& mit can bang giita
hiéu suét va tai nguyén. Trong khi cdc mo hinh ngdn ngit 16n nhu BERT hay ESM c6
kha ning hoc céc bi€u dién ngii canh dai han va phic tap hon, chiing lai doi hoéi mot
lugng tai nguyén tinh toan khdng 16 va thdi gian huin luyén dai. Diéu nay c6 thé khong
phit hop véi gi6i han vé tai nguyén ctia mot nghién ciu cu thé. Ngudc lai, Word2Vec ¢
thé€ dudc huin luyén nhanh chéng trén mot kho dit liéu protein 16n va khong c6 nhin.
Ma tran nhing thu dugc c6 thé dudc st dung 1am trong sb khdi tao (initial weights) cho
16p embedding ctia cac mo hinh hoc sau sau nay. Phuong phap nay khong chi tiét kiém
thdi gian va tai nguyén ma con gitip moé hinh bat dau qua trinh huan luyén véi mot "kién
thiic" nén tang vé ngdn ngit protein.

Thit ba, Word2Vec cho phép tich hop linh hoat véi cdc kién tric mang hoc sau khac
nhau. Cu thé, ma trin nhing tinh dudc tao ra c6 thé d& dang lam dau vao cho cic md
hinh nhu Mang tich chap 1 chiéu (CNN1D) va Mang no-ron hoi quy (LSTM).

Pé tao ma trin embedding bang Word2Vec, cin thuc hién hai giai doan chinh:
huan luyén ma tran embedding v tich hop vao mé hinh hoc sau.

Giai doan 1. Huén luyén ma trin Word2Vec

Word2Vec sé hoc céc vector bi€u dién cho tiing "ti" (n-gram) trong kho dit liéu
protein. Cac vector nay dudc hoc sao cho nhiing ti cé ngti canh tuong tu nhau s€ cé
vector biéu dién gan nhau trong khdng gian vector.

Bu6c 1: Chuan bi dit liéu huin luyén. Tap hop mot luong 16n chudi protein khong
c6 nhan. Pay sé 1a "corpus” (tip vin ban) dé huan luyén Word2 Vec.

Budc 2: Tokenization. St dung ky thut n-gram (vi du 3-gram) d€ tach céc chudi
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protein thanh danh sach cac "tu". Vi du, chudi "MKTLV" sé tr§ thanh [ MKT’, ’KTL,
*TLV’]. B6 tif dién n-gram c6 thé dudc tom tat trong Bang

Bang 3.3 Kich thuéc tir dién n-gram va dién giai

n-gram | CG caa tir dién | Dién giai

1-gram 21 MObi axit amin 1a mot i

2-gram 441 MBbi cip 2 axit amin lién ké dudc coi la 1 tir
3-gram 9261 MBbi 3 axit amin lién ké dudc coi 1a 1 tit

Bué6c 3: Huln luyén md hinh Word2Vec. St dung thu vién nhu Gensim trong
Python dé€ huin luyén mo6 hinh Word2Vec trén dit liéu da dudc token héa. Véi cic tham

SO sau:

- size: Kich thuéc ctia vector embedding (vi du: 300). Kich thudc nay sé la chiéu
ctia vector biéu dién cho médi n-gram.

- window: Kich thudc cta "ctia s& ngit canh". Tham sb nay xdc dinh sb luong n-
gram lan cdn ma mo hinh sé xem xét khi hoc. Trong nghién ctiu nay NCS chon window
=35.

- min_count: Ngudng tan suit toi thiéu ciia mot n-gram dé dudc dua vao tir dién.

Bu6c 4: Tao ma trin embedding. Sau khi huin luyén, thu dudc mot ma tran cé
kich thudc 1 (sd lugng tif trong tit dién) x (kich thudc vector). Mdi hang clia ma trin
nay 12 vector embedding clia mot n-gram tuong ung. Ma trin nay sé dudc luu lai dé st
dung cho cac mo hinh sau.

Giai doan 2. Tich hgp ma tran Word2Vec vao mé hinh hoc sau

Khi xay dung mo6 hinh CNN1D hodc LSTM cho bai toan dy doan PTM, ma tran
embedding da dugc huin luyén sé dudc sit dung dé khdi tao 16p embedding.

Budc 1: Tai ma tran embedding.

Tai ma tran Word2Vec da huan luyén & budc trén.

Budc 2: Xay dung 16p Embedding.

Trong mo hinh hoc siu 16p Embedding sé& dugc khdi tao v6i tham sb weights 1a
ma trin Word2Vec di tai, dit tham sb trainable cta 16p nay thanh False. Diéu nay c6
nghia 12 c4c trong s6 ctia 16p embedding sé& dudc gitt ¢d dinh trong qu4 trinh huin luyén
mo hinh, khong bi cip nhét. Phuong phap nay thuong dudc goi la transfer learning (hoc

chuyén giao).
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Budc 3: Két nbi v6i cdc 16p mang.

Pau ra cta 16p Embedding sé dudc dua vao cac 16p tiép theo ctia mo hinh, chang
han nhu 16p CNN1D hodc LSTM (cac mo hinh ¢6 sé trong md hinh hoc sau lai).

Trong kién triic dé xuét cia NCS, CNN1D st dung céc bo loc d€ phét hién cic mau
cuc bo tir cac vector da dudc ma hoa, trong khi LSTM tan dung kha ning ctia né dé nam
bit cac mbi quan hé phu thudc dai han. Su két hdp nay tin dung dudc di€ém manh ctia ca
hai phuong phap: kha niang ma héa ngtt nghia hiéu qua cua Word2Vec va kha nang hoc
dac trung sau cia CNN/LSTM, tao nén mdt mo hinh manh mé va hiéu qua cho bai toan
du doan PTM.

Pé& minh hoa cho phuong phdp ma héa dit liéu da dé xuat, Hinh [3.5] trinh bay mot
cach tdng quan quy trinh tif viéc tiép nhan dit liéu dau vao 1a chudi protein dén khi tao
ra cac vector s6 biéu dién, sin sang cho cdc md hinh hoc sau nhu CNN1D va LSTM xt

-

ly

CNNI1D, LSTM

INPUT (Dit ligu huén luyén)
EEVKLSKESNVAR
MDKELSKEVNALE

!

Tokenzier (3-gram)
["EEV” ‘EVK™ *VKL" “KLS” “LSK” “SKE*
“KES’ “ESN” “SNV” “NVA’ ‘VAR’]
[* MDK® “DKE’ “KEI’ “L.SK” “SKE*
“EVN™ “VNA” *NAL’ “ALE’|

Convert Infeger vector

[12253222 ... 58 68 2 41]
[344823...5398 3 17|

‘Word2vec Embedding matrix

Vocab (3-gram - __|
9261 tir)

Hinh 3.5 Quy trinh ma héa dit liéu dé xuét, bao gém cac budce: (1) tokenization
chuéi protein b.:?mg n-gram, (2) chuyén doi token thanh chi s6 s0, va (3) st dung ma
tran nhing Word2Vec lam dau vao cho 16p embedding trong CNN1D va LSTM.

3.2.4 Kién triic mé hinh hoc sdu lai (CNN_LSTM) du dodn vi tri SUMOylation

M5 hinh hoc sau lai CLW_SUMO dudc thiét ké dua trén su két hop gitta mang tich
chap mot chidu (CNN1D) va mang bo nhd dai ngin han (LSTM). Y tudng chinh ciia su
lai ghép nay 12 khai thac dong thdi hai vu diém bd tro 1an nhau: (i) CNN1D c6 kha ning
phét hién cic motif cuc bd va miu ngin trong chudi axit amin — nhiing tin hiéu thudng
lién quan truc tiép dén vi tri SUMOylation; (i) LSTM lai ndi troi trong viéc nam bat
quan hé tuan tu va phu thudc dai han, giip mo hinh hiéu dudc ngit canh xa giita cac vi
tri trong chudi protein. Su két hop nay vi vay vira tin dung dudc stic manh biéu dién dic
trung cuc bo, vira duy tri kha niing hoc thong tin toan cuc, thay vi chi thién 1éch vé mot
phia. Pay cling 12 mdt huéng nghién ciu phit hop trong bdi canh dif liéu han ché, khi

viéc ap dung céc kién tric ning hon nhu Transformer/PLMs thudng doi hdi tai nguyén
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16n va c¢6 nguy co qua khdp.
Quy trinh xay dung mo6 hinh hoc sau lai CLW_SUMO:

Budc 1. Thu théap va tién xi Iy dit liéu: Dit liéu peptide ban diu dudc thu thap
tlf cac co sS dit liéu chuyén biét. D& ddm bdo tinh doc 1ap va khach quan cia cac mau,
dit liéu dugc loc du thira bang cong cu CD-HIT véi ngudng tuong dong 40%. Diéu nay
gitp loai bd cdc chudi peptide c6 do tuong tu cao, ti d6 ngdn ngiia tinh trang qua khép
va dam bao md hinh c6 thé khdi quat hoéa tdt hon trén dit liéu méi. Sau do, tap dif lidu
dudc chia thanh hai phan riéng biét: tip huan luyén va tap kiém thi. Cac chudi peptide
dau vao dugc xi ly thém bing phuong phap cilia s6 trugdt (windowing) dé tao ra cac mau
dit liéu c6 do dai cb dinh, san sang cho viéc ma héa.

Budc 2. Ma héa va trich chon dic trung: Céc chudi peptide sau khi dugc tién xi
ly sé& dudc chuyén ddi thanh dinh dang s6. Quy trinh nay st dung phuong phap ma héa
va trich chon dic trung dudc dé xuit trong muc 3.2.3, v6i chién ludc n-gram (trigram).
Céc n-gram nay dudc xem nhu cac "tu" trong ngdn ngt protein va dugc ma héa thanh
cdc vector sd bang k¥ thuat Word2Vec. Qua trinh nay tao ra mot ma trin embedding,

noi mdi vector dai dién cho mdt trigram va chifa thong tin nglt nghia cuc bo ctia no.

Budc 3. Kién tric lai CNN-LSTM: Céc vector embedding diu ra dudc dua vao
kién triic hoc sau lai, dudc chia thanh hai nhanh xi ly song song:

- Nhanh CNN1D: Nhanh nay géom cac 16p tich chap mdt chiéu (1D) va céc 16p
max pooling. CNN1D c¢6 nhiém vu quét qua cac vector embedding dé tu dong phat hién
cdc motif cuc bd va cac mau ngin quan trong trong chudi axit amin, 13 nhiing dic trung
thuong lién quan truc tiép dén vi tri SUMOylation.

- Nhanh LSTM: Nhénh nay st dung mang bd nhd dai ngan han (LSTM) d€ xi ly
dit liéu tuan ty. LSTM c6 kha ning nam bat cac mbi quan hé phu thudc dai han va ngit
canh toan cuc ciia chudi protein, diéu ma CNN1D khé thuc hién.

Budc 4. Hop nhét va phan loai: Pic trung dudc trich xuét tit hai nhdanh CNN1D
va LSTM dudc két hop lai bang cach ghép nbi (concatenate) dé tao ra mdt vector dic
trung tdng hop. Vector nay sau d6 dudc truyén qua mot hodc nhiéu 16p két ndi day da
(fully connected layers) va cudi cling 12 16p dau ra v6i ham kich hoat sigmoid d€ phan
loai peptide 1a vi tri SUMOylation hoac khong phai SUMOylation.

65



e T T T T s Build Embedding Matrix Word2Vec

B \
1 : Trigrams (3-gram)
1 | SWS WSP SPK PKI KIK IKR KRE REK EKS KS§8 S8V
1 ]
1 : Tokenizer:
! | SWSY, ‘WSP', “SPK”, <PKT', ‘KTK?, ‘TKR’, ‘KRF?, ‘REK?,
! Training dataset 1 ‘EKS, “KSS’, ‘SSV*
1 —>| I
! Lesting dataset R
1 esting datase 1 EMBEDING_MATRIX OF WORD2VEC (21x3(H)
1
1 Redundaney reduction 1 1001156038, — 0.00370798, 0.00726882, — 0.00323456, — 0.00622324, .01 516087,
| using CD-LIT il 4% 1 1.02321764, 000389882, — 001039953, - 0.02650939 ..]
v similarity throsold J
’
N o e - ’
rd TS TTETTTTEEE T T T TS = ~ 1 EDEDNGLOWER 000 T TTTTTTTT
N \ fembudding_ matria y -
' \ 1 Wordzvee) propout | CATENATE
. I
i | TPUT
: TNPUT: B o | 1 1 [ ouTPUT
- = Sk SEY 1 - - .
1 SWSPKIKREKSSY R EEg 1 ConviD AAKPOOLING CoWID  MAXFOILIG SUMOylation
1 KTTEFSKLMKIYC 454 R \ Finton layer
1 o g.% ik ! [l None-
1 5Ew SoF 1 MR @ TT T TTTeTTees C: @ sUMOylation
1 EEE z° i | | EMBEDING LAYER o
I EES | ' DENSE
\ i l
~ ’ !
_— e e e Em e, EEE——m——————— - 1
1
1
\

EMBEDING_MATRIX OF WORD2VEC (21x3(0)

[0.01156038. — 0.00370798, 0.00726882, - 0.00323456,
—0.00622324, 0.0 1S16087, 0.02321 764, 0. 00389882,
— 001039933, —0,02650939 ]

Hinh 3.6 M6 hinh hoc siu lai du doan SUMOylation (CLW_SUMO) dé xuét

Duéi day 1 thuit todn gia ma ctia mo hinh CLW_SUMO dé xuit (Algorithm
(phan 1), Algorithm [3.3)(phdn 2)). Bang[3.4]trinh bay chi tiét cdc 16p (layer) va sb tham
s6 ctia mo hinh CLW_SUMO.
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Algorithm 3.3 Thuit toan CLW_SUMO: Mi héa chudi protein biang mo hinh Word2 Vec
(3-gram) (Phan 1)

—_— =
—_ O

12:

13:
14:
15:
16:
17:
18:

NS AN LN R AR

Pau vao: Draw: Tap dit lidu ban dau; Pigan: Tap huln luyén; Z,q: Tap xdc thuc;
Drest: Tap kiém tra doc 1ap
Paura: 6°: tham sb ciia mo hinh; ?test: Nhan du doan cho ey
Budc 1: Tao tir dién 3-gram:
AA_list+~ {G, A, V, ..., X} > 20 axit amin + ky hiéu gia ’X’
AA_dict < 0, num + 1
for all i € AA_list do
for all j € AA_list do
for all k € AA_list do
trigram < || j||k
AA_dict|trigram] <— num
num < num+ 1
end for
end for
end for

. Budc 2: Tién xit Iy dit liéu:

word_index <— AA_vocab()
Zirain_ngram <— tokenize_3gram (XY )
Dirain < map_to_index ( Zirain_ngram, Word_index)
Budc 3: Huén luyén Word2Vec va tao ma trin nhing:
Embedding_dim <« 300
vocab_size < |word_index |
w2v_model <— Word2Vec(Zrain_ngram, Embedding_dim)
Embedding_matrix < zeros(vocab_size, Embedding_dim)
for all word, i € word_index do
if word € w2v_model.wv then
Embedding_matrix[i] - w2v_model.wv[word]
end if
end for
Wyoy < Embedding_matrix
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10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:

Algorithm 3.3 Thuat toan CLW_SUMO (tiép theo): Huan luyén mo hinh va du doan
1: Bude 4: Huan luyén mé hinh:
2: for e =1 to Nepoch do
3: for all mini-batch (X,y) C Ziyain do
4: Nhanh CNNI1D:
Xcnnip < Flatten (Angool (GRU(
MaxPool, (Conlez (
Dropout (MaxPOOh (
Conv1D; (Embedding(X, Wy2v))))))))
Nhanh LSTM:
Xpstm < Flatten(LSTM(Dropout(Embedding(X, Wy.2y))))
Két hop diic trung cia CNN1D va LSTM:
X Concatnate(XcnNiD, XLSTM)
Phan lop:
F < ReLU(Densegs (X)) € RB*64
y < o(Dense((F)) € [0,1]8 *Trong d6 o : sigmoid

AN

Tinh ham mét mat va cip nhat tham s6:
% < BCE(y,y) *Trong d6 BCE la ham mat mat Binary-CrossEntropy
0+ 0—n-Vo.&
end for
if Khong cai thién trén %, then
Dung som (Early Stopping)
end if
end for
Return 6°
Budc 5: Du doan trén tip kiém tra:
Drest +— @(Tokenize(ZL5))

raw

Kfost — G(f(gtest; 9*))

3.2.5 Chién lugc va tham sé hudn luyén mé hinh

Mb hinh CLW_SUMO dudc huan luyén trén Google Colab v6i GPU. NCS st dung
thuat toan Adam d€ t6i uu hoda, v6i learning rate ban dau 1a 0.001, batch size 1a 128 va
huén luyén trong 100 epochs. Him mét mat Binary Cross-Entropy dudc chon vi day 1a
bai todn phan loai nhi phan. D& ngiin chin hién tuong overfitting, NCS 4p dung ky thuat
early stopping, gitp ding qud trinh huAn luyén sém khi mé hinh khong con céi thién..
Bang [3.4]1a chi tiét cac tham sd ciia md hinh CLW_SUMO.
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Bang 3.4 Kién tric va tham s6 ctia mé hinh CLW_SUMO

Lop (Layer) Kich thuée dau ra | S6 tham s6 | M ta chifc ning
InputLayer (None, 11) 0 Nhan chudi axit amin dau vao
Nhanh CNN
) Biéu dién Word2Vec cho nhanh
Embedding (None, 11, 300) 2,778,600
CNN
Trich xut dic trung cuc bo bing tich
ConvlD 1 (None, 9, 64) 57,664 R
chap 1D
. Giam chiéu, gitt dic trung quan
MaxPooling1D_1 (None, 4, 64) 0
trong
Giam overfitting bang ciach ngau
Dropout (None, 4, 64) 0 .
nhién tat no-ron
Tich chap tang sau hon dé hoc dic
ConvlD_2 (None, 2, 64) 12,352 R
trung nang cao
MaxPooling1D_2 (None, 1, 64) 0 Giam chiéu trong nhanh CNN
Nhanh LSTM
) Biéu dién Word2Vec cho nhanh
Embedding (None, 11, 300) 2,778,600
LSTM
LSTM (None, 128) 219,648 Hoc phu thudc dai han trong chubi
Diéu chuidn trong qué trinh huin
Dropout (None, 11, 300) 0 R
luyén LSTM
Hop nhit va dau ra
Flatten (None, 64) 0 Lam phang dic trung tif nhanh CNN
Lam phang dic trung t nhdnh
Flatten_1 (None, 128) 0
LSTM
Concatenate (None, 192) 0 Ghép ndi dic trung tif ca hai nhanh
Ldp fully connected, hoc quan hé phi
Dense (None, 64) 12,352 .
tuyén
Lép dau ra véi sigmoid, du dodn nhi
Dense (None, 1) 65

phéan

Téng s6 tham s6: 5,859,281 (22.35 MB)
Tham s6 huén luyén: 302,081 (1.15 MB)
Tham s6 ¢6 dinh: 357,200 (21.20 MB)




Duva trén Bang mo hinh CLW_SUMO c¢6 tdng cong 5,859,281 tham sb, trong
d6 chi ¢6 302,081 tham s6 st dung trong qua trinh huin luyén, trong khi 5,557,200 tham
s6 con lai dudc giit ¢ dinh. Phan 16n tdng s6 tham sb c¢d dinh ( 95%) thudc vé hai 16p
Embedding. Diéu niy hoan toan phu hop véi phuong phdp ma héa da dé xuit, khi ma
tran Word2Vec da dudc huin luyén truée dudc st dung dé khdi tao 16p nay véi tham s
trainable=False. Chién lugc nay giip mo hinh tin dung dudgc kién thic ngit nghia ti mot
luong 16n dit liéu protein khdng nhan ma khong can phai huin luyén lai toan bd ma trin

nhing. Diéu nay gitp giam dang k€ chi phi tinh toan va thdi gian huin luyén.

Ngudc lai, s6 lugng tham s6 huin luyén dudc tap trung & cac 16p CNN1D, LSTM
va céc 16p Dense cudi cung. Tong s6 302,081 tham s nay 12 di d&€ mo hinh hoc céc dic
trung phtic tap ti dit liéu da dudc ma héa. Cu thé, cac 16p nay c6 nhiém vu hoc céch trich
xuat cac motif cuc bd (qua CNN1D) va ciac mdi quan hé tuan tu dai han (qua LSTM),
sau d6 két hop va phan loai cac dic trung nay thong qua cac 16p Dense. Su phan bd tham
s6 hop 1y nay cho phép mo hinh tinh chinh cdc trong s6 can thiét d€ gidi quyét bai toan
du doan PTM, dong thdi gitt cho mo hinh c6 kich thudc vira phai d€ tranh hién tugng
qué khép trén tap dit liéu han ché.

3.2.6 Két qud va thdo ludn

Két qua thuc nghiém cho thly mo hinh hoc siu lai CLW_SUMO dat hiéu suét
VUGt troi so v6i cac md hinh CNN1D va LSTM trong ca ki€ém thii chéo va ki€m thit doc
lap. Cu thé, trong kiém thi chéo (Hinh [3.7)), dd chinh xdc (ACC) cia CLW_SUMO
dat 0.823, cao hon 1%-2% so v6i cac mo hinh CNN1D (0.813) va LSTM (0.803). Pac
biét, hé sd tuong quan Matthews (MCC) — mot chi s6 quan trong phan 4nh su cin bing
gilta cac do nhay va do dic hiéu cia CLW_SUMO dat 0.589, cao hon ding k€ so vdi
CNN1D (0.564) va LSTM (0.537). Trong ki€m thit doc 1ap (Hinh , hiéu suit cta
CLW_SUMO tiép tuc khang dinh tinh 6n dinh va kha niing khdi quat héa khi dat ACC
(0.900), cao hon 1%-2% so v6i CNN1D (0.889) va LSTM (0.872). Pong thdi, MCC =
0.773, vudt troi hon CNN1D (0.747) va LSTM (0.706), ching minh kha nang du doan
dang tin cay cia md hinh trén du liéu chua tiing gap.

Su vugot troi cia mo hinh nay dén tir co ché hoc bd sung gita CNN1D va LSTM
trong kién tric lai. CNN1D dic biét manh trong viéc phat hién cac motif cuc bo — nhiing
mau axit amin ngin. Trong khi d6, LSTM lai c6 kha niing ghi nh6 va mo hinh héa céac
phu thudc dai han trong chudi, gitip nim bat cic mdi lién hé xa giita cic vi trf axit amin.
Su két hop nay cho phép mo hinh vita hoc dudc céc dic trung cuc bo, vira tin dung dudc
thong tin ngt canh toan cuc, ti d6 hinh thanh cac dac trung phan biét giau ngti nghia
hon cho bai toan phan loai.

Bén canh kién triic lai, k§ thuit ma héa dit liéu Word2 Vec gitip chuyén d6i cac axit
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amin tu dang ky tu rdi rac thanh cac véc td lién tuc trong khong gian dac trung c6 nghia
thong ké. Nho d6, cadc mdi quan hé tiém 4n gitta cdc axit amin trong khong gian trinh tu
dugc thé hién rd rang hon, gitip mo hinh hoc dugc nhiing biéu dién phiic tap ma cac ky
thuat ma hoa don gian khac (one-hot encoding, TF-IDF) khong thé nam bat dudc.

Pic biét, ma héa Word2Vec trong kién triic hoc sau lai dé xuit gitip mo hinh hoc
tu dong dic trung tif dif liéu tho, cho phép huin luyén end-to-end, loai bd su phu thudc
vao cdc phuong phép trich chon dic trung thi cdng von mang tinh cam tinh, thiéu tinh
khai quat va ton tai nguyén luu trit. Diéu nay khac phuc han ché ctia cic mo hinh du
doan SUMOylation khac [9}10}[15}[16}/53,97,104,[129], st dung nhiéu dic trung sinh
hoc thd cong, dong thdi niang cao hiéu qua va tinh thyc tién khi trién khai trén di liéu
moi.

Hiéu suit trong kiém thir chéo

0.9
0813 ggp3 0-823 0,303 0.797 0825 [ gqq 0-833
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Hinh 3.7 Hiéu sut ctia mé hinh trong kiém thit chéo
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Hiéu suat trong kiem thir doc lap
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Hinh 3.8 Hiéu suét ctia mé hinh trong kiém thit déc 1ap

3.2.7 So sanh vdi cong cu du dodn khdc

Trong nghién ctu nay, viéc so sanh dudc thuc hién v4i nam cong cu du doan
SUMOylation da dugc cong bd va st dung rong rii, bao gdm GPS-SUMO2.0 [36],
seeSUMO2.0 [97]], JASSA, RXS_SUMO va ResSUMO [129]. Pay déu la nhiing cong
cu tiéu biéu dai dién cho nhiéu huéng tiép can khic nhau: tif cic phuong phap hoc may
truyén thong (JASSA), cho dén cdc mo hinh hoc sau hién dai va tich hop dic trung (GPS-
SUMO2.0, ResSUMO).Viéc Iya chon cac cong cu nay dam bao tinh khach quan trong
danh gi4, dong thdi phan 4nh ding bic tranh nghién cifu va xu thé phat trién cda linh

vuc tai thoi diém trién khai luan 4n.
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BGPE-SUMOZ 0 mseeSUMO mIASSA Res3UMO mEXE SUMO  mCLW_STUMO

1

0.2
0.8
0.7
0.6
0.5
0.4
03
02z
0.1

]

ACC SEM 2FPE MCC
FPE-5TMO2.0 0.877 0.884 0.875 0715
seelUMO 0.835 039 0.853 0.615
JASSA 0.87 0.453 0.864 0423
Ees3TULIO 0727 0.80% 0,649 0.4586
EXE SUMO 0.886 0.835 0.91 0.743
CLW _3TUMO 0.900 0.880 0.90% 0773

Hinh 3.9 So sanh hiéu suit mé hinh CLW_SUMO véi céc céng cu du doan
SUMOylaiton khac

Két qua hién thi trong Hinh m6 hinh dé xuit dudc so sanh véi nim cong cu du
doan (GPS-SUMO2.0 [36], seeSUMO2.0 [97]], RXS_SUMO, JASSA, ResSUMO [129])
va két qua thuc nghiém cho thly mo hinh CLW_SUMO c6 hiéu suét cao hon. Diéu nay
chiing minh hiéu qua ctia md hinh hoc sau lai két hop k¥ thuat ma héa ngon ngit tu nhién
trong viéc trich xult va hoc cic dic trung tiém an cia SUMOylation.

3.3 Mo hinh du doan Succinylation dua trén kién tric hoc sau lai
(CNN1D_Bi-LSTM) va ky thuét xu ly ngéon ngtr tu nhién dé xuét

3.3.1 Ténviéttat

Trong nghién ctiu nay, NCS d& xuit mdt mo hinh hoc sau lai nham du doan bién déi
sau dich ma (PTM) loai Succinylation. Md hinh dudc thiét ké dua trén su két hop gitia
mang tich chip mot chiéu (CNN1D), mang bd nhé dai ngan han hai chiéu (Bi-LSTM),
cung véi ky thuat embedding dong dé€ biéu dién chudi axit amin. Mo hinh dugc dit
tén 12 CBILSuccSite viét tit tif "A hybrid deep learning model combining CNN1D and
BiLSTM, enhanced with dynamic embedding for succinylation site prediction". Tén goi

nay vua phan anh rd thanh phan cau tric chinh ciia m6 hinh, vita nhan manh muc tiéu
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ung dung la du doan vi tri Succinylation. Trong toan bd luan an, NCS s€ st dung ky

hiéu CBILSuccSite d€ chi md hinh du doan Succinylation dé xuét.

3.3.2 Du liéu thuc nghiém

D& 1am giau tri thifc cia con ngudi vé nhiéu loai PTM, trong nghién cifu nay, NCS
dé xuAt md hinh du doan vi tri Succinylation.

Succinyl héa lan dau tién dudc quan sat thiy & Escherichia coli vio nim 2004 va
sau d6 & sinh vat nhan chuan, nhu mot PTM phd bién & sinh vat nhan so va sinh vt nhan
chuéin. Succinylation 1a mot dang bién d6i sau dich ma quan trong, c6 lién quan dén
nhiéu bénh ly nhu bénh gan, tim mach, phdi va r6i loan than kinh [6}/123]. Qua4 trinh nay
bao gdm viéc gan mdt nhém succinyl (-CO-CH-CH-CO-) vao vi tri lysine clia protein,
v6i su hd trg cua succinyl coenzyme A (succinyl-CoA) nhu mot xtc tdc phan tng.

Lua chon bd dif liéu Succinylation trén mot tap dit liéu chuan pht hop 1a mot thach
thtic 16n, bdi vi hién tai ton tai qua nhiéu bd dit liéu khac nhau tir cic bai bao, d€ so sanh
hiéu suit cia cdc mo hinh khé khin. Do d6, trudc khi dé xuit mo hinh, NCS da tién
hanh khao sat cac cong cu hoc sau hién c6 du doan Succinylation, tir d6 xac dinh mot
bo dit liéu tiéu chuan phu hop. Béang tong hop cac tap dit liéu dudc st dung trong
cac nghién cifu gan diy vé du doan vi tri succinyl ho4, bao gom thong tin vé nim cong
bd, mic do tuong dong ciia dit liéu huin luyén, kich thudc tap dit liéu va trang thai hoat

dong cua cong cu nay.

Bang 3.5 Bo dit liéu trong cic nghién ciru gin diy vé du dodn Succinylation

Cong cu Tén bo du liéu SL protein | SL miu dwong tinh | SL mau 4m tinh

Dit liéu huén luyén 2192 4750 9500
SuccinSite2.0 [38]

Dt liéu kiém tra 124 254 2977

Dit liéu huén luyén 2192 4750 9500
GPSuc [39]

Dit liéu kiém tra 124 254 2977

Dit liéu huén luyén 7415 21770 165071
HybridSucc [[76]

Dit liéu kiém tra 1415 - -

Dit liéu huén luyén (undersampling) 2192 4755 4755
DeepSuccinylSite [[106]

Dt liéu kiém tra 124 254 254

Dit liéu huén luyén (undersampling) 2192 4755 4755
LMSuccSite [82]

Dt liéu kiém tra 124 254 2977

Dua trén cac phan tich tor Bang NCS quyét dinh st dung tap dif liéu tir hai
nghién ctiu gan day nhit, DeepSuccinylSite va LMSuccSite, nhim dim bdo tinh nhét

74



quén trong so sanh va ddnh gia md hinh. Cu thé, tap di liéu huin luyén bao gom 4755
mau positive va 4755 mau negative. Ciing tif Bang NCS nhén thiy cac cong cu du
dodn gan ddy mdi cong cu lai st dung cic bo test khac nhau. Do d6, NCS st dung hai
bd kiém thit doc 1ap (Dit liéu kiém thi 1 va Dit liéu kiém thit 2) d€ so sanh hiéu suét cia
mo hinh dé xuét véi cac cong cu trén va dé kiém tra mo hinh dé xuét véi hai bo dit liéu
ki€m tra khac nhau mot bo dit liéu can bang va mot bo dit liéu c6 rat nhiéu mau am tinh.
Chi tiét bd dit liéu st dung trong nghién ctiu dudc trinh bay trong Bang

Bang 3.6 Tap dit liéu huéin luyén va kiém tra sit dung trong nghién citu

Tap du lieu SL protein | SL mau duong tinh | SL mau 4m tinh
Tap dit liéu huén luyén 2192 4750 4750
Tap dit liéu kiém thi 1 124 254 254
Tap dit liéu kiém tht 2 124 254 2977

3.3.3 Phwong phdap ma héa va trich chon ddac trung (Embedding dong)

Trong nghién cttu nay, NCS dé xuit mot phuong phap ma héa dit liéu khac biét
so véi viée st dung ma tran nhing Word2Vec da dugc huan luyén trudc trong md hinh
CLW_SUMO. Phuong phap nay, dudc goi 12 Embedding dong, tich hop truc tiép 16p
nhing (embedding layer) vao kién tric mo hinh hoc sau (xem Hinh . Thay vi st
dung mdt ma trin embedding cb dinh, 16p nay sé khdi tao cac vector bi€u dién cho tiing
axit amin mot cich ngiu nhién va sau d6 cip nhat ching lién tuc trong sudt qua trinh
huan luyén. Co ché nay cho phép mo hinh tu dong hoc dudc biéu dién t6i wu nhat cia
céc axit amin dua trén ngit canh va dic trung clia bai toan cu thé.

Qua trinh ma héa dit liéu dudc thuc hién qua ba budc chinh:

1. Tokenizer chudi protein: Tuong tu nhu cic phuong phap xt ly ngdn ngit tu nhién,
céac chudi protein (doan peptide) sé dudc phan tach thanh cac doan nhd hon, goi
1a céc token. NCS stt dung phuong phdp n-gram dé tich chudi protein thanh mot
chudi céc token (x1,xz,...,x.), trong d6 moi token ¢ thé 1a mot axit amin hodc

mot chudi con clia cac axit amin.

2. Chuyén ddi thanh chi s6 s6: Mbi token dudc 4nh xa t6i mot chi s6 sb nguyén duy
nhat dua trén mot bo tir dién dudc xay dung trudc. Bude nay chuyén d6i chudi cic
token (x1,x2,...,x) thanh mot vector sé nguyén tuong ung (by,,bx,, ..., by, ).

3. Ma héa Embedding dong: Vector s6 nguyén thu dugc & buée 2 dugce dua vao mot
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16p Embedding trong mang hoc siu. LGp nay sé dnh xa mdi chi sb sé nguyén by,
thanh mot vector nhiing thuc E; € R? (véi d 1a chiéu khong gian cb dinh ctia vector
nhing, trong nghién citu nay NCS chon d = 300). Diéu khac biét cdt 15i 1a cic
vector nhing nay khong c6 dinh. Trong qu4 trinh hu4n luyén, thong qua thuat toan
lan truyén ngudc, cdc gid tri ctia ching dugc cip nhit va tinh chinh lién tuc. Piéu
nay cho phép mo hinh hoc dugc bi€u dién tdi uu nhat cho tiing token trong ngit canh
ctia chudi protein, phan anh chinh xac cdc dic trung can thiét cho bai toan du dodn

Succinylation.

Deep learning .

Vocab n-gram Embedding Layer HIDDEN LAYERS
(Enable =True)

Index vocab 21 AA
[7731637614412]

gra Index vocab 441 pair Bigram
[EE EV' VK K [21521511399 ... 1510 6 250 400]
Index vocab 9261 pair Trigram
Trigram (3-gram) Emnd [12253222... 5868 241]
['EEV™"EVK’ *VKI S™*LSK’ *SKE’ *KES”
“ESN” S} NVA' “VAR'|

n-gram (n>3) Index vocab 21" pair of n-gram
_" ‘ | [12253222...5868241]

‘

Bigri

—

Embedding

Hinh 3.10 Quy trinh ma hoa dit liéu protein bang k§ thuat embedding dong

3.3.4 Kién triic mé hinh hoc siu lai (CNN1D_Bi-LSTM) du dodn vi tri Succinylation

So v6i md hinh CLW_SUMO (muc 3.2), vbn st dung embedding tinh két hop
CNNI1D va LSTM don huéng, md hinh CBILSuccSite c6 hai cdi tién quan trong: (i)
st dung embedding déng thay cho embedding tinh, cho phép biéu dién chubi axit amin
linh hoat va giau ngit canh hon; (ii) thay thé LSTM bang Bi-LSTM dé khai thac thong
tin phu thuodc theo ca hai chiéu ctia chudi, tir d6 niang cao kha ning nhan dién chinh xac
vi tri Succinylation. DAy 1a su khéc biét cot 16i, thé hién budc phat trién tif kién tric &
muc 3.2 sang mo hinh é muc 3.3.

Quy trinh xay dung mo6 hinh dé xuit (Hinh g6om ba buée chinh:

(1) Tién xit Iy va md hoa chudi protein: Chudi protein dau vao dudc xit ly bing
phuong phap 1-gram dé bdo toan thi tu axit amin. Céac ky hiéu axit amin sau d6é dudc
4nh xa sang s6 nguyén dua trén tit dién n-gram. Chudi sd nguyén nay tiép tuc dudc dua
vao 16p embedding dong dé& chuyén thanh véc to 300 chiéu, phuc vu cho viéc hoc dic
trung ty dong.
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Khéc v6i embedding tinh, 16p embedding dong trong CBILSuccSite 1a mot thanh
phan truc tiép ctia mang hoc sau (CNN1D va Bi-LSTM). Cac véc to nhiing nay khong
c¢b dinh ma dudc cap nhat va tdi uu lién tuc trong qua trinh huin luyén thdng qua thuét
toan lan truyén ngugc ctia mang hoc sau CNN1D va Bi-LSTM. Nhd d6, mo hinh c6 kha
ning hoc dudc biéu dién tbi uu cho ting axit amin trong chinh ngit canh sinh hoc cia
chudi protein, thay vi phai dua hoan toan vao véc to dugc xay dung san tif trudc.

(2) Cdu triic hoc sdu lai: Hai nhanh xt ly song song dudgc thiét ké: (i) CNN1D
nham hoc dic trung cuc bo (local features) tuong Ung v6i cac motif sinh hoc; (ii) Bi-
LSTM dé€ hoc thong tin phu thudc dai han theo ca hai chiéu ctia chudi. Cac nhanh nay
két thic bing 16p Flatten d€ dua vé véc td mdt chiéu.

(3) Két hop ddic trung va phdn loai: Cac dic trung tit CNN1D va Bi-LSTM dudc
ghép nbi qua 16p Concatenate, sau d6 dua vao 16p Dense (128 niit) d€ hoc thém cédc quan
hé phi tuyén. Lép dau ra véi ham sigmoid thuc hién phan loai nhi phan, xac dinh vi tri
c6 hodc khong bi succinyl hoda.

Dataset Succinylation

Vocab: Axit amin
Traln TeSt lGQ,'AY,YVQ,'L',YIV,'M"YPl’YFY’YWl’V
Sequence l S,'T','N','Q",'Y','C",’K",'R",'H",’
[ CGSCRVQLLEGEVTPLKK ] D','E','X'
e SAMGDDGTILCCSCV
Data Encoding i
1-gram

“vcv, 'G','s','C', 'R, 'V','Q", 'L, ‘L,....",'T", 'I', 'L', 'C", 'C', 'S", 'C', 'V'| |

Integer_encode_1-gram

|[15, 1,10,15,17,3,13, 4, 4, 20,1, ...,1,19,19,1, 11, 5, 4, 15, 15, 10, 15, 3] I

INPUT
B2 _II- — I- —II- — Concatenate
BB |
Embedding Convolution Convolution GRU OUTPUT
Maxpooling Maxpooling  Averagepooling ~ Flatten
Succinylation
—
Non-
Succinylation
Embedding Flatten

Hinh 3.11 Kién tric mé hinh du doan vi tri PTM dé xuét (CBILSuccSite)

Gid ma cho md hinh dé& xuit dudc trinh bay trong Algorithm (phan 1) va
Algorithm [3.4| (phan 2) dudi day.
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Algorithm 3.4 Thuit toan hoc sau lai du dodn Succinylation (CBILSuccSite) (Phan 1)

_
e

A S AN LT B

Al Vane train gy train A A An oA
bau vao: 22" % > Tap huan luyén goc

ol > Tap xac thuc
et > Tap ki€m tra doc 1ap
Piu ra: 7 g* > Du dodn nhin tip kiém tra va tham sb md hinh t6i uu
Cac budc thuc hién:
Budc 1. Tao tir dién 1-gram:
o ={ay,az,...,a1} véiay =X’
Xay dung anh xa: ¢ : &/ - N, ¢(a;) =i
Budc 2. Tién xit Iy dit liéu:
for all x; € 2" do
X; + Tokenize(x;)
%+ o(%) € NE
end for
g train {fz’ i'\]:l

Algorithm 3.4 Thuat toan hoc sau lai du dodn Succinylaton (CBILSuccSite) (Phan 2)

1:
2:
3:
4.
5:
6:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
71-

Khéi tao: Trong s 6, téc dd hoc 17, s6 epoch Nepoch
Budc 3. Huan luyén mé hinh:
for e = 1 to Nepoch do
for all mini-batch (X,y) C (20 guain) do
Nhanh CNN1D:
Xcnnip ¢ Flatten (Angool(GRU(

MaxPool, (ConV 1D, (
Dropout (MaXP0011 (

Conv1D; (Embedding(X))))))) )
Nhanh Bi-LSTM:
Xgi.Lstm < Flatten (Bi-LSTM (Dropout(Embedding(X) )) )
Két hop diic trung:
X’ «— Concatenate(XcnN1D, XBi-LSTM)
Phan lop:
Z + ReLU(Densegs (X))
y < o(Dense;(Z))
Tinh ham mat mat va cip nhat tham sb:
< + BCE(y,y)
0+ 0—-n-Vo.&
end for
if Khong cai thién trén tip %, then
Dung sém (Early Stopping) 78
Break
ond if



3.3.5 Chién ludc va tham sé hudn luyén mé hinh

Mb hinh CBILSuccSite dudc huin luyén trong mdi trudng Google Colab véi su
hé trg ctia GPU nhim ting téc do tinh todn. Trong qud trinh huin luyén, ham mat mat

dudc st dung 1a Binary Cross Entropy, phu hgp véi bai toan phan loai nhi phan. Thuét

toan t6i vu ducc Iua chon 14 Adam Optimizer véi toc dd hoc (learning rate) 1a 0.001,

gitip cin bang gitta kha ning hdi tu nhanh va tranh roi vao cuc tiéu cuc bo. Dit liéu huén

luyén dudc chia thanh céc 16 nho (batch size) gdm 32 mau, dam bao tinh 6n dinh trong

qua trinh cip nhat trong s6. Toan bdo md hinh dudc huin luyén trong 100 epochs, da dé

md hinh hoc dudc dic trung phiic tap tir dif liéu ma van han ché hién tuong qua khdp.

Bang 3.7 Cau triic md hinh CBILSuccSite va s6 lugng tham s6 huén luyén

Ldép (Layer) Kich thude dau ra | S6 tham sé | M6 ta

InputLayer (None, 33) 0 Dau vao chubi axit amin

Nhanh CNN-GRU (Branch 1)

Embedding_ CNN1D (None, 33, 300) 6,600 Nhiing (Embedding) diu vao cho CNN1D
ConvlD (None, 31, 64) 57,664 L6p Tich chap 1D thi nhit (Kernel size: 3)
MaxPooling1D (None, 15, 64) 0 Giam chiéu va trich xuét dic trung ndi bat nhét
Dropout (None, 15, 64) 0 Ngan ngua qua khép (overfitting)

ConvlD (None, 13, 64) 12,352 L6p Tich chap 1D tha hai (Kernel size: 3)
MaxPooling1D (None, 6, 64) 0 Giam chiéu, chuén bi cho 16p GRU
Bidirectional GRU (None, 6, 32) 7,872 Hoc phu thudc hai chiéu giita cic motif dugc trich xut (16 don vi 4n)
GlobalAveragePooling1D (None, 32) 0 Gop trung binh toan cuc, tém tit dic trung chudi
Flatten (None, 32) 0 Trai phing d4u ra ctia nhanh 1

Nhanh Bi-LSTM (Branch 2)

Embedding_Bi-LSTM (None, 33, 300) 6,600 Nhuing (Embedding) dau vao cho Bi-LSTM
Dropout (None, 33, 300) 0 Ngin nguia qua khép (theo Code Summary)
Bi-LSTM (None, 33, 64) 85,248 Hoc phu thudc hai chiéu (trdi-phai) trong chudi (32 don vi 4n)
Flatten (tu Bi-LSTM) (None, 2112) 0 Trai phéng d4u ra ctia nhanh 2 (33 x64)

Tong hep dic trung va Phan loai

Concatenate (None, 2144) 0 Nbi céc vector dic trung ctia hai nhanh

Dense (None, 128) 274,560 | L6p 4n fully connected (téng hdp phan loai)
Dropout (None, 128) 0 Ngén ngua qua khép

Dense (Output) (None, 1) 129 L6p dau ra (Sigmoid) phan loai nhi phan

Tong s6 tham s6: 451,025 (1.72 MB)
Tham s6 huén luyén dwgc: 451,025 (1.72 MB)
Tham s6 khong huén luyén: 0

Dua trén thong tin tit Bang[3.7|c6 thé thdy mo hinh CBILSuccSite 1a mot kién tric
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hoc sau lai véi 451,025 tham s6 huén luyén, dudc thiét ké dé can biang giita kha ning hoc
phtic tap va tinh hiéu qua tinh toan. Su phan bd tham s6 ctia m6 hinh thé hién chién lugc
1o rang 12 tip trung ngudn luc vao cdc 16p xt ly va phan loai cudi cling, thay vi cac 16p
nhing (Embedding) vbn chi chiém khoang 2.9% tdng tham sb. Cu thé, kién tric dudc
xay dung voi hai nhanh ddc trung song song:

Thi nhét 12 nhanh CNN-GRU, st dung CNN1D d€ trich xuit ciac motif cuc bo,
sau d6 4p dung Bidirectional(7,872 tham s6) dé hoc mdi quan hé tuan tu giiia cdc motif
nay. GlobalAveragePooling1D dudc st dung dé€ tom tit cac dic trung da hoc thanh mot
vector c6 dong (None, 32) trudc khi 1am phang. Thy hai 1a nhanh Bi-LSTM, déng vai
tro 14 khdi hoc dic trung tuan tu chinh, chiém 85,248 tham s6. Nhanh nay nam bat ngit
canh hai chiéu trén toan bo chudi dau vao (33 axit amin), tao ra vector dic trung (None,
2112) sau khi lam phang.

Sau khi cic vector dic trung dugc ghép ndi (Concatenate) thanh 2144 chiéu, phan
16n tham s6 ctia mo hinh dudc dd vao 16p Dense (Fully Connected) 4n. V&i 274,560
tham s6, chiém 60.8% tong sb, 16p nay chiu trach nhiém "téng hop tri thdc tf ¢4 hai
nhanh" va hoc 4nh xa phi tuyén tinh d€ dua ra quyét dinh phan 16p. S6 luong tham sd
vita phéi nay, két hop vé6i cac 16p Dropout chién Iudc, gitip mo hinh duy tri kha ning hoc
manh mé nhung ddng thdi giam thi€u dang ké nguy co qua khép trén tap dit liéu du doan
PTM thudng han ché.

3.3.6 Két qud va thdo luin

Két qua ddnh gid chéo clia cdc md hinh dudc trinh bay chi tiét trong Hinh
Hinh va Hinh Két qua thuc nghiém cho thiy hiéu suét ctia cic md hinh
giam dan khi st dung n-gram 16n hon. Cu thé, v6i phuong phdp ma hoa 1-gram, céc
mé hinh dat gia tri cao hon & hau hét cc chi s6 so v6i 2-gram va 3-gram. Chang han,
Bi-LSTM dat SEN (0.77), ACC (0.738), va AUC (0.812) v6i 1-gram, nhung gidm xudng
SEN (0.68), ACC (0.656), va AUC (0.711) véi 2-gram, va tiép tuc giam & 3-gram. Diéu
nay cling quan sat dudc trén CNN1D va CBiLSuccSite.

M6 hinh hoc sau lai CBiLSuccSite c6 hiéu suat cao hon so v6i CNN1D va Bi-
LSTM, dac biét khi st dung 1-gram, véi ACC (0.75), MCC (0.502), va AUC (0.826),
cao nhét trong tat ca cac mo hinh dudc thit nghiém. Do d6 1-gram dudc chon 1a phuong
phap tach tu cho du doan vi tri PTM dua trén embedding dong.
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1.000
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0.4

03
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0.1

Hiéu suat ACC trong kiém thi chéo

0.751
0.657 0622
0.738
0658 0615
0.698 0.633 0.627
1-gram 2-oram 3-gram
—CNN1D Bi-LSTM CEil.SuccSite

Hinh 3.12 Hiéu suit ACC kiém thit chéo 10 mit

Hiéu suat MCC trong kiém thir chéo

l-gram, 0.502
l-gram, 0.476 2 gram, 0,315
“ |-gram, 0.395 )
\ 2-gram, 0.312 F-gram, 0.254
2-grarn, 0,266 3-gram, 0.244
3-gram, 0.229
l-gram 2-gram 3-gram
—CNN1D Bi-LSTM CEBiLSuccSite

Hinh 3.13 Hiéu suat MCC kiém thi chéo 10 mit
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Hiéu suat AUC trong kiém thir chéo

0.826
1.5
0.707 0.65
2
0.812
{5 - 0.711 0.653
_ﬂ _.
1 0.735 0.652 0.665
& ®
0.5 B
0
l-gram 2-gram 3-gram
=8=(NNID =#=BiLSTM CBiLSuccSite

Hinh 3.14 Hiéu suit AUC kiém thit chéo 10 mit

Dé ki€m tra hiéu suit clia cdc mo hinh véi dit liéu thuc t&, phuong phap kiém thi
doc 1ap dudc st dung, két qua hién thi trong Hinh va Hinh Két qua cho
thdy mo hinh CBiLSuccSite dat hiéu suit cao nhét trong c4 hai tap kiém tra doc 1ap (Tap
ki€m tra 1 va Tap kiém tra 2).

Kiém thir doc 1ap véi bé dir liéu kiem thir 1

0o

0.803
02 0.764 0.756
0679 0.734 0.71 0.7120.724

07 : 065
he 0.53
0s 0.47
04 036
03
02
01

i}

ACC SEN SFE i

ECNNID ®mBi-LSTM OCBiLSuccSite

Hinh 3.15 Hiéu suét kiém thir doc 1ap voi bé dir liéu kiém thir 1
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Kiem thir doc 1ap véi bd dir lieu kiem thi 2

1 0.941
ns
s 0787
07 0.663 0.656
06
ns
s 0.37

ns

0.3 032
0.z

]

ACC SEN SPE MCC

B CNNID w®mBi-LSTM OCBiLSuccSite

Hinh 3.16 Hiéu suét kiém thir doc lap voi bo dit liéu kiém thi 2

Két qua kiém thi doc 1ap (Hinh va Hinh [3.16)) da minh chiing r6 rang hiéu
qua cta viéc két hop kién triic hoc sau lai CNN1D-BiLSTM (CBiLSuccSite) v6i phuong
phap embedding dong trong bai toan du doan vi tri succinyl hoa.

Thit nht, vé mit co ché kién triic, hiéu qua cai thién r6 rét xuat phat tif su bd trg 1an
nhau gitta CNN1D va Bi-LSTM. CNN1D ddm nhiém vai trd trich xuat cic dic trung cuc
bo, phat hién nhitng motif ngin hoic céc tin hiéu mang tinh khu vuc trong chudi protein,
von rit quan trong dbi vé6i céc vi tri stia ddi sau dich ma. Trong khi d6, Bi-LSTM c6
kh4 ning mo hinh héa mbi quan hé phu thudc dai han, hoc dudc ngit canh hai chiéu tir
chudi axit amin, gidp phat hién nhitng mbi lién hé xa hon giita c4c axit amin ma CNN1D
khong thé nam bit.

Két qua thuc nghiém trén tap ki€m tra 1 thé hién 16 1oi thé nay: mic du Bi-LSTM
da cho thiy kha ning vudt troi hon CNN1D vé do chinh xdc ACC téng thé va MCC nho
kha niing hoc ngit canh, nhung CBiLSuccSite tiép tuc ning cao hiéu sut nho viéc két
hop song song ca cuc bd (CNN1D) va ngit canh (Bi-LSTM), gitip cai thién dong thoi
ACC, SEN, SPE va dac biét MCC (0.53) cao hon 0.17 so v6i CNN1D (MCC: 0.36).
Piéu nay khang dinh CBiLSuccSite khong chi don thuan 1a phép cong co hoc giita hai

mo hinh, ma 12 sy tich hgp mang tinh b trg vé mit biéu dién dic trung.

Thit hai, embedding dong déng vai trd nén tang trong viéc nang cao hiéu qua biéu
dién ctia chudi protein. Thay vi sit dung céc phuong phap ma hoa tinh hodc tha cong,

embedding dong gitp bién cic axit amin thanh cic véc to biéu dién giau ngit nghia,
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dugc hoc truc tiép tir chinh dif liéu huin luyén, phan 4nh linh hoat su tuong dong va mbi
quan hé giifa cac axit amin dua trén ngit canh. Khi két hop v6i CNN1D va Bi-LSTM,
embedding dong cho phép mo hinh hoc sau khong chi don thuan nhén dién motif ma
con hiéu dugc y nghia "ngi nghia" clia cdc trinh ty lién két xa nhau trong chudi.

Diéu nay giai thich vi sao, mic du trén tip kiém tra 2 (véi do mat cin bang di lidu
cao hon nhiéu), ACC ctia CBiLSuccSite tuong duong v6i Bi-LSTM, nhung CBiLSucc-
Site lai dat do nhay SEN cao nhit (0.941) — thé hién kha ning manh mé trong viéc nhin
dién ding céc vi tri succinyl hda tiém ning, diéu dic biét quan trong trong cac bai toan

PTM vén nhin manh phat hién mAu duong tinh.

3.3.7 So sdnh mé hinh dé xudt vdi cdc cong cu khdc

Trong nghién ctiu nay, NCS lua chon so sanh m6 hinh CBiLLSuccSite v6i cac cong
cu du dodn succinyl héa da dugc cong bd rong rii va cé tinh dai dién tai thoi diém tién
hanh nghién cttu (cudi nim 2023). Mic du trong nim 2024 bat diu xuét hién thém
mdt s6 md hinh SOTA mdi, nhung khi trién khai nghién ctiu, cic cong cu nhu GPSuc,
DeepSuccinylSite, LMSuccSite, pSuc-EDBAM va MDCAN-Lys van dugc xem la nhiing
phuong phap néi bat, dudc cong dong st dung phd bién, c6 md hinh cong khai hoic phan
mém trién khai. Dic biét, cic cong cu nay déu cung cip server hoic ma ngudn (GitHub)
va stt dung cung bd dif liéu huin luyén/kiém thi, do d6 viéc lua chon chiing ddm bao
tinh cong bang, kha ning tai 1ap va cho phép ddi chiéu truc tiép véi cac két qua ctia luan
an.

Cu thé, GPSuc 12 mdt trong nhitng cdng cu sém va thudng dudc ding trong thuc
nghiém; DeepSuccinylSite khai thac kién triic CNN trong hoc sau; LMSuccSite két hop
gitta hoc may va dac trung thu cong; pSuc-EDBAM va MDCAN-Lys dai dién cho cac
cai tién hoc sau gan ddy. Nhu viy, cdc cong cu nay khong chi phan 4nh su da dang vé
phuong phap (hoc mdy truyén thong, hoc sau don thuan, kién tric lai) ma con bao quat

dugc nhiéu thé hé phat trién ctia bai toan.

Bén canh d6, NCS ciing tién hanh d4nh gid mo6 hinh CBiLSuccSite trén hai bo di
liéu ki€m thtt doc 1ap (B6 dit liéu kiém thir 1 va Bo dif liéu kiém thit 2) nhim ddm bao
tinh khach quan. Két qui (Bang cho thdy CBiLSuccSite dat hiéu suit vuot troi hon
so vdi tat ca cac cong cu so sanh trén ¢4 hai bo dit liéu. Pic biét, trén Bo dit liéu kiém thi
2, md hinh dat do nhay (SEN) cao nhit (0.941), ching minh kha ning phat hién chinh

x4c nhiéu vi tri succinyl héa thuc su.

Nhiing két qua nay khang dinh ring chién ludc két hop embedding dong va kién
triic hoc sau lai CNN1D-BiLSTM di mang lai 10i thé rd rét, cai thién dang ké do chinh
xdc trong du doan PTM so véi cic phuong phép truyén thdng hoic hoc sau don 18.
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Bang 3.8 So sanh mé hinh dé xuét vdi cac cong cu du doan succinyl héa khac

B dif liéu Tools ACC SEN SPE MCC

GPSuc [39] 0.670 0.660 0.680 0.350

DeepSuccinylSite [106]  0.700 0.790 0.690 0.480

] LMSuccSite [82] 0.740 0.760 0.730 0.510
Dit lidu kiém tht 1
pSuc-EDBAM [48] 0.699 0.748 0.650 0.400
MDCAN-Lys [115] 0.707 0.768 0.646 0.420

CBiLSuccSite (Dé xuat) 0.763 0.803 0.724 0.530

GPSuc [39] 0.850 0.880 0.490 0.300

DeepSuccinylSite [106]  0.700 0.790 0.690 0.270

] LMSuccSite [82] 0.790 0.790 0.790 0.360
Dit lidu kiém thit 2
pSuc-EDBAM [48] 0.738 0.760 0.736 0.290
MDCAN-Lys [115] 0.732 0.705 0.734 0.260

CBiLSuccSite (Dé xuat) 0.733 0.941 0.715 0.370

3.4 Kétluan chuong 3

Trong chuong nay, NCS di tap trung giai quyét bai toan du doan PTM bing cach
dé xuat va phat trién hai mo hinh hoc sau lai tién tién: CLW_SUMO va CBiLSuccSite.
Mo hinh CLW_SUMO dugc thiét k& cho du dodn vi tri SUMOylation, st dung kién
tric két hgp CNN1D va LSTM vé6i embedding tinh dua trén ma tran Word2Vec nham
khai théc cdc ddc trung ngit nghia tit chudi protein. Trong khi d6, CBiLSuccSite huéng
t6i du doén vi tri Succinylation, ap dung kién tric CNN1D két hgp Bi-LSTM cling véi

embedding dong, gitip niang cao kha ning hoc biéu dién va tdi vu héa hiéu suit.

Két qua thuc nghiém trén nhiéu tip dit liéu doc 1ap da khang dinh ring ca hai mo
hinh déu vugt troi hon cdc mo hinh co s& va nhiéu phuong phap state-of-the-art hién cé.
Hiéu qua nay bat nguodn tir su phdi két hop hiéu qué ctia kién tric hoc siu lai: CNN1D
gitip trich xuit dic trung cuc bd, LSTM/Bi-LSTM nam bit dudc ngit canh dai han, va
Word2Vec embedding hoidc embedding dong cung cp biéu dién ngit nghia phong phu
hon so véi cdc dic trung thii cong truyén thong. Nhiing két qua nay 14 minh chiing cho
tinh vu viét va tiém ning cla viéc tich hop k¥ thuit embedding tit NLP véi md hinh hoc
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sau lai trong du doan céc vi tri PTM.

Cdc két qud nghién citu chinh trong chuong nay dd dugc NCS cong b trén hai tap

chi khoa hoc va hai ky yéu hoi thdo qudc té uy tin

[CT4] Tran T.X., Le N.Q.K., and Nguyen V.N. (2024), CLW-SUMO: A hybrid
deep learning model for predicting protein SUMOylation sites. Journal of Computer
Science and Cybernetics. DOI: https://doi.org/10.15625/1813-9663/ 19626. (Tap chi
Tin hoc diéu khién 1.254d)

[CT5] Tran T.X, Le N.Q.K, and Nguyen V.N. (2025), Integrating CNN and
Bi-LSTM for protein succinylation sites prediction based on Natural Language
Process- ing technique. Computers in Biology and Medicine. 186: p. 109664.
DOI: https://doi.org/10.1016/j.compbiomed.2025.109664. (SCIE Ql1, IF: 7.0)

[CT6] Tran T.X., Nguyen T.T., Le N.Q.K., et al. (2024). A novel deep learning ap-
proach for the prediction of Arabidopsis thaliana ubiquitination sites. Proceedings of the

13th International Conference on Information Technology and Its Applica- tions (CITA
2024), pp. 48-57. DOI: https://elib.vku.udn.vn/handle/ 123456789/4010. (Scopus Q4)

[CT7] Tran T.X, Nguyen T.T, Le N.Q.K, and Nguyen V.N. (2025), A hybrid deep
learning and Natural Language Processing Model for Plant Ubiquitination Site Predic-
tion, The 3rd International Conference on Advances in Information and 114 Communi-
cation Technology. ICTA 2024. DOI: https://doi.org/10.1007/ 978-3-031-80943-9_49.
(Indexed: Scopus Q4)
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CHUONG 4. MO HINH HOC CHAT LOC TRI THUC KET HOP
XU LY NGON NGU TU NHIEN DU POAN VI TRi SUA POI
SAU DICH MA TRONG CHUOI PROTEIN

Trong chuong 3, NCS da dé xudt mét sé mé hinh hoc sdu lai két hop ky thudt NLP
nham cdi thién hiéu sudt du dodn vi tri Succinylation va SUMOylation. Cdc két qud dat
dugc da dwoc khdng dinh thong qua cdc cong bé trén cdc tap chi uy tin trong va ngodi
nudc, cho thdy tiém ndng cua hudng tiép cdn nay trong bai todn du dodn vi tri PTM.
Tuy nhién, véi mong muén tiép tuc md réng va lam giau tri vé cdc loai PTM khdc. Trong
nghién ciiu nay, NCS chon PTM Ubiquitination. Ubiquitination dong vai tro thiét yéu
trong diéu hoa su 6n dinh va phdn hity protein, va la muc tiéu nghién citu rong rdi trong

linh vie sinh hoc phdn tit va y hoc.

Bén canh do, tir thuc tién trién khai mé hinh ¢ cdc chuong trudc, mot thdch thiic
ddng ké dwoc ddt ra la chi phi tinh todn do sw dung cdc mé hinh sdu lai (CNN, Bi-
LSTM). B¢’ gidi quyét bai todn nay, chuong 4 dé xudt mét moé hinh mdi dy dodn vi tri
Ubiquitination dua trén hoc chdt loc tri thitc (Knowledge Distillation) — mot ky thudt cho
phép hudn luyén mo hinh gon nhe ("mé hinh Hoc vién") nhung vdn duy tri hiéu qud dw
dodn tuong dwong véi mé hinh I6n ("mé hinh Gido vién"). Ddc biét, mé hinh duoc thiét
ké ké thita cdc wu diém ciia ky thudt md héa NLP da chiing minh hiéu qud & chuong 3,
gip biéu dién tot hon thong tin sinh hoc tir trinh tw axit amin va tding cuong khd ning

hoc cia mo hinh.

Hudng tiép cdn nay khong chi giip md rong nghién ciu lam giau tri thiic vé mot
loai PTM khdc, ma con gop phdn t6i wu hod chi phi tinh todn, giam dé phiic tap mé hinh,
va ndng cao tinh khd thi trién khai trong thuc tién ddp iing yéu cau thiét yéu ciia cdc bai
todn sinh tin hién dai trong béi canh dit liéu ngay cang lon va da dang. Mot phdn két
qud nghién ciu duoc dang trén tap chi Methods (SCIE Q1) [CTS].

4.1 Hoc chat loc tri thitc

Trong nhiéu bbi canh thuc té, md hinh hoc mdy xiy dung phai dap ting cic han
ché vé thdi gian, b nhd, chi phi va tai nguyén tinh todn. Cdc md hinh c6 hiéu suit cao
nhét cho mot nhiém vu nhit dinh thudng qué 16n, chim hoic dit dé dbi véi hau hét cac
trudng hop st dung thuc té. Nguoc lai, rat can cac md hinh nhd nhanh hon va it doi hoi
tinh todn hon nhung duy tri do chinh xdc va kha ning tdong quat hda nhu cac mo hinh
16n. DE gidi quyét vin dé nay, nim 2015, Hinton va cdng su [41] da gidi thiéu phuong
phéap Hoc chat loc tri thiic (Knowledge distillation). Thut toan nay dudc lay cam hiing
tlf qua trinh con ngudi tiép thu tri thiic: trong mdi trudng hoc tap, ngudi hoc tiép nhan
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kién thtc tir gido vién — nhiing ngudi c6 nén tang chuyén mon viing chac va kinh nghiém
day dan. Tuong tu trong hoc may, mot mo hinh 16n, da dudc huén luyén ky ludng sé
dong vai tro nhu gido vién (Teacher model), trong khi mot mo hinh nho hon, don gian
hon sé ddm nhan vai trd hoc vién (Student model) tiép thu va hoc lai nhiing gi mo hinh
16n da linh hoi.

Cic ky thuat hoc chat loc tri thic da dugc tng dung thanh cong trong nhiéu linh
vuic khic nhau nhu NLP, nhian dang giong ndi, nhan dang hinh anh va phat hién dbi
tuong. Pic biét, trong nhitng nim gan day, hoc chit loc tri thic déng vai trd quan trong
trong viéc t6i uu héa cac mo hinh ngdn ngit 16n (LLM). Phuong phép nay da chiing minh
hiéu qua trong viéc chuyén giao cac kha niing tién tién tit cic mo hinh 16n sang cdc mo
hinh ngudn md nhd hon, dé tiép cin hon, dic biét 12 trong céc linh vuc nhu' y té, ndi can
gidi quyét nhitng thach thic phic tap [5,35.,/564/57,/59./126].

Quia trinh hoc cht loc tri thiic truyén thdng thudng phai d6i mét v6i hai thach thic:
(i) Thach thiic dau tién 12 viéc lua chon cac "md hinh Gido vién" va hiéu qua chuyén giao
kién thiic. C4c nghién cdu gan day da lam ndi bat &nh hudng dang ké clia viéc lua chon
"m6 hinh Gido vién" dén do chinh xac ctia "mo hinh Hoc vién", cho thiy "mé hinh Gido
vién" c6 d6 chinh xdc cao nhit chua chiac di 1a lua chon tdi uu d€ chung cét [20,[71].
Do dé, can phéi thit nghiém rong rai d€ xac dinh "mo hinh Gido vién" phit hop nhét dé
chung cit, mot qua trinh ¢ thé ton rit nhiéu thdi gian. (ii) Thach thic thi hai nim & thuc
té 1a cac "md hinh Hoc vién" thudng khong dat dugc cung mic do chinh xdc nhu cac
"md hinh Gido vién" tuong ng, c6 kha ning din dén su suy gidm dd chinh x4c khong

thé chip nhan dugc trong qua trinh suy luan.

Thiét 1ip mé hinh
Aps Knowledge Distillation s
M2 hinh g— Mo hinh
Giao vién Hoc vién
| Don gian hoa f
Luwong tir hoa

Céu tric gidng hét

Céu triic nhé téi v

Hinh 4.1 Mi quan hé giita ""'mé hinh Gido vién" va "mé hinh Hoc vién"" trong hoc
chat loc tri thirc [35]
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Thiét 1ap md hinh hoc (Model Setup) [35] trong hoc chét loc tri thic: Pay 1a yéu
t6 anh hudng dén cach thiét k& va lua chon kién tric cia "md hinh Gido vién" va "md
hinh Hoc vién". Chung cit tri thiic (Knowledge Distillation - Mii tén chinh) 12 qua trinh
truyén tri thifc tif "md hinh Gido vién" sang "mé hinh Hoc vién".

Cic phuong phap d€ thiét k& mo hinh Hoc vién: Dya vao Hinh c6 bdn cach
phd bién dé thiét ké "mo hinh Hoc vién" dua trén "mo hinh Gido vién", mbi phuong phéap
c¢6 nhiing dic diém riéng nham cin bing gitta hiéu suat va do phiic tap ctia md hinh.

Thi nhét, ciu tric don gidn héa (Simplified Structure) 1a phuong phdp trong d6
"m6 hinh Hoc vién" c6 it 16p hon va s6 kénh gidm bét so véi "md hinh Gido vién". Céach
tiép can nay gidp gidm do phiic tap ctia mo hinh, tiét kiém tai nguyén tinh toan nhung
van duy tri dugc kha ning hoc tap tif "md hinh Gido vién" thong qua qud trinh chit loc
tri thuc.

Thi hai, cAu tric luong tif héa (Quantized Structure) van giif nguyén kién triic cia
"mo hinh Hoc vién" so véi "mo hinh Gido vién" nhung 4p dung k¥ thuat luong ti hoa dé
giam kich thuéc mo hinh. Phuong phap nay dic biét hitu ich khi trién khai m6 hinh trén

cac thiét bi c6 tai nguyén han ché nhu thiét bi di dong hoic nhiing.

Thit ba, ciu triic giébng hét (Same Structure) ¢ cich tiép cin don gidn nhét, khi
"md hinh Hoc vién" giif nguyén toan b kién tric ctia "mo hinh Gido vién". Tuy nhién,
mot diém khdac biét quan trong 12 "md hinh Hoc vién" ¢6 thé dugc huan luyén véi it tai
nguyén hon bing cich diéu chinh kich thudc batch, s6 lugng epoch hoic chién lugc tbi

uu héa, gitp gidm thdi gian huin luyén ma van duy tri hiéu suit tét.

Cubi cung, ciu tric nho tdi uu héa hoidc c6 dong (Small Structure - Opti-
mized/Condensed) tip trung vao viéc thiét ké "md hinh Hoc vién" nhd gon nhung hiéu
qua. Phuong phdp nay thudng 4p dung cic k¥ thuét tdi uu hda toan cuc nhu kién triic
cat giam tham s khong can thiét hoic cd ché chd y, gitp giam dang ké do phiic tap ma

van dam bao kha ning hoc tét tir "md hinh Gido vién".

L. Wang and K.-J. Yoon [116] nam 2021 da phan loai cac phuong phap hoc
chit loc tri thitc hién nay thanh 5 nhém chinh, dua trén loai tri thitc dude truyén
tu giao vién sang hoc vién :

Nhém thid nhit, phuong phap nay st dung truc tiép xac suit dau ra (softmax) ciia
"md hinh Gido vién" 1am muc tiéu huén luyén cho "mé hinh Hoc vién". Pay 1a phuong
phap phd bién va don gidn nhét 1a chat loc tir dau ra (response-based distillation). Pai
dién tiéu biéu cho nhém nay la phuong phap ctia Hinton [41]], v6i ky thut st dung tham
s6 nhiét do (temperature) d&€ 1am mudt phan phdi xdc suit, tir d6 gitip "mé hinh Hoc
vién" hoc dudc thém nhiéu thong tin ngit nghia 4n chda trong cdc nhan mém. Pay 1a
phuong phéap co ban, hiéu qua va dudc ing dung rong rai trong cac bai toan phan loai
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(Chi tiét xem Hinh [4.2)).

(@ Teacher network T Teacher network T : ©
] Pre-trained  : ; : _Matcr'_nng Teacher
é ]|.|Inmm-u; H—*l ﬁé‘ggﬁﬁﬁﬁ;’é m_L ___________________ .
[ Cnnﬂitsency transform .|||\""q
el mms) g L ] s
SthentnaMm'kS True label Labelled Student network S True label

Hinh 4.2 Minh hoa cic phueng phap chit loc tri thite (KD) véi khung S-T
(Student-Teacher). (a) cho muc dich nén mo hinh va truyén tri thue, vi du: (b) hoc
ban giam sat va (c) hoc tu giam sat [116].

Nhém thi hai, 13 chat loc ti dic trung trung gian (feature-based distillation), trong
d6 "mo hinh Hoc vién" hoc biéu dién dic trung tli c4c tang trung gian ctia "mo hinh Gido
vién"(Hinh . Mot s6 phuong phap tiéu biéu trong nhém nay 1a FitNet st dung
ham 4nh xa d€ diéu chinh biéu dién dic trung giita gido vién va hoc vién. Phuong phap

nay to ra hiéu qua hon so vdi response-based trong cac mo hinh c6 ciu tric phiic tap.

Teacher network T

Student network S8

Hinh 4.3 Minh hoa chat loc tir dac trung trung gian [[116].

Nhém thii ba, chit loc tir mdi quan hé giita cac dic trung (relation-based distilla-
tion) ciing dugc quan tAm trong nhiing nim gan day. Thay vi truyén truc tiép cac dic
trung, phuong phap nay huéng t6i viéc bao toan clu tric hinh hoc gitta cic mau dif liéu
trong khong gian dic trung clia "md hinh Gido vién". Cac phuong phép tiéu biéu c6 thé
ké dén nhu RKD ctia Park va cong su nim 2019 , trong d6 hoc sinh md phong cac
khoang cach va goc gitta cac dic trung. Phuong phap nay thudng phu hgp cho céac bai
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to4an nhan dién phiic tap hodc dif liéu phan b6 khong dong déu.

X X X X
\ \ / A
T T S1 ....... Sk-1 Sk Sl Sk-1 Sk
: mlm_.% o D o 5]
= 2 A7

Step 0 + Step 1 + Step K -* Ensemble

Hinh 4.4 Minh hoa truc quan quy trinh huén luyén cia phweng phap BAN: § budc
dau tién, '"mo hinh Gido vién'" T dugc huin luyén tir nhan Y. Sau d6, 6 mbi budc
tiép theo, mot mé hinh méi gidng hét duoc khdi tao véi hat gibng ngiu nhién khac
va dugc huén luyén duéi sw huéng din cia thé hé trude. Cudi cing, hidu qua cé
thé dugc cai thién thém bing cach két hop nhiéu thé hé hoc sinh thanh mét t3 hop
trong tu chit loc tri thire) [31].

Nhém thi tu, tu chit loc tri thic (self-distillation), trong dé md hinh tu huin luyén
chinh né ma khong cin "md hinh Gido vién" bén ngoai. Dién hinh cho hudng tiép can
nay 1a Born-Again Networks [31], trong d6 mo hinh dugc huén luyén 13p lai nhiéu lan,
v6i mdi phién ban ké tiép hoc tir phién ban truéc d6 (Hinh . Tu chat loc tri thiic ¢6
uu diém 12 gidm chi phi hu4n luyén do khong can gido vién riéng biét.

Cudi cling, cdc phuong phap chit loc tri thic dic thi theo tic vu (task-specific
distillation) dugc thiét ké riéng d€ phu hop véi cdc bai toan cu thé nhu xi Iy ngdén ngit
tu nhién, nhan dang d6i tugng, hoc ting cudng, v.v. Trong linh viuc NLP, cic md hinh
nhu DistilBERT [95] va TinyBERT [50] 1 nhitng vi du ndi bat, dugc chat loc tif cic md
hinh Transformer 16n nhu BERT. V6i titng loai tac vu, cdc ky thuét hoc chat loc tri thifc
s& dudc diéu chinh d& phu hop véi dic thu dif liéu va muc tiéu bai toan, tir d6 dat hiéu
qua tot hon so véi cac phuong phap hoc chit loc tri thiic téng quat.

Tt téng quan vé cac phuong phap hoc chat loc tri thiic, c6 thé nhan thiy ring muc
tiéu chinh ctia k§ thuat nay 1a truyén dat tri thic tif mot md hinh phifc tap, c¢6 ning luc
bi€u dién manh ("mo hinh Gido vién"), sang mdt mo hinh nhd gon hon ("md hinh Hoc
vién"), nham gidm thiéu chi phi tinh todn nhung van duy tri hiéu suit du dodn cao. Céic
phuong phap hoc chat loc tri thifc da dugc ap dung thanh cong trong nhiéu linh vuc nhu
thi gidc mdy tinh va xi Iy ngdn ngi tu nhién, dic biét trong cac bai toan yéu cau trién
khai mo hinh nhe, tdi uvu trén céc thiét bi tinh todn han ché.

Tuy nhién, theo khdo sit va tong quan tai liéu hién nay, chua cé nghién ctiu nao
ting dung hoc chat loc tri thiic trong bai toan du doén vi tri PTM, dic biét dbi v6i ubiqg-
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uitination & thuc vat. Khoang trong nay chinh 1a co s6 dé€ NCS lua chon ap dung phuong
phéap hoc chat loc tri thiic trong bai toan du doan vi tri ubiquitination cho Arabidopsis
thaliana. Viéc két hop gitta kién triic hoc sau va ky thuat chat loc tri thic dudc ky vong
s& gop phan nang cao hiéu qua du dodn, dong thdi md ra hudéng tiép can mdi trong linh
vuc tin sinh hoc, ndi cdc mo hinh du doan hién nay con gip nhiéu han ché vé kha ning
tong quat hod va chi phi tinh toan. Pay ciing 12 mot dong gép mdi vé mit phuong phap
luan ctia nghién ctu nay dbi véi cong dong nghién ctiu PTM.

4.2 M0 hinh du doan Ubiquitination dua trén hoc chit loc tri thitc va k§
thuat xi Iy ngén ngir tu nhién dé xut

4.2.1 Tén viét tat

KD_ArapUBi la tén goi cia md hinh dé xuit dung d€ du dodn vi tri Ubiquitination
trén loai Arabidopsis thaliana. KD_ArapUBI la viét tat ciia "Knowledge Distillation for
Arabidopsis thaliana Ubiquitination prediction". Trong toan bd luan an, NCS s€ st dung
ky hiéu KD_ArapUBi dé chi mo6 hinh dé xuét.

4.2.2 Du liéu thuc nghiém

Trong nghién citu nay, NCS da st dung k§y thuit hoc chat loc tri thic két hop véi
ky thuat NLP dé xay dung mo hinh du doan vi tri PTM Ubiquitination.

Ubiquitination 12 mot loai PTM phé bién, dudc tim thiy 1an dau vao nim 1975
bdi nha khoa hoc Goldstein va cong su [34]. Ubiquitin héa, lién két cdng hoa tri clia
ubiquitin v6i nhiéu protein té bao khac nhau, 1a qua trinh bién ddi sau dich ma quan trong
nhét clia protein diéu hoa chiic ning té bao. Trong qua trinh ubiquitin héa, ubiquitin lién
két v6i goc lysine (K) thong qua phén dng enzym ba giai doan (E1), enzym lién két
ubiquitin (E2) va ubiquitin ligase (E3) [78,102,/121].

D1t li€u cho "m6 hinh Hoc vién" dudc thu thap tu Arabidopsis thaliana theo nghién
ctfu ctia Chen va cong su [13], gdm 2,043 vi tri Ubiquitination tif 1,607 protein.

Dt 1i€u cho "mo hinh Gido vién": Céc vi tri Ubiquitination dugc thu thap tu cac
ngudn nhu co sé dit liéu dbPTM, PLMD va nghién ctiu ctia Wang [[114], véi tong 121,742
vi tri Ubiquitination tu 25,103 protein. Dt liéu cho Gido vién chon cac vi tri Ubiquiti-
nation tu cac loai: Arabidopsis thaliana, Oryza sativa subsp indica va O. sativa subsp
Japonica. Tao mau dit liéu ducng tinh va m tinh véi clra s trudt duge dp dung nhu céc
phuong phép truéc, tiép dé sit dung CD-hit d€ loai bo tring 30%. Cudi cung, dit lidu st
dung trong nghién ciu dudgc tém tat nhu Bang dudi day.
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Bang 4.1 Bo dit liéu huan luyén va kiém tra sit dung trong nghién citu

Mo hinh Bo dir liéu SL Protein | SL miu duong tinh | SL mau am tinh
Dit liéu huén luyén | 25,103 3,373 3,373
"mo hinh Giao vién"
Dit liéu kiém tra - 750 750
Dit liéu huén luyén 1,607 1,532 1,532
"mo hinh Hoc vién"
Dit liéu kiém tra - 511 511

4.2.3 Co so lua chon mé hinh KD2 (KD_ArapUbi)

Nhu d trinh bay trong muc 4.1, khong cé quy dinh bat budc "mé hinh Gido vién"
va "md hinh Hoc vién" trong kién triic hoc chit loc tri thic phai st dung cting mdt loai
kién triic hoc sau. D& lua chon dudc cip "mo hinh Gido vién" - "M6 hinh Hoc vién" tdi
wu cho bai toan du doan vi tri PTM, NCS da thiét k& va thuc nghiém bdn phuong an két
hdp mo hinh khéc nhau. Viéc thi nghiém véi cac kién tric da dang gitip danh gid tac
dong ctia viéc két hop giiia cac loai mang khac nhau (CNN1D va Bi-LSTM), tit d6 Iva

chon dudc cip mo hinh phit hgp nhat vé mit hiéu suat va kha niing khdi quat hoa.
B6n mé hinh chét loc tri thitc dugc thiét ké va danh gia gom:

M6 hinh KD1: "m6 hinh Gido vién" la m6 hinh CNN1D 6 16p va "m6 hinh Hoc
vién" 1a m6 hinh CNN1D 3 16p.

M6 hinh KD2 (KD_ArapUbi): "m6 hinh Gido vién" 1a m6 hinh Bi-LSTM 32 don
vi va "mo6 hinh Hoc vién" 1a m6 hinh Bi-LSTM 16 don vi.

M6 hinh KD3: "m6 hinh Gido vién" la m6 hinh CNN1D 6 16p va "mo6 hinh Hoc
vién" lIa mo hinh Bi-LSTM 16 don vi.

M6 hinh KD4: "md hinh Gido vién" 1a m6 hinh Bi-LSTM 32 don vi va "mo hinh
Hoc vién" 1a m6 hinh CNN1D 3 16p.

NCS xay dung bén phuong 4n kién triic hoc chat loc tri thiic (KD1-KD4) véi su
két hop khic nhau gitta “mo hinh Gido vién” va “md hinh Hoc vién”. D€ lua chon dugc
mo hinh cho bai toan dy doan vi tri PTM, cac phuong an nay dudc danh gia trén tap
dit liéu chuén bang phuong phap kiém thit chéo 5 14n, véi céc ty 1¢ mau duong/am khac
nhau (1:1, 1:2, 1:3) va céac k¥ thuat tach tu n-gram dudc thuc nghiém (1-gram, 2-gram,
3-gram) truéc khi dua vao Embedding cia md hinh.

Két qua ki€m thtt chéo 5 1an ctia cic md hinh dudc danh gia v6i ba chi s6 chinh 1a
ACC, MCC va AUC dudgc trinh bay trong Bang 4.2] Bang {4.3| va Bang
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Bang 4.2 ACC (%) ctia bon mé hinh KD dua trén kiém thit chéo 5 lan

Ratio 1:1 Ratio 1:2 Ratio 1:3
Model

gram  gram  gram  gram  gram  gram  gram  gram  gram

KD1 84.8 79.6 66.7 83.5 76.1 65.0 84.2 70.6 64.6
KD2 86.3 80.0 66.1 85.1 77.7 65.2 84.1 77.2 66.1
KD3 85.3 76.5 66.8 84.5 70.1 70.1 83.3 77.2 68.1
KD4 83.9 79.3 63.0 83.8 74.1 62.4 82.6 72.0 62.4

Bang 4.3 MCC ctia bén mé hinh KD dwa trén kiém thit chéo 5 lan

Ratio 1:1 Ratio 1:2 Ratio 1:3
Model

1- 2- 3- 1- 2- 3- 1- 2- 3-

gram  gram  gram  gram  gram  gram  gram  gram  gram

KD1 0.699 0.617 0347 0.660 0567 0371 0636 0494 0.341
KD2 0.730 0.598 0.343 0.695 0.548 0.357 0.655 0.534 0.357
KD3 0712 0534 0359 0.674 0384 0384 0.636 0495 0.351
KD4 0.682 0594 0303 0670 0536 0324 0.627 0484 0.334

Bang 4.4 AUC ctia bon md hinh KD dua trén kiém thit chéo 5 lan

Ratio 1:1 Ratio 1:2 Ratio 1:3
Model

1- 2- 3- 1- 2- 3- 1- 2- 3-

gram  gram  gram  gram  gram  gram  gram  gram  gram

KD1 0913 0.861 0.740 0.888 0.842 0.742 0901 0.803 0.761
KD2 0926 0.872 0.708 0922 0860 0.738 0915 0.851 0.756
KD3 0921 0.829 0.709 0925 0.755 0.757 0923 0.862 0.780
KD4 0916 0.867 0.695 0.897 0.820 0.727 0.892 0.805 0.732

Két qua Bang[4.2] Bang[4.3|va Bang[4.4cho thiy mo hinh KD2 (KD_ArapUbi) dat
hiéu suit tong thé cao va &n dinh hon cac phuong 4n con lai, dic biét trén thang do ACC
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va AUC & hau hét céac ty 1& dit liéu. Trong khi KD3 c¢6 mot vai trudng hop ndi bat &
3-gram, nhung két qua thiéu 6n dinh giita cac ty 1&. KD1 va KD4 nhin chung c6 hiéu
suét thap hon. Xét chi tiét hon, mbi mo hinh KD c6 nhiing wu diém va han ché riéng:

« KD1 (CNN1D-CNN1D): Két qua & mijc trung binh, ACC va AUC thudng thip
hon so v6i KD2 va KD3, dac biét khi stt dung 3-gram. Mo hinh nay nhin chung it
noi bat va kém on dinh trong so sanh.

« KD2 (Bi-LSTM-Bi-LSTM): La md hinh c¢6 hiéu suat cao va 6n dinh nhit, ndi bat
& ca ACC, MCC va AUC trén hau hét cdc cAu hinh dit liéu. Pay 1a lua chon phu

hop nhat khi can mo hinh tdng quat hod t6t va do chinh xdc cao.

« KD3 (CNN1D-Bi-LSTM): C6 mdt s6 két qua ndi bat & 3-gram, dic biét vé ACC
va AUC, cho thiy kha niing khai thac ngit canh tot hon trong nhiing tinh huéng nhit
dinh. Tuy nhién, hiéu suit khong 6n dinh gitta cac ty 1& dif liéu, 1am gidm tinh tin

cay khi ap dung rong rai.

« KD4 (Bi-LSTM-CNN1D): Thudng c6 két qui thip nhit trong ca ba chi s6 ACC,
MCC va AUC. Mb hinh nay thé hién han ché ro rang trong viéc duy tri hiéu suat du
doan so véi cac phuong an khac.

Tur phan tich trén c6 thé thdy, mic du KD3 cho thdy mot sb tiém ning trong ciu
hinh 3-gram, va KD1/KD4 thé hién hiéu suat khiém ton hon, KD2 van 12 phuong 4n t6t
nhat nho tinh 6n dinh va do chinh xdc vudt trdi. Hon nita tif cac bang két qua trén cho
thiy tit ca kién triic md hinh déu cho hiéu suit cao khi sit dung k¥ thuat 1-gram (mdi
axit amin la mot t). Vi vay, KD2 sau day s€ dudc goi la KD_ArapUbi v6i ky thuat taich
tif 1-gram dugc lua chon lam mo hinh du dodn PTM dé xut trong nghién ctiu nay.

4.2.4 Kién triic hoc chat loc tri thitc du dodn vi ti Ubiquitination & loai Arabidopsis
thaliana (KD_ArapUbi)

M0 hinh KD_ArapUbi dudc thiét ké dua trén y tudng hoc chat loc tri thiic (Knowl-
edge Distillation) truyén thong ctia Hinton [41], trong d6 "md hinh Hoc vién" c6 kién
triic nhd gon hon vé sb lugng niit mang, tai nguyén huin luyén va trén loai thudc ho PTM
Ubiquitination. Tuy nhién, so v6i mé hinh gbc ctia Hinton, KD_ArapUbi dugc thiét ké
v6i hai diém cai tién sau:

Thi nhit, "m6 hinh Gido vién" dugc xay dung trén kién tric Bi-LSTM véi sb niit
mang gip d6i Hoc vién, dong thdi dudc huin luyén trén tap dit liéu da loai bao gom
Arabidopsis thaliana, Oryza sativa subsp. indica, va Oryza sativa subsp. japonica.

Diéu nay gitip md hinh Gido vién c6 kha ning hoc dudc tri thiic khai quat va da dang
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hon, tir d6 truyén dat cho Hoc vién von chi huin luyén trén dif liéu han ché cta mot
loai duy nhét 13 Arabidopsis thaliana. Céch tiép can nay khac biét v6i mo hinh Hinton
truyén théng, von chi gia dinh ring Gido vién va "mo hinh Hoc vién" dudc huan luyén

trén cting mot tap dit liéu, 1am han ché kha ning mé rong tri thiic.

Tht hai, NCS da khéo 1€o tich hgp k¥ thuat embedding déng vao ca "md hinh Giao
vién" va "md hinh Hoc vién". Viéc bd sung embedding dong tucng tu nhu & trong muc
3.3.3 & chuong 3 gidp biéu dién dic trung linh hoat hon, thich tng tot véi su da dang clia
chudi protein va giam thi€u su méit mat thong tin khi truyén tri thic tit Gido vién sang

Hoc vién.

Nho hai diém céi tién nay, KD_ArapUbi khong chi ké thita tinh hiéu qué ctia md
hinh chét loc tri thic truyén thbng ma con mé rong ning luc khai quat va ting cudng
kha niing biéu dién, dic biét trong bdi canh du dodn PTM véi dit liéu han ché.

Hinh[4.5/md t4 toan b kién triic cia mo hinh KD_ArapUbi. V& phia "md hinh Gido
vién", di liéu huin luyén va kiém tht dudc thu thip tir ba loai Arabidopsis thaliana,
Oryza sativa subsp. indica va Oryza sativa subsp. japonica. Chudi protein dau vao
dugc xt Iy bang ctia s6 truct (sliding window, WS = 31) va ma héa bang ky thuat n-
gram tokenization. Sau budc tién xt 1y, chudi dugc dnh xa thanh céc chi s6 embedding
dong, roi dua vao kién tric Bi-LSTM nhiéu ting véi s6 luong nit mang 16n, gitip "mo
hinh Gido vién" hoc dugc dic trung ngti canh giau thong tin va tri thic khai quat hon tu
du liéu da loai.

O phia "mé hinh Hoc vién", dit liéu huin luyén chi gi6i han & loai Arabidopsis
thaliana, cliing dudc xi 1y tuong tu bang ctia s truct va tokenization. Pau vao sau khi
embedding dong dudc dua vao kién tric Bi-LSTM nhé gon hon, véi sd niit mang it hon
nham giam do phifc tap va tai nguyén tinh todn. Qua trinh truyén tri thic (knowledge
transfer) dién ra qua hai budc: distillation va transfer, trong d6 Hoc vién khong chi hoc
truc tiép tir dit liéu thuc t& ma con tif tri thiic do Gido vién cung cip bdi nhan mém. Nho
d6, "md hinh Hoc vién" c6 thé dat dugc ning luc du dodn cao, nhung véi chi phi huin

luyén thap hon dang ké.

Qua trinh hoc chit loc tri thic giita "'mé hinh Gido vién" va "mé hinh Hoc
vién'" dugc thuce hién qua cac budc sau:

Budc 1: Thiét 1ap kién tric mang cho "md hinh Gido vién", Thiét 1ap kién tric
mang cho "md hinh Hoc vién".

- "M6 hinh Gido vién" c6 kién triic sdu va rong hon, véi s lugng tham sb 16n,
nham khai thac dudc tri thic tiém 4n tit mot tip di liéu 16n.

- "M hinh Hoc vién" c¢6 kién triic nhe hon, phit hop cho muc tiéu trién khai trong

moi trudng han ché tai nguyén.
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Budc 2: Huén luyén "m6 hinh Gido vién" trén tap dif liéu da loai

- "Mb hinh Gido vién" véi kién tric phtc tap hon (nhiéu tham s6 hon) dudc huin
luyén trén mot tap di liéu 16n va da dang, dai dién cho khong gian tri thic rong.

- Qua trinh huAn luyén nay gitip Gido vién hoc dugc cc dic trung triiu tugng, mbi
quan hé ngif nghia va cic quy luat tiém 4n trong dit liéu, tir d6 dat dugc kha ning khai
quat tdt va du doan chinh x4c.

Budce 3: Huln luyén "m6 hinh Hoc vién" véi su hd trg tif "mo hinh Gido vién"

Trong giai doan huén luyén, "mé hinh Gido vién" déng vai tro hd tr¢ bang cich
cung cap thong tin tri thic cho "md hinh Hoc vién" thong qua nhan mém.

Budc 4: Panh gid hiéu suit "mo hinh Hoc vién" trén tap dif liéu kiém thi

Data for Teacher

Arabidopsis thaliana, Oryza
sativa subsp indica, and O.
sativa subsp japonica

CD-HIT
CD-HIT l——l
v v L .
Training Testing Training Testing

Data for Student

Arabidopsis thaliana

1
Sequence (WS =31)
QCTNGSHEMKFRTDPKNADFIIESGATRLLL

Sequence (WS = 31)
PFKEIEALLRNSGEKLNERDDKVSYVEILK
v
okenizer (1-gram

PFKIl LLK

Data collection and Feature Encoding

]
| Tokenizer (1-gram) |
Q,CTN,..., LLL
¥

[ 13,15,11,12, ..., 4, 4, 4 | [ 7,816,20, ...,5 4,16 |

INPUTl INPUT

Knowledge transfer

E-E0-E0 -Ed_e| |
—
E-E0-E0 B0 e

Teacher model

OUTPUT

Transfer
Sl LSTM

Student model

a8paimou)|
L

Hinh 4.5 Kién triic m6 hinh hoc chit loc tri thitc KD_ArapUbi dé xuét

Gia ma cho mé hinh hoc chit loc tri thic dé xuit du doan vi tri PTM dudc trinh
bay trong cic Algomrithm [4.5]va Algomrithm [4.6}
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Algorithm 4.5 Hun luyén "md hinh Gido vién"

Y 2 RN kW

Pau vao:

: Tap dit liéu 16n: Ziaree

Kién tric "mo hinh Gido vién"
Pau ra: "mo hinh Gido vién" da huén luyén
Khdi tao "mo hinh Gido vién" véi kién tric da chon
for all mini-batch {(x,y)} C Ziarge do
Dy doén § = fp,(x)
Tinh ham mét mat Zcg = Zce(y,9)
Cap nhat tham s6 07
end for
Luu "mo6 hinh Gido vién" da huén luyén
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Algorithm 4.6 Hu4n luyén "md hinh Hoc vién" véi tri thiic tif Gido vién

Pau vao:

1: "mo hinh Gido vién" da huén luyén

2: Tap huln luyén Py, tap kiém thit Dieq

3: Siéu tham sd nhiét d6 7 € {0.1,0.3,0.5,0.7}; Hé s6 can bang a € {0.1,0.3,0.5,0.7}
Pau ra:

4: Tham s6 t6i uu 6*

5: forall 7€ {7} do
6: forall ¢ € {c} do
7: Khdi tao "mo hinh Hoc vién" véi kién tric da chon
8: for e = 1 to Nepoch do
9: for all mini-batch {(x,y)} C ZDiyain do
10: Tinh logits tit "mo hinh Gido vién": Zr(x)
11: Tinh phan phdi mém cta Gido vién:
Vy (X) _ eXp (Zf ()C)/T)
Y. exp(Z:(x)(j)/7)
12: Tinh logits tit "m6 hinh Hoc vién": Z(x)
13: Tinh phan phdi mém ctia Hoc vién:
yS(-x) _ exp(ZS ()C)/T)
Y exp(Zs(x)(j)/7)
14: Tinh loss hoc chat loc tri thic:
Zkp =7 KL(y1,ys)
15: Tinh loss cross-entropy véi nhan that:
Zcg = CE(y,softmax(Z))
16: Tinh tong loss:
Lot = (1 —a) - Leg+a- Zkp
17: Cap nhat tham sb:
0« 0— n 'Veﬁotal
18: end for
19: end for
20: return 6~
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4.2.5 Chién ludc va tham sé hudn luyén mé hinh

Mb hinh dudc huin luyén trén mdi trudng Google Colab v6i GPU, sit dung thuat
todn t6i wu héa Adam (learning rate = 0.0001), batch size = 16, s6 epoch = 100. Dropout

dugc dp dung nham han ché hién tuong overfitting. Chi tiét cic tham sb cta kién tric
mo hinh dugc trinh bay trong Bang

Bang 4.5 So sanh kién tric mo hinh Giao vién va moé hinh Hoc vién trong hoc chat

loc tri thirc

Layer (type) Giao vién (Output Shape / Params) | Hoc vién (Output Shape / Params)
Embedding (None, 31, 300) / 6,600 (None, 31, 300) / 6,600
Bi-LSTM (None, 31, 64) / 85,248 (None, 31, 32) / 40,576
Dropout (None, 31,64)/0 (None, 31,32)/0
Flatten (None, 1984) /0 (None, 992) /0
Dense (None, 128) /254,080 (None, 128) /127,104
Activation (None, 128)/0 (None, 128)/0
Dropout (None, 128)/0 (None, 128)/0
Dense (None, 2) /258 (None, 2) / 258
Activation (None, 2) /0 (None, 2)/0
Téng s6 tham sb 346,188 (1.32 MB) 174,538 (681.79 KB)
Ti 1€ rit gon cua Hoc vién 49.6% s6 tham s6 ctia Gido vién

Tong s6 tham s6 huén luyén 346,186 174,538

Téng tham s6 khong tham gia huin luyén 0 0

Bang |4.5| cho thiy: (i) M6 hinh Gido vién dudc thiét ké v6i kha ning biéu dién
manh hon, thé hién ro qua 85,248 tham s6 ctia 16p Bi-LSTM (vdi 64 don vi) va 254,080
tham s6 cta 16p Dense. Kich thu6c 16n hon nay cho phép "md hinh Gido vién" hoc dugc
mot "tri thic" phong phu va phan biét hon.(ii) Ngudc lai, "m6 hinh Hoc vién" dugc xay
dung bing cich gidm mot nifa sd don vi 4n trong 16p Bi-LSTM (con 32 don vi) va giam
mot nia kich thudc dau vao cho 16p Dense(tir 1984 xubng 992). Téng tham sb giam
xubng con 174,538 (gan 50%). Viéc st dung cd ché "Hoc chat loc tri thic" dam bao
"md hinh Hoc vién" c6 thé dat dudc hiéu suit tuong duong mo hinh Gido vién ma chi
can st dung mot ntia tai nguyén tinh toan.

Ham mat mat:

Trong hoc chit loc tri thifc, muc tiéu ctia "mo hinh Hoc vién" 1a vita hoc khép véi
nhan cting (ground truth), vita hoc theo nhin mém do "md hinh Gido vién" cung cép.
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Goi Z; va Z lan lugt 1a cac logit cua "mo hinh Gido vién" va "mo6 hinh Hoc vién". Phan
phoi xac suat cua mo hinh Gido vién va md hinh Hoc vién dugc dinh nghia trong Cong

thiic 4.1 va Cong thic[@.2}

AN A
y"‘s(r> ZexplZ())/9 D
(7Y ew(z/r)
”“S(r) T exp(Z,(})/7) 2

j
Trong d6 7 > 1 13 hé s6 nhiét do, gidp 1am mém phan phbi xdc suit.

Thanh phan mdt mdt tri thicc mém:

LKD = ’C2 . KL(ys,yt) = T2 -KL (6 (%) ; 6 (é)) (43)

T

Thanh phdn mdt mdt nhén ciing:

Lcg = CrossEntropy (6 (Zs),y) (4.4)
Ham mdt mdt tong:
Lot = (1 — &) Leg + oLgp 4.5)
Hay viét day du:
Liota = (1 — @) - CrossEntropy(8(Zy),y) + o -t - KL (6 (%) , 0 (%)) (4.6)

Nhu vay, haim mit mat tdng hop Ly két hop ca hai nguodn tri thic: (i) tri thic tir di
liéu gbc thong qua thanh phan Lcg gidp "md hinh Hoc vién" duy tri kh4 ning du doan
chinh x4c theo nhan cing, va (ii) tri thic tif "m6 hinh Gido vién" thong qua thanh phan
Lkp, cho phép "md hinh Hoc vién" hoc dudc cac mdi quan hé tiém 4n trong phan phdi
x4c suit mém (nhin mém). Hé sd a dong vai trd diéu chinh mic do6 vu tién giita viée
hoc theo nhan that va hoc theo phan phdi tif "m6 hinh Gido vién". Trong khi d6, tham
s6 nhiét do 7 c6 tac dung 1am tron phan phdi x4c suit, gitip "mo hinh Hoc vién" dé tiép
thu thong tin 4n vé miic do tuong quan gitta cc 16p. Su phdi hop hai hoa cta hai yéu td
nay cho phép "mo hinh Hoc vién" vira dam bao tinh chinh xac, vira nang cao kha nang

khai quat héa khi dit liéu huin luyén bi han ché.

Ham mét mat gom hai thanh phan: Binary Cross-Entropy va Kullback—Leibler
divergence (KL) cho hoc chat loc tri thic. Hai siéu tham sb o (trong sb cin bﬁng)
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va 7 (hé sd nhiét) dudc khéo sat ky ludng biang kiém thir chéo 5 lan, véi cac gia tri
a € {0.1,0.3,0.5,0.7} va 7 € {5,10,15}.

Bang 4.6 Anh hudng ctia o va 7 dén hoc chit loc tri thite

o 7 |ACC MCC| oo 71 |ACC MCC

0.1 5 1085 071505 10|0.847 0.697
03 5 (0854 0.711 || 0.7 10| 0.846 0.692
0.5 5 ]0.840 0.680 || 0.1 15]0.861 0.720
0.7 5 10839 0.681 || 0.3 15]0.849 0.700
0.1 10| 0.863 0.730 | 0.5 15| 0.837 0.676

0.3 10]0.855 0.711 || 0.7 15| 0.843 0.686

Bang 4.6/ cho thay:

Khi o qud 16n (0.5 hoic 0.7), "md hinh Hoc vién" phu thudc nhiéu vao phan phoi
cia"mo hinh Gido vién", dan dén suy giam hiéu suit. Ngudc lai, véi o nhé (0.1 hoic
0.3), két qua 6n dinh va cao hon.

Khi 7 ting tir 5 1én 10, hiéu ning cai thién ro rét, dat tt nhat tai o« = 0.1,7 = 10
(ACC = 0.863, MCC = 0.730). Tuy nhién, khi 7 ting 1én 15, hiéu sut c6 xu huéng giam
nhe.

Do d6, ciu hinh & = 0.1, 7 = 10 dudgc lya chon 12 t6i uu, vira khai thac hiéu qua
kién thidc tif "mo hinh Gido vién", vita duy tri kha ning hoc tif nhan that, gitip "mo hinh
Hoc vién" dat hiéu suat du dodn cao va 6n dinh.

4.2.6 Két qud va thdo ludn

Phan tich tan suéit xuit hién clia cac tir trong dit liéu huén luyén:

Nhu da trinh bay trong phan phuong phép, nghién ctiu nay st dung ky thuit ma
héa embedding dé biéu dién cdc chudi protein, coi protein nhu nhitng ciu va cdc axit
amin riéng 1& nhu céc tif trong mo6 hinh ngdn ngii. TAn suét xuit hién cla cic n-gram
trong tip dit liéu huan luyén déng vai trdo quan trong, anh hudng truc tiép dén qua trinh
huan luyén embedding va tit d6 tidc dong dén hiéu qua ctia md hinh du doan.

Phan tich tan suit 1-gram, thé hién phan bd tan suit clia tiing axit amin don 1& trong
tap dif liéu huin luyén, dudc minh hoa trong Hinh (A). Két qua cho thiy bén axit
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amin c6 tan suit xuét hién cao nhét trong tap dif liéu duong (cé gin ubiquitin) bao gdm
lysine (K), arginine (R), glutamic acid (E), va serine (S). Tiép theo, Hinh (B) trinh
bay 30 cip axit amin lién tiép (2-gram) xuét hién nhiéu nhét trong tap dit liéu. Trong
tap duong, cc cip phd bién nhit 13 KR, EE, EK va PK, trong khi d6 & tip 4m (khong
ubiquitin héa), cic cdp SS, KK, EE va EK lai chiém uu thé. Hinh (C) minh hoa 30
bo ba axit amin lién tiép (3-gram) c6 tan suit cao nhit. Trong tip dif liéu duong, cic bod
ba phé bién gom KRK, SSS, KKR va EEE, trong khi & tip dif liéu am, cic bo ba xuat
hién nhiéu nhit 12 SSS, KKK, EEE va AAA. Nhiing két qua nay cho thiy su khac biét
rd rét vé mau trinh tu dic trung gitta hai nhém dit liéu (duong tinh va am tinh).

Truc quan dit liéu huén luyén Arabidopsis thaliana:

A B
).0400 o
) 0300
ACDETFGHTITKILMNPGQRST V WY 0% "AA AE AK AR EA EE EX EL ER KA KE KK KL KR KS LE LK LR RA RE RG RK RL RR RS RV 5G SK SR S5
Ubiquitination = Non-Uiguitinstion aUbiquidosion @ Neo Ubiquitianc
C
0.0014
0.0012
0.0010
0.0008
0.0006
0.0004
= ILAbREREL R LREL koLt Lbealy
0.0000 @ i a S 2oy = : .
R L R

® Ubiquitination ~ ® Non-Ubiquitination

Hinh 4.6 tAn sut xuit hién n-gram trong bd dit liéu huén luyén (A) Tan suét xuit
hién cta cac axit amin don 1é (1-gram), (B) 30 ciip axit amin lién tiép xuét hién
nhiéu nhét (2-gram), (C) 30 bo ba axit amin lién tiép xult hién nhiéu nhét (3-gram)

Pianh gia hiéu qua mé hinh hoc chit loc tri thirc dé xuét thong qua truc quan
hoa t-SNE

Nhiam phan tich sau hon vé kha ning hoc dic trung va hiéu qua phan loai ciia mo
hinh, NCS da tién hanh tric quan hod biang phucng phép t-SNE [66]. Két qua dudc trinh
bay trong Hinh gdm bbén bidu do thé hién sy phan bd ciia cac miu dif liéu trong
khong gian hai chiéu trudc khi huin luyén mé hinh va sau khi dugc huin luyén bdi mo
hinh.
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Hinh 4.7 Truc quan hoa T-sne (A) Dit liéu cta ''mé hinh Giao vién'" (cac loai thuc
vat) trude khi huan luyén, (B) Dit liéu sau khi dwde huén luyén béi '"mé hinh Gido
vién'', (C) Du liéu loai Arabidopsis thaliana trudce khi huén luyén, (D) Dut liéu sau
khi huén luyén béi mé hinh hoc chit loc tri thitc KD_ARAPUBI dé xuét ("'md
hinh Hoc vién" dudc huéng din béi '"'mé hinh Gido vién" da dude huén luyén trén
b6 dit liéu da loai). (Class 0: Mau am tinh, Class 1: Mau duong tinh)

Hinh (A) 1a truc quan hod su phan bd dit liéu gbc clia cac loai thuc vat - bd
dit liéu cia "md hinh Gido vién" trudc khi huin luyén. Quan sat cho thiy cac diém dit
liéu ctia hai 16p (class 0 va class 1) phan bb chong 14n nhau rat 16n. Sau qu4 trinh huin
luyén v6i "md hinh Gido vién" (Hinh (B)), khong gian ddc trung da phan tach ro
rét gitra hai 16p. Cac diém dit liéu thudc hai 16p hinh thanh hai cum riéng biét, ching to
"md hinh Gido vién" da hoc dudc cac dic trung c6 kha ning phan biét manh mé. Diéu
nay khrfmg dinh hiéu qua ctia "mo hinh Gido vién" khi dudc huln luyén trén tap dit liéu

da loai, gitp thu nhén tri thic t6ng quat vé dic diém nhan dang vi tri Ubiquitination.

Dit liéu huin luyén cta "md hinh Hoc vién" (Hinh (C)) - dit liéu huén luyén
han ché vé s6 luong, cac diém dit liéu ctia hai 16p phan bd dan xen. Pay 1a cac thach
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thuc trong viéc xay dung md hinh du doan ubiquitination riéng cho tung loai, dac biét 1a

trong diéu kién dit liéu han ché.

Tuy nhién, khi 4p dung phuong phap hoc chét loc tri thiic, "'mé hinh Hoc vién" sau
khi dugc huén luyén vdi tri thic truyén tit "mo hinh Gido vién" da cai thién déng ké kha
nang phan biét hai 16p trén dit liéu Arabidopsis thaliana ((Hinh (D)), hinh thanh hai
cum tach biét 16 so véi trude khi 4p dung hoc chit loc tri thc.

Cic két qua thuc nghiém cho théy, khi két hgp embedding dong véi phucng phap
hoc chét loc tri thic, "mo hinh Hoc vién" da c6 su cai thién ro rét vé kha ning phan biét
hai 16p trén dit liéu Arabidopsis thaliana - di liéu han ché(Hinh (D)), thé hién qua
viéc hinh thanh hai cum dif liéu tach biét hon so v6i trude khi 4p dung chét loc tri thic.
Embedding dong dong vai tro nén tang gitip md hinh biéu dién giau ngit nghia hon tir dit
liéu tho, trong khi qua trinh chét loc tri thic gitip Hoc vién hoc dudc nhitng dic trung
tinh chinh, c6 gia tri phan biét cao tu "mo hinh Gido vién".

Két hop embedding dong va chit loc tri thiic mé ra huéng tiép can hita hen trong
viéc xdy dung cac md hinh nhe hon nhung van didm bao hiéu suit cao, dic biét véi cac
bai toan phan loai PTM trén loai Arabidopsis thaliana hoac cac loai khac trong tuong
lai.

So sanh hiéu suét du dodn ctia mé hinh hoc chit loc tri thic véi "mé hinh
Gio vién" va "mé hinh Hoc vién" hoc khéng c6 hwéng din cia gido vién.

Két qua trong Bang va Bang thé hién r6 hiéu qua ctia mé hinh hoc chét loc
tri thiic (KD_ArapUbi) so vdi cac md hinh ddi chiing khac trong c4 hai kich ban danh gia
kiém thit chéo va kiém thi doc lap. Cu thé, trong thit nghiém kiém thi chéo (Bang[4.7)),
mé hinh hoc chat loc tri thic dat (ACC = 0.863, MCC = 0.729 va AUC = 0.932), cao
hon déng ké so v6i "mo hinh Gido vién" (ACC = 0.844, MCC = 0.691, AUC = 0.917) va
"mo hinh Hoc vién" khong ¢ hudng dan (ACC = 0.835, MCC = 0.673, AUC = 0.917).
Xu huéng tuong tu dugc duy tri trong bd kiém tra doc 1ap (Bang , mo hinh hoc chit
loc tri thic tiép tuc khang dinh vé hiéu suit du doan vugt troi hon véi (ACC = 0.865,
MCC = 0.734 va AUC = 0.927).

Nhiing két qua nay cho thiy co ché chit loc tri thiic thuc su mang lai hiéu qua, khi
"md hinh Hoc vién" khong chi tiép thu dudc thong tin téng quat tir dit liéu gbc ma con
hoc dugc nhiing tri thifc tiém 4n, tinh chinh tif "md hinh Gido vién", gitip cdi thién ning
luc phan loai, dic biét trong viéc gidm thiéu sai sé6t nham 14n gitta cac 16p (thé hién qua
MCC cao hon).
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Bang 4.7 Két qua kiém thi chéo ctia cic md hinh

Mo hinh SEN SPE MCC AUC
M6 hinh Giao vién 0.812 0.882 0.691 0.917
M6 hinh Hoc vién 0.805 0.872 0.673 0.917
Mo hinh hoc chit loc tri thic KD_ArapUbi  0.863 0.835 0.897 0.729 0.932
Bang 4.8 Két qua kiém thir doc 1ap ctia cic md hinh
M6 hinh SEN SPE MCC AUC
M6 hinh Giao vién 0.804 0.896 0.695 0.919
M6 hinh Hoc vién 0.799 0.895 0.688 0.917
Mo hinh hoc chit loc tri thic KD_ArapUbi  0.865 0.830 0.908 0.734 0.927

Panh gia kha ning nén mé hinh va tiét ki€m tai nguyén cua phuong phap chit

loc tri thire

Bén canh hiéu suit du doan, mot yéu t6 quan trong khac ctia mo hinh hoc chat loc

tri thiic 1a kha ning gidm s luong tham s, tir d6 gitip tiét kiém bd nhé va tai nguyén

tinh todn. Trong md hinh nay, c& Gido vién va Hoc vién déu st dung kién triic Bi-LSTM,

tuy nhién sb luong nit ctia 16p Bi-LSTM trong "mé hinh Gido vién" gap ddi so véi Hoc
vién. Cu thé, "mo hinh Gido vién" c6 346,186 tham sb v6i dung luong 1351.68 KB,
trong khi "mo hinh Hoc vién" chi ¢6 174,540 tham s6 véi dung lugng 681.80 KB, tic

gidm gan 50% s6 lugng tham so.

Bang 4.9 So sanh mic st dung tai nguyén gitta mo hinh gbc va KD_ArapUbi

M6 hinh S6 lugng tham s6 | Bo nhé

M0 hinh Gido vién 346,186 1351.68 KB
Mo hinh Hoc vién 174,540 681.80 KB
Mb hinh KD_ArapUbi 174,540 681.80 KB

Mic dii kich thudc nhd hon, "m6 hinh Hoc vién" khi dudc huén luyén véi chién
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lugc chit loc tri thiic van dat hiéu suét cao, tiém cin "md hinh Gido vién". Viéc giam s6
lugng tham s6 khong chi gitip gidm chi phi luu trif ma con lam ting tdc do suy luin, dic
biét hitu ich khi trién khai trén cac thiét bi c6 tai nguyén han ché hodc khi x@ ly cac tap
dit liéu 16n. Piéu ndy minh chiing cho tinh hiéu qua va kha ning ting dung thuc té ctia
phuong phép chat loc tri thic trong bai todn du doan vi tri ubiquitin hoa protein.

4.3 So sanh mé hinh dé xuét véi cic cong cu hién cé vé du doan Arabidopsis
thaliana

P& danh gia kh4 niing va tinh thuc tién ctia mo hinh du dodn dé xuit, viéc so sanh
hiéu suit cia m6 hinh dé xuét véi cac cong cu du doan Arabidopsis thaliana hién khéc 1a
can thiét. AraUbiSite [13] va ArabidopsisUbq [72] 1a hai cong cu du doan Arabidopsis
thaliana méi nhat. Do d6, NCS st dung hai cong cu ndy d€ so sanh véi md hinh dé xuét
trén ciing tap kiém thi doc 1ap. Két qua trong so sanh hién thi trong Hinh cho thiy
mo hinh KD_ArapUbi dé xuit ¢6 hiéu suit t6t hon, dat do chinh xac 0.863, MCC 0.724
va AUC 0.923. Két qua nay khang dinh kha ning manh mé ctia mé hinh trong du doan
cac vi tri Ubiquitination.

Hiéu suit vuot trdi ctia moé hinh KD_ArapUbi so véi cac cong cu du dodn
AraUbiSite, ArabidopsisUbq dén ti kién triic hoc chit loc tri thifc két hop v6i embed-
ding dong. Cu thé€, KD_ArapUbi st dung mot "mo hinh Gido vién" manh mé, da dugc
huin luyén trén tap dit liéu da loai giau tinh khai quat, dé truyén dat tri thic hitu ich cho
"md hinh Hoc vién" nhe hon, t6i uu héa riéng cho Arabidopsis thaliana. Thong qua qua
trinh chat loc tri thitc, Hoc vién khong chi hoc tif nhan that ma con tiép thu thém “tri
thiic mém” (soft labels) tif "mo6 hinh Gido vién", gidp ting cudng kha ning phan biét
cac vi tri Ubiquitination. Kién triic Bi-LSTM ctia "md hinh Hoc vién" dudc lua chon
nhd kha ning hoc ngit canh hai chiéu trong chudi protein, ddm bao hiéu qua cao khi két
hop véi co ché chat loc tri thic.
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Hinh 4.8 So sanh mé hinh dé xuét va cic cong cu du doan Arabidopsis thaliana
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Embedding dong dong vai trd bd trg quan trong trong viéc nang cao hiéu qua mo
hinh. Khac véi cac phuong phap embedding tinh truyén théng, embedding dong cho
phép md hinh tu hoc biéu dién t6i uu cla cdc axit amin dua trén ngit canh va ciu triic
chudi protein, tir d6 giam thi€u mit mat thong tin va ting tinh linh hoat. Dic biét, khi
tich hgp vao md hinh hoc chit loc tri thiic, embedding dong gitip két ndi hiéu qua giita
tri thic téng quat tif "mo hinh Gido vién" va bi€u dién dic trung tinh chinh phi hgp
véi dit liéu Arabidopsis thaliana. Chinh su két hop gitta kién triic hoc sau Bi-LSTM,
embedding dong va co ché chat loc tri thiic da tao nén Igi thé vuot troi cho md hinh
KD_ArapUbi, gitip né dat hiéu suit cao hon so véi cac cong cu du doan hién cé.

4.4 Phan tich so sanh tdng thé bon mé hinh dé xuit trong luén 4n

Trong luén an, b6n mé hinh du doan PTM (RSX_SUMO, CLW_SUMO, CBiL-
Succsite vd KD_ArapUbi) dudc dé xuat véi kién tric va muc tiéu khac nhau, phan anh
su da dang trong cach tiép cin bai toan.

108



Bang 4.10 Panh gia so sainh bén mé hinh dugc dé xuét trong luin 4n

M&b hinh RSX_SUMO CLW_SUMO CBiLSuccsite KD_ArapUbi
Hoc mdy t6 hop o o P )
Hoc sau lai Hoc séau lai Hoc chat loc tri
Ky thuat xay dung mo (XGBoost, . /
hinh (CNN-LSTM) | (CNN-BILSTM) thic
SVM, RF)
Vector dac trung
thu cong L Embedding Embedding
Embedding tinh R i R .,
(AAlndex, N dong (16p dong (16p
Phuong phép ma hoa (Word2Vec tién i i
dit ligu va trich chon CKSAAP, huin luyén) embe/ddmg dugc embefidlng dugc
dic trung BLOSUMG62, ’ huan luyén) huan luyén)
Word2Vec)
o ) 4,387,000 5,859,281 451,025 (1.72 | 174,538 (681.79
Tong so tham so
(40.3MB) (22.35 MB) MB) KB)
o 4,387,000 302,081 (1.15 451,025 (1.72 | 174,538 (681.79
Tham so huan luyén
dudc (40.3MB) MB) MB) KB)
Thoi gian huén luyén Cao Cao Trung binh Thap
Phii hop véi dit liéu Han ché Viua,l6n Vua Han ché,via

Dua trén Bang c6 thé nhan thidy: Bén mo hinh dudc dé xuét trong luan dn
thé hién su da dang vé ky thuat xdy dung mo hinh du dodn va phuong phap ma hoa dic
trung, qua dé phan 4nh cic hudng tiép cin khac nhau trong du dodn vi tri bién ddi sau

dich ma.

Cu thé, RSX_SUMO sii dung t& hop cac thuit todn hoc mdy cd dién (XGBoost,
SVM, RF) cung véi tip dic trung ly héa dudgc trich chon bing phuong phap thi cong
nhu AAlIndex, CKSAAP va BLOSUMS62, gitip md hinh duy tri dudc tinh dién giai cao
va phit hop vé6i cac tap dit liéu c6 quy md han ché. Trong khi d6, CLW_SUMO va
CBiLSuccsite khai thac stic manh ctia mé hinh hoc sau lai, két hop giita mang CNN va
LSTM/BiLSTM nham tu dong trich xuit dic trung ngif canh trong chudi amino acid.
Dic biét, CLW_SUMO tan dung embedding Word2Vec tién hu4n luyén, gitip ting kha
ning bi€u dién nglt nghia nhung doi héi chi phi tinh todn cao hon. Dic biét, CBiL.Succ-
site dudc cai tién bﬁng viéc st dung embedding dong dudc huin luyén truc tiép trong mo
hinh, qua d6 nang cao kha nang thich tng véi dit liéu dac thu va giam do phuc tap so véi
CLW_SUMO. Cubi ciing, KD_ArapUbi dai dién cho huéng tiép can hién dai hon biang
viéc st dung k¥ thuat hoc chét loc tri thiic va phuong phap ma héa embedding dong
dudc huin luyén truc tiép trong md hinh. M6 hinh nay c6 s6 lugng tham s6 nhd gon, tbi
wu vé hiéu qua tinh todn va kha ning khdi quat hoa, dic biét phii hop véi cc bai todn ¢
quy mo dit liéu vua va nho.
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Nhin chung, theo trinh tu phét trién, cdc md hinh trong luin 4n khong chi mé rong
pham vi ting dung sang nhiéu loai PTM khac nhau ma con thé hién su tién bo tuan tu vé
mit k¥ thuat va hiéu qua tir viéc cdi thién do chinh xac, t6i uu cach biéu dién dif liéu,
dén tiét kiém tai nguyén va riit ngan thdi gian huin luyén. Diéu nay cho thdy mot dinh
huéng phat trién nhat quan, dong thdi khang dinh tiém ning dng dung cao clia cic md
hinh dugc dé xuit trong ca nghién ciu ly thuyét 1an thuc tién sinh hoc tinh toan.

4.5 K&t luan chuong 4

Trong chuong nay, NCS da dé xuét va phat trién md hinh KD_ArapUbi, mot kién
triic hoc chat loc tri thifc ing dung cho bai toan du doan vi tri ubiquitination trén loai
Arabidopsis thaliana. Bing cach két hop giita “mo hinh Gido vién” Bi-LSTM manh mé,
embedding dong va “mo hinh Hoc vién” gon nhe hon, KD_ArapUbi da dat dugc hiéu
suét vuot troi so véi nhiéu phuong phdp truyén théng va cong cu du doan hién c6, dong

thoi gidm dang ké s luong tham s can huan luyén.

Bén canh d6, viéc so sdnh va ddnh gid bon mo hinh khic nhau (RSX_SUMO,
CLW_SUMO, CBiLSuccsite va KD_ArapUbi) cho thdy su da dang trong cach tiép can
bai toan. Cac md hinh hoc mdy truyén théng dem lai d6 6n dinh va tdc do xi 1y nhanh,
thich hop cho dit liéu nhé. Cac mo hinh hoc sau lai khai thac tot ca dic trung cuc bo va
toan cuc, song doi héi tai nguyén tinh todn 16n hon. Trong khi do, hudng tiép cin hién
dai v6i hoc chét loc tri thifc da chitng minh kha ning t6i uu hod, vira giam chi phi tinh

toan, vira duy tri hiéu suét cao, phit hop cho cac ing dung thuc tién.

Tt d6, ludn 4n khang dinh gid tri khoa hoc khong chi & viéc dé xuit mot mo hinh
méi c6 hiéu ning vudt troi, ma con & viée cung cap géc nhin toan dién vé uu, nhudc
diém va bdi canh st dung clia cdc mo6 hinh du doan PTM. DPay la cd sé quan trong dé
dinh hudéng phét trién cdc cong cu tinh toan hiéu qua, phuc vu cho nghién citu va tng

dung trong sinh hoc tinh toan.
Mot phan ndi dung trong chuong nay da dudc NCS cong bd trén tap chi dudi day:
[CT8] Nguyen V. N., Tran T. X,. Nguyen T. T, N.Q.K. Le. (2024), Enhanc-

ing Ara- bidopsis thaliana ubiquitination site prediction through knowledge distil-

lation and natural language processing. Methods. 232: p. 65-71. DOI: https:
//doi.org/10.1016/j.ymeth.2024.10.006. (SCIE Q1 IF: 4.2).
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KET LUAN VA HUONG PHAT TRIEN

Trong luan 4n nay, NCS da tap trung nghién ctiu va phat trién cdc mo hinh cai tién
nham nang cao hiéu suit du dodn cdc vi tri stta ddi sau dich ma (PTM) trén protein. Cu
thé vé6i viée dé xuit kién tric Hoc may t6 hop vé6i dic trung lai ghép, mot s6 kién tric
M0 hinh hoc sau lai, hoc chat loc tri thiic két hop ky thuat NLP mdi gitip cai thién hiéu
suat cia 3 PTM (SUMOylation, Succinylation va Ubiquitination).

A. Céc két qua dat dudc ctia luiin 4n

Luan an co ba dong gop chinh sau:

(1) Co s6 1y luéin va téng quan hé thong: Ludn dn da hé théng héa, phan tich va
so sanh cac phuong phép tir truyén thdng, hoc mdy t6 hop, hoc sau lai cho dén ky thuat
xt 1y ngdn ngit tu nhién (NLP) trong bai toan du dodn PTM, qua d6 xdy dung nén tang
khoa hoc viing chic cho cdc nghién citu tiép theo.

(2) Khai thac NLP cho dur liéu protein: Luin an da chiing minh kha nang tng
dung va hiéu qua ctia cac ky thuat NLP trong viéc biéu dién ngit canh ctia chudi protein,
gidp vudt qua han ché cia dic trung thii cong va nang cao do chinh xdc trong du doan.

(3) Dé xuét va phat trién mé hinh méi: Luan 4n da dé& xuit bén mo hinh PTM
v6i hiéu suit cao, trong d6 c6 cdc md hinh lai két hdp hoc sau véi NLP va dic biét 1a mo
hinh 4p dung hoc chit loc tri thifc cho Ubiquitination, phit hdp véi bdi canh dit liéu han
ché va moi truong tinh todn han ché. Cu thé, bon dé xuét chinh gom:

- Pé xuét mo hinh du dodn vi tri PTM (SUMOylation) dua trén hoc may t6 hop va
cac dac trung lai ghép.

- Bé xuat hai mo hinh du d6n vi tri PTM (SUMOylation va Succinylation) dua trén
ky thuat hoc sau lai ghép va ky thuat xt Iy ngén ngti ty nhién.

- Pé xuit mo hinh du doan PTM (Ubiquitination) dua trén hoc chat loc tri thic va
ky thuat xtt Iy ngén ngt tu nhién.

B. Nhitng diém méi va y nghia ctia cic két qua nghién citu

Nghién citu da dé xuit phuong phap ma héa dif liéu st dung k¥ thuat NLP, phu
hop véi dit liéu protein cu triic bac 1, dong thdi tin dung dudc siic manh tu dong hoc
dic trung ctia mo hinh hoc sau. Piéu nay gitip cai thién dang ké kha ning bi€u dién dit
liéu, t6i vu héa qua trinh huin luyén mo hinh va nang cao hiéu suét du dodn.

Bén canh d6, luan 4n da dé xuat mot s6 md hinh tién tién d€ du doan vi tri PTM véi
hiéu suit cao, trong d6 c6 RSX_SUMO, CLW_SUMO, CBiLSuccSite vd KD_ArapUbi.
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Cac md hinh nay déu ing dung k§ thuit ma héa chudi protein biang NLP, gitp khai thac
tot diic trung trinh tu protein. Hon nifa, kién triic clia cic mo hinh dé& xuit da phat huy

stic manh ctia nhiéu mo hinh hoc mdy va hoc sau, tif d6 cai thién hiéu suét tong thé.

Mot s&6 md hinh hoc sau lai diic biét md hinh hoc chét loc tri thic khong chi gitip
nang cao do chinh xac ma con c6 kha nang tu dong hoc dac trung ti di liéu tho va thuc
hién qu4 trinh hoc end-to-end. Diéu nay gitp giam thiéu su phu thudc vao cic phuong
phdp trich xuit dic trung thi cong, dong thdi ddm bao tinh téng quat va hiéu qua ctia md
hinh trong bai toan du dodn vi tri PTM.Cé4c mo hinh dé xuit khong chi mang tinh hoc
thuat ma con cé y nghia thuc tién, hd trg cac nha nghién cifu vé sinh hoc phan ti, dugc
s, bac si rit ngin thdi gian trong viéc phat hién, phan tich céc vi tri stta d6i trén protein.
Bén canh viéc cong bd két qua nghién citu, NCS ciing chia sé dit liéu va toan bo codes
chuong trinh thuc nghiém 1én nén tang Github dé& déng gép va hd trg tich cuc cho cac

nha khoa hoc trong qua trinh nghién ctiu, thuc nghiém c6 lién quan cuia ho.

Nhiing két qua nghién ctiu ctia luan 4n khong chi déng gép vao linh vuc du dodn
vi tri PTM ma con khang dinh tinh kha thi va hiéu qua ctia viéc iing dung cac mo hinh
Hoc mdy t6 hdp, M6 hinh hoc séu lai, Hoc chat loc tri thic va ky thuat NLP véi dit liéu
protein cau triic bac 1 trong du dodn vi tri PTM.

C. Huéng phat trién cia luin an
Thi nhét: Nang cao dé chinh xac ciia mé hinh

Mic dit cac mo hinh trong ludn 4n da dat dugc két qua dang khich 1& trong viéc
du dodn cdc vi tri stta ddi sau dich ma (PTM), van con nhiing tiém ning dé cai thién do
chinh x4c. Trong cdc nghién ciu tiép theo, can xem xét két hop thém cac ky thuat hoc
sdu tién tién hon, t6i wu héa kién tric mo hinh hoidc két hop thém thong tin dic trung
sinh hoc d€ cdi thién chit lugng du dodn.

Thi hai: Xi Iy vin dé dit liéu mét can bang

Dt liéu PTM, dac biét khi md rong sang cac loai PTM khac hoac cac loai khac,
thudng gip phai tinh trang mit can bang nghiém trong giita sd lugng mau duong tinh
va am tinh. Trong nghién ctu nay, NCS st dung cic bo dit liéu da dudc cin bing theo
cac nghién cttu trude. Tuy nhién, cac hudng nghién cifu tiép theo can tip trung khai thac
va so sanh hiéu qua ctia cac phuong phap xi 1y dif liéu mét can bang nhu oversampling,
undersampling, 4p dung trong s6 cho hAim méit mat, hoic st dung cac k§ thuét nhu focal
loss. Piéu nay khong chi gitip cai thién hiéu qui du dodn ma con ting tinh ing dung khi
trién khai trén cac bd di lidu thuc té.

Thit ba: M6 rong mé hinh cho du doan cac PTM khac

Lun 4n da tap trung vao mot sé6 PTM tiéu biéu nhu SUMOylation, Succinylation
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va Ubiquitination. Céc nghién ciu tiép theo c6 thé mé rong pham vi nghién ciiu sang
céac loai PTM khac nhu Methylation, Acetylation, Phosphorylation,... dé xay dung mot
hé théng du doan PTM toan dién hon.

Thi tu: Phat trién phan mém va cong cu hé tro nghién ciu

Viéc trién khai cac mo hinh du dodn vi tri PTM dué6i dang phan mém hoic cong
cu dé st dung cho cdc nha sinh hoc va nghién ciu vién sé gidp tng dung rong rai cac
phuong phap trong thuc tién, gép phan hd trg cac nghién ciu trong linh vuc sinh hoc
phan tf va phat trién dugc pham.

Trong qua trinh thuc hién luin 4n, véi hiéu biét con han ché, NCS rit mong nhéin

dugc gop y cla céc thay c¢o d€ luan 4n hoan thién tt nhat. NCS xin chan thanh cdm on!

Thai Nguyén, ngay .... thang .... nam 2025
Nghién ctu sinh

Tran Thi Xuan
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PHU LUC

Algorithm 5.7 Bagging

Pau vao: Tap dit liéu huén luyén D, tap di lidu kim thit Xieq
Pau ra: Dy dodn nhan cho Xy bing md hinh t8 hop E

—
—_ O

R AT o v

Khéi tao tip mo hinh t8 hop E = {E(D E?) .. E)}
Khéi tao tap cic bo phéan 16p don € = {¢(V,c?) ... ¢}
Xéc dinh s6 miu n = |D|
fori=1toLdo
Sinh mau bootstrap S @t D (ldy mau c6 hoan lai)
Huén luyén bo phan 16p C trén SO, thu dude mé hinh E ()
end for
fori=1toLdo
RY = E0)(Xeq) > Du dodn nhan trén tap ki€m thi
end for
. Result = ham t6 hgp {R(),R?) ... RW)} (da sb biéu quyét hodc trung binh) =0
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Algorithm 5.8 Boosting

Pau vao: Tap dit liéu ban dau D, tap di lidu kiém thit Xeq
Pau ra: Nhan du doan cho Xieq bing mo hinh t6 hop E
Khéi tao tap mo hinh t8 hop E = {E(D E?) .. ED)}
Khéi tao tap cic mo hinh co s6 C = {1, c® ... c)}
Xéc dinh s6 mau n = |D|

S 1a mot tap con ngiu nhién tir D
fori=1toLdo
if i > 1 then
S 1a tap cic miu bi phan loai sai béi mé hinh E(—1 trén §¢-1
end if
Huin luyén mo hinh C) trén SO @€ tao E()
end for
fori=1toLdo
R = EO(Xes)
: end for
Result =t hop {R), ... R} (da s6 biéu quyét hoic trong s6)

N S A LT~ S

—_ = = = =
B 72

Algorithm 5.9 Stacking
Pau vao: Tap dit liéu ban dau D, tap dit liéu kiém thi Xie
Pau ra: Nhin du doan cho Xieq bing md hinh 8 hop M

1: Khéi tao tip md hinh t8 hop E = {EM) E?) .. EWD)}

2: Khdi tao tap cac md hinh co s6 C = {c(V,c?) ... c)}

3: Xac dinh md hinh phéan loai meta K

4: fori=1toLdo

5:  Huén luyén m6 hinh E®) trén tap dit liéu D

6: end for

7. M={EW E®  EYU{K} > két hgp mod hinh meta vé6i cdc md hinh con
8: Result = Du dodn nhan clia X bang mo hinh t& hop M
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