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ABSTRACT

This study is aiming to apply no-code and low-code machine learning
models to detect SMS phishing. First, the SMS is converted to vector representation.
Next, Azure ML Studio is applied in this work by using two no-code models and
two low-code models, which are LogisticRegression, MultinomialNaiveBayes, and
Multiclass Neural Network, Multiclass Logistic Regression respectively. Herein, the
no-code models are included in AutoML, as well as the low-code models are in
the Designer. Finally, the detection simulations are conducted by comparing no-
code and low-code models. The results show that the LogisticRegression model
with Accuracy 93%, Precision 93% and 6h 15m 6.276s of compute duration time. It
concludes that for detecting SMS Phishing, the LogisticRegression model is efficient

and suitable for it because of accuracy, precision, and execution time

(Total 47 Pages)
Keywords: Machine Learning Smishing Detection NoCode

Advisor




AnRNIsuUIZANA

(% [
a v

n1sauadasvaduidnialulanieainuniainaznisadvayuiuy 39e vonsu

Y
(% '

YDUNTEAM HYIBANENTINTE A.q0umN and 019138 TUSnwmdnn1sauAIBase filn
ATLUE U aqﬁmmg wazvoiausuuziiulselosunaonszerinainisinidoatuil
YoV UANANLE191IE LAY TINTUTISIAT oY B kAT AT UAIUABA AN TAUIA
AAITIvINITUIMTAT eveAdvanazauiunsUaendeansauma uninends

wialulagnszasuinamszuasiviienivanugiavatiuayuluaiunig o saudanisivlenia

[ (% [ £%

#3Telun1sfnwaumuasiaunIfed veuansnnuveuauluduiouTinauLasy il

(% [
=2

ANuYIEmastuNsnASNw ka8 alalurnianie 9 vean1sfnel aanieliyide

YavauAnl UA1 11301 wazAsauay lnnsatvayusaziduinddandidynaniaueun 1

o
[ 1% (%

lalviadawngideianeunawinnisaunndassatuiidnsalulanied

TIRU UIATUNS



GUEITY

UM RSBV TIIIE oo

UNPREDATYTDINGY corrroeeeeeeeeeenmssssssssses s sssssssssssssssss e

ITYATY (QTE... ong Lm0l " WY SIS e b

GRRTGTY AR G DT e T ORI T e B T,

UnN 1 unin

o

1.1 anudusnuazaudn

2

1.2 TUszanvaInsiay
1.3 YBUWUANITIRY
1.4 Usgloviveanisive
Nl 2 nansuazeddeiiieatos
2.1 MsnTIdumsrasnamIudondy (Smishing)
2.2 wmslunsiauseundiaduriovendusiaglfiaiadle
fasvsolddosdeuldn (LowCode/NoCode)
2.3 luaafiuguimnzaudmsulilunisasadu Smishing
2.4 M3BeuFIBNATEIVLENTIS (Azure Machine Learning)
2.5 uiteTiieades
und 3 FBnsifiunsise
3.1 SaupSeupseiiofily (Tool Preparation)
3.2 %Jﬂml,l,azm%wqwﬁaga (Data Collection & Preparation)

3.3 fsunluaa Machine Learning (Model Development)

PN

12
16
18
20
22

26



GUEITY

W
3.4 'E'JmJqumayLﬁSauiLﬁ'mﬁU Smishing (Model Training) 27
3.5 Usztliuwaluina (Model Evaluation) 29
unil 4 nan193se 33
4.1 Han1FIve 33
4.2 M3spuiisuluiea Machine Learning @Sy 37
N15919293U Smishing
uni 5 a3UNan1TIL wazdeiauaiuy 40
5.1 #5Unan1s3Y 40
5.2 8AUTENA 41
5.3 UDlaAUBLUY a2
TNV r o gl Vit SN | Pt & f SRR <) WSO, | 54
P TR e TSN T o s R N e e R Wt 58



GV WPk
v
31 Metrics as1evinadnslu Azure ML Designer 31

4-1 MsSsuisuUseavsnmaesluma Machine Learning 37



d150ey3UnIN (A1)

3-1 n3zUIUNMIINUluNTALTEUN T
3.2 fmusituiivheu Azure Machine Learning
3-3 138UYAvaYA Smishing
3-4 aAvUINUBYA
3-5 Sﬁaga Data Aggregation
3-6 fmuamihgUszananateyafildlunsianlung
3-7 ponuuulinalagldnis AutoML Logistic Regression Algorithm
3-8 ponuuulimalagldnis AutoML MultinomialNaiveBayes Algorithm
4-1 wadwsn1539ulagly AutoML LogisticRegression Algorithm
4-2 pandRveansIdelaglyd AutoML LogisticRegression Algorithm
4-3 naawsnsivelagly AutoML MultinomialNaiveBayes Algorithm
4-4 puandRveInsITelagld AutoML MultinomialNaiveBayes Algorithm
4-5 padwsn153dulagly Azure ML Designer Multiclass Neural
Network Algorithm
4-6 AanURn1TIdElnelY Azure ML Designer Multiclass
Neural Network Algorithm
4-7 wadwsn15i9ulagly Azure ML Designer Multiclass
Logistic Regression Algorithm
4-8 AanURn1TIdBIAelY Azure ML Designer Multiclass

Logistic Regression Algorithm

Ty
18
20
23
24
25
24
28
28
33
33
34
34
35

35

36

36



Ui 1

UNUI

1.1 anudunuazanudidguasdym

Tutagdu waluladiunumdfgyuazgnihanldnusgraunsvargluddnuseiniu lag
Fravfinanuaranavisasiasuuszansamlunisdnduianssusiag aus1eeu Digital
2022 Global Overview Uszdifousniiau w.a. 2565 wuirduuglidumesidasilan
Wty 4.95 Wudweu Andudesaz 62.5 vessznsiavmaiilan tnefidnsninduls
192 &1uau vierfiutudosay 4.0 Meludfiiiui uonand euananIty IMC Sasey
11 Uszwnalnefaduaunug vedanluniunisldmaluladndna Inefionsiaiunisitnia

ey

Suwesiidnegiifesa 77.8 vesuszrnsavun uarldinailumsiaudumesdaads o dlus
6 uiirioTu dednegludusuil 7 veslan nilshumaluladfidunumddguazivseuaiion
Hadeiivhvesiyud Ao weluladlnsdwiiadeud [1]

waluladlnsdnyiad oudl (Mobile Technoloey) [2] ténaeduduni wwas
FInUseaniu leednisldnuegrawnsvatgluseaulan 31051897409 Ovum wuitsevay
73 vesUszrnslulssmafifaundnazidainuinseuasesnsdmiindouniuuuasnin
Ty wenaind Tugdinirewsinuuiedesaz 55 vaen13lnsid Call Center 11371
Inséwsiindeud Feazvioulisiuin aundalwulsnaredugunsaiddyiiualils lugaddsa

oldiusouvounaluladinsimsiindouiie msnnniuazns@esseiivainuans i
ansnsafnsefuldliifssuarunsinsdedes widisauds donrudu (SMS), nasaunun
ooulat! (Chat), Slua (Email), Aedanuoaulat (Social Media) uazusunaiaduuugunsal
\dewudl (Mobile Applications) uenant aunsmlnuuazuiiugn weduindounisldo
waluladansaumalumiguilanetrsumma Tnsnaneifunseafiovanlunisidiiedoya
WAZU AR BB UVIDSITN

n3LEUlaYe3 Mobile Technology slldugngantad11am19Aavia (Digital Divide) v
Tigaunnmaynfoanunsadnisdumesidnuaseensiuainne I¥aznintu uenaini Ssdae
Wndneamlunisyiaunaznisdudussieainseeglng (Remote Work & Business
Management) [3] nuaunsalnuiazuiudniidoudedumesiin Feanunsasessunisldou
IgidluBegsiauasinUszdiu

oedlsfinu mslinumaluladnsdwiiadousifiingatu tlugamumdssdun

Uaensds nslwwwasimudunuliiie Jagdunuindeanaiunisdeivesivareguuuy
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Tnenislufoanaufiunivansile mauaenarssiuteaudu (Smishing) Fasinaglusuuuy
yesteruifidsisunseiionasnarilivdondnidnly dseralugnislasnssudeyadiu
yana visemInnilvandawisiaglisen

MsAnwINUIT sane3fiunisiieuivesaies (Machine Learning: ML) [4] a13130
thunldlunsmsedumnsinunivesternuuardsineadusonnaulfesaiussansam
anddluduilyjaiulud mnsiieseiteyafansaeiotisuarnginssuvaaueunaiady
iethedndulanewifliazduiunsiuteanuviedsilaiu

szuuildsunmstmunenaeglusuuuuyes ssuvudafioussgnaumisleiues (Cyber
Threat Alert System) Faanunsadinsizsinrundeldlaeselufi lnglininensvesgunsal
TutBnash eannssnstssnanauazfiveiunadlumnsadudeanaiu wenaini
sruudsnandenansaifuumnadmvinfauuasinidefialafnwifindnientu ns

Uszendld Machine Learning taiasuasanulasnsieuuaunsaiindeui

1.2 JngUszaeAvaInisivy

1.2.1 W oadrauvudiass dmiunisesadudeanaumidleiuesmsdeninuu
Inséwviindeuilsiognsdnlu

1.2.2 Wousziuvszandamlunanisifouivenns sauulidendeuldn dmfu

AsRFudeAnAunIlBUasINItaRNNULIMSANYIA GO UT

1.3 YaulwANsIAY

1.3.1 AnwilumanisSeuiveandesuvuliidesdeuldn wslddmiunsadudegnany
algiuasluguiuuved Smishing (SMS Phishing)

1.3.2 WannlunansBouiveanssauuulifesdouldn ielddmsunmadusoanay
aleiuasluguiuuved Smishing (SMS Phishing)

1.3.3 Wasuwvasgduvutennudunnmesiieldlu Azure Machine Learning
Designer

1.3.4 naaeulinansBeuveaasssuutlifeadouldn ielddmiunsadufognay
maloiuasluguiuuved Smishing (SMS Phishing)

1.3.5 WisuisulumanisFoudvesnai ssuuvlifosdeuldndilidmiunsiadus

AnaumelguasugUkuuves Smishing (SMS Phishing)
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1.4 Uselewilvaeniside

1.4.1 UszifluuszanSanmlananisSeuveanissuvulideadeouldn ielddmsu
n3R3ufeAnANnITleiUeslusUkuUYee Smishing (SMS Phishing)

1.4.2 wasternudunnimediiielilinanisBouivenaionilauazuszananateya
Aduternalalusuuuuiuald

1.4.2 sUsutlaaanfglun1snsiadumviaenataniutend



UNa 2

BNEITHATINUIVBNNYITDY

[
a v aao

NAeliiinguszasaiieasiauuudiaes dmsunisesidudeanaiunisleiueinig
Toanuuulnsiniimasufilaegnsdnluipuagiiolduiuimislunisteosiu Smishing (SMS
Phishing) 3o n15ns1adusiaanaunisleiuesiilunisds SMS unitenasntinadeiviseln

anilvanlusunsudiawainasuevinaudnlugunsallnsédwidiade laevinn1sfinyimdnnis

'
a A

WIAA NuhazaIuIdeNineIvedluiiteises 11395193 UNTVRENANHIUTEANEY
(Smishing) wuaslunsiaueUndintuniegenduislaeldintesiioanvislidouliou
1An (LowCode/NoCode) Tuimanugiuilininzaud msuldlunisnsiadu Smishing wazns

3HU3VDUATEIVUITIT (Azure Machine Learning) 345 18azLdennall

2.1 mansandunisuaananskudianudu (Smishing)
2.1.1 fnuasAnumneveInsuasnanmutonudy (Smishing)
nsvaenasrutenIudu [5] wefiEundn Smishing (dau1an SMS Phishing) u
suwuunisvaanisTaufmsluvesfilivssasddldtoanudu (SMS) tilevaonaied $uls
Wamedeyadiuyanavsesiiunsienaneliiinaudemennistuvieanuvasnss
A1 Smishing 11AMNNNSHANAITENING SMS (Short Message Service) wag Phishing (113
VRONANNNDUNBSLR)
2.1.2 Ussiamuasnaviaenanssudeanudy
UssiamuazgUuuvtasnsTauinsleuesiigliusasdilitonnudu (sms) e
vaenanafsulnUnmedeyadiuynraviomiiiunisiiorvnelfiinnnudevneg 91nns
nunuteyannenansImMuazidsteyaiidedels annsaduundszanvesns
yaonaskudonudulFed
2.1.2.1 MaviaenanwriiuBiua (Email Scam) flainfaidsdiuaiifidonuansaiy
JuR Wy wiahifugnietarSeldsuavafiey Wednunlinadsivielidoyaduyana [6]
2.1.2.2 Manaenaw1unsAn (Voice Phishing w38 Vishing) K kinisalnsdnm
vwide laswousadudmihinnmhenuviessinsiuidede ilevedeyaduyananio

Toyan1aNsRY [7]
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2.1.2.3 Mavaanasiudaniudu (Smishing) flainfaidedonudu (Sms) 7
domltinviednuulivdenadslugaiuluiaouielideyadiuyana (8]
2.1.2.4 mavaenalaoiousrafuyanaduiieduitu flinisdihnmuiedeya
vosyanadusnliaiiaddvassludodsaueeulatl viedfstyTvesyaraduiioainses
widaeanuvetuRuseve lilowty [9]
2.1.2.5 mMIvaenalsnensiausduioviefiug (Loan Scam) flivisddsdanin
iauedudevioiudiiideulvthaule evasnarslivg elvidoyadiuyaranietisy
A5 THENE T [10]
2.5 msmmifvmiwaaﬂmﬂr}husﬁammgu (Smishing Detection)
nsaTadumnasnarssudarudu (Smishing Detection) ifunssuiumslunis
srynausnuezdamudy (SMS) Afwultuandumanaonans lagliiBnsmannuanei
Wanallanaznsdunangingsu [11] [12] [13]
2.1.3.1 Brsesadumavesnansihudemiudy
2.1.3.1.1 msiAsIzsiiem (Content Analysis)
n) MInsRdeURazIATiuasde: iemiidderudels i

v v [

“fu”, “Budusnu’, “angniieia” Taeiige URL wu bit.ly, tinyurl
%) NM3AsIaaRUNWTiAnUnR: Tearuiidheinsalfin wield
Mwulan 9 eradunsvasnans
2.1.3.1.2 MATIsiunasiisn (Source Analysis)
n) asvaeunineavlnsdwsi: vnnidunneiavitlidduine vie
MAUANUTENA ATTENTE I
¥) N13ATIRAOUL A Mnd offdududadnuinaudiiay 1y
“Benko1l” e1ailugdsasy
2.1.3.1.3 mslfinaluladniseusveaaias (Machine Learing)
n) N5l lunan159uunT A4 (Text Classification): 14
Sane33u wWu Naive Bayes, SYM w30 Neural Networks iiiasuundennuiiiuse
%) MTIATITEALER (Keyword Frequency): 3uAs1zviaud

YIATINEITDINUNITRABNAI WU “AAN”, “571978”, “Budu”
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2.1.3.1.4 M9IATIRNGANTIN (Behavioral Analysis)
n) NMFIATILINTAFNE: ATIvaeUIWTuAdnGeilutenIy
wsoll
7) MINATIEsFULUINSRBUNEU: nglineundudonimiiui
asdy o19flmnudag
2.1.3.1.5 M5 UUNT0aAL (SMS Filtering Systems)
n) AsltkeUnatatudosnualun (Anti-Spam Apps): 11U
Truecaller, Hiya fiansnsansiadunnelasiosasde
v) Ml szvuudadeudeleives: szuuiinugiutoyaives
Insfnnsunse
2.1.3.2 walulaBuaziadessioMdlunisnsiadu
2.1.3.2.1 SpamAssassin: 193tAT1gRU0AULAENIITANAINAINANUAE
1A398579
2.1.3.2.2 TensorFlow wag Scikit-learn: @nsuasnsluina Machine
Learning #5993V Smishing
2.1.3.2.3 Natural Language Processing (NLP): ’jmiwﬁﬁﬂ’amﬂmﬁaisq
e Husunse
2.1.4 enudfgueanisaseunsuasnawiuterady
nsnaenansr iy wseisendn Smishing (SMS Phishing) iunsuaenaasii
Annnnsdstonudu (SMS) filidnuasfimmionsenandliiulinmetoyaduivion
nsla q AenaneliAnaudsmeisludiunisSusasdeyadiuyana msnsadunis

o w

waonasusstanildududsddgdredesiuliliussansunnidumd svesnislaufinisley

¥

woskazUndemsnddunaztayadinyanaainnisgnuluey ANUEAYUBINITATIITUNIS

Y

yaonaskutonudu Tnsaguiseluil [14] [15] [16] [17]
2.1.4.1 Yosfunisgapdenienisfunagningau mavaonalsiuderuduin
\Aeatestunsvelimdevinnsleuduvdelyidoyanisnisiu wu vaneiavdnsiasin e
sWaR1un 33U Feorevhlviganidumbegaudetudnumnld msnsadumsvasnaddls
pt1mnduariiusydvEamishsaneudssnmsgapdeRuagnindauesUss vy
2.1.4.2 Sastunmsalusdoyadiuyana flinidonlidonududievedoyadiu

UAAA W YaRldau, sianiu vsentnaavdnsasin Jsaunsatiivldlunisueaudieionu
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Wieviganssuiiliigndes namsafunisvaenaiskiuternudutneundesteyadiuyana
vosUsevuldlvnnluegluilovelaiuseasis

2.1.4.3 a¥anud ofuluszuuAdna i oUssmvuldfunisdunsesainnig
wasnarseeulal Aardanudedulunsldmaluladane 9 lduniy n1snsasunis
wasnanddlliisausetesiuanudsnenianisiu widalunsdeasunisldnuszuy
ARvaludIntag1aUaonsie

2.1.4.4 ann1siine1vanssuleiued nsnasnairiudennududuni sy
Uszanwesonwgnssulsuedfduunliuiadusgeinsa msnsadunastestunis
VABNANAINGITIHaNTIUINTRID NS TUNNIUBS tneviigliUseasnaliaunsald
HBillunsvaenananiels

2.1.4.5 afuayunsuftRnungmneuaznnnsinwnasade e
\Aerdasannsalimmmaiunmsaenanadudiuvisveanstisdulingunediieites 1
w.5.0. AoNiamed Miengruneiliferdesiunsruasesteyadiuyana mansradueeisdl
Uszaninmaelimsujifaungunedululdedgsdivszansam wazdesiulidliiannis

azlllnd@ndURIyYAna

2.2 wuandlumswanuaunalatuvsavenduaslneliinsasiiafianuse lideadeuldn
(LowCode/NoCode)

MUk Unaindunsevensdnslnglisosdeuldn vieiidniulude Low-Code
uay No-Code (anvidalaidiondenldn) I8suanuiomfistuegamindludagsu esan
armagmnlunslfnusazannsoviilifilidfusumanedaanmnsoianeundinduld
Tnglidesdiaruilumadouldn sendusussamianyaudnumsadouniaduiily
Tugsiadng 9 sauiamsianszuuiitisuiuussmshauneluesdnsldegeiiussansam
[18] [19] [20]

2.2.1 \nFesilenlflunisiauiueundiadu Low-Code/No-Code
2.2.1.1 \nvesilevinnnuoundiady (Low-Code/No-Code Platforms)
wdasdlowarddrelinmatauueundiedudululdlegld msainuazans viensld
wawandifleg Feanmnsatagliglinuaueundinduiitileitumsvhauidudeulslaelsl
Foudeuldn deogrundosilefifon Ldun OutSystems, AppSheet, Bubble, Microsoft
PowerApps, Wag Zoho Creator ?z'iqﬁﬂqﬁ%’umsﬁwmﬁﬂsamquﬁqmiﬁwmLL@UWSLQ%’uuu

flatauaziy
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2.2.1.2 m3slin1sanuaz118 (Drag-and-Drop Interface)
nénnsveaedesiolssinnifenslimeainuaznediutsznausing 4 iwu Ju, Wedw,
yievthensuanina Saldannsndenuasdanisldnudonis Fdvaeliaunsoiaun
woundinduldlunasudunazanaududerlumsitmuniideddnisdouldn
2.2.1.3 nslmnaniidliden (Pre-built Templates)
wdesflowariinazfimunanuoundiatudiSasuiiannsothanlivieusuusani
audosnisvesdliau Medatu wamandmiumsianisddsdelusud, nsdnnis
LUsand, visensaiialesuameileugldau
2.2.1.4 madensoriugudeyauazu3n1sdu 9 (ntegration)

\p3esile Low-Code/No-Code dnilngjsosiumsifiensiofuszuugiudeya wiouins
ﬁﬁaQLLa”a U Google Sheets, Microsoft Excel, Salesforce, #58 CRM systems 11311974
37UAU API (Application Programming Interface) Lﬁaﬁasﬁau”aﬁaL%amiaﬁ’w'%mssm 9 1
Tansaadaweundinduiivhausiudussuuneuents

2.2.1.5 MsUSuLstaz R LANAY (Customization)

wiiedesile Low-Code/No-Code azantumaunsifeuldn widsanusafiaileddu
fisudoutulalnensld Javascript Wi SQL TumsWeuldnduisluuiensdl dstiveliuey
WU TuaIsveereummshaldmuaudesnsve sy

2.2.2 FumsuniswanweUnandu Low-Code/No-Code
2.2.2.1 MIUATIZRAINFDINT
Gﬁ’jumaumﬂsuaamiﬂ’eumLLaU‘wﬁmsﬁ’uﬁamsszqmméfaqmwawﬂ%’mu
W Haddunisiaudidesnts, nseenuuu UI/UX wagmisldnuvesueundindu gwamn
weundwdudowharudiladnvasveeundinduiinsimuuasdaymideanisudle

2.2.2.2 AN59BNLUULAENRIUN

Tutumeuiflinuannsoduduaiueundinsulnelfiniosdioniied Tne
MsannuarNsEUTERBURN 9 YesieUnAlAtu MedeudefuguteyauarszuL q 2y
HgliLeundinduausavihaulanuainudenis

2.2.2.3 MInadaukarn1sUTuU

vdaniaas I itmunazdesinimeasuueundiatuiiieliuule

Tueundindurianildmufinnnis manutgmvieteianain azdesuiuUsueundindy

AUALULUIINATNAEBU



19

2.2.2.4 MSNEUNILAZALATNY
dlawoundeduimuiasaauysalnas gannaunsamennsuoundinduludeldanu
wIelduneluesdng msguasnwueundintuardedinsduinnegsseiiieaiialianuise

T aulaegaiuszansnn

2.3 Tuwnaiuguiivinzauduiuldlun1sasasu Smishing

SMS Phishing 3aii5enfiuin Smishing (SMS + Phishing) tJuwmadanislausinialy
wesildarnu SMS ilenaenmaliindeilnmedoyadiui Wy saiiu deyatnsiasin
vionandsiidudunsie nsmns9du SMS Phishing WutlymiliAeidestu msuseuiana
A1W1555UR (Natural Language Processing: NLP) daidunuusvnilaves Jayyusehivg
(Artificial Intelligence: Al) fivaelvineufiumesanunsadila Jinsedt warUssananateninu
ppenafivsydnsam

2.3.1 nsanaeuladafn (Logistic Regression)

Logistic Regression L“ﬂummﬂmqaaaLLazmiSauisuam%qmﬂu NFIMUNUTZLAY
Toyauvulunivionyaata lunaidiBunisversuidnvesnisnanesidadu (Linear
Regression) Tngldfilariduladafin (Logistic Function) sefiSaninilsidudnuess (Sigmoid
Function) i audasauadnslweylugaaszndng 0 d 1 unanudadursdandnnismis
ANAAIENTYRILIAA NTUTEUNAMITIEWEsIAglEIT Maximum Likelihood Estimation
(MLE) wagmsthluuszandldluanusing q wu nsunnd n15lu waginennisteyatudym
MssuunUssandoya wu n1sRarsanidiaedlsaviels wionisRarsanitgndasie
duimieli msnmnesladafnidunilsumaiaflizuanudengean Wosnndeaaunse
lunsdwuntayaluuiuagaiunsavenglignisdiuundseinniuunyaaid (Multinomial
Logistic Regression) lgt

n1sonnesladafingmiranldadausnluadfuazsomnldfuniswannlddudane3sui
ddaylu Machine Learning (ML) Tngianizdmsutiam Supervised Learning fifiaanis
Fneduusithnnediliseies (Discrete Output)

2.3.1.1 Wenduladafn (Logistic Function #3© Sigmoid Function) n1sannaglad
annldflaidudnuesdiiteutasinisaamsallsiegsewing 0 wag 1

2.3.1.2 Mm3Uszanaensfiwasingld Maximum Likelihood Estimation (MLE)
Tunsmamnsfiwesiuangau lunaagld Maximum Likelihood Estimation (MLE) Wi

N1SAAAIAINAAIALAADULUU Least Squares Al Linear Regression WeAdUANUNY
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LY

Buwes Logistic Regression Aflinzauves Aeenitvinlviladduiliidngean tneldvada
Gradient Descent %39 Newton’s Method

2.3.1.3 Multinomial Logistic Regression (Softmax Regression) defiunninaes
Aand (Multiclass Classification) 51@1u15aly Softmax Function wnu Sigmoid Function
WeUsugamssuundsziavlisesiuvatenana

2.3.1.4 Regularization Tu Logistic Regression mil,ﬁm Regularization Term 3¢
anUgymn Overfitting ledlgasguuuumian Aa L1 Regularization (Lasso Regression): an
aj’wmu‘ﬁ]Lﬁ]aﬂmaLadaﬂﬂ'wwwmﬁl,mas‘wmﬁ'Lﬁuqusj‘ wag L2 Regularization (Ridge
Regression): tosfumsfmesaifivualngiiul

nsannesladafindusane3suiiddnyluadfuas Machine Learning o390l
TasadafiSoudrsudannsat iUl fudguinissuuntseianinarnvatsld ansld
Maximum Likelihood Estimation (MLE) ¥inlauisaUszunaianisndineslaeg1auaiugn
wazn1sifiy Regularization Yaetlostutlywmn Overfitting mMsthluyszendldlugiusing
wanslidiudsarudanguuediaatl

2.3.2 udiuy (Naive Bayes)

Naive Bayes t{udana3iiu (Algorithm) n1ssuunuszwamn fiodenguiiud (Bayes
Theorem) Tnsssaunfgiuigadnuuyimuaidudaszdotu wiluarunduaisenaliidu
wuthy wilseatinsihauldfuasdussansnmgduvaegou wu mssuundonuias
nsasndutennuitlificusyasd (Spam) [21]

Naive Bayes (NB) ilusane3sumssuundsznniiondefiuguvomguiunvesud
(Bayes’ Theorem) lngldauufgiuingudnvuzvestayaidudaszsoiu (Conditional
Independence Assumption) wiiaTtuaaudussstayasiafinnuduiusiunaiy egqdlsh
anu NB §inafudanessuiifivusyansnmuagldsuanudonetrannludlymeng 9 wu nns
AATIERTaAU (Text Classification), N15M5137UDLNAALUN (Spam Detection) kagn s
NYINTAUNNITUNNEG (Medical Diagnosis)

Naive Bayes \usanessunisSeusveseiosiltuinanvesnniniaziiulunisduun
Uszian Taeditugrunannguiunvenud Ssdeliannsomumamaiuinnsduvoud
azUszan (Class) Idngndoyadiuun luaadgniluldlunaisain Wy mslinsei
JoAu (Text Classification): Wu nsauwundmailu “audn” e “luailu”, nsinsgi
AMUARLIY (Sentiment Analysis): [lun1siansanindeanuduwuilduduuinuieau way

MTIAsEsnsTantsnnd: IHluszuvitiadelsalagofeaianuiiaviiuaeseiniseig 9



21

flaushin Naive Bayes awilanmfigruiioutnafeuineg uifaansolinadwsniusyansnwly
WA 9 91U
2.3.2.1 nguiiilugiuves Naive Bayes 14 nquiunvesiug (Bayes’ Theorem) &4
annsavinssunlneieiandnsazresteyaimunfudasyaindu fuhlugaunisd
Seudeil
2.3.2.2 Usganuas Naive Bayes Svangussiandilddmsudoyaiiuansnaiu Téud

Gaussian Naive Bayes (GNB) T¥dwiuteyafisinisuanuasuuuuni (Normal Distribution)
TnganutvzsduresnudnyazveInsmunInilsiduaunuLiuesnuiazidy
(PDF) 484n156anuaUns

Multinomial Naive Bayes (MNB) Tddmiuteyaidurdiuui 1wy sundsiien
Usmgiw,aﬂmwﬁq 9 winzdmsulaymnisduntan WU Spam Detection

Beroulli Naive Bayes (BNB) Mdwsudeyaiidiudmisnssnaans Binary) wu il
Amilsunnguisliusngluienans (0 wie 1) dallunusmasudwaauiuufoadu
MNB usivsnzdmiuteyanidiu Boolean Features

udTesauIndith Naive Bayes Tldluaususing o wu nsasndudiuaawdy:
Sahami et al. (1998) w11 Naive Bayes @1unsadnuundwaduiulsografiuse@nsninlag
Tdnswanuasvesimnigludening, nsiAsenAusan (Sentiment Analysis): Pang et al.
(2002) 14 Naive Bayes lun1sdiuunannudaiuve s iidudauinnieau wagnuind
UszanSamlndiAesiusana3sudu o way msliaszridesanianisunms: Kononenko
(2001) FinwinsTd Naive Bayes lunsitadelsa waznuinduedeadefidusslonidmiu
mstaedndulaveuwnmg Wudu

Naive Bayes iJusane3suiifiiugiuananuiasiuazilasadai Sovie und
Usgansnmgslunuduundszinymateuszian lnslanzauiiieadesiudens wihiey
fiTedinueUszms wu auufgiuinaanvazvesoyaludaseiu ustamnsoudluldlaeg
mslimalansusulganing 9 Naive Bayes Sanadunillulinadlisuenudeouuasldanuls
ALUAIVIA 9|

SMS Phishing Detection tJutgniaunisussuiana n1w1555u1@ (Natural
Language Processing : NLP) #iliasgsidamnufiensiamanudes wu a9 sunsenie
nsveteyadiusa maidonluina Machine Learning 7z ansisanaadeaainnis

TAURA INTTDINAAAIUNSNEINT AT FILULAATTANUTUGDUNT WL “U1dnwug” (Naive
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Bayes: NB) #138 “n1sanneeladaind” (Logistic Regression: LR) @ailmnusinisinagudue

TunnsauwuntamnuAesasde [22] [23]

2.4 N33PUFVAUATBIVURITIS (Azure Machine Learning) [24]
Tu Azure ML #1A309010919945U MsHAILILBUNAATULUU Low Code / No Code &9
Paglvinsadranayldauluna Machine Learning ludesdsuazazain lnglidniudes

Jeulan wisaunsaloulAnfissantes Jumngdmsugflufinnudeivyaiuns dou

Y
[

1An m’%a;ﬁ’ﬁéfaamsﬂ’wuﬂumaasimam%“am%aﬁammﬁé’qmmsaﬁwlﬂlﬂumﬁé’mﬁa
Wawaznagdeulunanig 9 taegradidsyansnm
2.4.1 n1585194 VU899 Machine Learning wuudnlui@ (Automated Machine
Learning : AutoML)
3EBuFveaA3es (Machine Learning: ML) lumaluladndunumdrajlugafivsa

9

winszUINNIHAILILUUTIaes ML dndedldnaiuasnineginsas suudesedudieinisy

A1udeya (Data Scientists) lun1sidenaudnwue (Feature Selection), N15USU
AIN19381LM8S (Hyperparameter Tuning) wagnisidenlutaaiiinunyay wiowdlatdeyn
AINE1 NI5ISBUVRNATBUUUBALWITR (Automated Machine Learning: AutoML) lagn

v

WaTuietisannsevesywdlunsasawuudiasd Iag AutoML ansatienlumaia

D

o |

Nan Usuamisfiwesiimngay uwasdsulieuseaniamvedumalalnednlud® lugas
1siATARLaN Machine Learning (ML) ldgmin Ul lunaneanavinssu 1wy msiiu msunmd
wayInemansteya og1dlsAnu mawamuUuTIaes ML iflusransamdedinaiuiy
uazdesedufiTerng daduguassadfydmivesdnsiliinsnennsilome
Automated Machine Learning (AutoML) 1Juuuifnfitisanainududouvenszuiunis
ML Tnedalusi deaeligldnlifiarudoimyiinemanidoyaamnsaainsuuuiiaos
fifuszansnmgsldognadnnts AutoML AseUARUNIEUIUNITRILANISWT BBy N3
donluaa MsUTuAmIsEves aufsnsuseiliunawuuinass

2.4.1.1 WWIARYBY Automated Machine Learning (AutoML) AutoML 1Ju

' '
aaa

nsrUIUMSALY danestudnludd ieldenlunanfnanuwazUsulsauszaniamuedluing

9
(%

ML Taealy AutoML aziiesdusznaunanssdeluil
2.4.1.1.1 m'ﬁlmamamaamium (Automated Data Preprocessmg)
AutoML ﬂ?ﬂJﬁﬂVI’]ﬂ’JWﬂJﬁ”@Wﬂ%aﬂJﬁ L@]ZJ@’WIMWEJI‘U MISSIhg Values), Laaﬂﬂmaﬂwm

[

d1fy (Feature Selection) wazudasteyalieglusunuuiivanza
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2.4.1.1.2 m3denlanailmangan (Model Selection) AutoML &1
nagaulutnanalsussian i Logistic Regression, Decision Tree, Random Forest,
Gradient Boosting Machines (GBM), Deep Learning LLaxLﬁaﬂiumamﬁmaﬁwﬁaﬁqﬂ%
SnluLiA

2.4.1.1.3 n15UsuAmI91dL0e3 (Hyperparameter Optimization)
AutoML 14 inafianisfummis fimesiaiian 1Wu Grid Search, Random Search, Bayesian
Optimization wagEvolutionary Algorithms wiausuarmsfiwmeslilunaivszdnsam
g9an

2.4.1.1.4 15U dUNaLUUI1a89 (Model Evaluation & Selection)
AutoML Minafiasng « Wy Cross-Validation, AUC-ROC, F1 Score, RMSE \ilonsiadeuuas
Fonuuudaesiimnzauiiae

2.4.1.2 TohuazUeidsvod AutoML

2.4.1.2.1 ¥8fve3 AutoML annauaznine1nsfdedldluniswmun
wuudaes, anaudndulunislidideaviaenu Data Science, anansanaaouluinanans
fuazidenditinanldlnesnlulfi uay sesfusuiivannvans wu msneinsal Msliaszs
JoAu waznTannw Lusu

2.4.1.2.2 Toid@sves AutoML 91aliaunsausulasuuItaasludednts
wirdunswauuuudiasaes, WndsnulunisAuage esandemaasslunauay
wmdwesdiuaunn wazeralivangdmiuanuiidesnsanudladedniAeaiuteya 1y
AU

AutoML tHumaluladitthsanaududeuvanseuinunisimuiuuusiass Machine
Learning vl lifianudeaviayanansald ML i ety wiiedifosfnuisedie wu
JodnAnlunisuiuustuudiaes uazdeddminenslunisauwings us AutoML depadu
wuInaiiddeluniswaun Al Tuewian

2.4.2 99NUUU Machine Learning UuLat% (AzureML Designer)

AzureML Designer 1elvildannsnoanuuunszuiun1sinau (Workflow) vedluina
Machine Learning laludnsauznisainuazins (Drag-and-Drop) Inglidendeuldn §ld
annsadenlugainoaliundy wu mswieudeya nmadeniies msinluna waznns
Usziilunaanyateyanaauiivdn lugafiduasuiiensihausuiy

Machine Learning (ML) énaneifuedesiioddalunswmuuianssulunainvans

gaamnssy og1dlsfiany nsmuIkuuTIas ML dndesenderinusiddndiunisdeuln
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wagnsUSULAILUUIIa09 Azure Machine Learning Designer (Azure ML Designer) 1u
wanwesuN Yl la1unsnasne naaey wazUsuudsluna ML lalaglideadeuldn
UNUBEIUB UMD SV UUANLAZ18 (Drag-and-Drop)

lugatagiu Machine Learning lagnunluuszandlglunainviaieaiu wu nsunme

'
a o W

N33 N15AUAN wazszuudalula eglsiniu guassafid1dgyvesnisld ML Aeaay
FudauresnszuiunsiawLuuaeiideddd mudeirgsunsdouldn waznisusu
ANNITIALDS
Microsoft Azure Machine Learning Designer iduia3asilofitaeliglianunsnsanuuy
AénlwainnsiFoudveedosuuunin (Visual Workflow) Inglaigfeaiivinuznisidiouldnidedn
Fadulvgduivmngdmiu dnfmun dninermaniteya wazesdnsiisosnisi Al alily
SEARLNIMY
2.4.2.1 WnAaLazeIAUTENaURaNUDY Azure ML Designer Azure ML Designer
\Judauwilaves Azure Machine Leaming Studio Inglvigldanunsawam ML Model s
Sumedrisuuvanuasidnuhe ssrusznoundnues Azure ML Designer il
2.4.2.1.1 BUMBIINLLUUAINWAZIN (Drag-and-Drop Interface) Azure
ML Designer 1l La3asilatngesnuuuuuudians (Model Builder) Avaelvigldanunsn a31e
Asnlnad ML Idlaenisannuaznslugasiineg wu nslvandeya msidenilines mslnasu
Tuea wazn1sUszLliuNg
24212 Iu@aﬁw%faﬂ%mu (Prebuilt Modules) Azure ML Designer il
Tugafisesiudunouddny Wy Data Ingestion: Tnantayaan Azure Blob Storage, SQL
Server #38lwd CSV, Data Transformation: n1sa1adeyauasnisiienfuanuue (Feature
Engineering), Model Training: Tilaea Logistic Regression, Decision Tree, Random
Forest, Deep Learning wag Model Evaluation: n1sinnaliiag 1w Accuracy, AUC-ROC,
RMSE 10ugi
2.4.2.1.3 n3ideusiefiu Azure Services Azure ML Designer 5835un sl
USINAY Azure Synapse Analytics, Azure Data Lake, Azure Databricks LLaw'%miSm
Frlvannsausuusasiuuusaedulinuesddinetu
2.4.2.1.4 M3 MLOps uag Deployment gl¥ansa duuudrassd
WU Deploy «Ju REST APl wagideusiafu Azure Kubernetes Service (AKS), Azure

Functions %38 Power Bl laagnadnenne
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2.4.2.2 NFTUIMUNINIUVBY Azure ML Designer NTEVIUNTITHAUI Machine
Learning Ul Azure ML Designer ansawuseanidu 5 %umawé’a Town
2.4.2.2.1 Mm3iUaya (Data Ingestion) {l¥aunsnidenunastaya wu
Azure Blob Storage, SQL Database, Web Data Sources kD Upload Ina CSV way
Weulssiuluganisuszananadeya
2.4.2.2.2 msm’?mmamﬂaw”aagua (Data Preprocessing &
Transformation) N15%1 Feature Engineering, mﬁmmﬁagaﬁmwwiﬂ (Handling
Missing Data) wagn1saniinvesdaya (Dimensionality Reduction)
2.4.2.2.3 M3denuazinaauluina (Model Selection & Training) i1
ansadenlung ML Mmsnzanainlugadifagu 1w Regression: Linear Regression,
Decision Tree Regression, Classification: Logistic Regression, Support Vector Machines
(SVM), Neural Networks, Clustering: K-Means Clustering
2.4.2.2.4 n1sUszidunanazn1sldenuuudiass (Model Evaluation &
Selection) 5¥UUALFIWAIUINAT Accuracy, Precision, Recall, AUC-ROC tag RMSE il
Peligldansadonuuuiassiiign
2.4.2.2.5 n15 Deploy wag Monitoring ifialduuudiaesfivaneauudn
@1u190 Deploy \Ju Web Service API Uu Azure Kubernetes Service (AKS) #3® Azure
App Service Wigliszuunmeusnanansadfauusiaeslé
2.4.2.3 UoflazUaiduuas Azure ML Designer
2.4.2.3.1 Uafua3 Azure ML Designer T1udne lideadsuldnuining,
$995UN15%1 End-to-End Machine Learning Pipeline, mmaalf?famiaﬁ’mma'qsﬂ’a%aLLaz
wiosflelu Azure ToegnafiuseanSnim wazsesiu MLOps dmsunisusulduasnsiaaey
Tnmalusyezend Wudy
2.4.2.3.2 Yeideves Azure ML Designer dasiatunisusuusislumnaiie
WiguAunslaY Python %30 R, ﬁﬂsifa]'wquﬁai%muuu Cloud Tusgauesnns uagldaiunse
14leiu Open-source frameworks U1aUszLAN WuAy
Azure Machine Learning Designer \Juunanesuii vrsanainududounas
nsruIUMIIaL ML Inensiigldanunsaeeniuulumaniu Drag-and-Drop Interface ¥

a

Tigldnlifianudermgiunisdeulanaiuseasuassuliluea ML lainetu aglsh

o w

A3 ueinazdidedinluSoswein1suSuuaawuusans Azure ML Designer fapaduasaaile

Mangdmsugsnandenist Al unldeuldegasng,
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2.5 yAdeiiigates

251 unauil [25] InsnisruunnadvauluildtgaussAvgesailinsuy
msmunuiuansnensssuuiifogidiiaiestnsuasineaiianisFouiednniendediia
foft wardoidy uenanil lenansidsnsouaquilcouindmiumsuiulgdlusunanlunis
Uszananan1wsssuend i edeaduteniuautued1sfiuszansaam unuiiaznsiady
URLRRHGIRTH

2.5.2 uneudl [26] Wnadeudidedniftousntssnmdouidnusiiduautuway
Lilvaus i eversvouwansifanilutagdu Instanzdnnsldlaima Convolutional
Neural Network Wag Long Short-Term Memory quﬁwaaaﬁﬁwLaumfu%uagfﬁ’u%aga
Foauvindu warldusnyanudnvuzeondiemuies lugadeyanisinszdnsamn
Usgnausnedenuaudy 747 demnsuazternuililvauuy 4,827 deanu farmusiug
fhinfisfis¥ovay 99.44

2.5.3 unarwd [27] madulavesdinsdwvidlededwmalidonuauty SMS ity
0819170 TumaUfUR msdedfvaudalnsdmidefioiduFessndetadonarsusems
sdadng SMS fisasdaililfuagdlruinssunuinniinnesedywni uazeondud
nsesauvsnsdwsiiledenidrta lumenduiu ludAnns guassadfnfonisunuaay
yadoyaaun SMS a1y JadudusgredadmivnisnmeseunaziuIsuiiisudauen
UsgLnnanag uenant iilesandennu SMS Aeudnedu Mnsesautunuilonisenad
UsrAvBnanas Tuumarwll isihiausneaiandu auty SMS fuviass asisne uaglalld
idhata Fadueoaanduiilugfiaavinfismen uenaind ndauuieuiisulszaninmd
lé’%Uaﬁﬂ?'ﬁmﬁL'%aué’suaaLﬂ'%"aaf{i’ﬂswma?% HadNWS5¥UI1 Support Vector Machine i
Ussansnmnilendndanendssanilldsunsuseifiudun wasdomni Seaunsaliidy
g iifdmsunsisudieudiugy

2.5.4 msfnwdl [28] Wefuilymdinanluefnedluszuluudindueumieauuy
FoilmAnmsunTadenmanziiiuusslovdserdldvaoms uindugnussinduaudy
wenanideenseeniusetemfunaedie Wy wou awly uwazsu dsliiosneiiay
povaussausuimuevesdlivatens fafuisndusosdinsdananany SMS uwuy
marsaaanIunLnIe (Taya) fiifseyluty unanuduugilnaneundudnlua
ganserlaldiviianunued miudanuiangtaninu SMS eandu 5 nuiany laun weu
auty doya ganssu wagswaruwuuldndaien Inelidane3su Perceptron vianedu (MLP)

Tukwaniell SMS wagsrenisazgniavssinnidunilslunnanyinivualiasamdy nns
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[

yeapsiisuiunsuy "gadeya SMS vanenana’ Sedidoni 7,308 feau Feudseanidu
5 Aana AMuldInnITaaesResesay 97

2.5.5 usei [29] eSuenisiivlavesunanilosy low-code waz no-code Mgl
st woUnAeFuTlY machine learning fetudwiudlinuiliffugnwlunsdeulda
nsldiedesilowanidielianunsaadrslama machine learning Aitinududoulalnglsldes
fanuluddnfeiumalulad

2.5.6 1ATeH [30] drsraunamesi no-code way low-code Aidlunswann Al uay
machine learning Ingianng suiuiledesilenvieliigldannsoarawoundinduild Al lag
ligndudeadoulén Aldredalenalifuyanailifiiugunadeulusunsy uidosnisld

walulag Al Tunisyinau
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A5N15AIUNI5IAY

NEUIUNTATNIUAAATIAIU Smishing UTzNaunley NITIALNSEILATONND, NSIATEL

yadaya, N1TNauluee, n1sRnduluna wazn1sUszidiuna luwea Machine Learning

9 Y

anunsadieiiuaulasadelunisly SMS uavanlenansldanuargnuasnaisaindeniny

v

Phishing ¢l snluinadinisusuussegnwieilies Aanunsatieliaunsansindudeanaule

a

pgeiiUszanSnmunTulaunszuiunIsiauIlima Machine Learning Litans2393u SMS

(%
v

Phishing 138 Smishing Tusuidedauisawiseandu 5 dunsundn aadl

17
Qﬂmuazm%auqm o
v m A e dna Y w1 luna Machine
JnnTuuniociiofnld Yoya (Data Learning (Model
> > earning (Mode
(Tool Preparation) Collection & $
. Development)
Preparation)

v

HAnelulsnalviiFoui

Usaiuwaluna

4 o
tNEYINU Smishin >
$ (Model Evaluation)

(Model Training)

AN 3-1 A52UIUNNSINNULUATAMEUNITITEY

3.1 YawmTeannellefild (Tool Preparation) Tnaidenld a3 esilowuuleoimnugesa
(Open-source Tools) ﬁawmsﬂ%muiéfw% U Python, Scikit-learn, TensorFlow, Pandas
way Jupyter Notebook wiagasluniswauuwaziiasiziluma Machine Learning @nw
Fenslduedodienidon Wy mstasdlaus3isidu nsEenldnuileidu waznnsaae
msviauvesluieg asaaeu anutfuldveuniosle dugunsainazszuuufinng

wWalrnuladnanuisavinaulasg1esiusuy
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3.2 famuazinseuyataya (Data Collection & Preparation) AunnuaziAen Dataset
Fnunzay wu sqﬂ%’aaqgamﬂ Kagsle, UCI Machine Learning Repository w%awdﬁa;ﬂaﬁ
Aeades Faiifegretoninu SMS Ay Spam waz Ham @eanuund) waziundinsies
yhenuareIndeya (Data Cleaning) ity audemnufitndou aushusefivay wu oavung
239Aneu n3e81ud wlasdennudu fduidniomn (Lowercase) aurdilalsnuy
(Stopwords) wu “Aa”, “#”, “uaz” \Judu, 1 Tokenization wiawdsrluusslen wias
ﬁﬁagarﬂu‘gmmuﬁﬁﬁu Machine Learning Model 19 wu N5l TF-IDF (Term Frequency -
Inverse Document Frequency) %38 Word Embeddings Wewdasderudusuay

3.3 Walunluma Machine Learning (Model Development) tdanluina Machine
Learning #1anzay 1 Naive Bayes (NB): 1 udrsnazdiussansaimgslunissuun
99A21%, Logistic Regression (LR): @aa15ageuazaiuisatntuldeaulding, Random
Forest (RF): finnuudugganazdnnisnuiliaesdnuiuuinlas, Deep Learning (LSTM,
CNN): g msuauiiideyasiuiumnnuazdesnisSeuiuiunvesdeniny fauluna
Tnelfip3esiie No Code/Low Code @i Azure ML Designer %38 Google AutoML Fetels
aunsaas1cluinalalagludeadoulanuindn Usuunanisidinesvosluing
(Hyperparameter Tuning) W USUAIN15i58U3 (Learning Rate) USuvuinyndoyatn
(Batch Size) @anduIusBUNISHN (Epochs),

3.4 AneuluealifiSousiAeadu Smishing (Model Training) uwustayasaniiu 1
fAnaey (Training Set) LazyANAABY (Test Set) 1w 80:20 13 70:30 Lielilutnauian
TRYALALAINNTONAFBUNAGNS LA 195ane35u Gradient Descent %38 Backpropagation
(@ w3 Neural Networks) Lﬁaﬂ%’uﬂqwﬁzﬁm%mwmaﬂuLﬂa NTIVEHBU AIANGEYLY (Loss
Function) kazANUNUEY (Accuracy) vedlunaii elwusilainTuaalyldiSousuuy
Overfitting #38 Underfitting naaasusuussilinodifisiiu wu n1sifia Stopwords, n1sld
Stemming VED) Lemmatization, mssumsl%’aaga (Data Augmentation)

3.5 Uszuiiunalima (Model Evaluation) 14 Metrics Sauss@nsainvosluwna
Accuracy: fﬂmmgﬂéfawaﬂmLﬂaiﬂaim, Precision & Recall: #579@0UdNIINTHTIVIU
Y8A171 Phishing léatnsgndas, Fi-Score: Tilunsiuseuiiisuluinadiill Precision waz
Recall sineff, Confusion Matrix: a539a8UNSYWIBfiRana1avedling naaaulunaiy
foaa3s (Real-world Testing) Inelidonim Smishing Alailseglugndoysiiniiioginluiaa

anunsansRduldudugmseli TinsgideRanainvedluea wazthluusulsduseudaly
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3.1 InLnseuLAIellaNlY (Tool Preparation)

3.1.1 AMUUANUNYIIU Azure Machine Learning

IR UAYeU (Workspace) lu Azure Machine Learning tJudunaudfagylu
MMIBUAUNAILILAZIANTIATINT Machine Learning vulwanwesu Azure Tagunvineuil
nthidugudnansdmsunisdnanisnineinsiiieitestu Machine Learning Wy 99

v

Uaya (Datasets), laaa (Models), kagn15maass (Experiments) uanainil deyaelunis

AnsnuuarAIuANNTEUINMIIIUYasiuliE1iusEAnEaAm

Asure Al | Machone Leamsng Shudo

A Myt ResearchSmishing - Bl = oo
I & Home

B Model atsiog Generative Al with Prompt flow

Aumrarng

Generative Al models

Pgerw
8 tmeeomens ] e B o = o B o =
& : . " . . -

Workspaces

A workipace provides 3 centraized place 10 kiep track of all the artfacts you create while performing machine leaming experiments
R © st
T fimer  (IF Cobunws
Name 1 Berowce group Regecn

N (esearch smdng newat southeastasna

AN 3-2 MUUANLNYINGIU Azure Machine Learning

3.1.2 TURDUAITATNNUNYINIU Azure Machine Learning

1) lffhgj Azure Portal

- 191 Azure Portal wazastioldneUyl Microsoft
2) a@s1ansnensll

- AANT “@519nSnens” (Create a resource)

- AU “Machine Learning” TuwauAum

- 1@9n “Machine Learning” 21nNaN1SALNT LazAdn “@313” (Create)
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3) asansnenslnl
- Subscription: t@8n Subscription figoansld
- Resource Group: #5719 Resource Group Tnal
- Workspace Name: Fedeiuiivhan
- Region: iengiimeaiifesnisliiuiiviaudos
- Storage Account, Key Vault, Application Insights, Container Registry:
anunsadenlnszuvasslnlagdnluls
4) asramsnenslnl
- araeuteyaiinsentioun
- ABN “ATI9ARULAZETN” (Review + Create)
MEEINMIATINERULESAY AAN “ddne” (Create) HieBunszuumsasn
Nufivan
3.1.3 M3afenumMsFeudvesiaieadnlusia (Create an Automated Machine
Learning job)

MsaF1sunsEeuivenniesdnlusi@ (Automated Machine Leaming ¥i3e AutoML)
wnedansldinIesdionas Azure wisliszuurinisiden, a3, wagiiniuluna machine
learning lnesnlusi@ Inefigltlisuiudesianuidnludunisifouldavienisuiuuss
Tuea dawmnzdvsunisdumisiafqalunisasialunadvivdeyad dvun Tne
nsvUILNsTasALiunsuuUSalulR dauiniaefeudeyaluaufimadenuaviindulinad
ALNEEL

3.1.3.1 Sumeun1Ias1eiuTivhaues AutoML

1) Wa Azure Machine Learning Studio

2) 1U#i Automated ML

3) AAN New automated ML run

4) \den Dataset figosnslilunisiindulanag

5) finnun Task type Wu Classification, Regression #38 Forecasting

6) fviun Compute target Fudunsnennsi Azure aelilunsiinluwa

7) fermnsfinesau 4 aafifioens wu narlumsiindy, Sruauves
Tunafidesnisnaaes, wardinisuszduna

8) AN Start WiBBUNSENNULLLAA
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3.1.4 N19@319 Azure Machine Learning Designer
Azure Machine Learning Designer Lﬂum’%"aqa'j'am%’ﬁm%’ua%’wu,az'?]ﬂr;JuI:uma
Machine Learning wuuns1iin lnelidaadioulan 9elsildausaainiaginenoulniug
#n37 Lileadns pipeline é’m%’umsﬂszmamaﬁﬁ’agaLLazﬂﬁ'E'Jﬂr;JuImalﬁdw%u
3.1.4.1 Gﬁy’umaumﬂﬁ’&mu Azure ML Designer
1) WA Azure Machine Learning Studio
2) Laan Designeriu Azure Machine Learning Studio, 1‘1J‘1'7l' Designer ?jﬂ
Azveliansaas1e pipeline lagldnisainuazang
3) AN + New pipeline tilaadns pipeline Tl Suneuusnuosnisass
pipeline Apnsifial Data Input ileldeusiafiuuvaieya (Dataset) Maglilunsinduluina
4) \don Dataset fiseansldann Azure ML Datasets %3 Data from file
5) a1n Dataset 911 panel autneluds canvas
6) Tomoulniuudang o dmsumswseudeya Wy nsiANazeIndeys,
nsulastays, msdanisefiname, waznisulasiiies

7) Wendanesiiunauseinisiilunisiinduliing

3.2 Iamuazinseuyadaya (Data Collection & Preparation)

nsdaussianuarslinTesideyamaniiinnuddylunisiaulung Machine
Learning dmiunsiadunazdeaiu Smishing Fadussanaiinuteslutiagiiu idesin
Smishing 1{unistauflaglddionnudu (SMs) fusudrevidodasuutasieya onaonaadli
Audedsinidusunmevieliteyadiuyana wu saiuvietoyatnaiasin msthe
TayanInauInTgvgleliaunsaasaluealun1sIunteAINTENINe ham, spam
wag smishing lasgnausiugr n1slnailn Machine Learning 1w Naive Bayes, Logistic
Regression 38 Deep Learning az9aevfinuszansnmlunisnsradudomiuiladsldogng
yiuyiaei dssalianinsadosiuglisuannisgamasnmauaziiuenaasnfelusyuuns
Aoassiudomnuldinniy

3.2.1 yadeyaitlilumsnaass

Tnonsidendeyaanyatoyaasisay (Public Dataset) fimpunsidleTuil 20 fquieu

2022 Tnvyateyadiduyatenrmildsunisintig (Label) Aignsusamduiioniside

gy Smishing Fadunistaufinidleiuesiiutoninudu (SMS) Nddnwusduiyda ya
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Joyatiusznaume 5,971 deau Tneutaussimdenueendu 3 Uszuan laun dennud

ladudunsie (Ham), Spam, wag Smishing lneflduiudennuluwiarusennasil

YaAIN Ham U7 4,844 oAy
Y9AN Spam TI1UIU 489 UpAIM

oA Smishing 91U 638 UoAIN

LABEL TEXT URL EMAIL PHONE
ham YYour opinion about me? 1. Over 2. Jada 3. Kusruthi 4. Lovable 5. Silent 6. Spl character 7. Not matured 8. Stylish 9. Simple Pls reply.. No No No
ham What's up? Do you want me to come online? If you are free we can talk sometime No  No No
ham So u workin overtime nigpun? No No No
ham Also sir, | sent you an email about how to log into the usc payment portal. LIl send you another message that should explain how things are back home. Have a great weekend. No No No
Smishing | Please Stay At Home. To encourage the notion of staying at home. All tax-paying citizens are entitled to 305.96 or more emergency refund. smsg.io/fCVbD No  No No
‘Smishing | BankOfAmerica Alert 137943. Please follow http://bit.do/cgjK-and re-activate yes No yes
ham Sorry dude. Dont know how i forgot. Even after Dan reminded me. Sorry. Hope you guys had fun. No No No
ham | don't quite know what to do. | still can't get hold of anyone. | cud pick you up bout 7.30pm and we can see if they're in the pub? No No No
ham Ok lor. Anyway i thk we cant get tickets now cos like quite late already. U wan 2 go look 4 ur frens a not? Darren is wif them now... No No No
ham Wat r u doing now? No No No
ham Buy one egg for me da..please:) No No No
ham Is there a reason we've not spoken this year? Anyways have a great week and all the best in your exam No No No
ham Stop the story. I've told him i've returned it and he's saying i should not re order it. No No No
ham No. | dont want to hear anything No No No
ham Wagqt se pehle or naseeb se zyada kisi ko kuch nahi milta,Zindgi wo nahi he jo hum sochte hai Zindgi wo hai jo ham jeetey ha.......... No | No No
ham I'm e person who's doing e sms survey... No No No
ham Mm i had my food da from out No No No
ham 4 tacos + 1 rajas burrito, right? No  No No
ham House-Maid is the murderer, coz the man was murdered on 26th January.. No No No
ham Yes! How is a pretty lady like you single? No No No
ham (That said can you text him one more time?) No  No No
ham | know she called me No No No
ham In sch but neva mind u eat 1st lor.. No No No
spam lyricalladie(21/F) is inviting you to be her friend. Reply YES-910 or NO-910. See her: www.SMS.ac/w/hmmross STOP? Send STOP FRND to 62468 No No yes
ham Jay says that you're a double-faggot No No No
ham Oki thk i got it. Then u wan me 2 come now or wat? No  No No
Smishing | UR awarded a City Break and could WIN a £200 Summer Shopping spree every WK. Txt STORE to 88039 . SkilGme. TsCs087147403233 No No yes
spam Hello from Orange. For 1 month's free access to games, news and sport, plus 10 free texts and 20 photo messages, reply YES. Terms apply: www.orange.co.uk/ow yes No No
ham Oh... Lk tt den we take e one tt ends at cine lor... Dun wan yogasana oso can... No No No
ham Whens your radio show? No No No
ham Jane babes not goin 2 wrk, feel ill after st nite. Foned in already cover 4 me chuck.:-) No No No

AN 3-3 i9SeuYATeLa Smishing

NN 3-3 Wudeyadetiswesteninu (SMS) lugduuureanudingy fignin

Usgnniiiediasiziindu “ham” @eauunf) ¥3e “spam/smishing” (TaAuauUumse

u39) InelnauuRanAIl:

LABEL - Usgtnnuastani1a wusilu ham, spam, uay smishing

TEXT - lanvaatannunlasu

URL - 5y3iiaen URL aglutearuviely (Yes/No)

a

EMAIL - seyiniiduasgludaninuviels (Yes/No)

]

PHONE - sgyiniivsneiavlnsdnsisglutoauvselal (Yes/No)
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3.2.2 NMs3awsEutayanaun1sUseudana (Data pre-processing)
nszUUMSWIENLazLUasToyafy (Raw Data) Ieglusunuuiianzaudmiunis
Aaszinseldaululuna Machine Learning (ML) lnedoyadusinagiideym wu Jeyasay
118 (Missing Data), Gﬁja;gaﬁﬂgmwu (Inconsistent Data), w’%a%agasgw%’au (Duplicate Data)
3.2.2.1 Data Reduction (n1sanvuindeya) anuSunadayaiuas lnedansinu

1% o o [ [

TayadiAyuazauanuaenanll Fersannistlunisussiianauasiinussdnsamlunis

QU o

Apszinieainaluna Machine Learning lnganuaaiilifesnis uarlinsnisianizaoauil
naulape LABLE way TEXT

LABEL TEXT

ham Your opinion about me? 1. Over 2. Jada 3. Kusruthi 4. Lovable 5. Silent 6. Spl character 7. Not matured 8. Stylish 9. Simple Pls reply..

ham What's up? Do you want me to come online? If you are free we can talk sometime

ham So u workin overtime nigpun?

ham Also sir, i sent you an email about how to log into the usc payment portal. |l send you another message that should explain how things are back home. Have a great weekend.

Smishing | Please Stay At Home. To encourage the notion of staying at home. All tax-paying citizens are entitled to 305.96 or more emergency refund. smsg.io/fCVbD
Smishing | BankOfAmerica Alert 137943. Please follow http://bit.do/cgjK-and re-activate

ham Sorry dude. Dont know how i forgot. Even after Dan reminded me. Sorry. Hope you guys had fun.

ham I don't quite know what to do. I still can't get hold of anyone. | cud pick you up bout 7.30pm and we can see if they're in the pub?
ham Ok lor. Anyway i thk we cant get tickets now cos like quite late already. U wan 2 go look 4 ur frens a not? Darren is wif them now...
ham Wat r u doing now?

ham Buy one egg for me da..please:)

ham Is there a reason we've not spoken this year? Anyways have a great week and all the best in your exam

ham Stop the story. I've told him i've returned it and he's saying i should not re order it.

ham No. | dont want to hear anything

ham Wagt se pehle or naseeb se zyada kisi ko kuch nahi milta,Zindgi wo nahi he jo hum sochte hai Zindgi wo hai jo ham jeetey hai..........
ham I'm e person who's doing e sms survey...

ham Mm i had my food da from out

ham 4 tacos + 1 rajas burrito, right?

ham House-Maid is the murderer, coz the man was murdered on 26th January..

ham Yes! How is a pretty lady like you single?

ham (That said can you text him one more time?)

ham I know she called me

ham In sch but neva mind u eat 1st lor..

spam lyricalladie(21/F) is inviting you to be her friend. Reply YES-910 or NO-910. See her: www.SMS.ac/u/hmmross STOP? Send STOP FRND to 62468

ham Jay says that you're a double-faggot

ham Ok i thk i got it. Then u wan me 2 come now or wat?

Smishing | UR awarded a City Break and could WIN a £200 Summer Shopping spree every WK. Txt STORE to 88039 . SkilGme. TsCs087147403233

spam Hello from Orange. For 1 month's free access to games, news and sport, plus 10 free texts and 20 photo messages, reply YES. Terms apply: www.orange.co.uk/ow
ham Oh... Lk tt den we take e one tt ends at cine lor... Dun wan yogasana oso can...

ham Whens your radio show?

1A 3-4 apvuInteya

i 3-4 Wunaansudsainyinisanvuiadeya Inednatudiuves URL - sgyindl
9l URL agludamnuniali (Yes/No) EMAIL - szyiniiBuasglutomnunialy (Yes/No)
WAz PHONE - szydnfinuneaulnsdnviegludeninunialy (Yes/No) uaslvinauniaianiy

modutifiaulafe LABLE wag TEXT
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3.2.2.2 Data Aggregation (N1353unguteya) iunssuiunisvesdeyavaesenis
T fudeyaiideuarlifimnunseduiu Sedaelumsdinneiuagiamudladoyaldieiy
ylitoyaruelngnanedutoyaiiouieuandlaieiu iletsannailumsUszuiana
NAI9N sqmsﬁaaga‘if Data Aggregation a1 ¥Us¥naumie 1,000 UoA11H Usenounle Spam
$IU7U 84 F9AIIY Smishing $1WIW 110 FoA1N wardeauiidu Ham $1uau 806

YA

900
800
700
600
500
400
300
200
100

HAM SMISHING SPAM

mwﬁ 3-5 sﬁamua Data Aggregation

3.2.2.3 nM3uwlas Word 10u Vector (Word2vec) Tngldinaiialunisudasen (Word)
Tegluguuuunninesvasialay (Vector) telknouiamosanunsoyssananauay Az
Foanuld Tnsnmzlunuuszanananesssuyd (NLP) wae Machine Learning Faenuse
Tornududoyauszsianliluieiaiey (Textual Data) Geneuiainesliianusailudumn
Wonaeslalnenss nmswlandunnmesdigliluma Machine Learning @111503tA51%9%
ANudNTUS Iz LazANAaendanuld Tneudas Word Tuaeduil TEXT
n519 Text Vectorization Tun15n5393U Smishing §1u Machine Learning 1Ju
nsvuIuMsTisianud1Aey 10991 Smishing (SMS Phishing) sinfidnwazianefiuansi1aain
VoANUNF (Ham) setaniuawyy (Spam) 1y n158aIn URL, wwasingéwid, Anggaiy,
vidadonuilimifiunnsuisesne (Actionable Text)
3.2.2.3.1 Text Vectorization Tuusunves AutoML (Automated Machine
Learning) Aonszurunsuvasdeanuauliifusiuuuidsdaan (nnnes) ielvluna
Machine Learning ansnsnuszananauazinswyile osanlumaFoudaindaias laild

YoANUIABNTI
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151 Text Vectorization aldlu AutoML 1itesuun Smishing Suiiszansnimly
mansafussanauiiussntudemindu (sMs) tnensliivadafivanyay wu TF-DF way
Word Embeddings saufulanadnlusi@ awnsatofinainuuiusilunisnsiaduldesied
HodAgy

3.2.2.3.2 TuUTUNY89 Azure Machine Learning Designer (Azure ML
Designer) nsld Text Vectorization foiluduneuddalunisutastoninuiu (Raw Text)
Wdunnmef@sinauiielilunaaunsailvldnuls feswnluealiannsaUssaana
Toyaiidudeninilaonsdls

N3 Text Vectorization Tu Azure ML Designer 9aelsanunsaudasdoniuauidy
nnwesldegenndwazusiud Tnglilugaiivainvats wWu TF-IDF, N-Gram, wag Word

Embeddings taglun1sitasigiiazsunuszian Smishing lang1diusza@nsnn

3.3 Walwlama Machine Learning (Model Development)
3.3.1 Avusmheuszananateyalflunsiannluea

n13119uA Compute T Azure Machine Learning (Azure ML) Aonisidontazdnnig
ninensaeNfinnes (WU w3stnaufinmeiniondanesvonaie) fegldlunisiineusy
lutaa Machine Learning (ML) w3elunisuszunanadeyasie q 1A 827esly
NITUIUNITHLT Al wag ML

Azure ML felanunsaadiawazdanis Compute Resources flimnzaudvsuauy
A3 9 ldegdneaie ludnesdunisiinluea, nsnedeuy, wsen1suszuianateyadnuiu
unitsuusedindiiuings Insaunsadenld Compute MmnzanivanuuiazUszian

MUY WA, UTELAN WA ANUEILITH V0ATIADNNIADTLElUNTZUIUNI AN

Name Category Available quota Cost 1

o Standard_DS1_v2 General purpose 6 cores $0.08/hr
C‘ Standard_F2s_v2 16 cores $0.10/hr
(O  standard_D2as_v4 4 cores $0.12/hr
/7‘1 < C > v3 6 core 12/h
@* tandard_D2s_v3 6 cores $0.12/hr
O Standard_D2_v3 6 cores $0.12/hr
(O  standard_D2_v2 6 cores $0.16/hr

AN 3-6  AmuamheUssinaradeyadidlunsimunlung
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NN 3-6 WumsszynInensildlunisyszananalngliiadoaaiiou (Virtual
Machine) 9u1% 1 cores, 3.5 GB RAM, 7 GB disk
3.3.2 nsauluealagldnig AutoML

3.3.2.1 n15W Logistic Regression Algorithm dlun1sainnisalnadwsiiu
Ay (Categorical Outcomes) Inetanizlunsdifiveyagnuusesniiuassuannivu
MssLUnUsTIAN Beegne wWu nsmanisalin Email Sl Spam %38 Ham

3.3.2.2 150 MultinomialNaiveBayes Algorithm W Algorithm wuu
Classification Aindnnsvemquianutiiazu Insians nquijiug (Bayes Theorem) @
osvisAnuasduvonmanisaivisiiindunelddeyaiiyarmid (Prior Knowledge)
WA ANFINTUNITTIRUNUTZANTDAIIY LHUNITHINTBAIUT/TANHAZNITNEDNA99N
Foruhaly Tngldmddaludenudu wu millidnuaznisaenans, fmiiieadesiunis
vodoyadium, uazaiinlily dszyuvasdeyaaina (Uniform Resource Locator -URL)
fdunse

3.3.3 Manaulunalagly Azure ML Designer
Tummesewesiseifeiunsesnuuulunseeniuulnglifesdeulda (Authoring

NoCode) Iag/ls Azure ML Designer Faduesesiowuu NoCode 7413 Drag-and-Drop

3.3.3.1 Algorithm tp3av18Uszaminsunatgnand (Multiclass Neural Network
Algorithm) Tlanatiyaussiusondoiadetneuszamifion (Neural Network) d1mdunns
FuunUsziandeyaifhinnnin 2 aaa (Multiclass Classification)

3.3.3.2 Multiclass Logistic Regression Algorithm tJu Algorithm Alddmsunis
FuunUsziamdeyadinnnnin 2 aata (Multiclass Classification) Tagimunzandmsunns
FWUNTBYATAIEAATE WU N1305IITUSuANAIINLBIUDS W Fomudu, Msviasnans

nadLannselind (Phishing) waz seWAwsITusUATI8 (Malware)

3.4 'E'JnsJuImﬂalﬁﬁﬂuifLﬁa'aﬁ'U Smishing (Model Training)
3.4.1 msAniulunalagldnis AutoML
3.4.1.1 msAnduluea AutoML Tnensla Logistic Regression Algorithm Talunns
annsalnadnsidu lunisearvas Machine Learing d1wsu nssiuun Ussuani s
Bonemudunmssuundszian (Classification) warldruusiugh (Accuracy) WHuhd Tavdn

Tunisuszidudszansanveslunalasidonlunai nuizaud niusnul wu Logistic
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Regression KU AutoML uagn1suusdeyaluudy seninayainuazyanaaay (Train-

Validation Split) tii/aUsziiiulsz@nsnmlunisduunyszian

Configuration settings

Task type
Classification

Primary metric
Accuracy

Explain best model
Disabled

Allowed models
LogisticRegression

Blocked models
TensorFlowLinearClassifier,TensorFlowDNN

amd 3-7 senuuulimalaglinis AutoML Logistic Regression Algorithm

3.4.1.2 mseneuluea AutoML Taensld MultinomialNaiveBayes Algorithm Tu
nsimun Task lun1silinlaea Machine Learning tuazidonuszuamfy Classification @4
\Wumsduunyszinnvesieya wu mssuundenrumiedeyadu o Tidinguiidmun 1ne
4§ Sandn (Primary Metric) lumsuszidiudsvansnmuesluma Tnaidenld Accuracy 3
wangzaslumsusziiuauusiugwedinnadlilunissuundssion dmsunmsimualuina
ﬁiﬁ%ﬂ@giym (Allowed Models) Tun15iln Toe AutoML aziden MultinomialNaiveBayes
Algorithm Baithlaumailddmsunsduundsziamdeyaid Snvasidunvgu
dnllunszurunsutsteya (Validation Type) tensiaaeuuszavsamuadlinnady
idenldnsusteyadmiunisilauazn1snsivasy (Train-ValidationSplit) iteutstaya
sonuyailn (Training set) dmsun1sinyavaaey (Validation set) dmsunisnaaeu
auannsnvadliaalunisduntseian Tasnisutsdoyadagyuuug i olinig

Usziunauluagnawsiugazdusssy

Configuration settings

Task type
Classification

Primary metric
Accuracy

Explain best model
Disabled

Allowed models
MultinomialNaiveBayes

Blocked models
TensorFlowLinearClassifier, TensorFlowDNN

A 3-8 senuuulumalaglénis AutoML MultinomialNaiveBayes Algorithm
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3.4.2 msAniulunalagldnis Azure ML Designer

Adeladenldasdusznau (Componence) N9 9 aghaniloutusia 2 Algorithmrewdi
a4 Algorithm iy Tunssuiunisdnnisteya §Idelaldasdusenaunisidennadul
(Componence Select Colurnn) wiafvusdmunelidaay wagld esdusznaunisula
Fomnmidunnmes (Componence Text to Vector) titeutastara (Text) Wogluguuuy
Y09NMBsFaY (Numerical Vector Representation) @sviltanunsaldeuldfulung

VA v v

Machine Learning ialUuanainil §3dedsldesdusenaunisuustoya (Componence Split

Data) iileutadoyaidutoyadmiunisilnlanma (Training Data) evay 80 wazdoyannaey
(Test Data) Yoay 20 dmsunsinrunmadeulunanuadsy
3.4.2.1 Unelulimalagley Multiclass Neural Network Algorithm
3.4.2.2 Andulumalaely Multiclass Logistic Regression Algorithm
vdniuldesiusznaunisilnlina ( Componence Train Model ) dnsuilnluiaa
wazesAUsznaunisuseiduazuuulimg (Componence Score Model) W aUsziy

Useansnnwedluwma

3.5 Usziliunaluiaa (Model Evaluation)
nsusziiluluealu Azure AutoML uag Azure Designer dnugiangunazazain lag

AutoML inednsulAfaan1srusanilunisasnsluea dau Azure Designer g

'
=

dusudissanisusuusalinanisnuenisly Accuracy Wudidinlu Azure AutoML wag

Azure Designer Winngd@miun1sauunlsetan (Classification) A1 Accuracy WAASHIAINL

'
v A

Audruauianun Tuns3deif 33y amdafisslisuiisuainnugndeadundn F9lu

3
(% (%

AuddeyAuAT Accuracy wagliduiiinuen1sideil lnenisiaay Accuracy 61 galng

Sovay 100 aunsawdamnumnelainlumariuelausiugn mnen Accuracy Urunans ag

v

Tunsdesay 50-70 Tuwarnuglaraut19m wadlvaRana1n wArnANlaAININSaeas 50
PUnINeD9lumaiiuszansainen

3.5.1 nMsuUszliulumaly Azure AutoML

'
o v A

nsusziiuluealu Azure AutoML 1uTunaud1IAUNY83LATIZRUSEANS A INLAY

o
[

ANuLugveslunanas v lulnesnluls nsuszlluddunumaaglunisidenlunans

gawazyliiulainlueaanunsaneulandgsiavseidulaass
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3.5.1.1 msmmuavneuazidia (Metrics)
noun1siinluina Aafesiuamg (Target) uaziad¥a (Metric) fwngaufiu
UILLNNUYDINUY
3.5.1.1.1 Classification (N33 UNUIELAN)
n) Accuracy: Waedldudvesmsviunedigndes
) AUC (Area Under Curve): AMN@1NsalunIsheniezaaid
M) F1 Score: mmau@aﬁz‘mfﬂq Precision w8y Recall
3) Precision: ANULNUEIUDINITIIUIEAANEUIN
3) Recall: ANUATOUAGUYRINTYINIUILAIAUIN
3.5.1.2 M3nTEeUUTEaAS A URsluLweg
345 17241 ﬂﬁﬂﬁ%a‘lumatﬁa@swamﬁm
3.5.1.2.2 \d0n Metrics Tuntluina
n) A16119°) 191 Accuracy, AUC, MAE, RMSE agianaluguiuy

NS1NLLATHAN

3.5.1.3 wWisuiigulumanangsia
3.5.1.4 genaniafilsannlueausazsn adnifiogeaziden wazSouiiio
Afianla
3.5.2 nMyusziiiuluealy Azure Designer
n1suszidulaiealu Azure Machine Learning Designer Wunszviunisasiaaey
UszAvsnmvedlunalaglilugasieg ifoglu Azure ML Studio n1sUszdiuilvaelvian
ansniSeuifisulneauazidenlunaiafigadmiuhluldau
3.5.2.1 WgadwiSunsussiiiuluma
3.5.2.1.1 Score Model Tu Azure Machine Learning Designer Lﬂuiu@aﬁ
Ttdm3u vineradns vésndilueald$unisiin (Training) uda lngagyinsinnean 4o
Yoyanaaou Lazuans AzLuU (Scores) 3o Aviune Fsannsaluliszifiuanuisiuen
vaslunanely Faluga Score Model 1dvunsamasnisiinluinalu Azure ML Designer
NAdNEUsENURE Scored Labels Lay Scored Probabilities 1hmadnsluiiasizsiliisiia

warUseilulananiu Evaluate Model
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3.5.2.1.2 Evaluate Model Tu Azure Machine Learning Designer WJu
Tugailddniv Useifiuuszavsamuedling ndaanndldvinnisyiunedn suluga Score
Model 47
3522 %gumaumiﬂizl,ﬁuiumaiu Azure ML Designer
nsUszdivlanaly Azure ML Designer Wutuneuddiinaelinsuis Usyavsam
wag Auwiug vadluaanowinlulguat lnun1sussiuagliluga Score Model wag
Evaluate Model Lilediasgrinadnsainnisvinne
3.5.2.2.1 Fumeunisusefiulunaly Azure ML Designer
n) MawEsuteya anluga Import Data iRt ayaaINLAS
#1199 Wy CSV, Datastore wusdoyardugaiinuasyanaaeulaaly Split Data lne wuadu
Jowar 80 dwsunmisinlueg wazSesar 20 duvsuteyanadeu
9) msilnluiaa (Training Model) annluga Train Model 31dox
fuluga Split Data idenlaiaaiisesnis ainluga Algorithm unidendy Train Model waz
el Train Model Audiogaiin
A) MIIMNBRAENS (Scoring) arnluga Score Model 3idauiu
Tuga Train Model iWeusiateyannaou Auluga Score Model $u Pipeline tiansavaoy
HAGNS
3.5.2.3 AATIgviNaanslu Azure ML Designer
nsiAsEsinadnsly Azure ML Designer iutumeudirlunisnsivsouuasUssidy
Uszans nmvadluinandanindldvinnisine Taeldluga Score Model uag Evaluate

Model iatlSauiigunanIsyuIgnuaas

A19199 3-1 Metrics MLATIEINAANSLU Azure ML Designer

Metric Aagune
Accuracy 5mﬂmivi1muqnﬁaovfmum
Precision anuwduen tlunsvinunaaaaiuuan
Recall MU TuNITATIATLARILIN
F1Score @LRdnsEUIY Precision Wag Recall
AUC (Area Under Curve) |Tadssdnanmnnsuanaana
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3.5.2.4 Wisuiieulumanang s
mMsSeudieulaaaly Azure ML Designer Wunszuiunisddglunisidenlunad
wsnzaudianlaed1nUsyansamuazausiugy Ing Azure ML Designer 5845Un13
Wiguigulumavanesaniuluga Evaluate Model

diuaddeil garadanlannlunausiazdl adniensieazidun uazieuiiou

Aaula
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NaN1578

4.1 HaN13IY
4.1.1 #an13398 Automated Machine Learning (AutoML)

4.1.1.1 LogisticRegression Algorithm

o] o] Bl Bl ] @ @ [c] [c] c]
uuuuuuu (a) AUC_macro MIC_micro ( b) MIC weighted (C) W1IPE_Precis 00 5o, FRIIPE_PrEis 00500, W _precis on_sco. balanced_accuray 11 score_macro. 11_scone. rvv-(e)
0.9333333 0.9297914 0.9942630 0.9938279 0.6536443 0.9865286 0.9592648 0.5664962 0.5666426 09333333

c] 2] 2] ] @ @ @ @
fr— o oss athews conehon rom mocr recll precokn komm  predskn ot mro preosion s weih .

d
0.9256776 0.2126197 0.7995224 0.4219949 0.6095760 0.9333333 0.9327304 0.5664962

Al 4-1 nadnsn3selngld AutomML LogisticRegression Algorithm

9ngUami 4-1 1unanisusziiulieaan Azure AutoML Tngld LogisticRegression
Algorithm @ awaner1fad fn (Metrics) wanefaii sy iduluna Tnglanizeulssanm
Classification @sanunsaazulddn Tuinadl Accuracy (a) g $evas 93.33 uansinviunels
wiughlagsiu AUC_micro (b) kay AUC_weighted (c) g4 wansinlunadussdnsamaly
nsuenAaTE Precision (d) g¢ (Inetanne Micro) Usuanitlumavinung Positive lausiugh F1

Score (e) @4 U3uani1 Precision wag Recall IA1uaunalunIngiy

Properties

Status Script name
@ Completed -

Created by
Niwat Nakchan

Job type

Created on Automated ML

Feb 7, 2025 10:52 AM
Experiment

Start time MyExperiment

Feb 7, 2025 10:52 AM
Arguments

Duration None
6h 15m 6.276s
See all properties
Compute duration [ Raw JSON
6h 15m 6.276s
Compute target See YAML job definition
my-compute-instance B Job YAML

Name
automatedml|_multinomialnb-

AWl 4-2 pauanTRvesnsidelagld AutoML LogisticRegression Algorithm



aaq

ngua i 4-2 1 Juauandfvenisivelaelyd AutoML Logistic Regression

Algorithm &sagnuinszeznailunisuseuianageds 6 9alue 15 uil lneusvann

4.1.1.2 Multinomial Naive Bayes Algorithm

0] 0] 0] ] 0] 0] 0] 0] 0] ®
sy (a) AUCmacro AUC miro (b) AUC weighted (C) sveage recison o aveage precson s balnced acauracy 11 score macro 1 scoe, m(e)
0.9285714 0.8702594 0.9849887 0.9698606 0.6224439 0.9641390 0.9467101 0.5479540 0.5480871 0.9285714
0] @ L} [} @ @ @ L}
(d)
0.9128366 1324035 0.7797032 0.3972720 0.6310837 0.9285714 0.9250190 0.5479540

A 4-3 nadnsn1sidelaeld AutoML MultinomialNaiveBayes Algorithm

g UnInd 4-3 tdunanisuseiduluimaain Azure AutoML laeld

MultinomialNaiveBayes Algorithm #3LaniAI6a33n (Metrics) naesianldusziduluina

Ingtanizaulsenn Classification dea1unsaazuledn lunadl Accuracy (a) g9 Seeae

92.28 wansiviunalauiuglagsin AUC micro (b) uag AUC_weighted (c) g9 wanain

lumadisedniamalunisugnaaia Precision (d) g9 (agianiz Micro) Usuaninluing

viune Positive lalsiugh F1 Score (e) g9 Uauanin Precision way Recall dauaunaly

AINTIU

Properties

Status
@ Completed

Warning: Experiment timeout reached, hence experiment stopped
Current experiment timeout: 6 hour(s) 0 minute(s)

See more details

Created on
Feb 7, 2025 10:52 AM

Start time
Feb 7, 2025 10:52 AM

Duration
6h 15m 6.276s

Compute duration
6h 15m 6.276s

Compute target
my-compute-instance

Name
automatedml_multinomialnb-

Script name

Created by
Niwat Nakchan

Job type
Automated ML

Experiment
MyExperiment

Arguments
None

See all properties

[ RawJSON

See YAML job definition
[ Job YAML

AWl 4-4 gruanTRvesnsIdelagld AutoML MultinomialNaiveBayes Algorithm
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nguani 4-4 Wupnaudfvean1sidelagld AutoML Multinomial NaiveBayes
Algorithm &eagnuinseezatun1suseuIanyadde 6 alas 15 uii Ineuseana
4.1.2 Nan13338 Azure ML Designer

4.1.2.1 Multiclass Neural Network Algorithm

— o} = W = | = | = |

Macro_Precision Macro_Recall Micro_Precision Micro_Recall Overall_Accuracy

0.205 0.25 0.82 0.82 0.82
AW 4-5 nadnsn1s3delagld Azure ML Designer Multiclass Neural Network Algorithm

9ngunmil 4-5 \huwanisusziduluieaann Azure ML Designer Tagld Multiclass
Neural Network Algorithm Awenidudat fnussavsnmvadunamsaisuiveeios
(Machine Learning) Tngiawzegsdslusnuduunussian (Classification) Ssanansnaguls
71 luwadl A1 Micro Precision, Micro Recall wag Overall Accuracy ﬁigjﬂ Souay 82 wanaIn

TuRavnaulaARI o RAITUININT I

Properties

Job display Name

ResearchSmishing-LowCode

Status
@ Completed

Created by
Niwat Nakchan

Total steps
8

Job name (Run ID)
7eabb012-8ab4-4125-83b6-1d973b42c858

Published pipeline
Experiment t
Registered models

None

Created on
Feb 5, 2025 10:33 AM

End time
Feb 5, 2025 10:33 AM

Default compute
my-compute-instance

Defaul tastore
workspaceblobstore

Continue on failure step
True

See all properties:

[ Raw JSON

AT 4-6 AaaNUAn5ITelagly Azure ML Designer Multiclass Neural

Network Algorithm
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ngun i 4-6 \HunuaudRven1sivelagld Azure ML Designer Ingld Multiclass
Neural Network Algorithm @ sazwuinszegiianlunisuszuiana 2 U9 38 Fui

TeUseuna

4.1.2.2 Multiclass Logistic Regression Algorithm

— m = @ = 0} = i = i

Macro_Precision Macro_Recall Micro_Precision Micro_Recall Overall_Accuracy

0.205 0.25 0.82 0.82 0.82

A 4-7 nadnsn1sidelagld Azure ML Designer Multiclass Logistic Regression
Algorithm

ngun i 4-7 Wuranisuszidiulamaann Azure ML Designer Ingld Multiclass
Logistic Regression Algorithm Alwaidusdinuszaninmuaddumanisisoudvaases
(Machine Learning) lngtanizagneislunuinundsznm (Classification) @sanunsaagula

91 luwadl A1 Micro Precision, Micro Recall wag Overall Accuracy iad Saeag 82 ke
luwavhaulaailsfansanningiy

i 4-8 AavaNUAn5ITelagly Azure ML Designer Multiclass Logistic

Regression Algorithm
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ngun i 4-8 1uguaudRvesn1sivelagld Azure ML Designer ngld Multiclass
Neural Network Algorithm @ sazwuinszegiianlunisuszuiana 2 U9 38 Fui

TeUseuna

4.2 nmsiseuliisuluna Machine Learning 81%3Un1505233U Smishing
N1995395U Smishing (SMS Phishing) Wuaufivimelunisusyananadeninudiiinng
vaenarIuNteny SMS Tnenisldimaiia Machine Learning (ML) iosnuundoainud
firnudsauarliideaduisifiussansanlunisanaudesinnislaufifenan nsfnw
Haghmsseudioulumaseg Avauilaenslfiniesde Automated Machine Learning
(AutoML) wag Azure ML Designer Tun1suseananadamiulazAnUNadnsn1sviuelng
1% Accuracy, Micro Precision, g Compute Duration DushdTamdnlunisusediu dadu
UadudAglunisusziliulsz@nsnmuedusaz uanig
4.2.1 pwsnvedluaadildlunisnsiadu Smishing
TumaiignuFeuiisulusuignared ulngliaosndesiiondn Idun Automated
Machine Learning (AutoML) tkag Azure ML Designer Tagdnsld Logistic Regression,
Multinomial Naive Bayes, Multiclass Neural Network, e Multiclass Logistic Regression
Tunsadslunadmsumssuundennuidu Smishing delyl
4.2.2 MIUIPUNBUNAENS
nadnsilaTuannisssudisulimadnsiualagldauamanddfny 1aun

[

Accuracy, Micro Precision, lag Compute Duration FIUT10ALLDYNNIL

A1319% 4-1 nsiFeuiisuyszavsninvesluiaa Machine Learning

Authoring Algorithm Type Accuracy | Micro Precision | ComputeDuration
Automated |LogisticRegression 93% 93%| 6h15m6.276s
Machine |MultinomialNaiveBayes 92% 92%| 6h15m6.276s
Azure ML |Multiclass Neural Network 82% 82% 3m 15s
Designer |Multiclass Logistic Regression 82% 82% 2m 38s

4.2.3 nMsuseiliunavesliing
4.2.3.1 AIAMNAMNLLUEN (Accuracy)

I o o Ao o a a a =~ ) v o A
Accuracy Lusdiandaglunisusesidiudszansnimasslua iesanndusiing

'
=

yiloudsdndiIuvasn1sviuieigndealoliguiunisyinuneianun taean Accuracy Ue9

gn
Lumanasneluann AutoML firgenaniilaly Logistic Regression M1508ag 93 M1UNIAE

q
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Multinomial Naive Bayes #iagaz 92 dauandliiiuinlunamaiisauaiunsalunis
vhunedeyaldesnasiuduazindede

Tuvauzilunaiiamulaeld Azure ML Designer lianunsavipzuwunly Accuracy 16
guviiu AutoML lagluwaa Multiclass Neural Network wag Multiclass Logistic
Regression ¥MAz LY Accuracy Miiesdesay 82 4 wwansliiiudniuuans iy
UsgAnsamveslumadild AutoML uag Azure ML Designer lunsyieuiidudousgnenis
1322390 Smishing

4.2.3.2 anuniuglaegsi (Micro Precision)

Micro Precision 1fun1siaanuwsiuglunisinnedeyauanlunsdilumaivag
ARNE LABAIUIANNNTSIIN True Positives Wwag False Positives ﬁ’jwmiunﬂﬂma 1N
A58 UTBUTBUN U AutoML 3 Micro Precision ﬁgﬂﬁqmﬁﬂ% Logistic Regression 715
a¥ 93 uay Multinomial Naive Bayes %otz 92 Fauandifiuinlunamenitauansa
Tunsvinedeany Smishing wagdonnuiladidu Smishing léegausiug

Tunendunu Iumaﬁﬂ’@um‘[mﬂ%’ Azure ML Designer 1A1 Micro Precision t¥1111U
Sovay 82 é’m’%’uﬁgﬂ Multiclass Neural Network iteig Multiclass Logistic Regression R
wansliiiuilunamani dnadnsiisnnilusdvesnnuuduglunsiuedonanuidu
Smishing

4.2.3.2 sgpzghantunisinluiaa (Compute Duration)

As¥nszeznatlunisiinlana (Compute Duration) 1lusad adidrdaluudves
Uszansnmlunslinsnennsvesszuulunsiinluea e AutoML Thnamnndigalunisin
Tumadt 6 $2lus 15 wndl 6.276 unil dwSusie Logistic Regression way Multinomial Naive
Bayes dsaziouliifiudanisuszananaiigosldnaiuiuninlunad wawidae Azure ML
Designer

Tunauedl Azure ML Designer Wiaiflnluwadisindaninegraudiulsdn Tae Multiclass
Neural Network 12381 3 u1di 15 3u¥ waz Multiclass Logistic Regression Taitian 2 un
38 Jundl F9vilif Azure ML Designer udadendifnitlunivesnisanszeznailunisiin
Tuiaa

4.2.4 nadisuiisutenuazdadnnnveudazlung
4.2.4.1 Automated Machine Learning (AutoML)
4.2.4.1.1 195
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n) Iﬁmaﬁwéﬁﬁiuﬁq Accuracy Lag Micro Precision %ammz
dm3un3ng9du Smishing Aifiteyaidudeu
%) nMsidendanestufivnzauldsnlugd nelisndudosdenn
AAAULDA
A) aunsausulaseansnnlalaenmsiiennanedanessuwas
NTUSULAIN ST nD S0 LR
4.2.4.1.2 99971A
n) Wnanudlunisfinluea Servlimangdmsunsiaud
fioamsUszananadeyarunalyglunady

) Msldnunineinsas Foravilvianldanglunsussanana

4.2.4.2 Azure Machine Learning Designer (Azure ML Designer)
4.2.4.2.1 Vof
n) Msinlueaswazivsyansnmlusunisiansnenns
%) felunsadrauagnaaeulinaaiilidudou
A) @ miunsvaasadasiuuag ufidnnslddoyadilal
FutaULIN
4.2.4.2.2 1931119
f) maﬁwﬂunﬁ%"awaq Accuracy Lag Micro Precision laifiinAu
AutoML
v) Tunadltlildsunsusuugmieidenlaednluti 41919
SrfauUszanswlunuRdesnsn LGS
PnnsiUSeufisunadnsfiliainnisld AutoML wag Azure ML Designer d1vsunas
M5299U Smishing Wua1 AutoML lagld Logistic Regression iag Multinomial Naive Bayes
HUszansnmAanInluliued Accuracy wag Micro Precision wifiashaniunisidiiaiinlung
fununiuaglimineinsgenin Tuvaedl Azure ML Designer wiigfinanlunisiinlunadidy
17 winadnsSlug1u Accuracy wag Micro Precision §3a96n31 AutoML Tun1305298u

Smishing n1sidenlilasesiietusgivanvurvesnuuazdediaiuninensuaziailunis

Hnluna
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UNN 5

A7UNaN1533Y uazdaiauauue

5.1 d@5Unan1s3vY

n9ideilsAnunisliintasiie Azure Machine Learning (AZ ML Studio) Tumsasns
Tuman 1395293 Smishing Safugunuunilwesmslandfiiunisasnasmnadonu Tng
514 Data Afinsuasteyase Word2Vec uagnisidonlt No-code Machine Learning
Wowseuifisuyseansnmuesdane3susig q fAldan Automated Machine Learning
(AutoML) waig Azure ML Designer

don Azure ML Studio Mdwn3esfielunisadrsluwma Machine Learning lunis
#3299U Smishing tesaninuandAanmunzaniunsihausuulifesdeuldn Fadels
nszvaumsiaulueaiuluegsnnguarlidudou uenanisasesfunslilugad
wanvanglunsussianaLaznIsiieniung SIENN 5Ny Azure Cloud Tu
nsUseanateyasasiinlunaliazain

1 Data Smishing 27n Public Data Teyaililunisiinluinainannunastoyaasisas
(Public Data) Fsiifon11ua1n Smishing videnslaufkutonumasnass deyamariazgn
thahudunsumawsuuazuasneufivsiiluiinluaaly Azure ML Studio

wUas Data 910 Word2Vec n1swiastayataninu (Text) Wuninwes (Vector) 14
Word2Vec dufumaianisutasdilidunnmesluiuiidiiay madeduaelhiadeadle
Machine Learning ansnsaidlaternsluguuvuivangauiunisdunilig iesind
Aflauvuielndidssiuardnnnedilndidsetu 3eelvnisnsadunisvasnansd
UsyAvEnmanndiu

14975 No-Code Tu AZ ML n1514 No-code Machine Learning lu Azure ML Studio i
Tvinnsa¥1slanna Smishing Detection iuesisuazyaids negliliduduseadouldnies
\n39ile Drag-and-Drop T Azure ML Designer Haelvigldanunsndnnsiudoyauaziden

[y

daneo3fusing q ldegrsiene ibinszuiunisimunlunastusaziinfeladed msuln

Y

Taifiinwens@euluswnsy
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4 Algorithm Type Tnedane3sufidentdlunisiinluna fie Automated Machine
Learning (AutoML) lagld Logistic Regression tiaz Multinomial Naive Bayes @21 Azure
ML Designer 1donld Multiclass Neural Network wag Multiclass Logistic Regression

NadnsAldannIsNnans

Logistic Regression Tu AutoML 1a Accuracy Way Micro Precision qﬂqﬂﬁ%faaax 93
Jauansismnuanansalunsduundoyaiia

Multinomial Naive Bayes Tu AutoML ¢ Accuracy uag Micro Precision 7i¥o8az92
Faln&iAeaiiu Logistic Regression

lapalu Azure ML Designer 74 Multiclass Neural Network wag Multiclass Logistic
Regression bé Accuracy wag Micro Precision winfusesaz 82 Jesninluwnadi ldain

AutoML

5.2 nmsanudsiena
5.2.1 Usgansamuedluwna

AutoML ananseasislunaniuseanininganin Azure ML Designer lngmis Logistic

] [
fala v

Regression L&y Multinomial Naive Bayes IanaanwsnaAnluwdve Accuracy Wag Precision
Feonauiledan AutoML anansavinsusuussazidendanesuiiafigndniudeyaldlae
SR Tuveausdl Azure ML Designer feafisnsidanlunaainsadoniifily senalianse
Judnuarvaateyalaningu AutoML
5.2.2 nanltlumsdun
nsiinlanatu AutoML Tnanunds 6 42las 15 undl Feeraiinainnisit AutoML 3
nsidensanessufivarnvansuadlinardinuvaisseusiiemenfiffian Tuvaenisiin
Tutnalu Azure ML Designer 1Wu Multiclass Logistic Regression Tannes 2 uiil 38
Fu#t Fa132n31un 199910 Azure ML Designer Wlsinafignidenliarsmiuaziinisiuam
fifounin
5.2.3 AU
AULNUEITDILULARIN AutoML FINIHATNEIIN Azure ML Designer Lagiane
Logistic Regression fil# Accuracy guanfisesas 93 Fauanafensianuiiiiussansnings

1un13»5299U Smishing
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5.3 YoLauBuuY
5.3.1 M5l AutoML dw¥udeyaiduden
vnfideyafidudeunadesnsustavinings msld AutoML ilesansfuanansaiden
SanestuiiminzauuazySuuitlunaldlaesalulia
5.3.2 314 Azure ML Designer dawsuaudiliidudou
mnuidnvaeilidudounionalunsinlueadudsiidady arsinnsauinisld
Azure ML Designer Wasnniiuldnanlunisdnaosuasinnusiadlunsiinleg
5.3.3 msUuussatunisAmm
msiasannsliminernsnsiuiivssansamganitlu Azure wSoldnnsiln
TnakuuruiisanainsAuasaginysEansamnisvha
5.3.4 MsnAaedanassuiivainvane
msnsnnassdanessuiivainnatsund usaznageuluaaiiaialy Azure ML
Designer Uag AutoML 1ilev337Afgalun15¢3199u Smishing Awsnzauigadviuya
Yoyaily
nsiTefuandliiudsyansamees AutoML fiananselinadnsiinngn Azure ML
Designer 1un1595299U Smishing 1A Logistic Regression 19 Accuracy gaﬁﬁaaaz 93 uay
Micro Precision fi¥osaz 93 agslsfinunisidnalunisiuiadiundy AutoML fidu

'
v A

Tadiniidesiiaisan lnensdeninesliefivanzaniuanudesnisvosaiuaztelnle
nadwsTiRTanlunasudy

uwannasu No-Code flantudnsagulildan usdliaunsausuusslunalsogndasy
wihdunslilAnlaenss La3esile No-Code sindifodidndiu sukuuteya waz vuinvesyn
Yoy fiamsnsessuld sane3suunaseianenagnitineglureuniluwanesusessu
wag p1alilanunsaUulssUsEavannvesaalaane AsiasansiElanluy LowCode
WielvanunsousuussluinauazUssansnmligean SeanunsaiislAnuuy Custom 16 Low-
Code winzdmsunmsianueyvie Machine Leaming fideanisariiduazarmdnngu
Taedsanansn Usuusaldnlsunau Jadumadeniiaunasening No-Code uag Full-Code

Hagtiugenduas No-Code/Low-Code TdSuanuiisustgiaunn iesandisanniy
Fudoulunisiauineundindu lngludndudendsuldnvsodeuldniondntios e
dwsugdilifinuensdeulusunsunsoosdnsiidosnisannatazaldaelunsiam 3
msldanulunatesiu wu Mswauduiey, weiiele, szuudmlulii (Automation) wazns

AATIEVtoya
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%o No-Code/Low-Code wuu Non-Commercial (lawviugasa/w3) lulaguud
goiurs No-Code/Low-Code wutlawiugasauazldaumninatadfianmnsailvldlunis
Wanueundndulasliidealdane wangdmsutiniuudase nguinfnw vioesinsly
uaavils Wy Budibase [31] NocoDB [32] Appsmith [33] Node-RED [35] \Uudu

geWA$ No-Code/Low-Code Wuu Non-Commercial finanstnssiusinugangu
wavannsahlUIdlaleglifaldane mnzdmiugiidesnsiaueunaindunelussdns
w‘%al,ﬁamili%auﬁ Inaunanwasuegs Budibase, NocoDB, Way Appsmith llNgdnsuas1s
wdeafienielu vausdl Node-RED winnefussuu loT waznsdiousau3nisna ¢

[

nsiienlduuegivinguszeasd Wu nsadauelssna, msdnnisteys, Wsen1sAiuay

q
(% £

gunsaidaasey Ineviaualianunsaleaduudsiiesvenuiedla Jalinnudanguadluaiu

ANSUSULAIMAEANUUADANY
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