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This research aimed to develop a machine learning based predictive model for
employee promotion using data from the Human Resources Management Division of Ocean Life
Insurance Public Company Limited. The study focused on 212 employees positions from 2019 to
2022. To achieve the research goal, the researcher investigated the efficacy of four models: Support
Vector Machine, Decision Tree, Random Forest and XGBoost. Feature selection was done through
Recursive Feature Elimination (RE) and Synthetic Minority Over-sampling Technique (SMOTE) was
used to address imbalanced datasets. The study employed an 80:20 data split for training and
testing the models. The Support Vector Machines model and the Random Forest model, with feature
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NANITUTZHUTIDLNALLLL 360 B9AN

naduNHDIAINATULNIINNIS

2. fanlennu Tonn nan1gUsuniniu deluanundeiidl 2 dseinm Aa dnu

o o | A [ o o |
N9 AU viTa T e un9 LSRN L

NTAULUIAA LUUIRE

U LW UILLILA18 89N 99U 8NN3 FUA UM IaenTINe U MI 196 UNIg
Ui uazldiaunistfusiumds Tnaldinatianiszauiresasasduarasiag iy

v o Yy [ o 1 o = o

nsaFuuuanaed Tnalddagyanistfusiumdaniinaut] 2562 - 2565 a1 212 AL 189
dreFvnminaansyans 13N Inaaymsilsziu@ian aadn (wunaw) Nan9svyaneiunig
UFusums vizaldenunisdiusumls Tnaddeyanudnsmeiaunn 14 padu

Tnedayanlasuuiazagugluuy csv file nasaniuastn lifiulugduuunims

1% a = (% d' [ o d' o o

(DataFrame) wazazldinAlian1s3eu1991A309 U365 19ULUAADANEYITWNEN31 5]
o 1 o dJ = ¥ ¥ a o A = s
FNWNUININIIY Salausen s Tilsunsu Python aaldmatindniaaniiaes (Feature
Selection) uazinaiian1sdnnisauliannaasdayaseiinisqusinatnuiunguiias
ANEN198519A2881949LAIIZI (Synthetic Minority Oversampling Technique: SMOTE) Tag

14 ﬂﬁﬂﬂ’]?ﬁ‘ﬂuqﬁ?"ﬂ‘ﬂﬂlﬁ?‘m Taun Support Vector Machine, Decision Tree, Random



Forest az XGBoost Tun1sunilynidsziny Classification n19dsziliuilsz@nininaag
o 73N . dl = a a
WULANaedas LA Precision, Accuracy, Recall, Wag F1-score WeldTeuineulse@nanin

PDIULILIANABY LROUIULILANADINHLs&NEN W WNNIIN U EIgagn

anyngulunisian

' o a

° RPNy a o A = - .
LLUU@W@@&WI‘%L%ﬁuﬂﬂﬂiﬁmL@@ﬂ‘V\lL@'ﬂﬁ‘ (Feature Selectlon) FANNUNAUANIT

f
I [

Aansanuliannateddaya (SMOTE) aviiuluuanaasdilsz@nsninuinigaduiunng

PNUNEINANITUTL AL
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UNnN 2
NUNIUITTUNTTH
Tun9adaniall fadldAnmenansuazanidaeiinaades uazlfinaueniu
Fdasalll
1. watlAnN3Eaui1a9ATad (Machine Learning Techniques)
o o asR dl a = % dl dl a o
WULANAe8aneTa NN I d i AllAN193eu309ATe9N 1 lie11adE
o 1 a| & .
nasdsudasraunwiaas (Feature Scaling)
n2AALARNNIaas (Feature Selection)
nisannsAN llannatasdays (Imbalanced Data)
N19USUANNIIRLRAT (Hyperparameter Tuning)

a o ¥

o o
NMUIFENENEIUDN

N o o &~ N

WMANANISIZAUFARILATEY (Machine Learing Techniques)
=~ o = . . = = a e A Y o
N191F8IU3I09LATEN (Machine Leaming) A N3ANHINININeNAIansNiNgadaaiy

o asR o QQdI Y a i a ¥ % o
FANBITNLALLULANABINNADAN M rUUARNAULAAFIUN19ANTENNNT TalafFaunanaaa

o ~ 1y A 4 A o Ak al v v o ' o 9 o
nsldnisizaufuaciaTay Ae WedanesouFauiinsasinatslaiudeyaarainnsniiey
o v o s 1 1l o af dl dlddl dl 1 %3 as
Audeyalilnadnluds weluddanasonuunlauuunilenanga easainusasdanesonaz
T unsvinunavisadaalunisindulaeendanislddayanunnsneiy (Mahesh, 2020)

AININLTENAL 1

Machine learning

techniques
Supervised Unsupervised Semi-supervised Reinforcement
learning learning learning learning
v v

Concerned with Concerned with Conc_eined “;lth

classified unclassified lmuffj'“:l! © d No data
(labeled) data (unlabeled) data classitied an
unclassified data

NINLFENDU 1 WNUEIAHNLANFANNTBNATANTIUTUDILATE

AuA: (Mohammed et al., 2016)



= v a v . . a = Y A X
1. mmﬂugl,muugmu (Superwsed Iearmng) mmﬁmmﬂugmmmeﬂizm‘wu

[ %

= " o v & = o o A 1y
HUANNIT AR NITNTUNENRANED (Target) IﬁﬂL?ﬂug@’]ﬂsﬂﬂm@V]Nﬂ']??tuﬂ?glsﬂwmﬂﬂzlj@

a

(Labeled data) Bausasiian wikaanly 2 Usvnn Ae
1.1 naauundszinn (Classification) MiNaustTyymnfasnisuagnsaanui
dunguvsatssinndaya a1y n1eiunaRanIIBEuIeinANE, NsaLuNLdaing

W14

1.2 nsaAsneWnisnnnes (Regression) Minaudynfsaansuadang

1
a a

aanuNILTUAFAL AT AABLHAIAY AT N1INIUILTIANNRY, N1TNNUNLLFIeaNT AU

TN iy

s a = ¥

= ¥ ¥ . . dl
2. ﬂﬁﬁ?L?HugLLUUiNNQ@@u (Unsupervised learning) (MAUANITLTEUTIDILATA

Uszinnil Andnnng Ae N1svunENaang (Target) TnaBauiandeyain lilinnsszytlszinm

U

v
v

da3a (Unlabeled data) aasdayald wivaanlaiiu 2 dszinm il

2.1 nsutiengudaya (Clustering) Hlunisdnnguiayaniaaiupdnaiuly

U U
1 ' = o a g o 1 a aa
agflunguiAeniy @19ty n1sRNguaeIAaLamle

2.2 NMIMANNANNUSIDITRYA (Association) LUN1FAMINIANANUT YRS

% Y o

outlslugadaya (Dataset) o#ikdu nsm@udngnAsinazmenianiu

a

Sy =< 9 1 . I N oy =
3. M9FEUFUULNINEARY (Semi-supervised learning) NATIANI9EEWIIDILATE
Uszinnil Huannig Aa Gouilaslddeyananinisszuilszinndeya (labeled data) uazlid

a

nsszlszinndaya (Unlabeled data) ldinaadnegiuuuimunzanlunisanuundeya o

1
=

doulunydeyanldiiudeyanlifinisszylssinndaya

4. N19FUFLLLLATN WIS (Reinforcement Learning) MATANIITUI109LATE

]
%

dszinnil 8uannis Aa Geuflaslilddaya aelddounu (Agent) nszvinnisdndulaiive
=

wAtaymnaniunisalsne Inalduszaunisaluragainaninuindentiug daudaznis

6"

o a ¥ d‘ o dlddl v a 1 ¢
N3LNNAzNNIg ALY (Reward) wawmwwmngmlummmﬂtym BINLTY YULLUP

LAZLBALN Goal WU



WULANABIEANATENT M LWNATANISIFE USRI ATRIN 1D luaUIAY

o o a dl ¥ a = v dl a o d’j a = v
LLUU@W@@G@@ﬂ@?ﬁN‘WI’ﬂL‘VIﬂuﬁﬂ’]?L?ﬂ%g‘ﬂ@d%imud’mﬁﬂﬂu umatia N7LI8IUg

dl a v . . dl o . .
UBILATANLULNEADY (Supervised learning) Falunigannunlszing (Classification) 4

WLILANA8 b Support Vector Machine, Decision Tree, Random Forest Loz XGBoost

[ %

1. Support Vector Machine (SVM) 1 uutuuanaasidvannis Ae @a5194u

|
= 1

(Hyperplane) Wiauisdayaninszansatuu feature space aananiu tnagainsvezaay

oA

(margin) B9iduULNNTEEZIBUNIN (Maximum margin) TaRananlunisdntlssinndayan

1
[ %

Beaziianad (Singh et al., 2016) Asnndsznay 2 Tnaldannisiniunsiaulssiie laun
wT #a Arsinwiin, X; Ao AUANEz8991an19h [, b Ae A1luwea (Bias) uas I =
1,2, 3 ..., N fluaessnanisi [ 1esgadays aeannisi 1

wlix; +b=0 [1]

i} “ Maximum
s margin
v N
\\

) X

v

ndsznayu 2 nnsuingndaya 2 Usvinn Acsiduuiis maximum margin
A https://medium.com/@cdabakoglu/what-is-support-vector-machine-svm-
fd0e9e39514f
2. Decision Tree {luuuuanaesizandsulinisindulaivdnnis Ae adengnis
=) o ¥ % % v o o 3 v a I A
Andula Ingauundayadlulaseaineduld uuuaidudunisdindula Tneiluuausnyse

TuunuugAENIN Root node ludauisfurzaRaulausn Lazunnuaus (branching) Y1141



|
o v =

nasinaulaldsaanlaarsudallaunalvunly Fandn Leaf node daiilunasnwianvinai

q

o Y o
‘V]’]‘Lﬂﬁl‘ﬂ‘ﬂﬂlﬂll@ mannlsznau 3

Class A|] |Class B Class A| |Class B

Anilsznad 3 dumpanaes Decision Tree

#x7: (Uddin et al., 2019)

1 2
A

3. Random Forest Huuuua1aasANanNg A @319 Decision Tree TUNIMANL"]
v 1% | ° . = v = ¥ [y
s Ineadaya (dataset) AzHNUN19%N bootstrapping san sgudagauuLaanti s uay
= e dl o | a ] . . A ]
Wiaad (feature) NN 1dluNTULINALIAAN3MY random feature projecting 178N134NTA

= o ‘ ] Z P = c 1 B A o =

1asians Ae lunisutivuiazafaaziuA subset 2a9Wiaas win1lu AuNldlun1991une ag
M lilasuldnldwlounu lnanadnsaesnisinuaazlsainualuaanuinign (Majority

Vote) ansiuliinane) siu danmdszney 4

Dataset

Random subset Random subset Random subset

Class B)[Class Al [Class B Class B/|Class Al |Class B Class B||Class A |Class B

v
Anisenat 4 TUAaUEY Random Forest

#Au: (Uddin et al., 2019)
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|
aa

4. Extreme Gradient Boosting (XGBoost) iuuuLa1aasiinann1snwmuInIann
wAllA Gradient boosting Ineld1anN19999 Ensemble Learning Method Tunng Boosting
o = v = v o . Y v o = o
ANNINUTenay 5 WNBATINNITLTEUIUANE ] B9 (Multi Learner) bINAIENW AB NI1TUN

. v = v o A ' .. a v
Decision Tree a8 AL NILTHUUIFAD) NU TneNuFas Decision Tree ATLTLUIAN
Y a . 1 ¥ o [ 1 o o a dg/ dl' 4'
ANANAIALRY Decision Tree NAWUNN NN AN NLHREN WA IUNIERNINTREaE EN

° a o A L. = ' ~ o = = '
LLUANABIAENEALTENgIND Decision Tree TANNNANAITUAUN AINANNINNE LAY b

2 Y a L. ] 1 v a Y v o
maﬂgﬂu,‘uu (pattern) 1avUBNANATARIN Decision Tree ﬂﬂuuuﬂmiﬂugum N

Awilsznad 5

Boosting

data

weak
classifier

weak
classifier

/

weak final
classifier model

(@

N\

MNUTENAL 5 NNINNNIUAANNTT Boosting

AN (TITIPATA, 2018)

msUsutasrauanWLaas (Feature Scaling)
o 1 a| '8 dl Z’, al U U di
nstlfutasae e fidunisludunanassnisasoudayalinuizas e
P ldadquuusanassvizalszunana tngayulasiiaasiidusaandaauamnsaii T
o = o v o 1 = s ] v a a .
aaneluaauALRLatY danadni1sliudasrauaNeafazin liannisRnaAi (bias)
dl o v o dl v d?-/ a o a v ] v
Aa1aazi I LLLUA1aa9N 45193 U ANIIIUNERAN AN A tA LAz TAaaA a1 luN194 574
o dl % = [~3 o Y o PV ~1 dg/ dl o 1
LULA1899 LHasaIngadayaarlauinianas vinliauanslimsaau denisdiudasaaiias

Aiaasfiinatia (Zheng & Casari, 2018) laun
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1. Min-Max Scaling lumatianlsudasnauianiiaesliag lugag [0,1] wnziu

a A

Niaaf T AaaUnd (outlier) vided]

A a

ARALNG (outlier) Was TagldaunisinInuasianLls

|
{ ¥ =

sinae lun min(x) fe Afidesngaluilines uaz max(x) e Afininiigaluiiaes

FARNNTN 2
~ x—min(x)

X = max(x)— min(x) (2]

2. Standardization ¥i3@ Variance Scaling \{lumatiandsudasaauniiansias)

a

Tuda9p1L@Aas (mean) WinAU 0 WAy zq'qul,ﬁﬂuuummﬁm (standard deviation) infiy 1

feazdae deyainnunfzauiaulaieay muiziuiaesanisnszanasianng (Normal

distribution) tng/ ldann1sNfi1vuafautlssing liun X Ae Anadsteiiaes uaz 0 e

! dl = c o dl
@QMLUEQLUMNWW?ﬂWHﬂ@QWL@@? PNANNITN 3

X = — [3]

nsARLARNNLARs (Feature Selection)

nzAanaenWmefidumaiAnisanis (dimensionality reduction technique)

I
o o

' ~ = ol Ao Y Ay A ' o °
Q@HQMNWHLWﬂﬂ’WmWLﬂ‘ﬂ?‘ﬂiummmm Gilakifapy! WiNN@Qu‘ﬁQﬂluﬂq?@?’NLLUU“]W@@Q@@T] Imﬂ

o=l =

ALAAADNNIRATNNANNENANUS (Correlation) gany label kazAnWians AANNAUR U

o dl

Wee aen e lfuunsaesiilszAnsainunntu Wennausiugig ﬁu Ifiaanlunng

AUILARAY TTaeriun1s Overfitting wazdaaliuuuanansadunelinau anuisoudels 373

wan<) aanndsznay 6 Tun

-3 o -8

1. Filter Methods Wlunnsdniaaniiaasinagaauingadasseninaliaasiasua g

1
adaa

TN laasniAuinadastasgaznnAnaan i N 1985190 ULa1a99 190 A9 LHWATNH

u

ANEIALE NNzAudayanANae fAIuILNIN LAZTINITATUIUMNAINIAIT T8

v
o ==

= e a o [ Y o o v a A = 1 o

CLERTHRCES L] @qwﬂ,ﬁ’lummhmwmﬂﬂumimmm UBLAL AR WL@@?LLW@tme@zQﬂ
[ dl ¥ v o g o o Z// = o’d‘ ¥ 1 -dl o ¥
AAAZLLUBAINNLNAAUDILENAUNURATINLUULANN A @QLLLL‘V\IL’Q@?Wi@@’]@i&lLMN’]ZV]@ZZH’]T]JI“T]

lunnsafrauuuanassls 1w Correlation, Chi-square, Mutual information sy

A

2. Wrapper Methods wunnsA m@@ﬂwm@ﬂmﬂmmum@’mmmﬂuﬂmmM@‘u

¥ d

v o a A 9 a A a o o
"ﬂ’mﬂ’]?@?’]\‘iLLUU’Q’]@@QVIL@@ﬂT’J amn AR LﬂuQﬁVWﬁWL“‘WJ?VILMNW&@NﬂULLUU@’]@@GI@HMN
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Y o A s A " ] ) = o o
4a1de An AANL@eaNay Overfitting N1NN9N Filter Methods BNS1ZHNTATUILUANEI AT
waz ke lunN17ANWIBININNAN Filter Methods 1t Forward Selection, Recursive Feature
Elimination (RFE)

3. Embedded Methods LiUn13ARAAN A asAUN LA NN AN A NLLLRN A8
Wladsc@nsaiwuinngaaneNniavainauuuanaad 1y Decision Tree, L1

. . vy a A v rdld dl % o ¥ o LY
Regularization a5 Aa 1AW aasniaauinasdasiunisaiteuuuaiaesgy wazldinan

ATUILLRLNINAE Wrapper Methods

Feature
Selection

| )

Label Search
Information Strategy

Y 4 r k. r

Semi-

. Unsupervised
supervised

Supervised ‘ Wrapper Filter ‘ Embedded ‘

nwilsznall 6 33019 Feature Selection

#Au: (Miao & Niu, 2016)

n1sann1sANNiaNAaUasTays (Imbalanced data)

Toyvngadeyanliannaiia Aa 414U Class UHaNAIWIUNINNTNEN Class Wil

'
A o

WaiaruliannaresadeyaaziiuuuaIaeeBeuidayaniaiuiu Class 81Nn51 M1

VAAAN179AR (bias) WATNARNEUAINITNIVILATAANNTIY Class NRHNINNIN Baazn 1l

UszAninnresuuuaiassaniaaad Inawmalianisdanisiudeyainliannainanismi

] ¥

Oversampling A9 WATANIIGNIANAWIUAIBENITRsaT09 Class NHA WUl Inaay
=

v

Windaya lWivindy Class AA1wuNINNg1 WaliHAuumnAY wse nAlANII
Undersampling Ae N13N1sguanauausaat1efayaaad Class da1uaunnnd lnaay
o Y 1w Ao o o P vl o Ve
andayalilyiniu Class NdAuouties e lidauauiniu
udseiazlfinaiia Synthetic Minority Over-sampling Technique (SMOTE) iy
NATANNIENFAYBENIULL Oversampling WUl Iagvinnnsgusnetnauuudanszidaya

unn lulandayainnndagaa Class NNAuUTas 191anN13 K-neighbors #3an19mn
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1 b4
¥ o % ! ¥ ]

o y o=l = o y  Aa
LW@‘HU’]HVIN?::EIZITW@V]Q@ Iﬂﬂ‘ﬂ@&l@@\iLﬁﬁ"]ﬁﬁ@ﬁ"]ﬂ‘ﬁui‘féﬁ')’]\ﬂmﬁ;{@@ﬁLLZ\]Z?LW@HII’]‘LW]N

a

' Y P% 1%
al o 4

ol o v A v =K = = o ' v o
?zﬂzlﬂ@ngmmmmu Kk W1®L@@ﬂ1q snwumuu%mmaémsm‘wmﬂmmumwﬂmmmu
¥ ISR !

daya’lu Class NHHaandnviniuatusudaya’ly Class NAN1INN31 (Ramyachitra &

Manikandan, 2014)

msUsuATWIsIRLARS (Hyperparameter Tuning)

Wunszuaunislunisafeuartiulauuuanass iennAmnsdnes (parameter)
nangaliiuuuua1aeedue il sz@ninanaesuuuanaas (Owen, 2022) Inadl

a o/ a b 1
WATAANT 3 wAtA Tawn
aal % I RPN °

1. Manual search 1435019150 r" Hyperparameter N1 A2 10 G 1 Uy LA L
Uszaun1sniredgnaseuuuananss InaimaaauLLLAIABAIAT Hyperparameter 7
o o 1 dl 1 Yo dld
e wazliuAl Hyperparameter lilises < aundnazlipnnemela

2. Grid Search L1 u38n191U Fu AN Hyperparameter a1NN1TNIVUA AN

{ o

[ o 1% 1 ' .=i o [
Hyperparameter buaa Tnaazinn1sAumnA Hyperparameter mnmmmuumimﬂmﬂu
o = 1 dl o % o = a a dl dJ v 1
LU LITN BN LL@%L@@H@W‘W‘W{L‘MLLUU@’]@@QQJﬂ%&V}ﬁﬂ’WW’QQVI’Qﬂ Sﬁwﬂmmmum%mu

Random Search

3. Random Search 11 435 n 191 §u A1 Hyperparameter w11 1N 194 3 AN

Hyperparameter AanANNMUA 1Y NaaeuALLULAIa898 W U9NAY Hyperparameter N4

a

Bunnliuuuanaeslsz@nsnanandnmn Hyperparameter Taqiiu a1 e
% ¥ 1

Hyperparameter 1 187 A8 41N170AUNIAN Hyperparameter A laagnasaniia daide

P N Ao = P
A analularn Hyperparameter Nangn mmmmﬂummum Hyperparameter

Ao oS o
UAAEANLNEIUBN
a o dy ¥ o =) v 3 a o Adl dl ¥ [

NITNUNIUITTUNTTHUBAINTU F;Iuiﬁ AMNITANIAUAINNIUIREUNLNEAUBAINUNNT
o o o 1 o a o dl dl v = = [ % dg/
NUNEUFUAN NN RIAEUANNLITRIHINEAZIRE A A9T)

1. UNANNERS Employee Classification for Personalized Professional Training
Using Machine Learning Techniques and SMOTE (Kaewwiset et al., 2021)

a o aal/ o =S aa o o o 1 o ¥ a = v
UARLUNINITANHITITNINIUNENTUFUAULNUIN N Tmﬂhmmﬂmmﬂug

289LATE4 3 WUL AB Decision tree, Random Forest a e Support Vector Machines LLag
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uwiegadasya training set uAT test set NWANFINAY 3 Ngu AR 80:20, 70:30 wAT 60:40 Tay
Tuwsiaznguazin SMOTE fugadaya uazlivin SMOTE
AMNUANNFANEINLAINIINN SMOTE Augadayaliaaiuusugnuinnainislaing

1 o

SMOTE LLaszmm’I@H@ training set LAY test set 1 80:20 lﬁ'ﬁfs’lmu\luﬂ’]@l\?z\m Tag

o

LULA1889 Random Forest 1uuuLANa09NH AN U UE1g94ABEN 96.32% T4N19917
SMOTE fiugadaya aunsndiulgsannuudutnligegnie 4.80% Wemauiunislig
SMOTE

2. UNAINEDY Employee Promotion Prediction by using Machine Learning
Algorithms for Imbalanced Dataset (Sahinba$§, 2022)

a o d” o = ad o o o 1 % ¥ & a
NUIRLUNINTAN BTN SUALUanTnwlag lfinesin1sd sz
o o o ' o a = o = -

winaulunisdfuaiunids InaldmaliAn19EauireaA7ed 3 LWUL A9 Support Vector
Machines, Artificial Neural Network ua Random Forest Iaeilinnsdannsiugadayai b
ANAA 2 WL AB N19917 SMOTE Wwazn13ii Random Over-Sampling

ANHANITANEINLINWLLUA1a89 Random Forest iluuunaiaasiidss@nsnan
494M A0t accuracy Bt 98%, precision Bl 96%, recall Bl 100% Lay f1-score aej
98% WiANMALUNIIMN Random Over-Sampling

3. UNAIINERY Prediction of Employee Promotion Based on Personal Basic
Features and Post Features (Long et al., 2018)

NUAdERAINI9ANENTENN e FU A widaniineu e lddeyaaaaniingnu
asAnsigiamnalulsuinaan MdmeatiannsFauiuedieies 6 wuu Ao K-Nearest Neighbor
(KNN), Logistic Regression (LR), Support Vector Classifier (SVC), Decision Tree (DT),
Random Forest (RF) waz Adaboost Iagiarin13aiiiunig 3 uan Aa

:// dl v = e’d‘ v dgl 1 ¥ 3
Tunaun 1 aireiimeimiduieyaiugiudiuynna uazdeayaniunagng 5 Usznns
o .

v 1 ' A A 1 |9<-; A A & A A 1 A
l/Lﬂl,l,ﬂ nagng 1 /A8 L@’ﬂﬂﬁﬁﬁ/]illsﬁﬁ, NAgND 2 AB L@ﬂﬂiﬁﬂﬂ, NAagNg 3 AR BANANGIAANTD

3

18 A o 1

r;il’ﬁqm, NAgNE 4 Af BLANUIBAIFNT) UAZNAENS 5 A ATUITUAIINILANANIEUINABITY
Fupaud 2 AraseLTiaes uagAinm LR NS (correlation) 31319 1ae s
FunoUT 3 AFLLLISIABY NARDLILLLIANAB] wazATziAugAtyIasiaas

AINNANIIANHINLALLILIS1889 Random Forest ifULLILSNa09R R AL Lai1EN

494n2E N 90% AN 6 LULAIASY LHEN1IATIAARLANNYNFBITasIAa fFina7] ATuaniAY
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Gini 9a4usiaziiaafinadiaziiiusn nudWaasdeyaniunagns 5 dsznisluanseny
o o o , oA A o A Y X \ = o
Aunsdfusiuniannndnilemeuiuiiaesteyaiugiudiuynana uazainiaesianun
ANUIUTIN1INNIY FUAURTLANE 1Y LATILALIUNUNANGARINANTENLAENNNINALINNG
Ususumids

4. UNAANNERY Promotion Classification Using Decision Tree and Principal
Component Analysis (Kaewwiset & Temdee, 2022)

a o a’lj o = asl o o o 1 o ¥ a = v

NUAKEEIINNANEIABN 19 wRNNsUFUALMentInu TneldmatinnisiFeng
289LATEY 1 WLL A8 Decision Tree WAZYN Principle Component Analysis (PCA) Tm%ﬂﬁﬁﬂ
dayailla Human Resource Analysis Case Study dataset 10 Kaggle 1 atil3aiie
Usz@ninnaesuuuanasd iedn1sldWmeTuansneiu 3 uuy Ae MWwefiavun, 14

= [ 5% ] ¥ = It a a o ﬁ =
nzinesiayadouyana warldianiziiaesilss@nininnisineu lnevs 3 wuy dnns
1N PCA uaz 11 PCA
=] 1 v = [ a a o al o

ANUANITANEINLINNIT MeneWIaeflss AN SNINNITNNUENANTENUALINIg
diusumdsnnnndudleisuiunsldiannsliaeifayaiiugiudiuyang uaznisldniaes
2’/ o o dl v = o a a o ¥ o ©
Mauue tngluua1aes Decision Tree Waldianisiiaaslsz@nininnismiauniauiuni
PCA TiAauusiuedngeanatiin 91.25% waziiuanaad Decision Tree WaldianizWians
Usz@nininniainanuusliiingsyin PCA Tiaanuusiugingeqni 91.22%

5. LNAINITD Analysis and Prediction of Employee Promotions Using Machine

Learning (Algahtani & Almaleh, 2022)

el o

a o aal’ o = ada o o o 1 % = o ai
UIRLUNINTANBITENITNWILNTUTLANAUINGENGIE LAz LR aTNEN N
denasianisiiusumds Tneldgadayaiilaain Kaggle U 2020 NilsznavdeyaiizEmdnu
a [ rd‘ ¥ dl a ¥ a

418 54,808 D3 AL 13 ARANU %QLﬂH‘Qﬂ%@H@VIﬂ?@UﬂQNﬁ;?ﬂ@ 9 dsznn Tneatianig
G‘?ﬂuijﬂjmm%q 6 WUL AR K-Nearest Neighbor, Logistic Regression, Decision Tree,
Random Forest, Support Vector Machine War Ensemble models (Adaboosting and

Gradient Boosting models)
AMNEANITANHINLINLLLSNAY Gradient Boosting RUsL@N3n WANINLLILANa8

o o/ dl

au WAnuusiutngegaagn 93.90% uasiiaafanAnyigalunisinunanisdsudiumis

B Previous Year Ratings Feature
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6. uwmmﬁlm KNN and SVM Machine learning to Predict Staff Due for
Promotions and Training (Emmanuel-Okereke & Anigbogu, 2022)

AR NI AN NN LSRN IAZ N T naL NN L
Taeldn ﬂﬁﬁﬂ’]ﬂ?‘ﬂuiﬂjmmém 2 WUL A9 K-Nearest Neighbor e e Support Vector
Machine %ﬂLLUUﬁW@@Q%@ 2 uwuy JAn1sld grid search cross validation L‘ﬁmﬁﬂﬂ kernel ‘17;
mmmuﬁqméwﬁum support vector

AINNANNIANHINLINULILA1AD9 Support Vector Machine ﬁmmt@iuﬁ%ﬁy@ﬁm@ﬁ
91% 1ilaiin191l5uAn hyper-parameter a8 19aZLBE AMATE AN ﬁﬁlngaﬂfjmuuﬁmm K-

Nearest Neighbor NlAauusiutinegi 79%

1
a o

ANNNIFANEINIUAR N AL BIAUNITNN U LS LA WU NI UM N AR UL 6

|
= o =K

(394 §I48A9N1949135N19 UATNARNEUDIUAAZINUIAE AIAI9IY 1
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A9 2 PEaziDanTegAdayan1sUFum WML

v

aAU ayanauils (Variable) AMBELNEAYNA (Description)

1 employee_id (3WaNWHN9Y)  saWINIU

2 position Officer A L &A1MINN
(Funiieanuilagiiv) Senior Officer A8 lAMTINN81914

Senior Lecturer A8 Angnsanqla
R
Specialist A KLTHEIITIEY

Senior Specialist e ﬁﬁmmmmq‘m

al o

Branch Area Manager AR JAAN1361T7

a
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AL

dayanauils (Variable)

AL ayA (Description)

= Y o
Manager A8 HAANNT

u

Senior Manager A8 gann13a1qla

U Q

3

position next

(A9 ALSUAW)

. . A a U dl
Specialist Lecturer Af INENNTHLTEIITEY
Team Leader of Lecturer A8 WautinAnanens
Team Leader of Lecturer Region A8 Wauiiniiy

NeNINNAA

w 2 v
Specialist AR KLTEINTE

Senior Specialist A Higitageyanqla
o

A

Elite Specialist A9 T80y AUE

A Yo
Manager A® HAANIT

U

Senior Manager @ gaaAn138171a

a q

Associate Vice President ﬁ@ ?@qsg'é’ﬂmﬂmiﬂ’m

4

group

o o

GNREREN !

Agent Channels A8 @189 1432 UTIRATY
TAINIAILNU
4 = v aa ¥

Alternative Channels A8 @1e91Ulse i UTI AU
FAINWNITUNL AN
Assets & Administration Group AB A8
NINTRULAZGINT
Customer Service Group An mmmu’?‘m@@ﬂﬁn

a o aa
gInatlsziuTan
Direct Report President A8 &18414NA14
Financial Group A8 @1e11N171R1
Information Technology Group AB AN8911

wmAlulatasaunA
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a0U  Tayasduls (Variable) A1aBUNaTaya (Description)
5  education Senior High School Ae seAUTUssaNANERaW
(N3AN©494 M) Uana
Diploma A lszmatieninsiadndiigs
Bachelor's Aa Useysyss
Master's An Uyoyntn
6  gender F (Female) Aa tWAULYY
1) M (Male) Ae wAte)
7 age (81%) Flausl 25 - 54 1
8  years experience plaws 1 - 33 1

(218n13M9Ulue9ANT)

e

v
o

9  KPI (AzuUUHANNTL]LR LG 1.38 - 5 AZLUU
nuaestneuntn)

10  competency (PLLUY PG 2.87 - 4.86 AZLUU
NANTTLTLINUANTTOU
wazyinmeestiauuiin)

11 score 360 (NaNN9UTzIdY PG 40.8 - 97.78 AZUUU
TALUNALLL 360 B9A1)

12 score interview FILLE 58.04 - 100 AZLUU
(NaduN=IANN
ADLENTINNNT)

13 year promoted FauFll 2019 - 1 2022

dlsun1sUsuALmL)
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AT 2 (piD)

a0U  Tayasduls (Variable) A1aBUNaTaya (Description)
14 is_promoted pass = N1
(NANTUFU A WIL) not pass = ey

A I o 1
2. NITLAANNQANAIBEN

¥

gndayaazgnutaiy 2 9a Ae gadeyadimiuadrauunsiass (Training Set) uaz

v

1A1DYAFINTUNARBILLLANAD (Test Set) luan491 70:30 waz 80:20



N152ANLULTASIRSIGLAEITNITANLRUINUIRE

e —

Pre-processing

'

Split Data

/ Training Set /

Feature Scaling

v

Feature Selection

v

SMOTE

Model

v

Hyperparameter Tuning

v

Training Model

/ TesiSet /47

Predition Model

'

Evaluation model

ANUTENaL 7 TUABRNITATINULLANADY LAZNITANLUNNTIRE
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AINAMNUTLNBL 7 WAAIDINTUABUNITATIULLA1A89 WAZN1TANIUNNT D

©
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a o a

NUAREY Fuduannsidndeyani s ulentineu antduinnssisaxdeya e
. A o %% ' PR ] ° [ = v
Data Preprocessing Vavindayantlugtluuundnasanisinlldeu uardimszidaya

aniuinnsuvgadeyaeanidu 2 dou Ae gadeyad1niuaiiauundaand vise Training

[ [

Set uaz MadayadIUILNAABLLLUAADY 1190 Test Set ludnandan 2 dnsndau Aa 70:30

u
v

Az 80:20 Antutgadeyadiniuainuuuanaesuinnsliudeeunvesiliaes vive
. k% a dl o Y v 1 ! a o ?:/ o
Feature scaling Ad8ILtAUA StandardScaler LW@‘]J?‘U’LW]J@J;J}@@%M%Qme;lfmu AMNUUN

N19A A Lﬁ@ﬂ?\llﬂ’ﬂ‘fﬂ?@ Feature Selection IaalfimAtiA Recursive Feature Elimination

1
ol a o o o

(RFE) iNaAnLaanWiaa fNuAua 1Aty iUl sz@nin1neausasiuuanany Lasulan

Feature Importance 284usiiaas antuiin1sannisanliannasasdeyadaimnaiia

paid)}

Synthetic Minority Over-sampling Technique %38 SMOTE inadiasnzvidayalungua

%

¥ ¥ QI d%/ 9‘;/ o v o G :J/ 3
HaaTWiuaw a1 uIIN194519UULA1a89 W98 Model NVNA 4 WLLANAB 1mm

Support Vector Machine, Decision Tree, Random Forest W& ¥ XGBoost a1l §u 9
WIT1N MBS U3e Hyperparameter Tuning 39N A28 AQeLNATRA GridSearchCV 1l @
o o = v v o o v o = v v = o v
LUUAIABNNINIFFEUIAINTATRYAFAINTUATIMULANABIFTUUTBEUAT 291U TATDYA
aviunaaauuuuataaant i linisdnlsz@ansninaesuuuanassingldmn1919 Confusion
Matrix 18 Accuracy, Precision, Recall wae F1 Score wasnnnisilFauineuilsz@nsnan

o A dld

o dl o= o‘:j/ o aial = o o o
2AUULAN AN TN 1R aFHIUNA BLLLANAaINNNI9AREaNNLAeT LULA1AaBdNNNITaANIT
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data.head()

employee_id position position_next group education gender
Direct
] 10001 Manager Senior Manager Report Master's M 40
Precident
Direct
1 10002 Manager Senior Manager Report Master's F 39
Precident
Senior Information
2 10003 Specialist Technology ~ Diploma M 48
Specialist fa
roup
. Informaticn
3 10004 Manager Assocwale.Vme Technology Master's M 39
President
Group
4 Information
Senior .,
4 10005 Specialist Technology Bachelor's M 36

Officer

Group

5

age years_experience kpi

3.95

343

340

3.68

26

competency score360 score_interview year_promoted is_promoted

379

3.50

3.17

355

82.22

7111

77.78

57.78

60.00

88.57

89.29

8393

98.21

65.71

nndszney 8 Fratedeyalunsresadeyansinn

= ¥
2. WATENUBHA

Y v

WHardndayaudn

©

W laladned fadl

¢ﬂl IS o tﬂld ¥ v o di o = ¥ o 1
1. WauTaAANUNTNITNUIIIAAUNAY LW@ﬂﬂ\?ﬂuﬂ’]?L?ﬂﬂlﬂjﬂ‘ﬂ@NlﬂﬁJWU

aNInUsenay 10

data.info()

<class 'pandas.core.frame.DataFrame'>
Rangelndex: 212 entries, 0 to 211
Data columns (total 14 columns):

# Column Non-Null Count Dtype
0 employee_id 212 non-null  int64
1 position 212 non-null  object

2 position_next 212 non-null  object
3 group 212 non-null  object

4 education 212 non-null  object
5 gender 212 non-null  object
6 age 212 non-null  int64

7 years_experience 212 non-null  int64
8 kpi 208 non-null  float64

9 competency 209 non-null  float64
10 score360 212 non-null  float64

11 score_interview 212 non-null floate4
12 year_promoted 212 non-null  int64
13 is_promoted 212 non-null  object
dtypes: float64(4), int64(4), object(6)
memory usage: 23.3+ KB

v
nwilszney 9 MuazBATeITAdRLA AR

v

6%

2019

2019

2019

2019

2019

= p 1y Iy A g o ) o
INN Lm?ﬂll’ﬂ'm;l]@lﬂl,ﬂlmzmll LW@Iﬁ@qu?ﬂ’ﬂquLL@z‘Vﬂﬂqu

pass

pass

not pass

pass

not pass
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data.rename(columns={"years_experience ":'years_experience'},inplace=True)
data.rename(columns={"score360 ":'score360'},inplace=True)
data.rename(columns={"score_interview ":'score_interview'},inplace=True)
data.columns

Index(['employee_id", 'position’, 'position_next', 'group’, 'education’,
'‘gender’, 'age’, 'years_experience', 'kpi', 'competency’, 'score360',
'score_interview', 'year_promoted', 'is_promoted'],

dtype="object’)

= v dl Yo dl dl o g
nwilszneu 10 Maszidaagadayanlasunalauutionadud

2. Wasuriindasya 2 Aaanil Aa employee_id WAz year_promoted a1 int64 1w
dl 1 1 1 Qs dl o 1 1 1 o/ o dl o/
category Wasannildarsaaanagldlunisauanmensine uwsidusianiineuiiszyso

yaaa uazdluinladsunisdfusums Anandsenay 11

data['employee_id'] = data['employee_id'].astype('category’)
data['year_promoted'] = data['year_promoted'].astype('category’)
data.info()

<class 'pandas.core.frame.DataFrame'>
Rangelndex: 212 entries, 0 to 211
Data columns (total 14 columns):

# Column Non-Null Count Dtype
0 employee id 212 non-null  category
1 position 212 non-null  object

2 position_next 212 non-null  object
3 group 212 non-null  object

4 education 212 non-null  object

5 gender 212 non-null  object

6 age 212 non-null  int64

7 years_experience 212 non-null  int64
8 kpi 208 non-null  float64

9 competency 209 non-null  float64
10 score360 212 non-null  float64

11 score interview 212 non-null float64

12 year_promoted 212 non-null  category
13 is_promoted 212 non-null  object
dtypes: category(2), float64(4), int64(2), object(6)
memory usage: 30.6+ KB

2 ¥ tﬂl Yo tﬂl a ¥ [ ] ¥ v
nwsznau 11 ?WFJZV%L’PJEIﬂﬂ@\?‘!jﬁ“ﬂ’ﬂﬂ;lj@%blmﬁ‘uLﬂ@ﬁlumuﬂﬂ@ﬂ;{@u@xﬂﬁ‘uLL[FNIMLMSJ’]?J@NLL@Q
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v

3. AeaaaauA1de uardeyandniuluusazios danndsznay 12

data.isnull().sum()

employee_id 0
position 0
position_next 0
group 0
education 0
gender 0
age 0
years_experience 0
kpi 4
competency 3
score360 0
score_|nterview 0
year_promoted 0
is_promoted 0
dtype: int64

data.duplicated(keep=False).sum()

0

%
o

ANUTZNEL 12 ATIREBLATUIUAING LAz UILLn TN AT

u

WLANI9ABANIY kpi uaz competency AsingasaaaatdiuwiineunEengu
- A = p P A= o Ry o
TuasAns 1 1 Wesainuindangeu 1 1 anaazlifazuuuludauil aaiunuisae 0 A

Awilsznau 13

null_filter = data[data.is_promoted == "pass']

print("@A1319Tumadui kpi = ", null_filter.kpi.isnull().sum())

print("A1719Tumadui competency = ", null_filter.competency.isnull().sum())

print("dr3netunadud kpi vaswineuidataeu 11 =, null_filter[null_filter.years_experience == 1].kpi.isnull().sum())
print("fA1319Tunadui competency uaswinsuiiatzgeu 11 = *, null_filter[null_filter.years_experience == 1].competency.isnull().sum())

data.kpi = data.kpi.fillna(0)
data.competency = data.competency.fillna(0)

Aringlumasui kpi = 4

A1Ielumasdud competency = 3

arinalumadu kpi zasntineruiiangew 11 = 2
Arinalunadu competency saswiinoudifiangeu 14 = 2

|
a

nilsznau 13 Asasauninguidengeuluedns 1 1 uaznisununeAgnesag 0
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3. MaaAszviteya
dl = v v % o a cY ! dl % v dl
Wawirendeyaliuunzanuas azinnisinazvideyasie ineAunndeyan
o o dl I J ¥ 3'/ o dl ! o QI
AnArynwleg lungudayatiu Ingaziinisnztuuuauidenlaeseudneiu Buainnis

PAMNIAD LAY AN nLsznal 14

data.describe()

age Yyears_experience kpi competency score360 score_interview

count 212.000000 212.000000 212.000000  212.000000 212.000000 212.000000
mean  37.905660 8.150943 3.679104 3.728679  77.525849 85.993349
std 6.611104 7.669466 0.837425 0.616734  19.944584 13.779962
min 25.000000 1.000000 0.000000 0.000000 0.000000 0.000000
25%  33.000000 3.000000 3.300000 3.467500  75.500000 81.385000
50%  37.000000 6.000000 3.785000 3.690000 82.950000 87.550000
75%  42.000000 9.000000 4.157500 4.030000 87.862500 95.000000
max  54.000000 33.000000 5.000000 4.860000  97.780000 100.000000

= 1 aa d” v
NWUTEnal 14 9188l AAN NATALLIBNFAU

Minnnsizangdeyaainaednilfie Saldudsuiazsudsiduausuminlug uay

dndauassusazaanlsiunanislsusiundednduaiuauminle eundndeyadinan

2 A o .,

Wuletingls Tnauanaidunsnuvis GepeduiiisniazFangdeys Aa Aadul is_promoted

a

9178 NANTTUSLALI Fenwlsynal 15

print(data.is_promoted.value_counts())
pass 183

not pass 29
Name: is_promoted, dtype: int64

ndsznay 15 AuaudayananisUFuRIume



175

150

125

count

B

50

25

pass

is_promoted

30

ndsznay 16 naauyiuansaaudayanansUfuA L

annnanilsenau 16 waasliiudnlugadayadaiuay

vl Yo o o 1
NV]VLﬂ?UﬂWTﬂ?Uﬁ]']LLﬂuQ

k1l

! vdl M Yo o O 1 1 ¥ Y & J ¥ IS 1 o
wnndgn i lasunasUiusundaiuetennn azieuliiiudngadayainonuliannaiv

slanaziENinnIsenadndanaasusazioulsiunanistfusmuniednduaiuou

winle Insuanadunalugduuusine wiaslidvinnissangdndanudaya 3 Aaanil As

¥

o o £ o 1 tﬂl o é’ d-dl o
2y ATHANUNLY, TeyamuwanLivau uarnsy

print(data.position.value_counts())

Senior Officer 119
Specialist 42
Manager 28
Senior Manager 9
Senior Lecturer 5
Senior Specialist 5
Branch Area Manager 3
Officer 1

Name: position, dtype: int64

nUsEney 17 AuIudeyarequsas AUl



100

80

60

count

0

BN not pass
BN pass

Senior Officer
Specialist
Manager

Senior Specialist .
Officer

Senior Manager
Senior Lecturer

Branch Area Manager

position

31

ANUTENBL 18 NIV LY LAAIANILABILAR AN LUWALNANITUTUA WAL

A NANUsznau 17 uway 18 waaalifsiudnm1uiis Senior Officer UFaLANULINT

%

2191 iWusumdanauauninaalugadeya uazineunsUfusuwmanngauii

Tnesadasnn An AIUMUISpecialist YIRKId@NTTY UAY

ALSUINTeIAWIEU AziiauuInndteteinlidn

print(data.group.value_counts())

Information Technology Group 89

Customer Service Group 54
Direct Report Precident 30
Agent Channels 13
Alternative Channels 12
Financial Group 9

Assets & Administration Group 5
Name: group, dtype: int64

NUsznay 19 AUIUTayATedUART ALY

A Y o
Manager Y#38HAANT

a

< A o

DILNBNEL
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B not pass
BN pass

count

=]

0
m l
: ._.-

Customer Service Group
Direct Report Precident
Alternative Channels
Financial Group

Agent Channels

Information Technology Group
Assets & Administration Group

group

NNUFZNAL 20 NI WY LAAIRNWILABILAAZ AU LNANITU LA WL

NAINLsznal 19 waz 20 kang b N412911 Information Technology Group
A a dld o dl v a QJdI 1
e anseumalulagiansauma Wuarenuniaruauausinngalugadeys uasignnig

o O 1 dl 1 o A . A

nasdfusunianIngauiy Inesedasun A 418971 Customer Service Group W3agne)
NULIN19gNANEINAlsLUATR uATA1E1Y Direct Report President M30AEUNANN B9
WHaWeUAUAIWINIaAIwIEE Y ariauauninndnetaiulddn deaneenu Agent
Channels Aa @18NNUIEAUTIRAUTAININFIUNY UATAN9TUY Assets & Administration

Group ¥zadneNunineAuLazgIn1g uarasun i lkdunisdfusmumisae

print(data.education.value_counts())

Bachelor's 132
Master's 70
Diploma 8

Senior High School 2
Name: education, dtype: int64

nnilsznay 21 auudayaresusazseAUNITANEN
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print(data.gender.value_counts())
F 130

M 82
Name: gender, dtype: int64
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data['age_label'] = pd.cut(data.age,bins=[22,38,53,72],labels=['Gen Y','Gen X','Baby boomer'])
print(data.age_label.value_counts())

GenY 125

Gen X 86

Baby boomer 1

Name: age_label, dtype: int64
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data['experience_label'] = pd.cut(data.years_experience,bins=[0,1,5,10,15,20,35],
labels=['1 year','2-5 years','6-10 years','11-15 years','16-20 years','21-35 years'])
print(data.experience_label.value_counts())

2-5years 83

6-10 years 65

21-35years 23

1 year 20

11-15years 11

16-20 years 10

Name: experience_label, dtype: int64
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def decode(val):
if val == 0: return 'Score 0'
elif val <= 1.99 : return 'Score 1'
elif val <= 2.99 : return 'Score 2'
elif val <= 3.99 : return 'Score 3'
elif val <= 4.99 : return 'Score 4'
else : return 'Score 5'

data[ 'kpi_label'] = data.kpi.apply(decode)
print(data.kpi_label.value_counts())

Score 3 107
Score4 78
Score2 17
Score 0 4
Score 1 4
Score 5 2

Name: kpi_label, dtype: int64
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def decode(val):
if val == 0 : return 'No Score'
elif val <= 1.99 : return 'Score 1 = Learn’
elif val <= 2.99 : return 'Score 2 = Apply’
elif val <= 3.99 : return 'Score 3 = Guide'
elif val <= 4.99 : return 'Score 4 = Shape'
else : return 'Score 5 = Envision'

data['competency_label'] = data.competency.apply(decode)
print(data.competency_label.value_counts())

Score 3 = Guide 141

Score 4 = Shape 66

No Score 3

Score 2 = Apply 2

Name: competency_label, dtype: int64
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def decode(val):
if val <= 49 : return 'Score 0-49'
elif val <= 59 : return 'Score 50-59'
elif val <= 69 : return 'Score 60-69'
elif val <= 79 : return 'Score 70-79'
else : return 'Score 80-100'

data['score360_label'] = data.score360.apply(decode)
print(data.score360_label.value_counts())

Score 80-100 139

Score 70-79 37

Score 60-69 20

Score 0-49 13

Score 50-59 3

Name: score360_label, dtype: int64
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def decode(val):
if val <= 49 : return 'Score 0-49'
elif val <= 59 : return 'Score 50-59"
elif val <= 69 : return 'Score 60-69'
elif val <= 79 : return 'Score 70-79'
else : return 'Score 80-100"

data['score_interview_label] = data.score_interview.apply(decode)
print(data.score_interview_label.value_counts())

Score 80-100 178

Score 70-79 19

Score 60-69 9

Score 50-59 3

Score 0-49 3

Name: score_interview_label, dtype: int64
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from sklearn.preprocessing import LabelEncoder

labelencoder = LabelEncoder()
data["is_promoted"]=labelencoderfit_transform(data[ "is_promoted"])
data["position"]=labelencoder.fit_transform(data[ "position"])
data["group"]=labelencoderfit_transform(data["group"])
data["education”]=labelencoder.fit_transform(data["education"])
data["gender"]=labelencoder.fit_transform(data["gender"])

nntsenay 37 Adanisutlasdayaliidusoiee Iasldlabel encoder

position

1

1
7
1
5

position_next group education gender age years_experience kpi competency score360 score_interview year_promoted is_promoted
Senior Manager 4 2 140 5 3.95 3.79 82.22 88.57 2019 1
Senior Manager 39 4 343 3.50 7111 89.29 2019
Senior Specialist

39 7 368 355 57.78 98.21 2019

o

1 48 14 3.40 317 7778 83.93 2019
Assoclate Vice President 1
1

o = o m

2
1
2
0

o o o &

Specialist 36 7 330 3.15 60.00 65.71 2019
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5. ANANANUTURTaYa (Correlation)

Wauntlasdoyaliidudanauan a9azainisaniAiaNduiusaesdaya

U

(Correlation) 1¢ iNamsaaaaudWiaasladAudNRUsAUdANguNNsLSUA usNINTgR

AININLTEZNAL 39 LAz 40

plt.figure(figsize=(16, 10))
correlation_matrix = data.corr().round(2)
sns.heatmap(data=correlation_matrix, annot=True)

plt.show()
plt.close()
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2. dfudnsreuianaasiiaes (Feature Scaling)

1 ¥

, o o = - ~ o
FANIAZNINITUSUTINUDULUATRINLADT LUAIANNTINTDNAURINLADTHNAITH

u

! ¥ o

wanuane deazldmaiia StandardScaler NilunisdsurdayadamalaaaAiuomain

AvafauazArdaulesuuninggu e lideyaraaregnialursuinmaaiu fg

Awdsznay 41

0 1 2 3 B 5 6 7 8 9
0 0.236153 -0.628458 -0.752474 -0.8142 -1.076136 -0.404245 -0.404810 0.290848 0.4>4998 0.150511
1 0.236153 -0.628458 0.298150 -0.8142 2.010455 2.536030 -1.491237 1.043443 0.324317 -0.561218
2 0.236153 -0.087692 1.348773 -0.8142 -0.767477 -0.659921 -0.020034 -0.535531 -0.008326 -0.261543
3 0.236153 -0.628458 -0.752474 -0.8142 0.930148 2.152516 0.828737 0.645010 0.469254 -0.321478

4 0.236153 0.993840 -0.752474 1.2282 -0.304488 -0.148569 -0.472712 -0.653585 -3.679273 -1.053435
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1. NNFAFNULLANAD

puns1aeeildluaudsed 1 4 wundraes 1dun Support Vector Machine,
Decision Tree, Random Forest LAy XGBoost 1un194519uuUa1989ax11n19U5uqu

W13Hmes (Hyperparameter Tuning) sauaae Ingazldinaia GridSearchCV ieAWUNAN

Hyperparameter anANRR LA UAD LL@:Lﬁfemﬂ'f]ﬁﬁﬂﬁimmﬁmmﬁﬂixﬁﬂ%mwzgﬁa;m
ANANTIN 3
1.1 Support Vector Machine
£195ULLUA18 89 Support Vector Machine Tavinn1slfuqunisimas
(Hyperparameter Tuning) Va3 fn fal
1.C Aa 2unne89n13%1 Regularization §wsLANAtawus Aa 0.01,0.1, 1,

10, 100

a v

2. kernel Aa Wardunldulasifdayaliatluunaseusas Hyperplane

[ s

USFUANINUUA Aa linear, rbf, poly

3. gamma Ao duilsz@viaaed kerel duSUANRRNMUA A 0.1, 1, 10, 100
1.2 Decision Tree
& mFLLLUAA8Y Decision Tree T6vnn191l5uqunnsdlimas (Hyperparameter
Tuning) ﬁ”mm 4 §in éﬁf:

1. max_depth A8 A711KAMNANBIALT d195uAARIMLA Aa 2 D19 10

|
o

. LA o i dl )
2. min_samples_split A8 anuaudus 1 nadululvualun1suaninua

o s

| o " =
ANUNIUANNIUUA AR 2 DN 10

v 1
% o |

3. min_samples_leaf A® A 1uandayadusiluy Leaf Node 14 5uA17N

ANUA AR 1 T4 10

1
a o o

4. max_leaf_nodes A8 NMULAAIUIU leaf node N1 AIUSLAINNIUUA AD 5,

10, 15, 20
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1.3 Random Forest

A1 5UKBUUA1a09 Random Forest LA N9 5uqunisndines

[ %

(Hyperparameter Tuning) Y9UNA 4 F3 A95d

A

1. n_estimators A8 A uusull dusuAnniuue Aa 100, 200, 300
2. max_depth A8 a1uauAINANIeasLly g usuAAnIuuA Aa 2, 5, 7,

10

|
o

. LA o ?:/ d‘ )
3. min_samples_split A8 a11audua A dwlulnualunisuenivun

[

AUSUAINUUA Aa 2, 5, 10

v 1 1
% o a

4. min_samples_leaf A® A 1uaudayaduslu Leaf Node 1% 5uA17N
nvum Ae 1,2, 4

1.4 XGBoost

[

&1MFUKLLA1a8 XGBoost 169110131 fuqun1s1dtnas (Hyperparameter

4
1%

Tuning) Y9%NA 3 Fin Fatl
1. n_estimators A8 a11ausuly A11FUANNIUUA A 100, 200, 300, 400,
500
= o = 1Y ¥ o o 1 oo S =
2. max_depth A8 aNuILANANTaFul d1USUAMAYLA Aa 3 D9 10
. A ' 90J o dl o
3. learning_rate A2 AU AMTnYeIn1nildeuLlasuuuataadle 1 sy

ar

ASUAINNUUA Aa 0.01, 0.1, 0.2, 0.3

AN949 3 NNTANMUANIII N LAATURSLAALEANDI N

LULANADY W'l‘i’]fll,lﬂ’ﬂ';

Support Vector Machine C:[0.01,0.1,1, 10, 100]
kernel: ['linear', 'rbf', "poly']

gamma: [0.1, 1, 10, 100]

Decision Tree max_depth: np.arange(2, 11)
min_samples_split: np.arange(2, 11)
min_samples_leaf: np.arange(1, 11)

max_leaf_nodes: [5, 10, 15, 20]
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M99 3 (FiB)

LULANADY W’]i’]ﬁuﬁl’ﬂi‘{

Random Forest n_estimators: [100, 200, 300]
max_depth: [2, 5, 7, 10]
min_samples_split: [2, 5, 10]

min_samples_leaf: [1, 2, 4]

XGBoost n_estimators: [100, 200, 300, 400, 500]
max_depth: np.arange(3, 11)
learning_rate: [0.01, 0.1, 0.2, 0.3]

2. N9z NN ANTNINULLIAN A
luwsuwdsdaRldmaiiantsdsziiuilsz@nsninuuuanaas Iasaldm1319 Confusion
Matrix lawA Accuracy, Precision, Recall W F1 Score Bapamunndsenay 44

Predicted class

P N
True
N False
2 A Positives Negatives
= (TP) (FN)
«
2
b False True
= | Positives Negatives
(FP) (TN)

ANTEnas 44 N2aUNT9NNNLABY confusion matrix

#Au: (Uddin et al., 2019)

True Positive (TP) AR WULANa899IN11891LiIU positive uazANazuiy positive
True Negative (TN) A8 WLUUANA29N1118911T0% negative wazAITNaFIL U

negative
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False Positive (FP) A8 wLUANa89n 111911 positive winaNazaiili negative
False Negative (FN) A8 ana899111a91Lilu negative waAaNNazaii positive
Accuracy %78 ANLHUEN udRIdaun1saLunlssinnignses saanuou

yaNNIAUUNLIEINMIIuNA AIANNIIN 4

I'_")f

TP+TN

Accuracy = [4]
TP+TN+FP+FN

o A dl o ! { e dl o ¥ [
Precision #1708 AYNLNEN Lﬂu@mﬂmm@\‘mqu Positive m%mnﬂ%mwimgﬂmm

FlaRUIUNGN Positive MRUNATIAIUUNLIZNNBBNNT AIGNNI9N 5

- B TP
Precision = —— [5]
TP+FP
Recall %78 True Positive Rate (TPR) iludnsndauaasnguiiily Positive a34 sig

FUIUNGN Positive YIAMHA AIANNITN 6

TP
Recall = —— [6]
TP+FN

F1 Score Li114n19991A" Precision A% Recall launifuamen e ldidusuuuy
TunnsFauieulssANBAINARIULLLANARY AIANNTN 7
2'TP

F1 Score = (7]
2-TP+FN+FP
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WUUANA8Y 3 918849 LAwA Decision Tree, Random Forest Wag XGBoost A4n1NLlsenau
45-47 TIUULAN AR Support Vector Machine ldd@19130%1 Feature Importance 161

\Ha9an kernel Tadlailu “linear”

education
competency [l
gender -
ey |
age [N
position [N
ki [
score360 NN
years_experience [N
score_interview [

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

nnLlsznall 45 AZUUUAINENATYTaSWIAaF 189 LLIANAaY Decision Tree

education -
gender NN
group NN
position [INNEG_—_—
score360 [INIEEG_G_—
age [N
kpi [
competency [N
years_experience [N
score_interview (I

0.00 0.05 0.10 0.15 0.20 0.25 0.30

[ = [ °
nwidsznay 46 ﬂzLLuuﬂ’J'\N@Wﬂﬁyﬂl@QWL@‘ﬂ?ﬂ‘ﬂ\‘iLL'].l‘Ll"ﬂ’]ﬂ’rN Random Forest
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competency [N
score360 [N
age I
group NN
kpi [
education [N
years_experience [
gender [N
position I
score_interview I

0.00 0.05 0.10 0.15 0.20

NNLITZNAL 47 AZLULANAIATYTBN A0 TIDIULILIANABY XGBoost

A1NAN Feature Importance 189LULAIA8Y WLF1 score interview 1158 Nadun1snd

= e o o P ° =~ v
AnAMENINNIg uNwafd1Ayunngaassnuuuataed Tnadineslungudoya
AZUUUNITU TN UNAIIUUA TN ANTTN T AINE1 A TL WLUA1989 Decision Tree LAy
Random Forest @4 ANAINAULLLANABY XGBoost Ndayalungudayaniineiud

u

AYTNAIATYNINNTN

HARNELBINISUSUqUNITTLADST
AINN9AFINULILANABINNITIMIENIsUFUA uIiniIngu Ansdiuqunisiimes
(Hyperparameter Tuning) 2844ARYUULANABIIN A8 IABNI 1A IR AIDINAANS

NIINHADTUDILFAZLLLANADS FIANT 4

M1979 4 NIINHMBIURINTUFLIUIRILFAAZILLLRNADY

. ARNTIFIU - .
LUUAINDY o WIFIHLABST
ABHAR
Support Vector Machine 70:30 C: 10, gamma: 0.1, kernel: 'rbf'

without SMOTE and
80:20 C: 10, gamma: 0.1, kernel: 'rbf'

Feature Selection




AN 4 (piD)

. ANTIHIU - .
LUUNA RN o WIATAINLART
ADNA
Support Vector Machine 70:30 C: 1, gamma: 1, kernel: 'rbf'
with SMOTE
80:20 C: 1, gamma: 1, kernel: 'rbf'
Support Vector Machine 70:30 C: 10, gamma: 0.1, kernel: 'rbf'
with Feature Selection 80:20 C: 10, gamma: 0.1, kernel: 'rbf'
Support Vector Machine 70:30 C: 100, gamma: 0.1, kernel: 'rbf’
with SMOTE and Feature 80:20 C: 10, gamma: 1, kernel: 'rbf’
Selection
Decision Tree without 70:30 max_depth: 7, max_leaf_nodes: 10,
SMOTE and Feature min_samples_leaf:1, min_samples_split: 6
Selection 80:20 max_depth: 4, max_leaf_nodes: 10,

min_samples_leaf": 8, min_samples_split: 6

Decision Tree with SMOTE 70:30 max_depth: 6, max_leaf_nodes: 15,
min_samples_leaf: 1, min_samples_split: 4
80:20 max_depth: 8, max_leaf_nodes: 20,

min_samples_leaf: 2, min_samples_split: 5

Decision Tree with Feature 70:30 max_depth: 8, max_leaf_nodes: 10,
Selection min_samples_leaf: 1, min_samples_split: 6
80:20 max_depth: 4, max_leaf_nodes: 10,

min_samples_leaf: 8, min_samples_split: 2

Decision Tree with SMOTE 70:30 max_depth: 9, max_leaf_nodes: 10,
and Feature Selection min_samples_leaf: 1, min_samples_split: 2
80:20 max_depth: 9, max_leaf_nodes: 20,

min_samples_leaf: 1, min_samples_split: 6
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. ANTIAIU - .
LUUNA RN o WIATAINLART
ADNA
Random Forest without 70:30 max_depth: 7, min_samples_leaf: 2,
SMOTE and Feature min_samples_split: 10, n_estimators: 200
Selection 80:20 max_depth: 4, max_leaf_nodes: 10,
min_samples_leaf: 8, min_samples_split: 2
Random Forest with 70:30 max_depth: 10, min_samples_leaf: 1,
SMOTE min_samples_split: 5, n_estimators: 100
80:20 max_depth: 7, min_samples_leaf: 1,
min_samples_split: 2, n_estimators: 200
Random Forest with 70:30 max_depth: 7, min_samples_leaf: 1,
Feature Selection min_samples_split: 5, n_estimators: 300
80:20 max_depth: 5, min_samples_leaf: 2,
min_samples_split: 10, n_estimators: 300
Random Forest with 70:30 max_depth: 7, min_samples_leaf: 1,
SMOTE and Feature min_samples_split: 5, n_estimators: 100
Selection 80:20 max_depth: 10, min_samples_leaf: 1,
min_samples_split: 2, n_estimators: 200
XGBoost without SMOTE 70:30 learning_rate: 0.01, max_depth: 4,
and Feature Selection n_estimators: 300
80:20 learning_rate: 0.1, max_depth: 3,
n_estimators: 300
XGBoost with SMOTE 70:30 learning_rate: 0.3, max_depth: 5,
n_estimators: 400
80:20 learning_rate: 0.1, max_depth: 7,

n_estimators: 200
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AN 4 (piD)

. ANTIAIU - .
LUUNA RN o WIATAINLART
AAYA
XGBoost with Feature 70:30 learning_rate: 0.01, max_depth: 3,
Selection n_estimators: 500

80:20 learning_rate: 0.3, max_depth: 5,

n_estimators: 500

XGBoost with SMOTE and 70:30 learning_rate: 0.01, max_depth: 7,
Feature Selection n_estimators: 500
80:20 learning_rate': 0.1, max_depth: 5,

n_estimators: 300

NRANSUBINITHIULLANAR

AINNI9AFTNULLANIABINITNLIENTUTUA UNUINENL azdnisz@nninann
nisaaeukuuaaedlagligadeyadiviunageuuuudanaad (Test Set) Inauanaiiuy
M1919AN Accuracy, Precision, Recall Wae F1 Score 189ULARZLLLANIADY AYAITIN 5-8
waznInliznau 48-51

1. Support Vector Machine

dl o o A = 6 1 v o 1 o = rall o v
WANITNIAALAENWLIABTNAaUNITATINUULAIAY WU UIBA e e TN 19

1
=

o = a a al A = o v I . . . .
WUUANae9N sz Ansn1nangn Ae 5 Niaes Laun score_interview, years_experience, kpi,

q

group AT score360 laauantllszAnininnimagauaInnIsldinAtAzee) SaNmae A9

AN 5 aznnwlsznay 48



A9 5 LARUI@NENINNINAZELANNWLLANA8Y Support Vector Machine

LULAIADY AM91MIU  Accuracy Precision  Recall  F1-Score
daya (%) (%) (%) (%)
Support Vector Machine - 74.3 89.06 91.38 96.36 93.81
without SMOTE and
Feature Selection 80:20 86.05 89.74 94 .59 92.11
Support Vector Machine 70:30 85.94 85.94 100 92.44
with SMOTE 80:20 88.37 88.10 100 93.67
Support Vector Machine 70:30 89.06 91.38 96.36 93.81
with Feature Selection 80:20 93.02 94.74 97.30 96.00
Support Vector Machine 7039 75.00 95.35 74.55 83.67
with SMOTE and Feature
. 80:20 72.09 90.32 75.68 82.35
Selection
W Accuracy (%) Il Precision (%) Recall (%) l Fl1-Score (%)
75 - E -
50
25
0
70:30 80:20 70:30 80:20 70:30 80:20 70:30 80:20
without SMOTE and Feature with SMOTE with Feature Selection with SMOTE and Feature
Selection Selection

ALsznau 48 NNLVILAASLTZANENINNNINARRLANNLLLANE8Y Support Vector

Machine
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AINFANTN 5 hazninisznad 48 wudnlss@nsninaadiuuaians Support Vector
Machine Aiutigadaya 80:20 sanrfunnswin Feature Selection MWszAnEnniAngsuile
Yafa8A1 Accuracy, Precision, Recall La% F1-Score $89a48N1 A8 WULANA89 Support
Vector Machine ﬁLLﬂxﬁﬁﬂ‘I’Jj’aH@ 70:30 §9uUN"99 Feature Selection LAZWLLANABY
Support Vector Machine il l&ldwmaiialasandas wiagadaya 70:30 HA1 Accuracy,

Precision, Recall a F1-Score W1

2. Decision Tree
di o o A = 6 1 v o 1 o al rdl o v
WANITNIAALAANA AR TNAWNITATINLLLATAD WU’JW’Q’]H’]UWL@’B?V}V}WIM
° P a a N = = A . . . .
LLUU@W@@GNH?%@VIﬁﬂWW@VIqm A 5 Wiaas lauA score_interview, years_experience, kpi,
position ua score360 Intugnslsz@nsninninagauainnisldinaiiagie saunag s

AN 6 LaznIwlsznay 49

AN3719 6 LAANLTEANTNINNIINARBLANNKLLANA89 Decision Tree

LULANABY Ams1dIU  Accuracy  Precision Recall F1-Score
Taya (%) (%) (%) (%)
Decision Tree without 70:30 84.38 92.45 89.09 90.74
SMOTE and Feature
. 80:20 90.70 90.24 100 94.87
Selection
SMOTE 80:20 79.09 93.75 81.08 86.96
Decision Tree with 70:30 85.94 94.23 89.09 91.59
Feature Selection 80:20 88.37 90.00 97.30 93.51
Decision Tree with 70:30 70.31 97.37 67.27 79.57
SMOTE and Feature
80:20 72.09 96.30 70.27 81.25

Selection
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without SMOTE and Feature with SMOTE with Feature Selection with SMOTE and Feature

Selection Selection

ANUsznaL 49 e waBAAILIZANTAINNIINAZALANLLLANAEY Decision Tree

AINAITN 6 WAz INLsznaL 49 wudn1lsyANENINa8sULILAa8Y Decision Tree 7
Ladlaldmafialasonson Nutisgadaya 80:20 lilsz@nsnniiangaidadnsanan

Accuracy, Precision, Recall 4 F1-Score $89a931 A8 UWWUANA94 Decision Tree Nuliegn

v

da3a 80:20 WAz 70:30 $aNrLINT99I1 Feature Selection HA1 Accuracy, Precision, Recall

WAY F1-Score TA9ASNNANNANAL

3. Random Forest

d' o o = = o ¥ o ' o = rdl o ¥
WANIINIAALABNW LA aFNaUNITAFTIULUAIAEY WU UIRN LA D FNN 19

o = a a dd‘ A = e v | . . .
wuudnaesldszdnsninangn Ae 5 Wiaas ldun score_interview, years_experience,
competency, age kA kpi Inauanasz@nsninnimmaaeuainnisldimaiinsne fausae

AIFIFIN 7 WaZNINLIEnau 50
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AN374 7 WAAILIIEANBNINNINAZALANNLLLANAEY Random Forest

LULAIADY AMI1MIU  Accuracy  Precision Recall F1-Score
daya (%) (%) (%) (%)

Random Forest without 7430 90.62 92.98 96.36 94.64
SMOTE and Feature

. 80:20 90.70 92.31 97.30 94.74
Selection
Random Forest with 70:30 85.94 96.00 87.27 91.43
SMOTE 80:20 83.72 94.12 86.49 90.14
Random Forest with 70:30 89.06 92.86 94.55 93.69
Feature Selection 80:20 93.02 94.74 97.30 96.00
Random Forest with 70:30 67.19 97.22 63.64 76.92
SMOTE and Feature

. 80:20 74.42 96.43 72.97 83.08
Selection

W Accuracy (%) Il Precision (%) Recall (%) l Fl1-Score (%)

o
o
[
[+3]

96.43

w
o
(32}
w

70:30 80:20 70:30 80:20 70:30 80:20 70:30 80:20

I 06.00
67.19
63.64
76.92
74.42
72.97

without SMOTE and Feature with SMOTE with Feature Selection with SMOTE and Feature

Selection Selection

ANUsznan 50 NI NN LAAILAAILITTANTNINNINAFALANNLLLANAEY Random Forest
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AINANTN 7 waznIwlsenay 50 wuandse@nsninaadiuuaiaas Random Forest
utigadasa 80:20 $aufunnsvi Feature Selection MWszAnsnwnilafign iedndaas
Accuracy, Precision, Recall wag F1-Score 78398341 A8 LULANa8d Random Forest ‘ﬁLL‘Li\‘l
gadana 80:20 uaz 70:30 Hlalld1dmadinlagandas 2 Accuracy, Precision, Recall uaz

F1-Score Ta9a9NIANNANFL

4. XGBoost
di o o A = 6 1 v o 1 o al rdl o v
Wan1sinAnaeniiaefieauni1saiIuuLa1aed nud1a1uIuiliae vl
o = a a aa I = o v ! . . i
wuna1aeilssdnsnnangn Ae 3 Wiaes LA score_interview, gender ua¥ position
Tnguanatlsz@nsninnimaaeuainnisidmallaAm1e] faumAae AIR1919 8 WA

Awilszna 51

AN3714 8 LAAILIZANTNINNIINAZALRNNLLLANAEY XGBoost

LULAIADY ANTIAIU Accuracy  Precision Recall F1-Score
Taya (%) (%) (%) (%)
XGBoost without 70:30 89.06 94.44 92.73 93.58
SMOTE and Feature
. 80:20 86.05 91.89 91.89 91.89
Selection
70:30 78.12 95.56 78.18 86.00
XGBoost with SMOTE
80:20 76.74 96.55 75.68 84.85
XGBoost with Feature 70:30 89.06 92.86 94.55 93.69
Selection 80:20 88.37 94.44 91.89 93.15
70:30 62.50 94.29 60.00 73.00

XGBoost with SMOTE

and Feature Selection 80:20 72.09 96.30 70.27 81.25
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ANUsznan 51 TN KA LAAILIZEANTNINNIINAZ AL NLLLANAEY XGBoost
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AINAI3N 8 LAZNINLTZNAL 51 WUINUILANTNINAAIULLANADI XCBoost ML

fadasa 70:30 3auf LN Feature Selection liitlsz@nsn1winangniladnsonan

Accuracy, Precision, Recall Waz F1-Score $8984K1 A9 WLUA1A89 XGBoost 711147 n

daya 70:30 Nl A ldmatialasonmas uazuuUaIa89 XGBoost Nuilsgadasa 80:20

faurfLN1T9N Feature Selection N1 Accuracy, Precision, Recall W% F1-Score AMNaIAL

NARNEUDIN1TLLTa UL ULLUA1809 IAs a9l AT INANIAIN LN SN U3

' o tﬂld ¥ a ] 1 ¥ 14 1 1 ¥ a 1 v
Accuracy ‘ll‘ﬂﬁLLM@&LLUU’Q’]@@QV}NWW&L‘]ILV]ﬂuﬂﬁl'N“’l TINAIEL l],@L,Lﬂ VLSJIE%I%LVW’WHV’]I@?QN@QH

(w/o SM & FS), Twmatian SMOTE $auma8 (w/ SM), TfimAiia Feature Selection 391 A8l

(w/ FS) wazldinmaila SMOTE was Feature Selection $9:#A%8 (w/ SM & FS) A4A1519 9

LazNINLsznay 52



£19719 9 LAANNTUTELINILAN LN UENA NN INARBLILLILIANA B

. without SMOTE SMOTE
LULMRNAN » ) 2
ARINAIULIDYN  Accuracy (%) Accuracy (%)
Support Vector Machines 70:30 89.06 85.94
without Feature Selection 80:20 86.05 88.37
Support Vector Machines 70:30 89.06 75.00
with Feature Selection 80:20 93.02 72.09
Decision Tree 70:30 84.38 81.25
without Feature Selection 80:20 90.70 79.07
Decision Tree 70:30 85.94 70.31
with Feature Selection 80:20 88.37 72.09
Random Forest 70:30 90.62 85.94
without Feature Selection 80:20 90.70 83.72
Random Forest 70:30 89.06 67.19
with Feature Selection 80:20 93.02 74.42
XGBoost 70:30 89.06 78.12
without Feature Selection 80:20 86.05 76.74
XGBoost 70:30 89.06 63.50

with Feature Selection 80:20 88.37 72.09
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F5 F5 F5 F5 F5 F5 F5 F5

Suppert Vector Machine Dedsion Tree Random Forest XGBoost

nlsznay 52 NaNLTaLAAINITILTRLN L AMNLNLENAINNNINAALLLLAI AR

AINAN9N 9 warNIMLsEnay 52 innsulsauifiaLAl Accuracy 284 NULILIANARY

¥

WUILUUAA89 Support Vector Machines fuiidasa 80:20 3aNAUN19¥1 Feature

¥

Selection WAL W1ILIA1889 Random Forest ﬁLL‘LiQ‘}Jm;IJa 80:20 $aNALN199 Feature

a

Selection léilsz@nEnngegn HA1 Accuracy Winriu Aa 93.02%
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NUITERANEINITITUIENan1sU FuRuuLEed TnelddeyanisdfuAiunila
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N285ULLAN AN LA 4 LuLsaed tEun Support Vector Machine, Decision Tree,
Random Forest waz XGBoost #uriln1sAnaaniiaefangmnatia RFE La¥N193ANI9ANN
Tdannarasdayanaamaiin SMOTE taglunisafisuuianaaslavianisliuaiwiamimes
fatwaila GridSearchCV $audat anAna 9 waznandlsznay 52 wuduuusnaesd g
sz@nTnIngeqa Aa LULAa8Y Support Vector Machines WAy k11141489 Random
Forest Autedaya 80:20 sanrfunisdadaniliaas I8 Accuracy 93.02%, Precision

v 1
94.74% Recall 97.30% WAL F1-Score 96.00% WA #9111 LULA1A29NNIN12AALARN
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Wiaesnaunisaf1euuuanaeaduluuaaeanNUsc&VENNEI4R 9898910 AD LULANASY

1
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Aldlaldwmatinganmag wazuuuanaaanldmaiin SMOTE AINA1AY TILUUANAR4N b

wmatAnsAnaaniaes faudumaiianisannisaanuliannasasdaya (SMOTE) ilu
° a a a o o o o o , dl ~ =

LUUANaesnHUssAnsnansaanga lunisviauignanisdiusiwnds Weseumey

v
UsLANTNINVRILLLANARINIUNA

anlsrauanisia
ANNNITAFINULLAIAAINFIN UL NANTUFUA UM AN adaufaagadasya
ANNFUNARLLLLANAY taelTuLUANaeIianum 4 wuUanaed Lawd Support Vector
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A8 LULA1a849 Support Vector Machines ay Random Forest Muiivdaya 80:20 fanfi
neAnaaniiaasiilsz@nsnangaqainiu Aa Accuracy 93.02%, Precision 94.74%,
Recall 97.30% WAz F1-Score 96.00%

dl a a a o dl ¥ a o A = o 1 o
Welfaumeudsz@nininaasiuuanaasi limatiannsAniaaniiaas sauiy

1 v

wmalANnsaan1sAN llannaTestaya (SMOTE) Audsz@ndninassuuuanaasi tdld

q

a

mARAlATINANE NAGNE AD LuLAaaen FnaTian1anaaniiaas audumeilan SMOTE

dseAnBnIngegn AD uULANa8s Support Vector Machines Ntiadasa 70:30 1aen
Accuracy 75.00, Precision 95.35%, Recall 74.55% wa F1-Score 84.67% WAZLLLANAD

dl ] k% a 1 v tzid a a A o dl ] ¥
miulmmvwmlmwmwmﬂimmqumm AR LUUR1a8d Random Forest NLUNUANA

U
v

80:20 laen Accuracy 90.70, Precision 92.31, Recall 97.30% Wag F1-Score 94.74% Aa1iu
LLuuﬁq@@qﬁ‘lﬁmmﬁﬂmiﬁmLﬁfﬂﬂ?ﬂL@m’i'qsm"umﬂﬁmmﬁmm@mwimuﬁ;mmcﬁ’@ga
(SMOTE) M’ﬂizaw%mwﬁﬁ‘i’ﬁﬂdﬁmﬂﬂ%mmﬁﬂlméquﬁqﬂunﬂLLuuﬁmm wayle
ﬂixamaﬁmwﬁﬁﬁqmLﬁmﬁﬂmﬁﬂuﬂ@zawﬁmmmmeﬁmmﬁﬁlﬁ’mmﬁﬂ%uj IR

¢

w - o = gy ° A o =~ o
ANUTUNITTaUNEUUILANTNINTBILULANABINNINITAALAD NN LABTNOUNIT

v o o a a o nll 2= rZ’/ [ o A o dl )
AFULLANARIN UL ILBNENINTBUULLANADIN IEN IR AFAIVNA HARNE AD LLLA1ABINNN

1
ol A

nnednrenNiaasnillsc@nsnngegn Aa wULUA1a83 Support Vector Machines Wag

1
= 1

Random Forest ftiivdaya 80:20 H1sc@nEn1ngegniviniu Ae Accuracy 93.02%,
Precision 94.74%, Recall 97.30% uaz F1-Score 96.00% Galutuusnaesisilsy@ansnm
4940 luN19MAaaL LL@zLLuuﬁmmﬁiﬁlLfemaf%\mumﬁﬁﬂizﬁw%mw@;m‘m Aa Decision Tree
flutisdayn 80:20 IéAn Accuracy 90.70%, Precision 90.24 %, Recall 100% waz F1-Score
94.87% fatiu MadaAenTinasfiaunsaiaLLLsaa s dnanmAandinn e §
Favualunisa Ut LA1a8d 8nduuLLU41a949 Decision Tree ﬁLLLiﬁ@H@ 80:20 LN eI4
LU0 A 0T T e e s lE 3L ANEANANIN U989 Decision Tree LI
daya 80:20 saunuNsARLRanNIaas
uuLSaesTivanIasanisaangatesteyadanmaiin SMOTE ienRauiiay
1sz@andnnaeenislidinaiia SMOTE uaz lildinalian SMOTE nadns Ao uuusiaesild
WALA SMOTE ﬁﬁﬂizam%qumm A9 LUUANA83 Support Vector Machines ‘ﬁLL‘LiQ{I/m;I]@
80:20 #AN Accuracy 88.37%, Precision 88.10%, Recall 100% Lae F1-Score 93.67% %I\‘]

HilszAnBnananndiilaiaunuua1aee Support Vector Machines Miutisdaya 80:20 #
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