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The aim of this study is to develop a predictive model for assessing the risk
levels associated with HIV infection, utilizing four groups of variables: demographics,
lifestyle, sexual behavior, and symptoms. Seven machine learning techniques were
employed: Decision tree, Random Forest, XGBoost Classifier, Support Vector Machine
(SVM), XGBoost Regressor, Support Vector Regressor (SVR), and Regression Neural
Network. The dataset was obtained from the research and innovation institution in the
field of HIV, spanning from January 1, 2021, to December 30, 2021, comprising a total of
3,621 entries. The data pertains to individuals receiving HIV-related services, where only
entries with negative HIV test results were considered. Manual risk assessment for HIV
infection by the institution’s evaluator was categorized into four levels: No risk (N), Low
risk (L), Moderate risk (M), and High risk (H). The experiments were divided into four
tasks: 1) Four-Class (N : L : M : H), Binary Class A (N, L, M : H), Binary Class B (N, L : M,
H), and Binary Class C (N : L, M, H). The results indicated that the best performance
was observed in Binary Class C (No vs. Low/Moderate/High) by the XGBoost Regressor
model, achieving an Area Under the Curve (AUC) value of 0.88. This study
demonstrates the potential of machine learning models to assist in assessing the risk
levels associated with HIV infection, and it shows promise for effective application in risk

screening.
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sniiulsnida (Rapid Progressor) 814 e luszazilifius 2-5 3 Lwi‘lut’gﬁm%y@ﬁéwmm
mmmmuquL%”ﬂiﬁﬁtﬂuﬁmw (Elite Controller) anafinszazinanssiulsnluszeas e
10-15 1

sxeIEi 3 izﬂzLﬂmﬁLﬁu%w?‘mw:Tmmmﬁr(Progression to AIDS) Fluszaziinag
fndeetled iwaunaradulsaeadinauysal {Rndelusraziazisyiu D4 lu
$19n1etionndn 200 wwadAegnUIARRAALNAT i lHT 9N B EeuLaadat1eNINAunllg

v
nsnsialsaunsndan wazlsafn@aasalanna (Opportunistic Infection: Ols)



v
2.1.2 entlasiunisinidaiadled

n13deeiunTssAmanaun1s4NEa W3 awnTn (Pre-ExPosure Prophylaxis:

a

= o o = A ' v o & A a & =
PrEP) Aa nfinulofaealed Niuneun1sdudaiie eanlanialunishinge &
Useansnanlunisilesiugegaissesay 99 uiniuetsanane 1A5un193usasann
& o a A :/l = A o =
B4ANITRIMNTUALENTRIANTTAINTN YT FDA AOUAL W.A. 2555 uazrlunauiueney 1

! 1 v
WAl 2558 e g ignussqiudaunilslugaznisinietlesiunisingeiealedine

a

asAnTsaundalan (WHO) (eAtagayde, 2020)
t4 o a dgl o o o A | .
nN17UaeiuUN19RAIaNaIN194NE A 1iea el (Post-ExPosure Prophylaxis: PEP)
wiiaiilu 2 oils Ae
£ o a dﬂl = Cs o o 0%
1. nstlasiunisinmaied lan luyAa1NInIN U NaNAIN9&NETAaIN
N19917497% Y58 HIV Occupational PEP (HIV OPEP) z%"nm“uuqmmmmqmmwwﬁqz{mEI@
ABARATAITARNAIAITAINNITNINIURIUN RN Y IR NIuNIEa YT

[~3 v | 1 a o A:ll 1 a 1 = d:ﬂl [~ %
NIzldulNm Unnusaniu mum‘miuﬂﬂmmu NUALKATALLAN WU 1T]1AY

o o o o =

2. nstlesiunirdslmaet ladnaanidueian i ldannnimnen visa HIV

] % % o

Non-Occupational PEP (nPEP) &1115UN134N AR ALASANIAANAINLAARINNITH
WAGNALENT M INRAEN NN NIYNITNATUBNANTUNEILNA NIIYNAN ATLHANILNA

waznsliFuuaey A Iigdudadaaudassannsfiamaialad (Khongsra, 2019)
a a ¢ v [ % a D% =] a Y .
2.2 N HYNITIUATIERTAYRAIENANNITITEUSAIELATEILULNERDU (Supervised
Learning)
A vy dl Ny & = aal A v A JRPwY
nsBeugsnarseauuuifaay unidluadnislunisBeouiaeceses nlElunis

Y] ) z:ll o o o % zﬂld [ dl 7 v dl
ATNLUULINAAINATNITONIUNENAANTAINNUDNANNANFADY (Label) ‘1/]?25‘1.!1’3@’)\‘1‘1/1%’] NIN[RlaF)

a

as1auuuanaeslunisizauificaarasuuuifaeu azifatudaanisliluuanassiFews ain
¥ tzlldﬁl o o o a o o zﬂl v a % [ tzll
fayaniinandu Tnanisdiunndmefaesuiuaiaeaine Hidauasnadesiudeyad

i Tnalszilumanaanniesiiinunszuaunimeaauiudeyain ldnawiuunne (Test

a a

Data) Waliiifinn1svinung (Prediction) Niisc@naningegn

o o

= > N vy < o < )
nsdenlinisBauiiaearasuuuiiseu wuulnuauediuansazaesiyiuas
Anwnuzrasdioyandas i
. . dl v o | A dl a %
1. Classification Wagiasnisaruuniiutlszinniitenana fsazauisnasuna s

Tnansldsaagnedne o u nsdnuundssinnaedwaiivaudmiseliauwdu Tnautidaya

1 '
= =

i deyanldduiuFauiresunuanasd (Train Set Data) waz doyanlddmiunnaay



LULRNA89 (Test Set Data) tiatindiasaldin Classification Model asaunsnuenuezl5idn

Awafluanluialdauly (Keita, 2022) faninilsznal 1

=y

Training &
validation data

Incoming \ [
messages
.
Classification
model s
Spam Hom

ANUTENAL 1 AFUNYNIININIUIRILLILIANABINIFANLUNLTELAT

B Zoumana KETA

2. Regression {HafA84N13N11NEAABLIEY FaE 19 iUn1INIUIEIAN BTN

]
& =

Andiayasing | 1 Auflweting, Sunuiesuew, mumisiiss Wby aeeandiubudy
AT nsieLEes (Continuous Value)
2.2.1 wuuanaedn1aLinLszinm (Classification Model)
1. Decision Tree AN sat1aunuaaesilFlunisinunaviesuuniszny
vasdeyanuitenlaiigniwualilussedlassarsfuliiiadula lnafiudazuun
(Nodes) lugiuldiazunugasdenla (Conditions) ilerinunenadnirasdioya Gearaiunng

o = ° 1 | dl % ¥ Y | 1 ] = dl dl
AUUNUIZIANUTANIINUNL ANFIBLLAY E‘lu1N@ZLLU@°ﬂﬂH@@ﬂﬂLﬂuﬂ@.llﬁl‘ﬂﬂ”l I@EINL\‘]@H1“IIV]
! o 1 1 dl uI/ = 4 a./dld ! dl ! [ rall [ o

ANNUBEWNEABLUBN @umtmm&nmmmﬂmLa‘ﬂmﬂu (Leaf) galuazdanaaniniuainey

A o dl b o o v o
m@mimm’quﬂmmmmmmﬂ@uu
2. Random Forest LT114n1999411891a18 Decision Trees Lﬁ@ﬁﬂuwmﬁwﬁﬁiﬂ

Auuniszinnaesieys Inausias Decision Tree azgnainlulasnisguasiesivliduan

o

sineun uaznssindulalunsazsivliazgnldmainunanadns

=

BTkl

a = a P

3. XGBoost (Extreme Gradient Boosting) Lﬂuﬁaﬂmﬁmmgﬁﬁﬂ’m?ﬂugﬁ

'
a %

Gradient Boosting 4 B fiufaanisizauiaasusazfiuliizandn Weak Learner tnt

wuuaaedazneeNiuanadansndsliilunganls lnansld Gradient Descent (ita



JFuunusnaesliilaauusiuginaniulunn 7 981U NA9AINN19aH Rl usaviiu
LUUAnaesasneeNUFLLAAaAaN A ATeuLLAane Uit atnisuiia Weak
Learner TnaiidinTil TmﬂLLuuémm%meéﬁﬁtymﬁ”uﬁu%mg@ﬁﬁmwm@i@igﬂﬁm i
delHnuushasedinomusiugnanniy

4. Support Vector Machine (SVM) {luasnnsluntsauunilszinnaasiasalae 14

¥ 9 , ~ Y ¥ PR ; !
NM1TA919LAULLN (Hyperplane) LW@LLUJ%@H@IW@%IHﬂ@NmWQ i TAENHTZYZUITENING

q

o ]

fayan indganiuiduniaiuuinngn (Margin) @9 Support Vector aziilugiaatinsdiayanat)

Q u

1
o o A

' A = o A
VUIAULTALDINTTHENNQN Iﬂﬂmﬂﬂqq:ﬂﬂ@’]ﬂﬁ@qﬂﬁﬁ‘ﬂﬁqﬂfym@‘ﬁiuﬂqﬁ‘uqL@uLLU\"] 43 SVM

| |
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v Aaal | v ¥y ' 1 '
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1
=

_UNgR UArHIzaziessd 19liaya iuEULLNNNNTGA LAZATNRNYTNATI9EZYNN 7
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'
= 1 '

% Aﬂl 1 7% 1 o Y Aﬂl v o e Aal
N919NgATTrINLduLLNiUdeyanet uuraueIngy Weilaadunns Overfiting WALty
ANNNUNUENTASULILANAAY

2.2.2 WULANABNN1TNANAE (Regression Model)

1. XGBoost Regressor Llusanasnudaniuiloyuinimiuig Tnaannzlunsdin

fi9an199inuNEANELaT (Numeric Values) Lt N1aMNWIaIsIATTiW, N1SINUNeATNE, 1Te
. - W=
nsinneAau o Mdusaiae
[ ¥ 1 tﬂl b 2% .

2. Support Vector Regressor (SVR) tiuiduiianlidli Regression lagiinn SVM
W lunisauundszinnaesdiaya SVR azlflunsinunaasieiiasassdeya pinaiunis
Funuunwisdwaiuiansasiaysnindimesiulununaesdeyavisaiduuis usaz1dly

Na o My o o P A \ °

nrainAanl AN I BN ALU LN 2 TLA ZHRINTNNUNLANFBLIEY 11 N1991RIIIAN
2090 AIUTTUNTNEANFULTFNG 7] LU AW, AuauTiesueu 1A

3. Regression Neural Network Wuuuuanaes Neural Network M d&115unns
o 1 1 dll . dl ] (% % . dl o v
NIUEABIRLLAY (Continuous Value) smmmxmmmmmﬂzym Regression Faxna 4

] o

TunisvinuneAsing o Inelaseadeazdsznaufaaduiioya (Layers) Nsafiu Inansazd

v
o o

i

- Input Layer: fudiayasauilsdasy Wiiduuuanans Insaruouluunacz
MUIUTINALAUIULL s A5y
- Hidden Layers: Usznaufasnane] Fuiiiluunsieiu uazusiasluunag

| A - dl ) v o/ a o v 6 o/ N .
Huleuimaslszunananinieyaninlsadss uminnsdssutananleieridu Activation



INAATINANANNUS I UIN9FLL9BATY LAz fautemin Taeanay uazanuaulvus lus

A Hidden Layer aansndiulismnupnududauaastloyun

[~ Q’/J 2% Q‘I v 1 o o @) 1 1 d‘l d’ o
- Output Layer: Hlufugainanazasnapinaaniniiupiseiias 39a1uou
Tuunludutlazauetjiulssinnaas Regression N8N FIBENAUTU UINFBINITNNUNLIAT
Do PN A & A =<
FRLUAUNENALAEN AariiNe il i
2.3 ulRENgaInuNsAnEalatlad
2.3.1 NIAANGNFILS
A1N411A8 Algorithmic Prediction of HIV Status Using Nation-Wide Electronic

& =

Registry Data (Ahlstrom et al., 2019) sl,fﬁﬁ”ymgmmg@mmﬂu%Lﬁﬂm@ﬁﬂﬁﬁqﬂi:mﬁ
wsnFnihaneaauzetleiliay ldsaneiunsBereasiadlnelimudstieniian
lunisdsvifin Tnguwtieangu Luu[1ae9 Model I: ziwﬁ*mmuﬁmmﬁmmmq WA WA
laaRmsenIUNAGNNUS, Model II: 31]@33@Lﬁmﬁuﬂizfﬁlmqmﬂmwﬁ, Mode III: 39195
wue %I\‘lsl,gﬁ LWULA1A89 Random Forest, Logistic Regression, Ridge Regression , Lasso
Regression ka¥ Elastic Net Regression U5uannatadiayalatinaiia Synthetic Minority
Oversampling Technique (SMOTE) i @ & 14733 Area Under the Receiver Operating
Characteristic Curve (AUROC) lunnsdmilsz@naninuundnans Aunudndnuaufoush
YIRSV RTSTAN Lt A A PV St luganismsaagausannsauLls (Mode 1)
3 AUC ‘17{ 0.899 (95% CI: 0-:894-0-905) way AUC ‘17{ 0.800 (95% CI: 0-793-0-807) AU
LLuuﬁmmﬁ'mumﬂq e uazlanRasanianeduiug (Model 1) uaz AUC i 0-780 (95%
Cl: 0-769-0-792) AMMFUTANTIATIAEDL ﬁmu%wmﬁluLﬁmﬁmﬁuﬂa‘ﬁﬁmqmal,l,wmﬁ

al 1

(Model 1) aziinlidnluganisnsaaaausaunnsauds (Mode I11) Anduuudiaedan < T

1
aaa

NNIEN1edANa A9t Mode 111 UM w08 luunua1 895797 SauULR1a09NATgARE

Random Forest 1 AUC 0.892



=4 (a) — 21 (b) I
” ) 17-—"’/‘”’—" B
= 4 .A’//
4 - Logistic Regression ,‘f -- Logistic Regression- .
AUC = 0.902 (95% CI: 0.897 —0.908) | = . ,';’ AUC = 0.880 (95% Cl: 0.870 - 0.890)
j-% ) i -- Random Forest % i '.l’t -- Random Forest
QC) ‘ AUC =:0.983 (95% ClI: 0.980 - 0.986) % AUC =.0.892 (95% CI: 0.882 — 0.903)
« =1 f -- Ridge Regression * 24 2 -- Ridge Regression
j ~"AUC = 0.899 (95% Cl: 0.894 — 0.905) [ ~"AUC = 0.884 (95% CI: 0.874 — 0.893)
| -- Lasso Regression f o Lasso Regression
AUC = 0.897 (95% Cl: 0.891 — 0.902) | AUC = 0.885 (95% CI: 0.875 — 0.894)
Elastic Net Regression with SMOTE ; Elastic Net Regression with SMOTE
B AUC = 0.962 (95% CI: 0.961 — 0.962) e AUC = 0.846 (95% Cl: 0.836 — 0.857)
00 ')IZ 04 3‘6 08 10 00 02 Jl-l 06 08
1-specificity 1-specificity

(a) ROC Curve dudugadiayanisin (b) ROC Curve ROC dudLigadiagyanisnsmasay
= o ' 4
ndsznau 2 ROC Curve L‘LG‘EI‘LIL‘VIEI‘L]LLUU@W@@\?ELHLL[F]@Z“]‘]‘@%I@H@

2.3.2 Ma@enuiuuAnasdmiudeyaniannlianna
AINITUTAY Prediction of HIV Infections Among Individuals with Sexual Risk
Behaviours in Rwanda using Machine Learning Algorithms (Muhimpundu & Dr. Pierre
[ v o 3 a d” = 1 dld a dl
Claver) Lﬂuﬂﬂﬁ‘@‘ﬂﬂLLUU@W@@QI‘L&ﬂW?VHH’]ﬂﬂ’]?[ﬁI@L°]j‘ﬂLﬂ“ﬂ”ﬂq Iuﬂqwqumrmm@mmq

v

WA muﬁﬁﬂﬁﬁgﬁ@yjmm RPHIA T 2018-2019 tneidl fmavuuudn9a 30,709 AL %uﬂug
AaidalaTled S1uaw 934 (0.03%) meé’giﬁmﬁy@ 189 AU 29,775 (99.97%) Taald 3
WUUR1ADIAD Logistic Regression, Gradient Boost kA ¥ Random Tree Forest W19
Random Tree Forest LﬂuLLUUﬁW@@dﬁﬁ‘ﬁ@m Al Accuracy 71.15%, Precision 61.2%,
Recall 84.5% GaAfivinune'ld 261 True Negatives, 163 False Positives, 47 False

Negatives and 257 True Positives AINN199LATIZWN LI Random Tree Forest dqeian

1
b %

False Negatives, Lﬁlz\l True Positives, Recall, LLlaz F1-Score LLmﬁ”umﬁﬁLéﬁuTm (AUC) A9
0.75
2.3.3 ANANATYIR9FaULT (Feature Importances)
A1N41UT48 Utility of a Machine-Guided Tool for Assessing Risk Behaviour
Associated with Contracting HIV in Three Sites in South Africa (Majam et al., 2023) vl

3R 1d Machine Learning tszidiunaaasnisinimaatled Ssdiayaniain 3 luslu
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Model WazNna Sensitivity 84%, Specificity 71% 41U3a8 14
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¥

a o A

2114
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v

A Gradient Boosted Tree

o yd‘ a
WNW?QWW%WHN@%@QQW1NM@

TaLegted (Negative) LRD9 95% annuuanudsaailA1435n1s SHAP (Shapley Additive

Explanations) TnanuiinfiuansnanudiAyaadusasfiaudininasanisniung ann

b4
[ %

nilsznau 3 azdunnliian 5 FaulsndAnysianisainauuuaaeslueudiatipe any,

v
N1IMARAL HIV ATIANgR, Audugneatis, dszdinislauining uay dszdinisldgeens

Age

HIV Test Interval

No. of Male Partners
Assault History
Condom Usage
STI/UTI History
Biological Sex

Vaginal Insertive Sex
Occupation Type
Education Level

No. of Female Partners
Work Travel Period
Weight Loss

Anal Receptive Sex
Night Sweats

No. of Sexual Partners
Vaginal Receptive Sex

Oral Insertive Sex

Model output value

Age

Work Travel Period
HIV Test Interval
STI/UTI History
Condom Usage

No. of Male Partners
Occupation Type
Biological Sex

Assault History
Vaginal Insertive Sex
Education Level

No. of Female Partners
Vaginal Receptive Sex
Anal Receptive Sex
Oral Insertive Sex
Night Sweats

Oral Receptive Sex

Cold & Flu Symptoms:

(46)

" Model output value

(@) N9 SHAP UandA1ANANATY 129U lUNNKLILRNA84 (b) N9 SHAP LaAAN

ANANATyIa9FansIuLLLIRN a8 Gradient Boosted Tree Model

nwdszney 3 WEauinauAAudAyaasiaullslneds SHAP
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VGANLUUNITINE
3.1 Ms99usINdays (Data Acquisition)
py o A o o o o Al W Y ¥ o
iHasannanitiuinann s udnnssuiuetlaa dnisiiudiayanevidinFu
a dl dl v o v a dlsj a =® cY v o
wrn1siinendesiufunisinmelesladsie | asrendneynsziiudieyaainaniiu
o 1 v I'e [~1 v 'S A v
Aanang gadayausnainuuuneinluniaivdeys 3 uuunesn Ae wuuasuINdeya

v6 ¥ o Aﬁl a ndl ] a dlw
tszang LLUU@@Uﬂ’]Nﬂ@QEIWﬂW‘]ﬁFﬂH’] LAY LLUU@@UQ’]NL?@\?‘WQWﬂ??NL@El\iﬁ]@ﬂ’]?[ﬂ@ﬂi@

| v
I o a o

= v = o dl v v o Y o
L‘ﬂﬁjiﬂq TAUDHANNTHENUAUNE IﬂEI'VILN@HL‘].I’]?‘].IU?T]’]?N’W"I‘J\?LL?H azn1uua il

. dl Y Y o a a % :/l [ % o A~ dl A
Baseline LL@ZLN@ﬂqJJL?IW?UU?TW’]?N’]E‘]ﬂlﬁl’]ﬂuﬂﬂ?\‘mﬂblﬂ Auua il Follow up TNRZLABN

'
Y Y o A =

nnzdayafidinfuiiznisnunaieusn Ninanmatetledluay uarnidinfutiznig funng

a

R39a1a7 1a31ra n195usnilesiunisRsidaetlad(PrEP, PEP)Ysa n1sinunlsARmmania

o o A o A:ll a dl & 4' o Y a Qi a dgj =
L‘WV*i'Z‘ill‘V\l‘Llﬁq LL@&L@’(’JHlF]’)LLﬂ?‘V]ﬂ’WNZQ’J‘MLT‘IEI’J?J@QVW?JVI’]GLVLﬂﬂﬂ’)’]ﬁdLZﬁﬂ\iﬂ’]?ﬁ]ﬂLﬂi@L@‘ﬂi@’]

v

Tnenisdsziduaanadesiinniiunisiaeduiinindaouimiaasiny wasin1sutnguen

a

wileAeil dayanieA1ulszaans (Demographics), g1 WULNNTANRNTAR (Lifestyles),
wqﬁmmmqmﬁ (Sexual Behaviors) Lag mmﬁ‘%uj (Symptoms)
3.2 m'im?zls\l*‘fl’ﬂga (Data Preprocessing)
3.2.1 4pn19diasa (Data Management)
P o - & v = o Py P
iesangadeyausnainuuunadulunisiiviieys Aeiin1ssndeyaluatluam
weataed UID duilusianesiiuiisnig luwan waziaandeyaianizinuung Baseline

[
v a

w951 FuLENg dpnnsiudayananamialil (Missing Value) Inansutlaslififluan Tiae
mau (Prefer Not to Answer (PNA)) 1Hada1n d115uunemnans nnsiddzmaanlananluls
1 v 09/1 1 G = dl 1Y
wnnaaudndayatumall wiiflunisuanstisaaiudasounaesyanaiilaisiasnsszy
fayariie) atnedaian duiaaiunisuansaaulifsanisliiszydeyatiluwuued tne
Tldnnstismandayaiiumalyl
3.2.2 NMIARLRBNAMANHIU (Feature Selection)

TunnsAnEtazNINIMAsaLLATARABNAMUANHIUEAERENNINS (Wrapper
approach) (Eakasit Pacharawongsakda, 2015) @iflun1sAniaenAmuansuefiaenIsaina
LUUANA8INNFAUUN 2N (Classification Model) aannguAMansusinuuals 4 ngu
A v % ] a ala a dl o d’l
Ae daganiefnutlazaing | JUuLUNMIAWTEWTIR , NORANTIUNINA UAT BINTTBU 7] AT

1. dayan1efiulszanng
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>

ANALU

Aawls

S1ERaTLALA

1

21¢) (Age)

\fluAnniausiaiiaanagsendng 15-73 1

2

LA (Sex)

1. 918l (Male)
2. W4 (Female)

3. WWANNIN (Intersex)

o o

ARANTOINIILNA

(Gender)

1. €18 (Male)
2. ¥ (Female)

3. BefHinAdNRuSLIE (MSM)

4, Lﬂ?f(Gay)

5. MNANALNA (Transgender Women)
6. TIUTNNNA (Transgender Men)

7. waawdlend (Lesbian)

8. luripaa (Bisexual)

9. Tl ldanamelle (Non-Binary)

10. Tdwidla(Not Sure)

11. ldraman (PNA)

4

=S
NITAN®I

(Education)

1. fieenaniszauFne (Lower than Primary School)

2. Uszan@n® (Primary School)

3. JaeNANImaLFL (Junior High School, Secondary
School)

4. JsanAnsneulane/lat. (Senior High School,
Secondary School)

5. Ung./ayf3tyayn (Diploma/High Vocational Certificate)
6. 3tyny167 (Bachelor Degrees)

7. Lﬁ‘fyﬁyﬂmﬁ@@ﬂﬂfiﬂ (Master Degree or Higher)

8. lifls=5mAn®N (None)

9. lilwamau (PNA)




AT 1 (FD)

>

AaAU Aawls S1ERaTLALA

5 TN 1. WiINULIENLIANTU (Company Employee)
(Occupation) . ?ﬁﬁiwmﬁ‘/ﬁv‘gﬁzﬁwﬁ@ (Government Employee)

nemIng/AlAdmnd (Farmer)

) Wﬁmmimmuqmmumm (Industrial Workers)

. §3Nagdausia (Business Owner)

. WHNNIULITNIINILNA (Sex Workers)

~N o o B~ W DN

_W3uaud (Freelance)
8. A8ILIINT (Sex Worker)
9. lai"1971 (No Work)
10. 979971 (Unemployed)

11. %‘w] (Others)

2) stlununisaniivang

F11979 2 ATUANHIUENANFUULILINTANTEWTIA

Qs >3 =
AN/ ALils FIARLLALRA

1 mel¥annanin 1 lailfannandnlugog 3 euitnuun (Drug-Free for the
(Drug use) Past 3 Months)

2. Wanaaninlutag 3 ireuitiuan (Using Drugs in the
Last 3 Months)

3. laiinendiea (Irrelevant)




AT 2 (FD)
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>

ANALU

RIRIE

SIUATLALA

2

IMRHNATINATA
w1la3 (Reason

HIV Test)

1. HIR9IAL89 W31 NIuTnAuanEadasiiuLan (Self
Index Pos)

2. @J’ﬁﬁmmﬁ@mﬂumﬂ wiztn iNm99a (Partner Index
Pos)

3. @J’ﬁﬁmmﬁ@mﬂu@u wiztn in1me9a (Partner)

4. Lﬁ@uﬂziuL?qlmuuzﬁﬂﬁmmmmﬂ@ﬁ (Friends at Risk
Together, Recommend Coming for an HIV Test)

5. l1lA39a HIV fuifiay (Getting an HIV Test with a Friend)
6. ﬁﬁjﬁ?ﬂﬂi;%’]u PrEP (I Have a Partner Who Takes
PrEr)

7. BUFe9N133UE1 PrEP/PEP (1 Would Like to Receive
PrEP/PEP)

8. ﬁuﬁﬁmmxmmwwéwmﬂﬁiﬁmﬁﬁﬂﬁlﬁmmmﬁm@ (I
Have a Rash and Various Physical Symptoms That are
Causing Concern)

9. ﬁuﬁ@u@uﬁlﬂu‘imﬁm&iﬂ (I Have a Sexual Partner With
a Contagious Disease)

10. 1999420 WLl3¥A01] (Annual Health Check-Up)

11, @ednflannudesranisfinaduriug (Believe There is
a Risk of Sexual exPosure)

12. 11ATIAAINLIA (Coming For a Scheduled
Appointment)

13, Ewtiiuusiih 1l nsaaieled (The Staff
Recommends Getting an HIV Test)

14, gusuni13mgqaLatlad (Confirm HIV Test)




AT 2 (FD)
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>

AaAU RIRIE

SIUATLALA

3
2 LMQN@WNWM?Q@
w1la3 (Reason

HIV Test)

15. A84M992L0% 187 (Try getting an HIV Test)

16. e % & munsTuseslunsinsanuitenisinsie
(To use for Certification in Employment or Further Studies)
17. %I‘W] (Other)

18. lslraman (PNA)

3 NNTFLENLNTN 1. 5U (Y)
(PrEP) 2. Td5u (N)

4 AREESIRISIN 1. 50 (Y)
(PEP) 2. Td5u (N)

3) WEANITUNGLNA

AT 3 ATUANHOUENANNEANTINNIUNA

[ L b
[Nl Al Tugazaem

1 weimaAdNusLLuganldvisala 1. % saudalutag 3 1AauReiNuNn (Yes,

Including in the Past 3 Months)

2. 14 uslaildluging 3 Weufirmuan (Yes,
But not in the Past 3 Months)

3. llimafiwAduwus (Never)

4. lswenau (PNA)

2 ludwauimeuniinuin lineens 1. lwpeldgeansaundeae (N)
AUNNEITENINNTHINAT RS 2. lineensaunsle (Y)
igaly 3. s Adusiug lu 3 1heaw (NC)




AT 3 (FD)
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AR Aails F1EaZLRA
3 1u°ﬁqqaﬂmLﬁ@uﬁmumi"ﬁqqmq 1. uamsa (Sometimes)
Uaea v 2. daulnny (Often)
3. Vlﬂﬁ%x‘] (Always)
4. lsweman (PNA)
4 DRENLLAN / qqmﬁq 1.4 (Y)
2. Tl (N)
5 [uENnga lusEndnenied 1. %4 (Y)
wAdNNUSTa 1y 2. 13414 (N)
6 @'u@um@mqmmmﬂmmzﬁ 1.0 (Y)
wAgNUEa 1y 2. 13414 (N)
7 Ansaenld wildeefiamenisnl 119 (Y)
T4 3 dia (neenauen, geenaige, f - 2. Tdld (N)
uaunanend) fnanauviel
8 ludnssnuiFeufinundmeaduiug 1. liflinadiusifieuaniufuide

INALANALRUVTDRIUDIADLILNG

YEGYEY

ﬁmeQWQULLWu (No)

2. Hua1%neeng (Yes and used
Condom)

3. Huazlilaldneens (Yes and did not
use Condom)

4. lslvamay (PNA)
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4) 81N190U ]

PN 4 ADIANEIUENENEINBUT

>

AaAL Aawls S1ERazLALA

1 A95N e a0 ()

N

2. 13l (N)

3. ldiRendas (Irrelevant)

2 Ja1nsvedlspvues 1. 14 Y)

T vuadluwian vise 2. ldld (N)

TN 3. lslifende (Irrelevant)
3 uadiasalm 1. ldiflulsnTWaa (Negative Result for Syphilis)
syphilis 2. FWagszeizuan (Early Syphilis)

3. dWaanauLlane (Late Syphilis)

4. MasinenlsaTiag (Treated Syphilis)

5. 3ENINNIINEINGANAARINNA (During Treatment
with Follow Up)

6. ANNANIMAI I UN19T NN (Treatment Failure)

7. FAGAAT29 (Re-Infection Syphilis)

8. "Slu“] (Other)
9

ladinendiag (Irrelevant)

Wulea (R)

—_

4 NAILARE 1A YA

Cadiflulsm (NR)

N

Tu vuas e

3. limeaa (Irrelevant)

3.2.3 N9dmadiayaLiiassi (Exploratory Data Analysis (EDA))

[ %

nsdnsadayailiessiufaaiunimszanssiaesdeyaned lugadeyasinaiouas

ANANRUSzUd Ty A3l

3.2.3.1 fayaszAumnudeaanualunadwi UL LA aa 9431

v 1
=)

AuiNIINIzAEfafanInilsznay 4 Teanuisndanalfdndiayaaes Aanu@aean (Low

a o

Risk) HANUILNINTGAAIUAY 1591 UD9 9098901A8 LA NIALS (No Risk) A1191 1091
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wh9, ANLAENUIUNAN (Medium Risk) A1149%4 606 W09, ATNLAENAN (High Risk)

Y o

AU 333 U092 ANaIaU azdanalidndayasoulsniailudeyaniaonldanns

u

(Imbalanced Data)

1600
1400
1200
1000

800

Count

600

400

200

0
No risk Low risk Medium risk High risk

Target

nndszney 4 nauylaLdndNszaefaae9sEALANIAE e le?

3.2.32n1snszanesnaeddiayadiviunguiayanisfiulszains

[ % I o

emographics) Wag z 20 AANAFINANIANNFULAALILAUAINNLALN LAAIA
(D graphics) LazN1TNILANLFAIURI

a

nwidsznay 5(d) Teazdanaliion ludaudsananeniniawd videinume (Transgender

o 4 nll o v ' o 1= dl
Women) LAANHNANTEANE mQﬂ@Qﬂ@H@VIﬂq@V]WIﬂNNNMQLLUU‘*]’]@@\ﬂ‘Nﬂ@W@llNNﬂQ’]NL@?N

Distribution of Age Distribution of Age by Target

= Age 0040 hivrisk_3mo
—— Low risk
0.035 Medium risk
No risk
0.030 —— High risk

0.08

0.025

0.020

Density

0.015

0.010

0.005

0.000
70

5(a) WAAINIINILALAILBIATE 5(b) WARNNIINIZANEFADTBIBNEALAINIAEN
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Distribution of Target for Sex Distribution of Target for Gender
9
43.9% 44.3% Male 50 7h% 49.1%: 26.3% MSM
a0 mem Female Male
0 Transgender women
34.9%
30.3%
Ed 1 28.6%
E E 30
§ g 25.2%
Y & 20.2%
16.8% 16.4% el . ] 17.3%
14.0%
13.0%
0 9.0% 10.6% o 11.1%
5.0%
o o
No risk Low risk Medium risk High risk No risk Low risk Medium risk High risk
Target Target

5(c) WAANNITNILANLFIVBINATUAINNIREN 5(d) WAAINITNILAEFIUBIB AR HOINIILNA

AUANNLREIN

Distribution of Target for Education Distribution of Target for Occupation

48.4% Bachelor Degrees £l No work

mmm Company employee
mmm Business owner

2%
40.3%
a0 40
34.2% 33.7
30.4%30.3% 30
=30 7.2%
[
o 4.1%
&, 20.3%
16.6%17.2%
15.9%15.5% a 5.3%
10 P 0 8.9%
- o
b I b .i b
0 o
No risk Low risk

No risk Low risk Medium risk High risk
Target

45.0% i i
43.1% mmm Diploma/High Vocational Certificate

PNA

Percent
=)

Medium risk High risk
Target

5(e) LAAINIINITANEFAIABINITANHIALAIMNLALN 5(F) LARINIINIEAEIFIUBIBNTNAL

P
AANHLAEIN

niseneu s navuvisuannszanafarasngudiayanisfinulszainsiussAuaudes

10 lad

3.2.33 n1snszanaareddeyadiniungugduuunisnfiugin

o 1 ° o 1

(Lifestyles) LazN13NT2ALA22ITANAAINANIRINTULARLIEALAIMNIALY WAAIAS

a

Anidsznay 6(b) Taazdanmldon W ntinwuzulillneoaiealad (The Staff
Recommends Getting an HIV Test) LL@m\maﬂitf«]’mﬁ’)‘ﬂﬂﬁ’ﬂ;ﬁ@ﬁfa’wﬁﬂﬁﬁNﬂﬁi’ﬂ
wusataadluaanaliilauidas waznindsznau 6(d) Td5u (N) asiinasanaa llilnfm

Ao Tuanueil §u (Y) aziinasianguilaauidegs enamszen PEP g i l3&miugn

=

1A o d” a a al/ d! | v [
Arpdfnnsdudamaledlen ninteluszazinanldiniu 72 d9lue aaiuntstlestuuoy

DYIGH!



Distribution of Target for Drug Use
56.2%

Irrelevant
mmm Drug-free for the past 3 months
8.6% mmm Using drugs in the last 3 months
24.3%
20.4¢ "!13 9%
16 1%
9.3% 7 o

risk Medium risk

Target

32.7%

th isk

20

Distribution of Target fnr Reason HIV Test
55.1%

53.9%

32.7 %
13.8%|
ll l%
No

risk Medium risk

Target

1. 3)(, - The staff recommends getting an HIV test
wm Believe there is a risk of sexual exposure

24, 0%

57% '
35%

th sk

6(a) WAMINIINTZAEIFIINTT AN TLANAATLAINNAEN 6(b) LAAINITNTZANLAAIUD

dl a o dl
LMQN@WNWM?Q@Lﬂ“ﬁi‘ﬂQﬂUﬂ')’]NL@ﬁN

Distribution of Target for PrEP
48.3%

41.9%

31.3%
27.7%

16.8%  16.6%

10.0%
7.4%

Medium risk High risk

o
Target

40

10

0

Distribution of Target for PEP

43.7% 45.1%

34.9%

25.9%
24.2%

15.0%
6.3%

Medium risk High risk

is
Target

6(C) WARINIINIZAEFITBINTTULNNTNALANNIREN 6(d) LEAINITNIZANEFIUBINITFU

gnfllfumuiRe

nilseneu 6 navuvieuandnszanadaresngualuuunNIsAHIUEIARLsTALIAY MR

10 lad

3.2.3.4 N19N9rA8A18990 AR 1M TUNGNNOANITNNINA (Sexual

Behaviors) WA¥N19N3EAFAU8908YAAINA19E MFUUARLIEAUAIINIALY LAAIAY

nilsznay 7(a) Feazdanaléidn laiwe (Never) aziinasangulaifiinonauides Wesainnig

AR AZNNUSAsasn AR AT lad 16 waznwdsznan 7(h) Huazluléld

0498119 (Yes and did not use Condom)

= . o
ACHHNAFRDAIMTHEAENEGS



Distribution of Target for Sex3m
86.4%

e PNA

W Yes,but not in the past 3 months

N Never

53.7% 515%

Low risk

Percent
&

o
-3

55%

High risk
Target

Yes.including in the past 3 months

-om

Distribution of Target for Condom

88.1%
Y
80 N
e NC
60
o=
=
OJ
2
i
23.8% 21.9%
2 17 5% 18.8%
13 8%
0 3%
N n 5%
risk di Hi gh isk

Ta rget

21

7(a) WAAINIINTEANAITRULABRINAR NN US UL AR Ldviaa llAUANNIEREN 7(b) WARINNT

nszaneFnves udsasmauitu Mgeeseundesendenisiimaduiusise lidu

1
AR
Distribution of Target for Condom Feq Distribution of Target for Condom_1
55.3% 50.7%
Always 2 T N
50 . PNA 43.5% .Y
W Often 0 ]

40 mmm Sometimes
o o 31.6%
c c 30 ]
© 30 ]
< v 24.9%
& 21L.5% & 20 I —_—

® s B 16.2% 17.6%

5.8" 4.6
0 10.2% 10 B.6%
I III 58% . -
0 0
Low risk Medium risk Hil gh isk No risk Low risk Medium risk High risk
Target

Target

7(c) uamansnszarafaredlutnadineuni NN et lnuiuaudes

7(d) mem?mmﬂﬂﬁfmmqamqLmﬂ/qqm\ﬁqﬁummﬁm

Distribution of Target for Condom_2

54.1%

N
50
- Y
43.6%
40
"
= 30.7%
=
& 21.6%
20
16 6%
13 5%
) = ﬁ
[1] -
No risk Low risk Medium risk High risk
Target

Distribution of Target for Condom_3

50 49.1%
N
43.7% - Y

24.3%
16 4%
8.7%

Low risk

31.3%

o
e
]
o
3{20
10
o

Na risk

19.1%

High risk

Medium risk

Target

7(e) uWAPNNINITANFITBINR UG TuszdensHinAduRLEYTe L AU ANIAES

7(f) LAAINNINITANYAITRIAULNBANNENB U NEI I AN LSTe L ALAEN
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Distribution of Target for Condom_4

Distribution of Target for Sex Sell
56.5%

45.4%

mem N
- Y

5% | No
]
37.9% Yes and used condom
W Yes and did not use condom
20 20.1%
o X 27.3%
@
30 23.4%
=
& 20
20 6% 13.6% 182% 15 10
16.8%  16.5%
m 9%
10 o 53* 5%
0 -- 0

No risk Low risk Medium risk High risk

risk Medium risk High risk
Target Target

Percent

7(g) waaInnInszanssinuasinisdanld uildimaiameanisally 3 48 (geenunn, geens
4R, ALAUNAANILNN) InaNaNIsa AUANEAEN 7(h) waAINIINTTANEATaeluTag

A dl 1 = o o nﬂl v A A al A 1o Adl
aupeuiunlinAduiudineuaniuRuiseReesneuunisise lifuAudes
nwieEnay 7 NaUYNLAAINITANEFNYBINANNANIINNUNATLITE AUAY N AR |87

3.2.35 msﬂimmﬁf;ﬂﬂﬁﬂg@éﬂﬂ%ﬂﬂ@:umm:‘%uj (Symptoms) WazN19

o I o

nszanefafeddayanInantdIuiy WARZIZALIANNNLAEN WARYAININUIZNBY 8(a) T9ay

=

Fanmladn lad Lﬁm?ﬁm (Irrelevant) a3 THAMNIAEN LATAYINIAENES D1ANINE HIAE

a yar

L'Z\]’ﬂﬂ‘ll’ﬂﬂJ@L’ﬂquﬂ?\‘l LL?ﬂVIQ?U‘]J?ﬂ’]?L?I’]N’Wl?’J’QL’ﬂ‘ﬁiﬂ’l "‘]\11 dny @‘ll'ﬂ\‘iNVlﬁ“Llﬂ%‘?ﬂH’W L’ﬂﬂjll’ﬂ

qiuﬂ@;mumummmngq

Distribution of Target for Treat HIV
50 50.0%50.0% 50.0%50.0%
-_— Irrelevant
30.2%

20, 6%
15 9%
14 5%
o 0.0% 0.0% o 0% 0.0% o

14 9%
9.4% 9 2%
7 2 /G
No risk Low risk Medium risk High risk

No risk Low risk Medium risk ngh risk
Target Target

Distribution of Target for behavior other
56.0%

- Y
_— Irrelevant

]

Percent
] 8
Percent
8 “ 5

=
8

-

53

8(a) LAAINIINIEANEFIUBINTTNENLATLBAALAINLAEN 8(b) WARINITNTZANFITBT

an171a4919Arues Iy ruea ey YiEeTNARRUAINIALN
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Distribution of Target for Treat Syphilis

Distribution of Target for CT NG
50 49.1%

2L a9.9%

Irrelevant 50

R
43.1%24.1% mmm Early syphilis mm rrelevant
0 Negative result for syphilis o NR
31.7%
30 =
= o c 30
g 27.0% g
é_f 21.9% 21.9% é‘ j23.5%6
20 19.0% 0 8%
15.7% 15 7% 14 8%
10.8% 12.0%
10 10
.6 9%
0 0
Mo risk Low risk Medium risk High risk risk Medium risk High risk
Target

Target

8(c) WaAINNINIZANEFRTaINaINaaesA syphilis TUANNLALN 8(d) WAAINIINTZANEF

1agnaddagalsanuadly ﬂu‘ﬂﬁiu@ﬁmﬁ/‘]_l ﬂ'ﬁ’]&llﬁﬂﬂ
' o 1 dl o o dl =
A wilsznay 8 ﬂi‘qwLLVNLL@VNﬂﬂ‘t@’WﬁIﬁlﬁﬁl’ﬂ\?ﬂ@‘m’ﬂqﬂ’]ﬁ"ﬂuﬂﬂUﬁ‘%ﬂﬂﬂ’J’]NL@EI\?L’ﬂ“ﬁi’ﬂ’J

3.2.3.6 Nanszaniuesdiayad miuNgu A ning (Staff) uaznisnszans

n999dayaAINAAMTULARZITALANNIAEN LAAIAININLITENEY 9(c) Teazdanmlsidn

dl = ' dl aa Aya o v = o dl o o
AN (OTH) @gﬁ\lﬁl@m@nﬂ‘]ﬂﬂqﬁ Lummﬂiumuﬂw;pf«]f;l*’ﬂ@m@mmuwuﬂmuvmﬂum A

U

wasfliinnifinsdeuinuees wazdnliansnmlfiasngans P20057

Distribution of Target for Doctor

51.9%

Distribution of Target for Nurse

54.1%
50 o P21026 5L9% P21026
- 50
45.8% P20053 47 0% P20053
w0 a0.4% OTH s OTH
S P20054 a0 mmm P20054
€ € 31.25%
é 30 == § o 3a%
= 24.1% =
£ 22.3% &
20 20.0% 20.1%13, 6% » - 20.09%  216%
17.2%
16.0°
13.6% e 3.0% 13.6%
8%10.4%
10 a2 100 10 2% 10.4%
0 0
Mo risk Low risk Medium risk High risk risk Medium risk High risk
Target Target

9(a) LAAMINIINTLANAIUBINNTUANNLAEN 9(b) LAAINIINTIZANEFIIBINWEN LN AT

=
AANHLAEN
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Distribution of Target for Counselor

56.6%
P21026
ac e P20053
46.3% OTH
© 39.8% P20054
35.6%
31.1%

24.0%

15.8%, 16.3%  16.8%
4.6% o 13.9%
13.4% 82.0%

10 8.3%
4.2%

Mo risk Low risk Medium risk High risk

Target

9(c) uARININITANFITBSE WA ENEALIAINIALN
nnisenau 9 nauvieuasnszanadaresngui i niuszALANNIALNLeT LY

3.2.4 nsuiisdiaya (Train-Test Split)

v

Tudupeuiideyaniunnazgnuisaaniu gadeyadinivinaau (Training) 80%

v o

waz gndayadiniunaaay (Test) 20% saenasnengnnliinisudaiandayailungueas

aanAfeaiUNNINTEANsrasdiayafiueliy (Stratify)

3.2.5 N19guFNas 9 InNLULIWNAUWIY (Oversampling)

1
4

Tugadayad uitiln annisdismadeys dayasudsnuiuiayanianonulyl

a

1
A a

dNna (Imbalanced Data) A CRUBNE Lﬂiﬂduﬂmw,wum'aﬂw (Random Over Sampler) LW@

"Qﬂ/ﬂﬂ’]ﬁ‘ﬁ‘]_lﬂﬂalﬁ”l ﬂH@WiN@N@@iMﬂW?L?EHﬂI@\‘]Lﬂﬁ“ﬂ\i@ﬂﬁ‘ IQHNQMQ‘U?”’&W’WLW@LWN@’]MQH

'
aa o

faatinalunananiianuaution (Minority Class) Lwﬂwmmammmmmmmwmn
(Majority Class)
3.2.6 ﬂ’]iL‘aﬁﬁiﬁmmuwﬁmﬂﬁﬁd (One-Hot encoding)
Fnnnadinswauuunileeniienewindioyadin Model Tnafdiaya 3621 :eng
UAZH 90 ADIANIHILY
3.3 NNFAFLLLUANAA (Modeling)
nnsasuuuataasinanislanazngu wazinniedatlssdnsninnisinanuaes
LULAABTEIN9E IneenduLIS e sveaedssan Fail
3.3.1 Lmuﬁ’mmLﬁ'@ﬁmﬂ@:m:ﬁumm@m (Classification Model)
LmuﬁmmLﬁ@@"@ﬂzﬁmzﬁummLﬁﬂaﬁﬁﬁuqu 4 wuuAanaesliun Decision Tree,

Random Forest, XGBoost Classifier iaz Support Vector Machine (SVM)
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3.3.2 WULANABLARYNTUNBANTLALANNLALN (Regression Mode)
WULRNABUNAN U AT AL ANHLA LN NA1AY 3 WUUANa89 bELA XGBoost

Regressor, Support Vector Regressor (SVR) az Regression Neural Network

1
=

TnalunisdnuuudnaesazinisAunlaleinisdmeinangnaeusas

WULANa89 (Hyperparameter) foglnAliAn1sAunILLILNgs (Grid Search)

3.4 n15dsziluLLUAIaRY (Evaluation)
3.4.1 nM199nUszaNEMNLLUAIIaRINIFALUNUSZLAN

v v
o [ |

% di/v a a o [ dg/d =
FaTiALsANTNINLDILLLANAIN17NWUNU TN TUN1INAaRITH 4 AT ARG
3.4.1.1 Confusion Matrix
Confusion Matrix TugﬂLLuu Actual-Predict (Actual vs. Predicted) AD
713799 1 1NN TUEANEIAN1IN WL UBILLILIANA8Y Classification (Visitsora-at, 2019) Insiay
winansinueaandu 4 doundn o) laun
A a . KX o & dl @ "
- TP A8 NAaUINAa9e (True Positive) umammmm@mmﬂu Positive
LAZUWLLANABANIRTINUNaeanl ignéiasdnidiu Positive
= a . =K o ¥ A @ .
- TN A2 NaaLU434 (True Negative) nansieauaudiayaniilu Negative

LATLLLANABIANNTI I Eaantn ignfiasdnily Negative

b

- FP A8 HaU9Na94 (False Positive) nu1afisanusudiayan il

Negative uAlLLANaa9NUaaanu1aily Positive

- FN Aa naasaas (False Positive) nunaieanuaudiayaniil Positive

WALLILUANa8dNIungaant19nLili Negative

v
o

= ~
FIRVNTOLLA ﬁ]\ﬂugﬂ"ﬂ'ﬂ\?mq?qﬂ 5 ANU

A1979 5 NIULNHANNINIUNE

Predicted Class

Positive Negative

Positive TP FN

Actual Class

Negative FP TN




26

3.4.1.2 Precision (A2NLN1EN)

1
[ a o

Precision Af 8MT189U189A2089NN 11U a91ElY Positive WATHIUNE

& dl = o o 1 :/j dl 3 ! | " o A
Qjﬂlﬁ]‘ﬂQLN@L‘Vlﬂ‘]_lﬂ‘]_llF]Q‘ﬂH’\\‘WNMNWVW]WH’WEI’J’]L‘]J‘LJ, Positive §A7ANUI0 A
TP
(TP + FP)

v 1 1 ¥

Precision AZlNAULNA ULLANARINNIINNUNE Positive NLNUEININTL

Precision =

WAZARAILNDLLLANARINN137111 Positive Nlsusiugn (Visitsora-at, 2019)
3.4.1.3 Recall (AMNATALARYH) YEG Sensitivity

Recall An dRsdaunadsinataniA1asaiu Positive Largnyiiuis

2 dll = o o 1 :/j allal | a @ . o A
HNRANLNANELNUAIBLNIINUNAN ANA39L1lU Positive ARTATUITI AD
Recall e
eca I e——
(TP + FN)

Recall AZINNAULNDULLRIRAINNIFANUUNARIE Positive ALNUENNIN
U 1 1
AU LALAAAILNDLLUANABINNITANUUNAANE Positive N1 la 1N
3.4.1.4 F1-Score

F1-Score A AxWUAIINANAATENINY Precision kA Recall 184

b

wuuaaefoaiu dafluAnanysaiuuudiniunisssifliuaainainnmlunisfum
g <

foatinvrasnanafiiily Positive atnggnsied uazadnainisn lunIsmaniagsnananiily

Negative ati9lls@n5NN gnsAIuans Ao

2 * precision * recall

F1-S =
core (precision + recall)

3.4.1.5 Receiver Operating Characteristic Curve (ROC Curve)

ROC Curve Wluna 1w ldlun19d sl ud s8N nuuuanaad

1 a

Tnaanizatinsdilunsalninislszananadayaniaauliauna (Imbalanced Data) 15

b

o ]

ANAINNANATUNUWANFNNAUIZININN Positive WA Negative 1A UAAIAMNANNUEIZUING

o

Precision i1 Recall Iasilan® sl

I 1
a & = o

Precision iludnsndanaaasiaetangnfiesniuuaiaesaiunld (True

a

Positive) Aaanuauiannagadsaasineiuua1aasawun tdddluuan (Predicted Positive)

| 1
a 2 = [

Recall Wudmnandauaassaacneignfiaafiuuusanaadawunlé (True

a
1

Positive) AlaanuauisNAnaiatwiiiuasslunguiifluion (Actual Positive)
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ROC Curve #Hanudndtylunstindayaiinanulianga (Imbalanced

u

=

data) WisaanuaudaetinalulsaznguiANwa NN Tneennziiedauaudetngly

1
oA

[~1 v 1 o dld a a 1 o
nguniiluuanaanIINn uUU@W@ﬂﬂWNﬂi%@WﬁﬂWWQQ@3%@@QﬁqFWemsanMﬁiRecaH

q

o

geduiunguiiuuan

a

3.4.2 N199AUsEANEANLLUINARINTOADAS

v I
o [ |

v v
FnTdnsranininaadiLLaaadn1snanat lun1meaadia 2 faadnsa

3.4.2.1 MAE %28 Mean Absolute Error

F9AUsLANBNINURILULANABINNADAN MInANAAIALAADUIAS

|
=

ANTUIANAALTBIANNN AT I AIN U TFa N LULR AR UAIANN 1E Faaznusa

1
aa

Data 918 Outlier tHx1NN37 (Promrit, 2020) gAIANUINLAS

n
1
MAEz—E =P
n.llyl Vil
l:

Tp8N191A 197

A o o 1 v
n Aaauausacinglutgaiiays

A 1 a o 1 ai .
y; ABANS39TRIARENT |
P, ARAMNUIBTBIAADEN9T |
A Y . d . Y
f9azliyunaaanassnnaataadaulunnmanisdiaya §1 MAE
#08 LAAIIILULANABINUTLANBAINAR LN13RUNEL.

3.4.2.2 Root Mean Squared Error (RMSE)
Wlunn91Fuilganas Mean Squared Error (MSE) Tasinlunnsaiuany

RMSE a£#1n1331niig0d189A1 MSE il lEAnTizmiagifen Audayafiuaiin (@ woe

7a3danann andn) mmwhﬁlumimmm RMSE Aa

U

RMSE =

RMSE singnlilunisdaminunaiaindauassiuuanaeslunisiouig

A1raA1lunslae9 Regression Models A1 RMSE 711ie8n91azu@ndianinu bl uenae

P
WULRIAeINANGT
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NANITANLUUIIUIRE

a o

fadulsa1tunnsidalnauunataenIsauunilszinn (Classification) 4 wiiy Aa
Decision Tree, Random Forest, XGBoost Classifier, Support Vector Machine (SVM) La ¥
LULANTABINITOADDE (Regression) 4 w1l A8 XGBoost Regressor, Support Vector
Regressor (SVR), Regression Neural Network At angNa1miunaaeqiuUanandsige
pNsaLlsnNeeniilu 4 ngu ﬁaﬁ”Multi—Class (N:L:M:H), Binary Class 1 (N, L, M : H),
Binary Class 2 (N, L : M, H), Binary Class 3 (N : L, M, H)
4.1 ANNRATYTIBILARENANAMANHME (Feature Grouping)

lummaaesi azinasAnen faensuteiaulsdasy aanifungue Lﬁ@@d’m@:u

Tunazinfinuudnaasiudilsz@nsnan Inauiidieyssaniunguainansuzsasngs

¥ %

AT AN 0 T (Feature) Aa NNAMANT DY (All Features), 18y an19a1ulsza1nsg

(Demographics), UuULINNANTUTEIR (Lifestyles), WOANTINNIUNA (Sexual Behaviors)

= o 14

(1§ PA mmi%uj (Symptoms) FIRN1ITANAF eI AN Precision, Recall, F1-Score , LAy

Accuracy #miuusaznguaesaa1aaaula (0 (N), 1 (L), 2 (M), uaz 3 (H)) eddaay

a

1 !
=l

anlapana 3 (H) dudusuusniiasanidunguniinonuidesgs Inaenainnsnagluaaes

wiazuuuanaedlusAaznguAmanyuzliainange 6 azdunalidn lungu yn

[ %

uanme, deyan1einulszaang, UuUuN19ANTEUTIR, WYANTINNIWNA UAT 81019

A

Q
AU Hen Precision 41113uAANA 3 (H) AD (0.25, 0.11, 0.16, 0.13, 0.12 ) AMNATAL UAZAN

Recall (0.37,0.51,0.49, 0.35, 0.46) ANNATAL T9uanaliiiudnuuuanaesi diagann

ARANEUENANAINID lNPAuLNAATA 3 (H) TiAnduuudnaesiungs degantediiu

]
aa

dszans, gUULLNIIANTWTIN, NOANTTUNILUNA UAT 81N198U°) NHA Precision AMNTY

v
o o ]

patiunnmaaadsaliiaaaenldnguamdnsue nnaudnsuy lunimedeuusay

WULRN AR
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M3 6 A1 Precision, Recall, F1-Score , uaz Accuracy & uiLusaznguluusay

LULRNABINTALNL LAY

Model Feature Grouping Class Precision Recall F1-Score  Accuracy

Decision Tree All Features 0(N) 0.67 0.64 0.65 0.40
1(L) 054 0.38 0.44
2(M) 021 0.24 0.23
3(H) 021 0.48 0.29

Demographics O(N) 0.48 0.52 0.50 0.30
1(L) 044 0.15 0.22
2(M) 0.25 0.19 0.21
3(H) 0.1 0.51 0.18

Lifestyles 0(N) 0.52 0.71 0.60 0.42
1(L) 054 0.33 0.41
2(M) 0.28 0.10 0.15
3(H) 0.16 0.49 0.24

Sexual behaviors 0 (N)  0.81 0.52 0.63 0.43
1(L) 051 0.43 0.46
2(M) 0.24 0.32 0.28
3(H) 0.14 0.35 0.20

Symptoms 0(N) 0.44 0.52 0.48 0.27
1(L) 0.00 0.00 0.00
2(M) 0.23 0.40 0.29
3(H) 0.2 0.46 0.19




A1 6 (FD)

Model Feature Grouping Class Precision Recall F1-Score  Accuracy
Random Forest All Features 0(N) 0.70 0.63 0.66 0.46
1(L) 0.56 0.50 0.53
2(M) 0.18 0.22 0.20
3(H) 0.25 0.37 0.30
Demographics 0(N) 0.51 0.55 0.53 0.35
1(L) 051 0.23 0.32
2(M) 0.32 0.27 0.29
3(H) 0.1 0.44 0.17
Lifestyles 0(N) 0.51 0.72 0.60 0.43
1(L) 054 0.31 0.39
2(M) 0.28 0.27 0.28
3(H) 0.21 0.39 0.27
Sexual behaviors 0 (N) 0.73 0.54 0.62 0.42
1(L) 051 0.40 0.45
2(M) 024 0.33 0.28
3(H) 0.13 0.30 0.18
Symptoms 0O(N) 0.43 0.52 0.47 0.26
1(L) 056 0.03 0.06
2(M) 0.24 0.16 0.19
3(H) 0.1 0.67 0.19
XGBoost Classifier  All Features 0O(N) 0.72 0.61 0.66 0.48
1(L) 0.58 0.51 0.54
2(M) 0.18 0.21 0.19

3(H) 027 0.45 0.34




A9 6 (51D)

Model Feature Grouping Class Precision Recall F1-Score  Accuracy
XGBoost Classifier ~ Demographics 0(N) 0.51 0.57 0.54 0.34
1(L) 0.50 0.23 0.31
2(M) 022 0.19 0.21
3(H) 0.10 0.37 0.15
Lifestyles 0(N) 0.52 0.71 0.60 0.43
1(L) 0.52 0.32 0.40
2(M) 024 0.21 0.22
3(H) 0.21 0.40 0.28
Sexual behaviors  0(N) 0.85 0.52 0.65 0.45
1(L) 0.52 0.47 0.49
2(M) 0.26 0.31 0.28
3(H) 0.16 0.40 0.22
Symptoms 0(N) 042 0.52 0.47 0.25
1(L) 0.48 0.04 0.07
2(M) 0.23 0.12 0.16
3(H) 0.09 0.58 0.16
Support Vector All Features 0(N) 0.69 0.59 0.64 0.45
Machine 1(L) 057 043 049
2(M) 0.5 0.20 0.17
3(H) 023 0.46 0.30
Demographics 0(N) 047 0.64 0.54 0.32
1(L) 0.52 0.14 0.22
2(M) 0.28 0.12 017

3(H) 0.10 0.49 0.17
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A9 6 (51D)

Model Feature Grouping Class Precision Recall F1-Score  Accuracy

Lifestyles 0(N) 0.48 0.73 0.58 0.45
1(L) 051 0.45 0.48
2(M) 0.00 0.00 0.00
3(H) 0.23 0.46 0.30

Sexual behaviors 0 (N) 0.90 0.50 0.64 0.44
1(L) 0.50 0.56 0.53
2(M) 0.18 0.04 0.07
3(H) 0.1 0.44 0.18

Symptoms 0(N) 043 0.55 0.48 0.38
1(L) 046 0.37 0.41
2(M) 0.22 0.24 0.23
3(H) 0.13 0.09 0.10

4.2 Multi-Class %5@ 4 Class

£2
o

Imedl Class Target Aatl 0: No Risk
1: Low Risk
2: Medium risk
3: High Risk
lunnamaaesusniiseiqnlseasdifiagussAnaninaesniainunelu Multi-Class
‘EmﬂE’ﬁ@“ﬂ%mﬁmm?ﬁumme?‘mLﬁ@m Hyperparameters ﬁﬁﬁqm‘tmﬂuwuﬁmmm?

o dl = a o
AUUNUTZNN BINIUAZIBUARIANTN 7
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M1974 7 Hyperparameters TWILULIANA89N19314UNL32LINTBINGN Multi-Class

Model Type

Hyperparameters

Decision Tree

Criterion: Entropy
Max Depth: 30

Max Features: log2
Min Samples Leaf: 4
Min Samples Split: 10

Random Forest

Max Depth: 10

Max Features: 0.5
Min Samples Leaf: 2
Min Samples Split: 10

n_estimators: 50

XGBoost Classifier

Learning Rate: 0.1
Max Depth: 5
n_estimators: 50

Subsample: 0.9

Support Vector Machine (SVM)

GHOH

Gamma: Scale

A19149 8 LAAILANIINARDIIAEILAAY Confusion matrix, Precision, Recall Waz F1-

Score 184TUNgN Multi-Class TWHULRNABINIIRNUNUTLNN ANNANIINAABIALEING

159114 Class 2 (M) Wag Class 3 (H) a¥H Precision, Recall Lay F1-Score NAauidnam

waAI MU LU LRNAaBIN17A wN sz Sanuneanali Class 2 (M) waz Class 3 (H) &

Taduaduein i 4 wuusnaag



34

A1919 8 A1 Confusion matrix, Precision, Recall Way F1-Score MLULRANABGNITAN LN

Useinn84ngN Multi-Class

Confusion matrix

Model Class Precision Recall F1-Score
ON) 1(L) 2M) 3(H)

Decision Tree 0 (N) 139 41 27 11 0.62 0.64 0.63

1(L) 58 134 75 52 0.55 0.42 0.48

2 (M) 21 52 24 24 0.16 0.20 0.18

3(H) 8 1z 20 22 0.20 0.33 0.25

Random 0(N) 126 64 23 5 0.75 0.58 0.65
Forest 1(L) 31 167 67 54 0.57 0.52 0.54
2 (M) 8 49 33 31 0.23 0.27 0.25

3 (H) 3 15 19 30 0.25 0.45 0.32

XGBoost 0(N) 133 52 18 15 0.70 0.61 0.65

Classifier 1(L) 42 152 67 58 0.59 0.48 0.53

2 (M) 15 48 23 35 0.18 0.19 0.18

3(H 0 7 23 37 0.26 0.55 0.35
Support O(N) 131 48 28 11 0.67 0.60 0.63
Vector 1(L) 53 127 78 61 0.56 0.40 0.47
Machine 2(M) 11 43 31 36 0.20 0.26 0.23
3(H 0 9 16 42 0.28 0.63 0.39

A9 NNANIINAAR9 IULULANAAINITAMLNUTZIAN NUAANEN19n1UN el

LU LAZANHANIINAARIAZAINA LA LULAa8IN173 LNz nn AN e u s s

]
=

= | 1 | o o My o = K 9
anadeslildaudieunn anaflumazuuusiassnisaruuntssnnliiardanediaya
Wluszay (Ordinal) ANINIINAABIAB AL LULAN1ABINITOADDE ATNA1TI 9 LAA
Hyperparameters NAN4a LazHanI1IMaaadlntuans MAE Laz RMSE 2189n§1 Multi-Class

q

WLLLANA89N1IDANAE ANNKHANIINAAAIALAINALHI1 A1 MAE ay RMSE HAAa1dng
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1 v 1
geteuNneeuuuanaaeinung i liusiug a1ntiuiaduls Boxplot ivauansAInsiue

TuuAazAagnanIntsznay 10

a

M9 9 Hyperparameters WazAn MAE WAy RMSE ELuLLuuﬁfmmmﬁ‘mmmafammﬂ@;u

Multi-Class

Model Type Hyperparameters MAE RMSE

XGBoost Regressor Learning Rate: 0.015 0.67 0.84
Max Depth: 4
n_estimators: 300

Support Vector Regressor (SVR) C: 0.1 0.67 0.84
Epsilon: 0.2
Gamma: scale

Regression Neural Network Epochs=100 0.61 0.79

Batch Size=50

Verbose=1

XGBRegressor Predicted Boxplot

-]

|

= w0 oo

Target

35
3.0

25
20
15

Values

SVR Predicted Boxplot

[}

L1
|

1 2 3
Target \

10(a) HAAIAINITNIUILIBILLLANADS XGBoost Regressor 10(b) LAAIAINITNIUNL TR

WULANABY Support Vector Regressor
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Regression-Neural-Network Predicted Boxplot

-
!

Values
- -
= b

0.0 10 2.0 30
Target

10(c) WAMNAINIINIUNEILBILLILANABY Regression Neural Network

nwilsznau 10 Boxplot u@asAnsvinuna luusazsyAuauidenieladaesngs Multi-

Class

09// va o v 1 o o Y @ v
aniugideliulasrniamisresiuuanassnisannasliiiiluaaig o, 1, 2, 3 g
Aan13tlmrenAtlaN (Round) WluaNWLLAN Laztinu i FauiaufuNan1IMAaadfas

LULRNABINITA N TZNNAIAITIG 10

FIN919 10 AN Confusion matrix, Precision, Recall lLlag F1-Score TUUULR/NABINIFAT LN

UszinnifFaumeuiuLUUAIa8IN130ANeY 29INGN Multi-Class

Confusion matrix

Model Class Precision Recall F1-Score
O(N) 1(L) 2M) 3(H)

Decision 0 (N) 139 41 27 11 0.62 0.64 0.63

Tree 1(L) 58 134 75 52 0.55 0.42 0.48

2 (M) 21 52 24 24 0.16 0.20 0.18

3 (H) 8 17 20 22 0.20 0.33 0.25
Random 0 (N) 126 64 23 5 0.75 0.58 0.65
Forest 1(L) 31 167 67 54 0.57 0.52 0.54
2 (M) 8 49 33 31 0.23 0.27 0.25

3(H) 3 15 19 30 0.25 0.45 0.32
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A199 10 (6i8)

Confusion matrix
Model Class Precision Recall F1-Score

XGBoost ~ O(N) 133 52 18 15 0.70 0.61 0.65
Classifier 1 (L) 42 152 67 58 0.59 0.48 0.53
2 (M) 15 48 23 35 0.18 0.19 0.18
3 (H) 0 7 23 37 0.26 0.55 0.35
Support O(N) 131 48 28 11 0.67 0.60 0.63
Vector 1 (L) 53 127 78 61 0.56 0.40 0.47
Machine 2 (m) 11 43 31 36 0.20 0.26 0.23
3 (H) 0 9 16 42 0.28 0.63 0.39
XGBoost ~ O(N) 101 72 45 0 0.91 0.46 0.61
Regressor 1 (L) 10 139 168 2 0.53 0.44 0.48
2 (M) 0 43 76 2 0.22 0.63 0.33
3 (H) 0 7 57 3 0.43 0.04 0.08
Support 0 (N) 97 ol T 1 0.89 0.44 0.59
Vector 1 (L) 11 141 151 15 0.54 0.44 0.48
Regressor o () 1 42 61 17 0.21 0.50 0.29
3 (H) 0 6 41 20 0.38 0.30 0.33
Regression 0 (N) 107 83 25 0 0.87 0.49 0.63
Neural 1(L) 16 175 126 2 0.53 0.55 0.54
Network 2 (m) 0 59 62 0 0.23 0.51 0.32
3 (H) 0 12 52 3 0.60 0.04 0.08

%

ardunmlidinanimeaadlulsazuuuataaaniuianabé ldidusn tnaaniylu

dl ai v o va dl dl @] 1 % [ a o d” ya o K
panaNineadasiuEiANAssgeTuiunguiivnnanisdnnseslunuldqeil §adeassas
ARNEA1N Multi-Class Miilu Binary Class IN@NAREI31LLLANAB4AZAIN1T0N WY 1A

1 o 4” 2 1
wdugunnIWize b
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4.3 Binary Class 158 2 Class
uiangun1smaaasaInAataiily Binary Class 1198 2 Class Inaiutls Class Target
1% 3w el
WU A (N, L, M: H) 0: No Risk, Low Risk, Medium Risk
1: High Risk
WUy B (N, L: M, H) 0:No Risk, Low Risk
1: Medium risk, High Risk
WUy C (N : L, M, H) 0:No Risk
1: Low Risk, Medium risk, High Risk
4.3.1 Binary Class A (N, L, M : H)
aziflunsmsuuuuinaeslnafifinissan aanaliimae il 2 Class Tng Binary
Class A Uil Class 18#ail
0: No Risk, Low Risk, Medium Risk
1: High Risk

PP

Hyperparameters NANAATULLLANABINIFANUBNUIZANAIAT 11

M19749 11 Hyperparameters lWUUA1889N199UUN U2 N289N4H Binary Class A (N, L,

M : H)
Model Type Hyperparameters
Decision Tree Criterion: Entropy
Max Depth: 30
Max Features: log2
Min Samples Leaf: 4
Min Samples Split: 5
Random Forest Max Depth: 10

Max Features: log2
Min Samples Leaf: 2
Min Samples Split: 5

n_estimators: 10
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A9 11 (618)

Model Type Hyperparameters

XGBoost Classifier Learning Rate: 0.1
Max Depth: 4
n_estimators: 50

Subsample: 1.0

Support Vector Machine (SVM) C: 0.1

Gamma: scale

A9 12 LAANNANINAARdIALLAAY Confusion matrix, Precision, Recall Wa e
F1-Score 284lUng« Binary Class A (N, L, M : H) Tuuuuanaeaenisanuuntssinn anua
nnanaansazdanaliinuusanaesinung|dusdugnalu Class 0 @il Precision, Recall uae
F1-Score ﬁﬁ@uﬁ’]wqqﬁmiwdw (0.93-0.97), (0.72-0.83), (0.82-0.88) ANNAAL WAL
finunelE Talusinugnlu Class 1 @9il Precision, Recall uaz F1-Score #iAeuiinafindset)

9241974 (0.16-0.23), (0.43-0.75), (0.23-0.35) AINANAL

m1919 12 A1 Confusion matrix, Precision, Recall wa¥ F1-Score MLULRANARNNITAN LN

1szinnae9ngu Binary Class A (N, L, M : H)

Confusion matrix

Model Class Precision Recall F1-Score
0 (N,L,M) 1(H)

Decision Tree 0 (N,L,M) 501 157 0.93 0.76 0.84
1 (H) 38 29 0.16 0.43 0.23
Random Forest 0 (N,L,M) 544 114 0.94 0.83 0.88
1(H) 33 34 0.23 0.51 0.32
XGBoost Classifier 0 (N,L,M) 500 158 0.96 0.76 0.85
1 (H) 20 47 0.23 0.70 0.35
Support Vector 0 (N,L,M) 471 187 0.97 0.72 0.82

Machine 1(H) 17 50 0.21 0.75 0.33
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A9 N NANIINAADY MLLLANIAR9INI17ALUNUZIAN NUAANEN1TNUNe sl
w1111 Class 1 (H) a1NUaININIINAAaIFAa A28 LULANAA4NITOANA AINA1IID 13

LAAY Hyperparameters NAN4A Laznan1snaaaslnauans MAE ay RMSE 1894«

Binary Class A (N, L, M : H) luluu[1a89n150a008 aMnuani1snaaadazdaunslfan aAn

v

MAE 1A% RMSE HANNAaUINNA1 B9ruie Dl UaIa09n Wi la ki usI NNt ui Ana

e®_

721414 (0.26-0.37), (0.33-0.44) MINAAY EIA8AIATIAINAT MAE WAz RMSE TR GRRGN

el inITiuLANa9g NI UIEAANR0 LB ANNN ERAaAglE Boxplot liNaLdnaAINIg

u

g lufazAaNg AanInwlsznas 11

M1979 13 Hyperparameters WazA1 MAE 4az RMSE TUULILANA84N1INI9I0AN0EUINGH

Binary Class A (N, L, M : H)

Model Type Hyperparameters MAE RMSE
XGBoost Regressor Learning Rate: 0.015 0.34 0.40
Max Depth: 4

n_estimators: 300

Support Vector Regressor (SVR) C: 0.1 0.37 0.44
Epsilon: 0.2

Gamma: scale

Regression Neural Network Epochs=100 0.26 0.33
Batch Size=50

Verbose=1

XGBRegressor Predicted Boxplot SVR Predicted Boxplot

oo o

0.8

2
8
|
1

04

Values
Values

11
L]
f

00

-0.2 050

Target Target



41

11(a) LEAIAINITNIULIBILLLANADI XGBoost Regressor 11(b) LAAIAINITNIUNL TR

LULANAB Support Vector Regressor

Regression-Neural-Network Predicted Boxplot

o _

Values
—'OO @O
[T 7]
L

Target

11(c) LAAYAINIINNUNLTBIULLAAEY Regression Neural Network

nwisenei 11 Boxplot wamsAnsinung luusazszAuaNL@eaiad lo3u9angw Binary

Class A (N, L, M : H)

nlsznay 12 §3deuaninaInl ROC Curve (Receiver Operating Characteristic

Curve) lungu Binary Class A (N, L, M : H) iaugasuiu[anaesnliscdnsninlunis

ANUUNUAZARALEN Positive Class LAY Negative Class 1Bagramunzan azdaunnliidn
e < 1 A = ° Ao

Support Vector Regressor (SVR) Ul A1 AUC gangman 0.83 smuummmmmmmmgmﬁlu

N4« Binary Class A
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1o Receiver Operating Characteristic (ROC) Curve

—— DecisionTree (AUC = 0.68)

—— RandomForest (AUC = 0.79)
—— XGBoostClassifier (AUC = 0.81)
|—— SVM (AUC = 0.80) |

0.8 —— XGBoostRegressor (AUC = 0.77)
— SVR (AUC = 0.83)
NN (AUC = 0.81)

0.6

Precision
-'_":‘NT:

0.4

0.2

0.0
0.0 0.2 0.4 0.6 0.8 1.0
Recall

A nusenau 12 ROC Curve LLE?EULﬁEIULLUUﬁ’]@@QT@Qﬂ@:N Binary Class A (N, L, M : H)

4.3.2 Binary Class B (N, L : M, H)
We9annn1maaad Binary Class A (N, L, M : H) INAN1INAREIMLLANABINNT
AUNUszAniAn Precision 114Aa14 0 WAzt Neiunin 218z luAang0 Puiauy

foatnvAaudinees AUAIAANGN Binary Class 11l 1ng Binary Class B (N, L : M, H)

v
=

Wil Class lfgail
0: No Risk, Low Risk
1: Medium risk, High Risk
dl -dlddl o o = = o
N Hyperparameters ‘1/]ﬂVIQﬂIﬂEISLHLLUU@’]@ﬂQﬂ’]?@’]LLuﬂﬂﬁzLﬂV} HINHASLAE A A

A7 14
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M1979 14 Hyperparameters TWILLIA1a84N1931LUNUITLNNTBNGN Binary Class B (N, L :

M, H)

Model Type Hyperparameters

Decision Tree Criterion: Qini
Max Depth: 20
Max Features: log2
Min Samples Leaf: 4
Min Samples Split: 10

Random Forest Max Depth: 10
Max Features: sqgrt
Min Samples Leaf: 2
Min Samples Split: 2

n_estimators: 50

XGBoost Classifier Learning Rate: 0.1
Max Depth: 4
n_estimators: 50

Subsample: 0.8

Support Vector Machine (SVM) C: 0.1

Gamma: scale

AN919 15 WAANNANITNAARSIALILAAY Confusion matrix, Precision, Recall Lag
F1-Score 2@41ungu Binary Class B (N, L : M, H) Tuluuana89n 183 uunyszinn aanuag

NN9INAAANALAINA A uLLAaaan U TR Lt 1A 11 Class 0 @93 Precision, Recall Lay

1
g v I

F1-Score N1ABUE19490A1921314 (0.78-0.85), (0.57-0.65), (0.68-0.73) AMTNANAL LAY

uneliATuly Class 1 @il Precision, Recall way F1-Score 31919 (0.32-0.39),

(0.49-0.71), (0.39-0.48) ANNAAL
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A1919 15 A1 Confusion matrix, Precision, Recall wa¥ F1-Score MLULRANABNNITAN LN

1lz1nna89ngN Binary Class B (N, L : M, H)

Confusion matrix

Model Class Precision Recall F1-Score
0(NL) 1(MH)

Decision Tree 0(N,L) 337 200 0.78 0.63 0.70
1T(MH) 95 93 0.32 0.49 0.39
Random Forest O(N,L) 348 189 0.83 0.65 0.73
1(M,H) 69 119 0.39 0.63 0.48
XGBoost Classifier 0 (N,L) 341 196 0.83 0.64 0.72
1(MH) 70 118 0.38 0.63 0.47
Support Vector 0(N,L) 308 229 0.85 0.57 0.68
Machine 1(MH) 55 133 0.37 0.71 0.48

A13714 16 WAMY Hyperparameters ﬁdﬁqm WAZHANNINAARIIALLAAY MAE LAY

RMSE 22404 Binary Class B (N, L : M, H) lulu1R148901900088 AINNAN1ITNAREIAY

1
=

fanmlfidn A1 MAE uaz RMSE HAnag911d19 (0.36-0.41), (0.43-0.47) ANAIAL Fagidng

9/ 9./
1%

A9TUAINNAN Binary Class A (N, L, M : H) §33aA1a91a7nA1 MAE uaz RMSE 7l NHAGITU
araflumazuundiaesanansaiuaaana T EATuA N uIumI et 9NN T L
finunsaanao Ienacduiu §Aduaels Boxplot ilauansnnisinuisluusazaangss

Awdszneu 13
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M19 16 Hyperparameters WazA1 MAE 4ay RMSE TUULILANA8IN1INII0ANLEURINGH

Binary Class B (N, L : M, H)

Model Type Hyperparameters MAE RMSE
XGBoost Regressor Learning Rate: 0.015 0.38 0.44
Max Depth: 4

n_estimators: 300

Support Vector Regressor (SVR) C: 0.1 0.41 0.47
Epsilon: 0.3

Gamma: scale

Regression Neural Network Epochs=100 0.36 0.43
Batch Size=50

Verbose=1

XGBRegressor Predicted Boxplot SVR Predicted Boxplot

10
0.8
08
0.6 06 1
w
@
=2 04
& os |

Target Target

Values

13(a) WAAIAINITNIUNLIBILLLANADS XGBoost Regressor 13(b) LAAIAINITNIUNL TR

ULLANADY Support Vector Regressor
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Regression-Neural-Network Predicted Boxplot
10 -

: &

Values

Target

13(c) WARNANNIINIUILLRILLLAN1ADY Regression Neural Network

nwilsznau 13 Boxplot waasANsvinung luusiazsyAlaNideia ladaaengy Binary

Class B (N, L : M, H)

nanilszney 14 EaRauanins vl ROC Curve (Receiver Operating Characteristic
Curve) lungu Binary Class B (N, L : M, H) ilauansuiuanaasndilsz@nsninlunng
ANUUNBAZAALEN Positive Class k& Negative Class l&agnawmnnzan azdannliqn

XGBoost Regressor 111 {A1 AUC gaNga7 0.81 FIUULLLIUA1803NANgATUNgH Binary

Class B (N, L: M, H)

1o Receiver Operating Characteristic (ROC) Curve
O

—— DecisionTree (AUC = 0.61)
—— RandomForest (AUC = 0.73)
—— XGBoostClassifier (AUC = 0.72)
— SVM (AUC = 0.72)

—— XGBoostRegressor (AUC = 0.81) |
—— SVR (AUC = 0.72)

NN (AUC = 0.54)

Precision

o©
IS

0.2

0.0
0.0 0.2 0.4 0.6 0.8 1.0
Recall

nnisenall 14 ROC Curve Asaume LU UANa89999N4H Binary Class B (N, L : M, H)
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4.3.3 Binary Class C (N : L, M, H)

azifluninnsusuuatasslneninissanmana Wuaeiily 2 class lag Binary

Class C (N : L, M, H) wiia Class haisadl

0: No Risk

1: Low Risk, Medium risk, High Risk

dl Aﬂlddl o o = a o
44 Hyperparameters mqumimﬂmmmmmmimLLuﬂﬂaﬁfzmw NTEUATLREAAN

AT 17

M1974 17 Hyperparameters luiU1a1889019914WN U n2@9ngH Binary Class C (N : L,

M, H)

Model Type

Hyperparameters

Decision Tree

Criterion: Entropy
Max Depth: 30

Max Features: log2
Min Samples Leaf: 4
Min Samples Split: 2

Random Forest

Max Depth: 20

Max Features: log2
Min Samples Leaf: 1
Min Samples Split: 10

n_estimators: 100

XGBoost Classifier

Learning Rate: 0.1
Max Depth: 5
n_estimators: 100

Subsample: 1.0

Support Vector Machine (SVM)

C: 01

Gamma: scale
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AN979 18 WAASNANIINAARIIALLAAY Confusion matrix, Precision, Recall LLag
F1-Score 284l1ng« Binary Class C (N : L, M, H) luyu1a1489n19914unszinn anua
manaaesardanaliduuusansinunelEreuinausugnaluiaganang 3l Precision,
Recall Wa 2 F1-Score lu Class 0 #AN7zud14 (0.53-0.73), (0.61-0.71), (0.59-0.67)

ANANAL uazlu Class 1 HANag 9211919 (0.83-0.87), (0.76-0.91), (0.79-0.87) ANNAIAL

m1374 18 A1 Confusion matrix, Precision, Recall ka% F1-Score MLILANABINITAN LN

szinnae9ngu Binary Class C (N : L, M, H)

Confusion matrix

Model Class Precision Recall F1-Score
0(N) 1 (LM,H)

Decision Tree 0 (N) 141 77 0.53 0.65 0.59
1(L,M,H) 123 384 0.83 0.76 0.79
Random Forest 0 (N) 133 85 0.73 0.61 0.67
1(L,M,H) 48 459 0.84 0.91 0.87
XGBoost Classifier 0 (N) 149 69 0.64 0.68 0.66
1(L,M,H) 85 422 0.86 0.83 0.85
Support Vector 0 (N) 155 63 0.64 0.71 0.67
Machine 1(L,M,H) 87 420 0.87 0.83 0.85

FIN919 19 WAAY Hyperparameters NATEA LAZHANIMARTAELAAY MAE UAZ
RMSE 2@4ng Binary Class C (N : L, M, H) Tulluianaesn1snanas aInnan1snnaaday

Zunml@an A1 MAE way RMSE JA1NAauE19m1 T9rineDauuuanaadniung liausn g

ya o K

TeiA1DLi3TUdN4 (0.28-0.34), (0.36-0.40) AuaAL Antiuidnasls Boxplot tvauanssn

a

N9 IULFAY Class AININLsznau 15
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M99 19 Hyperparameters WazA1 MAE 4ay RMSE TUULILANA8IN1INII0ANREURINGH

Binary Class C (N : L, M, H)

Model Type Hyperparameters MAE RMSE
XGBoost Regressor Learning Rate: 0.01 0.31 0.36
Max Depth: 4

n_estimators: 300

Support Vector Regressor (SVR) C: 0.1 0.34 0.40
Epsilon: 0.3

Gamma: scale

Regression Neural Network Epochs=100 0.28 0.37
Batch Size=50

Verbose=1

XGBRegressor Predicted Boxplot SVR Predicted Boxplot

0.8 10
0.8
0.6

@o

-
oo
Values
s =
oo

Target Target

(a) LAANAINIINIUILLBILLILIANARY XGBoost Regressor (b) LAAIAINIINILNLLA

LULANAD Support Vector Regressor
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Regression-Neural-Network Predicted Boxplot

14 =3
o

@oo o

0.0 10
Target

(C) WAANAINIINIUILVBILLILANASY Regression Neural Network

nwisenail 15 Boxplot wamsAn1sinuna lunsazszAuauid@esiad laiuesngu Binary

Class C(N: L, M, H)

nwilszne 16 EAauaninaIn ROC Curve (Receiver Operating Characteristic
Curve) lungu Binary Class C (N : L, M, H) lilauansutiianaasndilsz@nsninlunis

ANUUNUAZARLEN Positive Class LAY Negative Class 1Bagnawmunzan azdannlfidan

]
=

XGBoost Regressor 11 {A1 AUC gaNga7 0.88 TIUULILLIUA180INANgATUNgN Binary

q

Class C

Receiver Operating Characteristic (ROC) Curve

1.0

_ 0.6
o
7
v
@
& g4 —— DecisionTree (AUC = 0.79)
—— RandomForest (AUC = 0.82)
—— XGBoostClassifier (AUC = 0.84)
—— SVM (AUC = 0.83)
0.2 r——XGBoostRegressor (AUC = 0.88)]
—— SVR (AUC = 0.83)
NN (AUC = 0.55)
0.0
0.0 0.2 0.4 0.6 0.8 1.0

Recall

nwilsznew 16 ROC Curve WFEUMELILLILANA8IUBINGH Binary Class C (N : L, M, H)
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4.4 UsziiiuanudrAaasnnils (Feature Importances)

A

ANNNANIINARBINNNGNAAIAULLANABINANGA luN1sUsziiuANBEIAE

LULUA1989N190AN8E XGBoost Regressor NAAY AUC 434a7 0.88 wazat lunguiiilu

4 v
a o [ - a o 1 o
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a

[ %

wdslvunldaoud Ay uuulafuuuuatansfaaids SHAP Value (Awan, 2023) £

Awisznau 17

High
bra_condom3m_NC reemRBl wmas s . “
Is_pep_Y ' e
Is_reason_hiv_The staff recommends getting an HIV test *"P"
bra_sex3m_Yes,including in the past 3 months ‘0 .
Is_prep Y '*
Is_reason_hiv_Believe there is a risk of sexual exposure ‘-li
bra_sex3m_Yes,but not in the past 3 months - —-—*
bra_sex3m_Never seem *
bra_condom3m_f_Always - ' o
sym_ct_ng_lrrelevant + . %
Is_reason_hiv_Annual health check-up — | .%
Is_reason_hiv_| would like to receive PrEP/PEP + &
bra_p3m_condomd_Y -'0 -
sym_ct_ng_NR +
demo_sex_Female -+
demo_gender_Female ‘+
demo_gender_Transgender men - e l
demo_occupation_No work +
demo_gender_MSM -}
bra_p3m_condoml_Y |-
I 0 Low

I J ) i
-0.6 -0.4 -0.2 0.0 0.2 0.4
SHAP value (impact on model output)

nmilsznau 17 dsziliuanudiAtyaassouils §aeds SHAP Value

o aa o o o o = \ - v o & 2
ann ALl N TANdATY 5 susuusnAe ldimaiwAduiug lu 3 1heaw, nng
sugnill, @utiuuetin i ldaaedled, nnstiwaAduRus NN lug09 3 1HauARIUNA,

ANTFUENININ (PrEP) ANNANAL
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5.1 agUuani9iae
P a = a & = , & S .
NuRAataivlsziivadasnishiamaiadled taauivaaniily 4 szat Aa 1l
TA1uL@89 (No Risk (N)), AM3LE8980 (Low Risk (L)), ANUb@eaU1uNa1d (Medium Risk (M) hag
o = o o A o = a & a
AUEESES (High Risk (H) Tnain1sa319uuuanaeiierinuig A uidesnisinimeled lan
INANIUNLANNHIRLNITG 4 721 LAZNTA 39U LLURNADINA NI UL AN HLAENN95 ALTD LA

ad . 4 . . N 4 A e

TadiarinunaAuide 2 seau Tnainnnsannguszauaaidesludinalfimunzanlunig

i eunuanseiu dainnsaagdeaniiiunig 20 289uUUs1a89N99 4N LITAN

v
o

UAZANTN 21 FAIULLAIARINTNANAE AL

M194 20 AFUHARNEN1INIUILRLILAIABINTARUNUss N TuuRaTNANARNE

Group Class Model Type Class Precision  Recall F1-Score

Multi-Target Decision Tree 0 (N) 0.62 0.64 0.63
1(L) 0.55 0.42 0.48

2 (M) 0.16 0.20 0.18

3(H) 0.20 0.33 0.25

Random Forest 0 (N) 0.75 0.58 0.65

1(L) 0.57 0.52 0.54

2 (M) 0.23 0.27 0.25

3 (H) 0.25 0.45 0.32

XGBoost Classifier 0 (N) 0.70 0.61 0.65

1(L) 0.59 0.48 0.53

2 (M) 0.18 0.19 0.18

3(H) 0.26 0.55 0.35
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Group Class Model Type Class Precision  Recall F1-Score
Support Vector 0 (N) 0.67 0.60 0.63
Machine 1(L) 0.56 0.40 0.47
2 (M) 0.20 0.26 0.23
3 (H) 0.28 0.63 0.39
Decision Tree 0 (N,L,M) 0.93 0.76 0.84
Binary Class A 1(H) 0.16 0.43 0.23
(N.L,M:H) Random Forest O(NLM) 094 0.83 0.88
1(H) 0.23 0.51 0.32
XGBoost Classifier 0 (N,L,M) 0.96 0.76 0.85
1(H) 0.23 0.70 0.35
Support Vector 0 (N,L,M) 0.97 0.72 0.82
Machine 1(H) 0.21 0.75 0.33
Binary Class B Decision Tree 0 (N,L) 0.78 0.63 0.70
(N, L:M, H) 1 (MH) 0.32 0.49 0.39
Random Forest 0 (N,L) 0.83 0.65 0.73
1 (M,H) 0.39 0.63 0.48
XGBoost Classifier 0 (N,L) 0.83 0.64 0.72
1 (M,H) 0.38 0.63 0.47
Support Vector 0 (N,L) 0.85 0.57 0.68
Machine 1 (M,H) 0.37 0.71 0.48
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Group Class Model Type Class Precision  Recall F1-Score
Binary Class C  Decision Tree 0 (N) 0.53 0.65 0.59
(N:L, M, H) 1(LMH)  0.83 0.76 0.79

Random Forest 0 (N) 0.73 0.61 0.67

1(L,M,H) 0.84 0.91 0.87

XGBoost Classifier 0 (N) 0.64 0.68 0.66

1 (L,M,H) 0.86 0.83 0.85

Support Vector 0 (N) 0.64 0.71 0.67

Machine 1 (L,M,H) 0.87 0.83 0.85

M19 21 ANINATUNAANEN1INUNLRLILANa89N130Anes lULFARENgNAAT4

Group Class Model MAE RMSE
Multi-Target XGBoost Regressor 0.67 0.84
Support Vector Regressor 0.67 0.84

Regression Neural Network 0.61 0.79

Binary Class A XGBoost Regressor 0.34 0.40
(N, L, M:H) Support Vector Regressor 0.37 0.44
Regression Neural Network 0.26 0.33

Binary Class B XGBoost Regressor 0.38 0.44
(N,L:M, H) Support Vector Regressor 0.41 0.47
Regression Neural Network 0.36 0.43

Binary Class C XGBoost Regressor 0.31 0.36
(N:L, M, H) Support Vector Regressor 0.34 0.40
Regression Neural Network 0.28 0.37
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ROC Curve A4p19149 22

M99 22 A1 AUC Tuusiazuitanaad lulFasnguaang

Group Class Model type AUC
Binary Class A Decision Tree 0.68
(N, L, M:H) Random Forest 0.79

XGBoost Classifier 0.81
Support Vector Machine 0.80
XGBoost Regressor 0.77
Support Vector Regressor 0.83
Regression Neural Network 0.81
Binary Class B Decision Tree 0.61
(N, L: M, H) Random Forest 0.73
XGBoost Classifier 0.72
Support Vector Machine 0.72
XGBoost Regressor 0.81
Support Vector Regressor 0.72
Regression Neural Network 0.54
Binary Class C Decision Tree 0.79
(N:L, M, H) Random Forest 0.82
XGBoost Classifier 0.84
Support Vector Machine 0.83
XGBoost Regressor 0.88
Support Vector Regressor 0.83
Regression Neural Network 0.55
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