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ABSTRACT

This research suggests an add-on working compatibly with Google Forms to
construct multiple-choice questions (MCQs). This add-on comprises two main
components, including software for constructing MCQs, and a data storage for
collecting data used to compose MCQs. | demonstrated effectiveness of the add-on
by applying it in the context of repetition online learning in which students could learn,
relearn, and take an exam of which MCQs generated by the add-on. At the last step
of this research, | suggest using a sentiment analysis method - based on natural
language processing and machine learning to find environmental factors and teaching

strategies suitable for the repetition online learning.
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TuunilildunisnanfeenudunuasanudAyuesnuide Tnguszad veulun
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AT wazUsylevinlasuannauide felisnuavdunsasa Uil

1.1 anudusuazarudidgussaudve

niAdeilldsuusstunalannnsissumsasuseulatlutisaniunisel Covid-19 7
svuraluitalan dadiinnnsdeanseeulay - awuudddasida (synchronous) uazuuves
F9lAs1id (asynchronous) aggninuitdlunisisesunisaesussulatununisssuluieaieu
nsaeuinUsefiuanuiidadudsivhime sndiun wagldussnunaznaivesiaeuseis
1NtUNISH38UNTT

Fdeadiuunfniiagldussleviangiianesy (Google Forms) wieas1adunsesile

]
va aa

dmsundndeasudnludindnuninlndifesiuidideivyuyedluavininivue Weein

a U @

Google Forms tJuin3asfionlasuanudoy dnanldifieassuuuasuaiueeulall (online

Y

survey) mseiinaes (feature) Lidmsudnnisyavesraulviaisnuuasmungauiudmsy
AmeuwuUaRUnIY [1] N159 Google Forms aunsaasesgnuliiudldnuldesndnluda
gududnimananiaflvild Google Forms tasuaiufenlunisirunldviuuvasuaiy

saulatnazdudunteutiunlvasradusuuneaausaulall [2]

= v <, = 4:4' = ° o Y

f9usl71 Google Forms agtulpIasllonlrdieuaziidenduiinetiesdmsunisasig

'
Va v v @ wva a

Aanulvitiugldanueeulal neidenduiiudn Google Forms AdslifinmaniAimungay

Wesnenagldioaieteaeuliiudiseuseaulal mewnin Tunisasvesulaiuy fasusas

Y Y
[

o =° =® v a ! =~ < [ a v = v
Ailsfanislesiunisyasnseninamisasy [3 - 6] uaziveitunistesiutymil faeudsies
afdoapuiunIvateyn tnetedasuliazynlra aalllandaaauiluand19iu wia1u1se
Y 4:4' = Y = ' U A Y = Y S
Tanapnuslueuderfiuuaziinnuen - glusgauiiediu Maeseunisludnuugiiei

Junszauininegsund miugaen

et Tunudded §Adedvaausisnisadueundinduialudiuseveienisiin
294 Google Forms 138A71 add-on @1usuas 1A NLUUUTHBLUUSALULR TagA1aiui

A519920ANUMANNANYVDINITAS19UTELIAANUWALAEDN LATIAIANUANNELILENDTU
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MyiaausmuaUszasangaeueld vl Sudunistieannnseann wssu waza1ves
Haeulunmsasuesulauladneiie

v

waN31N add-on MUsEALFUIULET N IToduauouuIninisui add-on LUl

1A = v

nafe MeiTeiuinisseuseulativedlundiin flsuaunsadeunduuiseutivie
SouiuAnunssuaulaiisenan nsiSeuluUILe (repetition learning) N1uEoN15EOU
W ARletuiinnsaeu Lagenansusynounsaeu TauemsssuisduL U salng (real

Y YV a =

time) lng@191388@eu naiSeuLuvIug lduuiluunseividiseuiiauiaudilaly

Y
[

un3suibsty unigaildlasld add-on flauidedvssiusiulunisairedoniong
auf wndoaoudnsutananounasndinisisugifianuein - Sefiasuaue uay
dnfnuannsavideasulddsaruuniigel uogrsiideddyanduunfigaddn nsifeu
ooulmiluuIudiiussansnm

[y v [

gaving udedduananuimenisianisiseunsasuesulauniiussansamlisie
TngunazuuumienisiseunisaeuilmnzaniazanainauAniurestnAnwifidinens
FoulunInIINIINEIAIERTADNNANDT LAY IAINITUABLN MBS (computer science

a =

and engineering) 1nen153tAs1eiaglddanasfiunianeufiaimesi5undn sentiment
analysis (W3en15ATIgvioIsuniemnsin) Aidemdsnsvinnuldun msemgianuddn
yoa{iFouranisi3 suruAAnyialY (exical analysis) waznnslddaneifiunisisouives
1A304 (machine learning algorithm) TunsilaszviviauzafveiFouroiviou 019138

Heou Tudanallaiienansdinldaeulusgin

1.2 JngUszaeAvainisive
1) Wisausdsn1seenuuusazdntoUnaiaty add-on dusunandeasvesulatuuy
SRLULR
2) fieuansUszan3n1nues add-on uazkanINadnsveInsvhufidaauluuunves
NNSLTNUDS
3) i eLEUBUUINIIN15U1 add-on TUldluusunvesnisissuseuladuuuiug
(repetition online learning) wagiauaiinAnn1sdadswinden (environmental

factors) 0901314 add-on MinligiseuUszauanudnsalunsiseu
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1.3 MsMUNIYITIAINSTI/AsaumaAniiIfes
\n3esflefilddmiunanmausnluifidudnniamadendmivennsddaouild

dwivannszaulunmsaiideasuld uaseIesdlefifuszansamiazdielfeoransdinm

umsguvesteseuidegrannuaneyaliieglusziueaiuls

a

aw v & 1% o aa a = o a e I3 s =
ATeRounil [7 - 17] ldwugiisnsudnsiudedanasiuveswenduisiings
AaudRluiRly sAdewanll duivssauanudnsalusiyuueinisadismaiuieuiizes

waziinlalalaeuywd mnudiinsnutedrdndnwenduasindamaiumand [7 - 17] dlagn

=

Wanldiianaaeuau3 luuTUNNISIS NS warseauAUIvesiniSeungnUssiiulay
5 A | S2ay v ! v
wsesdlomaniffilagnienuegadaiau

a o =

ao = Y o aw & A A o A A
NUATEBNTIUIUNRTS [18 - 39] HAuA18AUUINEE Na1AD AN19d319AT9E
anludifdmnsvasisinuusteranssduden (Multiple-Choice Questions: MCQs) 7ilalunis
) S a M = av v oA o vy s
Toaanuslutusey 1ATeovenudde [18 - 22] galdiieTnnnuinun wImEans way
W3 [23 - 39] Famnushdvnsaneinenaans egalsinuanddelungui [18 - 39]
@a v 1 [ a a = [ va a dﬁf = ° LY A I A a 1 1
Adlawanamaunsedlodnludfnanduiinnuadaueiunsely Woliarsanluwdyusng
9 loun Wit (topic) Yo aMIUNITEU WUIAR (concept) VBIUMIHU NIDILAUAINNS
(cognitive levels) [40] Aidnautuinlaaglusedula 1y seduAIudn (remembering) seAu

AN (understanding) WiaTEAUAATIZY (analyzing)

(% '
Y v a

° o a P~ 1% 4 & o v a Aa &
A1MIVIUD Engl\‘i‘VI WTATATDIUDAINIUNGH MCQs WN@N&&IU@]@Q alﬂu

£%
1

1) veuswiuldiu Google Forms: weunaintuiiasnsiuilfioinduduneveny (add-
on) Y83 Google Forms 1ng add-on Hagyiminiidsdaualil Google Forms Liataue

MCQs feglusuuundndnuala

2) @1398519 MCQs NAMUFNEND: AUALANYes MCQs Tunilvaneis ynves
AANAgNas1aduseyaiuazUsznaunlIemnuninAu3 luiide (topic) eIty in

WA (concept) WU TnsEAuAILg (cognitive levels) Tuseauiaeaiu sauddl

AMULIN — gYaIAaUlNALALINY

3) lildauazussnuvasdldaudmiuaiig MCQs: s ialdaunisasne MCQs ay
Windulaednluds gldeu (uiilhe 91315ddaew) Weassoudiegstayalviu add-on
winiu gldnulidndudesdianuiidunivmslunisdae (config) wiedanisteyaniiniy

FUgoU
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a o

uenanimeidedaiui deduneluladiiviaueifivsegafisrfionavinlhiaa
Usglomildundndugldau - deluwdynvesindounasena1sd neg3dedslduusgi
anuwIndenvesnsldauilmnzanfunisld add-on Alunandevesnuiseiime Tne
udsediauedn add-on fiadrstuianunsailvldluiunvesnisiieusauladuuuiug
(repetition online learning) ﬁéfaqmﬁmwammﬁ%aqmiL?&Jusuaaﬁﬂﬁﬂmﬁﬁmiﬁﬂwumu
Hunaseuld snddeilfiausnuginisSounumulunstasadiashlitnifougaunnsesd
aweanatnbulunisiSeuseuneunt wasduuiliuiwaven s euiitaldndanisiseu
MUTNUAEATY et MIaSeuLuuiusinsaregludsuindeuuasuiunnmaieusfitniFeu

gousulanig Unideldiiudnuniiaseiineriudwindeunisiseusimuvandmiv

v
) v 6

uniseuliluenarsidelinieg Fauniwsgriidunadnsvenisussgndldmalinnisseui
Y99LA309 (machine learning) Wazn1TIATIZRANANT (lexical analysis) LWOILATIZDITUA]
AIUTAN (sentiment analysis) Y84A1MLIAY (opinion) ¥BIUNANWILA BIRUUNUIMYEY

919138%A0U WATAT9191381Y Tudsan niIndeunsseunnquinseuvarisaniianela

1.4 YaUlUANITIY
1) eonkUULAZAIIN add-on dmTurdafaIuwUUUTTE (MCQs) dmsuinniusly
TauanufiAsatunismaaeureniiag (software testing)
2) ve@eUUIEAVENINYeY add-on luuSunnisldauass
3) Ansgianmindeuiivangautunaidsunuuuananatouseulainuuiug,

TnelY9anasuwasAansADLRNILADS

1.5 Uszlawinlisuainauie
lawiuwuanianisasauaundindui oy Tugduuuaesssuu il e9w1e (expert

system) kagladnladn miInaeun1sLI9INISwBILeUNALATUY
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unii 2

ngefingadas

Tuunilagnanimguiigudeyaseulylad (ontology database) (52] Al#iuuuafn
flugrudiniuadng add-on uazndnnisiinsizionsuainuidnueanuden (sentiment
analysis) flag uufiuguresnIsUszgndldnisiinssiddns (lexical analysis) uagnns
L'%Ejuisuaam'%'aa (machine learning) Tuguwas ontology database v ;ﬁ%%’alﬁﬁwlﬂi%lﬁa
APUATOULTALUIAA (concept) LagAIUANNUSVDILUIARA (concepts’ relations) TulaLuu
AN gatunIImaasurenliuag wazldvinnisaiisduiiies (derive) idugutoya

AMUFUNUS (Relational Database: RDB) E‘im%’umstﬁusﬁauﬂa (data instances)

va v

dmFunsiAsIEi sentiment analysis §33eldthunldiiteinsesideyarmnuaauiiy
(opinion) wawinAnwiusngluiuleduansaanufeuiu (review site) LiteAumanaAnLiu
LWaUIN (positive opinion) ﬁ?wmﬁ%msaﬁﬁaamazamwLn@é’aﬂumsﬁauﬁﬁﬂﬁﬁfﬂﬁﬂm
Uszauanuduse ievnludiuiifuniseluisaadnunsuaznisvhaures Google Cloud
NLP! 398141 0un3 eailalunisitasigsisandauuifn lexical analysis uag machine

learning Faluitugiudfguesnisasiuasesied

2.1 Ontology Database

iumuﬁﬁ’aﬁysﬁﬁ’aLﬁaﬂﬁ'aﬂ%’miaamwu ontology 4l 8 MUA concepts wae
AuduuSves concepts fawandlunindl 2-1 Tng concepts flulawuiifanuduiusuuy
mutual relations Usgnaun 28 ‘Python Code’, ‘Flow Graph’ wag ‘Software Testing
Methods’ Taefinnudunus ‘represented by’ #1884 data instances 7y flow graph
Qﬂi%’t,ﬁaa%ma data instances {1 Python code LAzt u wazauguRLs ‘used by’
Ju mutual relation 58%319 ‘Flow Graph® wag ‘Software Testing Methods” fiuanein Tu
IR IUIUNIEIMAGEU (test cases) T wazisn1sveInITndeUTENAWS (Wiay
instance U914 software testing method) 2814 data instance adu flow graph Tun1s

AU

! Natural Language Al. #UAua1n https://cloud.google.com/natural-language Sufl 21

AULYU 2565
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AWl 2-1: Ontology veslaumuALS

il concepts 8¢ 3 @97 10U instance concepts lawn ‘Path Coverage,” ‘Branch
Coverage’ WLag ‘Statement Coverage’ AMNANNUTIENIN “Software Testing Methods’

Way instance concepts 914 3 @il 138011 ‘is-a’ relation ®IBAMNAUNUSVOILUIAATY

a

AT (generic idea) AukWIAAMTUIUSIIU (instance concepts)

Y

AN 2-2: Relational Database vasUayalulatuuaiug
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{33eleii ontology fieenuuudaduniseenwuulusziunssne (logical design) lU
[ 1 Y @ o [V =3 ¥ v = [
Wanselillunisesnuuudmsudnnudeyavesgiudeyawuy RDB aduniseanuuuly

sefun1en I (physical design) fawanslunmi 2-2

dewSeufiaunind 2-1 fua il 2-2 as1fuin concept #dn — ‘Python Code’,
‘Flow Graph’ uag ‘Software Testing Methods’ ngﬂﬁlauiﬁﬁu entities ¥a3 RDB L&y
instance concepts — ‘Path Coverage’, ‘Branch Coverage’ iLa¢ ‘Statement Coverage’ 1)
gnUs Uil u data instances w09 entity 7o ‘Software Testing Methods’ n1sdue
ANNduNUSYatayalusesiu physical design dauasnadesiunuduiusues concept
Tusgdv logical design Ay na@1IA® data instances Tu entities ‘Python Code’ uag ‘Flow
Graph’ 3UR A ULUU one-to-one ka¥ data instances L entities ‘Flow Graph’ kay

‘Software Testing Methods” SUAAUWUY many-to-many

2.2 Sentiment Analysis

Google Cloud NLP L0 u “Software as a Service” (SaaS) 7 fin1sUseutanauy
Cloud wazdl API 13T9US n1sUsEIanan1sn191 (Natural Language Processing: NLP) %u
Augnutanun Tusuided 43dudendiaglduinisludrureanisssunana sentiment
analysis snldluguresmsienegideyannudnfiuresin@nviietuerasdgaouuas

ANINLINADUVBINTIIEUF

Al 2-3; fegsnisuszananalagld Google Cloud NLP
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e819n15U5217aHa1AY Google Cloud NLP uaziedwad Leuandlunini 2-3
l1dnmitldan Google Cloud NLP fiefiiszylae 2 fauds leun ‘score’ uay ‘magnitude’
A1m84 score AwUsUanALSAnvasUsrla/snvasUssloaidiasies useendu 3 47
a1suad lawn $8nUan (positive) — A1 score ag5EWINg [0.25, 1.00], 3dnaU (negative) - A1
score 88 581119 [-0.25, 0.25] Warnaieq (neutral) — A1 score 8¢ 581114 [-1.00, -0.25]
dusfuls magnitude uansanaduduresersuel (strength of sentiment) dadaus 0 v
U infinity

91ni108190 M7 2-3 1 3un13531A51994 sentiment analysis v83Uszlaa “This
professor is excellent!” lﬁmaa'gﬂﬁﬂﬂﬁﬂﬂﬂﬁuam positive sentiment tagdlA strength of

sentiment 19U 0.90

nann1sas1AIeelieUseuiana sentiment analysis wuseantdu 3 wuu nan f
wanslunIwi 2-4 [53] laun n1sUseatanaluy lexicon-based approach, N1sUszaiana
WUU machine learning-based approach WazllUURALTZIN lexicon-based Hag machine

learning-based approaches

il 2-4: JURUUIRINITUTZIIaNS Sentiment Analysis [53]
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NM15UTELIANALUY lexicon-based approach wandlunIng 2-5 [53] L"fJug‘iJLLUUﬂTi
UszanananineanuuusendwislanivuanginaueivesnudnynsvesUselen (feature) wae
AN (lexicon) Wiedavuaanyniediensual (polarization) vesUsslealidrmin uasly

U I3

“lexicon dataset” L‘ﬁum?'aaﬁaiumiﬁmwwmmaaﬂ"mwmLLazﬁxqﬂimmaamﬁmi
(sentiment identification) aMnAmINEesr esenisiaviunisinnsanaunung
Y84A1 (semantic analysis) FumoumsUszanananianwn “data preprocessing” ABUN3
Uszanana “sentiment analysis” 3sflnnudndiey Jumeu data preprocessing Usenausag
text cleansing — 1MSUazIASBIMANEITIARDY, tokenization — MsuUsATtuUselorsanilu
T (token) wilodum token fiuans feature ddafluuszlen, POS tagging - Mhflefviun
UNUINITTIeed W Auy wazengen, stop-word removal — Mifieazduseuam stop
words 19U @35MuL Ywuy wazn3ende Wusu uazgeving lemmatization - 1Hiileuuag
(convert) fiuslunamanlasnsallsinduleglusuuuvvesdioglunauynsa 1wy ns

wlasdnunumgwatldiduennat wazuwlas participial Wu present tense

AMWF 2-5: n15UsTINAaNE Sentiment Analysis LLUU Lexicon-based Approach [53]
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n15UsguIaNalk Uy machine learing-based approach? wanslunini 2-6

U32naume 2 TURBURENAD Tunaun1saou (training) WazdunouNI5¥iuIY (prediction)

A’ v

Tudumaunisaeu (training) Yayailudany (text) axgnidoniliaesinuganmIsn

=

MNUNanniltaes (feature extractor) InaLaasidanda AN LTEINSUNITIATIZI LYU

v
L3 o

Funu fngen uazdaudwiidudu fedimidenazgnudin (tag) Tudrindudfeglundu
YBIANIANLA 1YY positive, negative LAz neutral ?ﬁ’wﬁgﬂ tag LLé’aﬁ%Lﬁﬁwﬁmzmumsmi
BouiveurdodaslidaneiiiunsiGouivesiaios (Machine Learning Algorithm) L1 Naive
Bayes, Linear Regression, Support Vector Machines iei¢ Deep Learning WJudu nadns

mMsseuiveaasedfe Wnan1siwundaya (classifier model) s

AT 2-6: N15UsTINANE Sentiment Analysis LLUU Machine Learning Approach

2 foyaann Sentiment Analysis: A Definitive Guide. Auduiiloudl 21 Aueneu 2565,

370 https://monkeylearn.com/sentiment-analysis/
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Tudumaun1sviiung (prediction) lenansBunaiinesnsiuedeglusliuuteniy
(text) gnanailivesinegenduwisdmsuanailiaes (feature extractor) lngiliaasnlaaggn
iluuszananalaglunanisdtuundeya (classifier model) uagldnadnsiduunagudn

lenansaunmaglunuInesuailasening positive, negative Wag neutral

nalagasy n15UsEUIanaLUY lexicon-based approach 3gl¥ng (rule) 7

¥ n:{' 14 d? 1 . . <
LT UIVEYFT19VY @3UNISUTTUIANALUU machine learning-based approach agbUuns

o

&

a$14 rule Tuguuuuees classifier model 119210151583 v09A3 B9 UTDYA training

dataset

33 hybrid approach Ae3Ens7iNaLNAIUSZHIN rule-based wag machine learning
approaches Wdeiu wialinishasziensual (Wu positive, negative wag neutral) &
AuulugnnTy fegrwesUssloaildds hybrid approach Wy Useleadondu anans
Uszaatszdu manafinsetudiuduanmduass uazmsiieuidse udu Tnguszlen
Uszianil mndeszitunusdnes fhaudululumeuin (positive) widenisau (negative)
uimnamsnedululufiemanssfudnn visldiiensiiouse fusngludanSavied
Wane 4 sldaunsawdangrensslunsaunls wu “The grass is always greener on the
other side” Famnl433 rule-based approach %aaaﬂjwﬁugmmaamﬁme‘v‘?mmwma
vosdmiusazilulsslono1vauliiusloaiilu neutral wiesedu neutral Aideuluma
positive wan1nlEn1531A51231 590 U35 machine leaming approach 7 3150 u35 UM
(context) vaen1sthuselenluldsinagfoaziansnania negative &ausiugrunnnitluug
msfnsanifwnusslenilifunuiddauedoy winduiudeiidul winueddd) 1

ARATLIANT



19
unil 3

ganasnuLazn1seRNLUULBIaaUnensTY

Tuuniinanissaneifuuazaninenssuvesszuudaluiffiarstulunidded ne
sevuili3endn add-on 1@ msvainaamnmUsiauuy 4 duden (Multiple-Choice
Questions: MCQs) svuudalusifdusznaudienisiauees 4 esdusznavsauiu Taun
F1utaya (data storage) wanAnITUURIU (executable software) asan (spreadsheet)

wagiianesu (Google Forms)

lunMsINVRINI5A3T19 MCQs Huinann1slddlegedaya (data instance)

a8UNgLUIAR (concept) MlANudTusluaglulauAIwg (knowledge domain) Wi

TusmAeiagiiunisadisdhan MCQs uuusnlusii dednammaniazeglulai
AuSiABauNITaae UTemiag (software testing) Ssusznause 5 undamdn loun 1én
nMwlnsau (Python code) Iaans1u (flow graph) 7l93U18N15%11971uV8a Python code
WA 3 LUIAMYDINITNAFBULBNH WIS WUUNA B39 (white-box testing) laun path

coverage, branch coverage ILa¢ statement coverage

3.1 aa1UnunIIUNISNIUVBITZUY

AT 3-1 LARINSYUYBITEUULR pAS1 9 MCQs TnedalulTd syuud
Uszneumed1ues add-on fiUszneufiegiutoya (database) wazwavdwasufiRau
(executable software) Tutuneudt (1) aunndt 3-1 wandliifiunisyiaues executable
software 7iAstaaa1n database it padiadona (ludunaudl 2) dwmunisusenaudy

MCQs tnedayamarilavedlulyld spreadsheet
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AW 3-1: @aondnenssuves Add-On

fupouit (3) \Junssulvan (upload) In& spreadsheets lUgs Google Workspace
Ferinideidondiazdulvanlnlddeyalud Google Sheets ionsinulasairsvestoyaiiiu
mnavyliluneduivestoya Tayatis 5 aoduiduszneudne roduidmiufulsslen
Aanu pedutidwmiuifuteyavostudendeiigndes uazdnanunedinifmdeidudoyaves
e dunoudl (@) 1unislieenduado Form Builder lunisénedayaain Google
Sheets 1Ugfs Google Forms qﬂﬁw@aé’uq@sﬁ"umuﬁ it sﬁmﬂa‘m Google Forms Ansould

Wudeasudnsunisveaaussulall

3 Form Builder. https://formbuilder.jivrus.com Aufufl 20 fueneu 2565
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3.2 danasiudmiunisadresAinndlulawuaiug

onludididunsesuiedane3fiunisiiuves executable software dalu
dudfaydruniles add-on

dleiFududeyalugnuteya (database) azgnisunld Inedeyalugudeyaiidnvus
Al 3-2 Tnenndl 3-2 (a) WaAIRIB819 code AN Python wasandl 3-2 (b) Ae
flow graph fikansadun1svhauves code lunmit 3-2 (a)

ASUNINT 3-3 WARINISAUIUSILIUNAABY (test case) Taeld floweraph 18U
Junadmsunisawin wagiSnisAuind 3 18vanlawn path coverage testing,
branch coverage testing LLag statement coverage testing AINAIAY meﬁwmmﬂmi

AWM — BANADIIWIU test case vaINsAANENTsigninulilugudoya

AT 3-2: (3) Fegs Python Code &g (b) Flow Graph @84 Python Code
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AN 3-3: 91U test cases MR Software Testing Methods 4 3 35

gofwIs executable software Midueidusenauves add-on ﬁﬁ%ﬁﬁﬁﬁﬁagaﬂﬂﬂ
gwuﬁagaﬁgﬂ 3 d@auldun Python code, flow graph wag 31U test case VoII5N1S
maawawmm‘ﬁammwu — path coverage testing, branch coverage testing ey
statement coverage testing Lazt14 ey aia 1 urad1aidu McQs Tns MCQ 1 4o
Usznaume Uszleariniu (question phrase) wagdataanikuuyUsiy (multiple choices)
4 §o Uszneudeinidenvesdmeuiigndes 1 4o wagsaans (distractor) 8n 3 9o

Al 3-4 uazn il 3-5 uane pseudocode dnsuaiisUsyleamaunassiaden
wuuUsie fauls “question_type” (lunwdl 3-4 uaznmd 3-5) lu pseudocode 14
dmSUsEyUIELANYRIAIIY — 91falUs “Question_type” Wity 1 vunedsuselea
Maunaziadonazld flow graph lunisadie §15auUsil windu 3 muneds Python
code agnldifioaieisduiifusloadnunagdaden lurusafetu mndus
“Question_type” WU 2 way 4 n1sas1sUsyleamianunazaidonaztdu Python
code wag flow graph @auiy nanade ardwusidu 2 uda Usyleadiaiuazidu flow
graph uagsudanazilu Python code waglumanduiu drduusidu 4 Yszloamau

aw.8u Python code wagdidanazidu flow graph
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AN 3-4: Pseudocode d@usuastauseloannniy

AUs “method” (Lun it 3-4 wazn il 3-5) gnldiivesyyusennvesnisnagey

g

goniuasauluuszlondany Taafilavaszy s duinmuuuimialauyimiands
FENI - path coverage testing, branch coverage testing WLa¢ statement coverage
testing gAIN8AIUUT “#test cases” fusnglu pseudocode Tun il 3-5 uang
71U test case vasdFoniilidnouiignias lididudentuazeglusuuuures
Python code %38 flow graph @3uf7a7¢ (distractor) vo3rauyaieIiuazianiy
Python code 130 flow graph 7ilWinavesnIsiuIas test case “lainiu” fﬁﬂmuﬁ'izq

TusuUs “#test cases”
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AN 3-5: Pseudocode @usuasnesLann

3.3 faagenaansuas MCQs findnlag Add-on
KAEWSAINN19YaMTY add-on Ae MCQs e 4 SUuuY Faslaluil
1) Uszandi 1: MCQs fiusznaudiag flow eraph Tuuszleamausazludaidonvas
MCQs FauUsziand (wanslunini 3-6 (2) TWdndnwdum flow eraph lu

ALADNTLTIUIU test case MIIAUTIUIUY test case V09 flow graph AU INg LY
A0



2)

3)

4)
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Uszeandl 2: MCQs i Usznaudae flow graph Tuussleadatuuas Python
code lusadanvas MCQs MauUsvinnil (wanslunindl 3.6 (b)) Tkindnwn
Fum Python code Tudaideniifig1uau test case A5 UTIUIY test case 109
flow graph fiUsIngludianu

Uszundi 3: MCQs #iusenaudae Python code Tuuszlaarianuuasludidan
¥89 MCQs Aauusziand (wanslunmd 3-7 (a)) Tin@nwdum Python code
Tusidenfifidnau test case n3afud I test case a9 Python code A1Us0Y
TuArau

Uszunndi 4: MCQs 91Us2naudae Python code Tuusslaariaisuas flow
graph ludaidanvas MCQs MatuUssiani (wanslunmit 3-7 (o) THdndnw
Aum flow graph luideniidl test case M5IRUTIUIU test case U84 Python

code MUsngluma

AN 3-6: (a) MCQ Uselandi 1 uag (b) MCQ UseLanii 2



AR 3-T: (a) MCQ Usslandl 3 uay (b) MCQ UseLandi 4

26
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unii 4

N1INAAD

Tuunilazdunisesuienismeasslu 3 @ lown #9ussafe nsneaaulseansniwn

994 add-on NUAdeiinGnTu lnensmeaesudiuiazdunisigadndinin MCQs 91 add-

'
[ J a a

a P a a A P v a i a =
on wanladuszAnsnmitlndidsadumaunninlaediieivy FIuiaaeis n1saaay
WuUTIaes (simulation test) nanafe AnNkEalae add-on azgniluldluuiunnisteuy
¢ % . . ) ~ v & ~N A 2
paulaliLuuIng (repetition online learning) tiauandliiiulsylevtivainisiinioe
nAnA10 NS nlud A wazuansliiugl nasFeunuuiug iunagnsuil i awnsaiiu

UsgAnSamnisiseuslndugiSeuls wazaawiiaindie n1sAuall (investigation) Mnagmns

Y
£ |

= o Yo = ¢ 5 = e N
ﬂ'ﬁa@u‘ﬂﬁ']ll']5ﬂu7NWU53QﬂGﬂsﬁﬂUﬂ'ﬁLiEJu@@uvLauLL‘U‘UTL«!GU'] %Qﬂﬁqmﬁu%%m@ﬂLUu%eﬁusﬁa‘U

YosinAnwuazannsathindnwlugmnudnsalunisseu;

4

4.1 ANSIMLHUNINAFBUUSTEANSNNVRIRIUTEAYS

&9

nsneaedlunAfeildoonuuuliinmaieudisugmninees MCQs fladistuan
add-on fladretuluemAdeiinu Mcas VIIEEL%EJTU’]QJ (human expert) @319y Fauandlunm
fl -1 MCQs $1u7u 60 70 7ignasredulag add-on gauuseenidu 54a (Liazym
Usgnaume MCQs 31u3U 12 U8) lag MCQs uazgn anunsawustumonuly 3 wagey we
azlengpeUsEnouse MCOs anuieaiu path coverage 971U 4 U9, branch coverage
91U 4 U8 Wag statement coverage 31U 4 U8 lngAnuusay U JULUUYBIAATY

Type 1 - Type 4 (Fawansluunil 3)
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A 4-1: nsudsayalungumaaes

nAnwiiihsnlunismeassgnusliviieaeuiingnain add-on lnetndAnwusas
Auazvindodey 1 4n (12 99) wazvhieasuiignaiisduandiBeane - dddidudeasuyn
baseline dwsuisuifioudn 1 4 (12 4o) lasdaaeutn baseline Hunniumaussny
tutorial webpage? IneFa1ufithanain tutorial webpage méwﬁmamquﬁ% 3 LUARAD
path coverage, branch coverage Lay statement coverage

il 4-2 uansogaesinuiioglutn baseline Tudhognsiifunisniutindne
191435715 branch coverage testing RIS IWIUNSEVAdOU (test case) 31nYla

180 (pseudocode) Airvusly

* How to calculate Statement, Branch/Decision and Path Coverage for ISTQB
Exam purpose. UAUAN https://www.istgb.guru/how-to-calculate-statement-
branchdecision-and-path-coverage-for-istgb-exam-purpose/ Wag Testing Manual
Automation. @UAWAIN https://testsoftwarefaq.blogspot.com/2013/10/examples-of-

staternent-branchdecision.html uausuf 17 fueeu 2565
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] Y ' ° A v v A A ¢
A WA 4-2: fregnsinmifiasdnediforvyiluayed

v = [

unAnwduIu 42 augnudsesedulieglu 5 nduvesiintedeu nquin 1 ngud 2

waznguil 3 TnAnwinguas 9 Ay, Und@nwingun 4 Sinfnwi 8 au uazngui 5 Tinfnw

(% (%
Y =]

7 au UnfAnwinie 5 nquilazneuAininluya baseline yawediu winsuAmauinanlaeg

q

add-on sinayariu AawandlunIng 4-1

U =

Shinuiideaeulunsveassiiduindnudi 3 Amddnuluaedvdmnssy
AoNfinnas Sy 42 au - WulnAnwivie 30 AU waznAnwInde 12 Au doudiaeyi
Fodoulunisnaaosi dnAnwldniunisseudnnisiusunsuneuianes (computer
programming) tagl¥n1w1 C wayn1slusunIugeing (object-oriented programming) lne

T Python

aosdUanineunisideasuiisalilunisnaansi dndnwildiouunSoudeanis
NAABULONAWIS (software testing) TuAsArnssuaoNALs (software engineering) w3
i thdnwldne 3 Pludunsiioutosnsmegsunuundss (black-box testing) uazan
3 FludlunsSeuEeanIMedeuLUUNEeIN (white-box testing) FsUsznaudie 3 uwifn
wan lAlA path coverage, branch coverage Wag statement coverage Faduuwrfnves

maufeglunisnaaesl lunmsiu dndnwildiiaisening 60 - 90 wii lumsvinedeu

NaaNSANNNISNAaRIuaILTAD N1sUSeuisunTIaNalag MCQs Masnalay add-

on wag MCQs Tutn baseline Maialagilieivigy nansiSeuiieudeyavzuansluuni 5
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4.2 MINAFBULUUTINBINTREUSUUUIUT

AendsnnismaaeulseAninmues add-on uda §3deld add-on Dluldly
U3unesN1s3EuonulatiluLIuEn (repetition online learning) Insnsansuuudiassnis
Foudlifuiind@nwienivimnssurenduidimau 54 au lnetdnAnudiiunsdouly
pdausnazgnuelivindeseuiioussdiumuiamdlandudou uarludunvidnundnfne
wlfsunsSeunumudiludonds lnensSeunumuasiiunslddonisaouludnunzves
tutorial flengngeuvesdiFeulunmsnduinyans 9o waresuiednadalnegaou sauds

AU U NN AL TuTwS oy

Menaannsseunumu §33elald add-on lunsasedeasuiulmidnyaiiein

ANUFVRIINANWINENEINTTEUNUNIY

nanlagagy add-on Dagyhmtiiadradoaeuiuin 2 ya lnegausnaglifnnug
mevdamaFedluasiun wazgaiiaossliaanuinendnisisunumu lneteasuud
azynazdl 12 deluirtonismaaeurenduad (software testing Faiduiadenisvesian
Senssurensiuag Wnedosoui 12 Tof Usznaudeiieniiieniu path coverage, branch

coverage Wy statement coverage pYN9aE 4 U0

NAAWSANNNISNARBIUFIULAD N15USHUTIEUALLUUEDUVDIUNANYINIENEINT
SHUATILTN WATNITEUTUNBNUNIY I5N15M19adA taun T-test azgnuunldlung

Baszsing wansluund 5) Ttnfnwiianuianudiladeunseuavuriely

4.3 nMsfuaiinagnsdmiunsaausaulatiuuuIug

nspualudiuiliiaduleinanudenisiviiiaausanudilangliulage

windeuwinzgauiunsieuseulatdiuuiugt lneladuwndenil fideldtiemannayns

= b4

N13AUYRIINTENFoUNAINTAAsY AR NaUlINE IS 8L wavdwilvkiSeulausaIy

Y Y
(%

wWnlaunSeuldsvu lneduneunisaunivndeyauariinssidoyadunaseluil

Y

1) iususindeyanniuleduanianudaiiu (review site) 3o “Rate My Professor®”
Fuludoyannuiiu (opinion) vestnfnwisensaeuvedennnsd ussemalutuieu

Fudanagnsionasgldasuiviisounie lngauiuvvesinfnwidanazidu

5 i1 https://www.ratemyprofessors.com duAua1anTun 18 fugeu 2565
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AnuiuresinAnuifiamzifeuinlunguinerimansaeufinnesnieiminssu
AOUNILADT
2)  anuwiurestinAny1avgnimseilunszuIuns sentiment analysis fagdanasiiuves
Google Cloud NLP uazanaiiuvestindnumiignitasigsiiniduainmiiuuan (positive
opinion) azgﬂe’imﬁaﬂeﬁumﬁmu 50 ArwAntudmsuNT AT g Aluiunouialy
3)  anuiuvesn@nuilungy positive $1u9u 50 ANMIuazgRImARTIEseLlas
iiovninnagnsnisaounsedsuindenvesnisasuludnvazlaiviliinAnunidnda
welaluiagaeu duiFou uarinfidou auvilinansourosinfnweglufianiedid
By
m31971 4-1 1Hufedunnuiiuresin@nwiieSureinihlumnundaseiulaly
fro1ansduariviieu Tasazifiuinedinnain Google Cloud NLP wang score #ifiAnog)
5219719 0.25 84 1.0 Fauansinmnudiuresindnuindu positive wazdauls “magnitude”
LanaAng (degree) Aufanela nisiiasievidoideslunodutianvinevesnssuansun
AinneviveanagnsnsasuiiliindnudniiavelalunisSeusuvinlvissaunudniely
n3iFeu dvdunaasUresnagnsnisauianz U1 suLUUILEI NN TTATIE

& o e & A7 A
AMULNRUYBDIUNAN®YING 50 ﬂ’nﬂJﬂﬂLﬁu@gLLﬁﬂﬂ&LUUmm 5
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M19197 4-1: e dayauazMnnAINNSUTEIaNAlAY Google Cloud NLP

LRIANARIN A29819
% 1 < C%
A19819AUTIUVRIINANEY Google Cloud unagunagnsns
NLP o)
“... He provides great insight into why
things are the way they are and kindles
huge interest in the subject. Often -
Pos (Score = 0.8, | WAUANITEBU/NNT

leaves logical holes in his
explanations for you to fill in, which
are just within your reach thus will

engage you well.”

Magnitude = 1.6)

BOUNENTUUTLENTN N

“... The professor is inspirational. The

homework is EXTREMELY well thought

WMALANISERW/NS

BOUNENTUUTLENTN N

Pos (Score = 0.9, | lun1snszhuaILAn
through, and | am a 30-year veteran. - Y
Magnitude = 2.7) | LazUNIINTEAUNIT
There was absolutely no hand holding, - Y
nunuunEeulagld
a SUPER plus for me.” Y
A1UTU
“Such a wonderful and rewarding class.
| truly enjoyed his presentations and
he made the concepts easier to Pos (Score = 0.9, qﬂﬂsai/?%amﬁaauﬁﬁ
understand. Highly recommend this Magnitude = 2.8) Usednsnm
professor and taking this excellent
course!”
“Passionate lecturer, good use of Pos (Score = 0.9, qﬂmaﬁ/?%amsaauﬁﬁ
Microsoft paint. Loved his class.” Magnitude = 1.8) Usednsnm
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unil 5

NENTINNEBY

Tuuniazesuronansnaaossulsenausie 3 @wumdn Ussneusie dausnie wa
NsnadaulsEaNSAINves add-on ﬁgﬂﬂ%ﬁﬂ%ﬁﬁﬁﬁ&ﬁ Fauiigedie HaN1TNAFEY
WUU1a09 (simulation test) iilauansuszAnsnmuasnagnsnisiiounuuiue lagld add-
on iadasielunsiananisisoureslndnuieneuLATMEINSISIUNUNIY Lazd Y
gaigfs nan133ATIziANTelnAny) ﬁlmmﬁmaqwﬁ‘ WAdANTEDY Way
anmuIndounisiseudimnzaufunisdeuseulatuuiug seazdeatsauauly
Fasiolud

4

5.1 NanN1sNAaUUILENTNINVDITIUTSAWS

<9

Fmeuvesin@nuresiniu MCQs flas1s¥uann add-on ﬁﬂﬁzawﬁu LagAINT
oglulenn1y baseline gnihuIouiisulaziingesi annsmaassnuilasiade
tindnwvideaey MCQs 1a$19310 add-on I# 7.40 9o (mean = 7.40, S.D. = 1.88) uaz
wuilagiedeindnwnidoaeudisnanyaany baseline 1 7.81 4o (mean = 7.81, S.D.
= 2.30) AWNANYINOUAIAIN MCQs 910 add-on gn 1 - 12 U8 WagnauAInILaINY
baseline gn 3 - 12 49 fauandlumsnauanuasaud (13197 5-1) Argmden (mode) Va3

AmauignAesazedi 8 e



A5197 5-1: AN519LANLIIAINUD

34

SuIUAIMDUT Swautnnedineusann | swwautn@neiineudiany
andeq MCQs gnéiag baseline gn#ag
1 1 (2.38%) 0 (0.00%)

2 0 (0.00%) 0 (0.00%)

3 1 (2.38%) 1 (2.38%)

4 1 (2.38%) 2 (4.76%)

5 2 (4.76%) 2 (4.76%)

6 5(11.90%) 5(11.90%)

7 7 (16.67%) 8 (19.05%)
8’ 15 (35.71%) 10 (23.81%)

9 8 (19.05%) 4 (9.52%)

10 1 (2.38%) 6 (14.29%)
11 0 (0.00%) 3 (7.14%)

12 1 (2.38%) 1 (2.38%)

N = 42 (100%) N = 42 (100%)

WaNasaunAIANENITUS (correlation) seningAneuiignAesveaen MCQs 210

v s

add-on WAEAINBUTINABIVBLA baseline WUILAIAINUFUNUS correlation TuseAungs

r(40) = 0.86, p-value < .00001 (wanalunand 5-1) Aaanu

¥
[y v

Fuusdnanaliiiudsainy

denndesiuvainisliiniesdioTaninuivesinteu vienandnievilanfe Aau MCQs 7

gnwdnlag add-on dAnuanunsalunmsinanusiaieuwiiumauitaslaegiveinsy
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AN 5-1: NTINUARIANNFUNUTVRIAINBUVBIAININIIN Add-On WAz N IY8Y

A15799 5-2, 5-3 uay 5-4 LLaﬂaéﬁayjamqaﬁﬁmammﬁwmmﬁq 5 gafiUsznausie
MCQs 71@%1991n add-on Wazyar1n1y baseline lngyadanuusazyalignueunungly
tindnwingud 1 - 5 lunsvedey MnransvnaeatinifenuAANNETUS (correlations)
R-scores syninsAnaufitnAnuinougnluyn MCQs uazan baseline Tungudl 1 - 5 e
Tnd\Assru T8un 0.87, 0.88, 0.85, 0.80 waw 0.87 Hawas R-scores AlndiAsstuilanunsn
Anuledn MCQs Andnlae add-on damaiase uagyimindinanuslalndidsady

Aauiaselaeieiyey Teya R-scores vaanguil 1 - 5 uandlun13neit 5-2, 5-3 uay 5-4



M131991 5-2: YeyaatiAvengunaaedi 1 - 2

unAnwINga 1

unAnwINga 2

(N=9) (N=9)
Baseline Baseline
MCQs MCQs
Questions Questions
(N=12) (N=12)

(N=12) (N=12)
Mean = 5.11 Mean = 5.78 Mean = 8.22 Mean = 8.00
S.D. =208 S.D. =162 S.D.=1.69 S.D. =211

R-scores = 0.87,

P-values < .00001

R-scores = 0.88,

P-values < .00001

M131991 5-3: YeyaatiAvengunaaedi 3 - 4

unANwINgY 3

unAnwngy 4

(N=9) (N =18)
Baseline Baseline
MCQs MCQs
Questions Questions
(N=12) (N=12)

(N=12) (N=12)
Mean = 8.44 Mean = 9.33 Mean = 7.63 Mean = 8.13
S.D.=0.83 S.D. =1.06 S.D.=1.11 S.D.=1.45

R-scores = 0.85,

P-values < .00001

R-scores = 0.80,

P-values < .00001




M19199 5-4: ToyaatiAveIngunaaei 5

UnANwINGY 5

Baseline
MCQs
Questions
(N =12)
(N =12)
Mean = 7.71 Mean = 7.86
S.D.=0.70 SD.=181

R-scores = 0.87,

P-values < .00001

37

NuATednansliiuln add-on @1u150as 196812249 (distractor) Tu MCQs 1ol

Usgansamm euferelunuivdenauni [41 — 48] franduszansnnvuneda faLaen

(multiple choices) Nlalldfnauiignaes

a € @ & A
AWILAY 5 LUDSLYUALADN

1N91UIU MCQs Mas19Tullaziu 1090 du 5 walun1snaand wuliisdia199il

AU 106 3 AN5199 5-5 wandliAuD 9N An v AIlEaNnAa29lu MCQs 914 5

e fadsluenil 1 - 3 gnideniaetndne 1 - 6 Au (Aady 10 - 60 %) fadslueni 4

gnidenlaetinfnw) 1 - 4 au @y 12.5 - 50.0%) fiaatluenil 5 gnideniaetindnw 1

— 4 au (Aandu 14.3 - 57.1 %)
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A15199 5-5: UUUNANIEDNAIa9M MCQs 19f 1 - 5

#a1aULn MCQs #AuuinAnu (%) HI1UIUAAN
1 10.0 - 60.0% 27
2 10.0 - 50.0% 17
3 10.0 - 50.0% 20
4 12.5 - 50.0% 20
5 14.3 - 57.1% 22

[
2/ = 1

AMATNYBIFIA WALV IDUAMNINTBY MCQs 91 add-on @3197u uITeneunin (41

' '
aa v =

— 48] wugi1d1 MCQ NilUsanSanee Tu MCQ 1 Tenildarmiluseaniam 1 dausing
aglugadndan 15197 5-6 wandbiiugsduianiniivszansaimly MCQs 119 5 1ty

AN

M15799 5-6 Uainadn Tueai 1 8§ MCQs 919 12 Teiiliiasaniluseansninynte du

Y A

Tuwwnd 2 - 4 1 MCQs 4 Tatlaiiifiarnfiusednsain Fauneaudi dnAnwinauney

(%
= 4 U =

AN0Y MCQs ¥4 4 Fatlgnsias faansdsgnuesitliegluanusueniin (active) nadlngagy

Tun1msI1u MCQs 56 98310 60 U8 (US$U18493%) 71 add-on @5197UTUSEaNT A NAwazdl

AvantRmInzand msuldinanugla

A5199 5-6: IUIUAAWNTUTLANT ANV MCQs Tu® 1 - 5

Sruauflaleiifuszansam 31U

362 267 169 Taid] MCQs
MCQs i 1 5 5 2 0 12
MCQs 0l 2 1 4 6 1 12
MCQs Ladi 3 3 3 5 1 12
MCQs tadl 4 2 5 4 1 12
MCQs L0 5 3 5 3 1 12
374 14 22 20 q 60
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5.2 NANSNAHOULUUINIABINTITEUTUUUIUGD

wUUI1a09N1S S sUINY1ve el IUnAnulundunnasidnuiy 54 au lag

tnAnwlidseuiuueeulatuarasuinUssfiunnuilnenisvidedsuluu MCQs 31U

4 a 13

12 99N NAMA1N add-on NIUIFUU AT U NaINN15YINTaaaulannILAsIL L aun

Y

[
Y o

YaunnIadtazAnuinlainvesindneyn antuendslaasunIug liinAnydnasalagntiu

Y

ASINALIANISADU FBN15AU LaskUUNNTANYIeLA lTaUNNTDIvainAnen

MevaInsseunIug) dndnwinguianladignsruiunsiasanisiseulnidnas
Ingldvoapuyalvddiuiu 12 4oNai19tuan add-on M1319% 5-7 uanerateyaneatnves

AYBLUUFBUVDIUNAN®ET NOULAZNIYNAINITHIYUNIUTN

A15199 5-T: %@gaaﬁamaaﬂzLLuuaaUﬂ'auuawﬁqmﬁﬁaumwﬁﬂ

ANNNSENRAVDIAZLUUEDU AMNIENRAVIIASHUUFDU
ANYNRAINITEIYUATINTN AYVAINTISLIYUASINIUL
Mean 4.78 5.98
S.D. 1155 2.76
SEM 0.21 0.38
ATUIUUNANE
54 54
(N)

t-value = 2.7963, P value = 0.0061

df = 106

standard error of difference = 0.430

MNNsUsEINANATEYANI9ERR t-test WU t (54) = 2.7963, P < 0.05 GamngAIy

NAITUNINANRAY (Mean) NUIALLUUADUNAIDINNITLIIUTIVDIUNANYIA

nsiSgunumudinadenmsiauauiaudilavetinfinw

'
o w =1

11 AZLUUADUNIYNAINTLTHUNIUTLLANA NI NAZ L UUADUATILINDY T BEAY wazlile

[

Y Feazulan
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5.3 nan1sauAImINagnsamiun1saausaulaluuIugn

Jayalunsinszidiniinununuaniuleduaninufniiu (review site) 1o
“Rate My Professor” 41u3u 50 90 @etayatduninufniiiu (opinion) wazuninin¥iansal

(critiques) YaetinAnwiunIneaeluanszowsni WnednAnwivarliasdnuwegluaiv

ANYFARSHATIFINTTUADUNUADS

a o

Fglendayara 50 yatl u1ns9aeulegly Google Cloud NLP Faluiasaails

ey

dmiunsiaseuensualnuian (sentiment analysis) tioAasuladn uniningiansal
wiandifuaudiudauan (positive sentiment) feuiiazyinisnseiluddudalds
sawguariadoundoumensSeuiviliindnuindrdoeusu Fureu waildnlvnan
UsrauanudndalunmaBeu (MeanBendoyatia 50 9ail seylilunianuan) meed 5-8 fe
unagunagninsaeuvesoInsdyaeuilinnnnsiiasegi 50 anuAndiuvesindnundsls
szylfnagnswarivilimnndureuluiviiou was/mieoansddaou naonausil

wnwUssauaudsalunisseu

M131991 5-8: unaTUNagNsNTARUIINNITUSEUIANE Sentiment Analysis

nagnsnsaau F1UIUAMUAALIAY
1. T9@ensaauniuseansnin 14 (28%)
2. Towmallanisaaunazn1sesulelomniuseansnin 24 (48%)

3. T¥nstuduesesdlslunisnumuuniseulas el

vao X 2 I e 0 12 (24%)
Wlalerunissunseulutussulanvy
4. lgnanssuluipassulsynaununisseu 7 (14%)
5. UnANWIEIUNSA RIS IlauaNIaS U 6 (12%)
6. @1 uatuAYUNTIHAINTI  (engagement)

. Y o 5 (10%)
SEPINaMsER Ul UTUS BU
7. Tvmdsnw/linanaunau (feedback) Nasenuileymn )

3 (6%

vostinAnynduseynaa

WINfiasaeuANduasdy nagnsn1saoutete1asd (Rauandlunisnei 58 )
foinagnsnldlatunisieunisaeuluyngvuuu ldnndunmsSeuieonin (MSenisendn

N3 38ULUY face-to-face) 3an1sseuluguuuvesula lunisaeumnedsdadadonis
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douns 7 Yol AfllenangieurzUsvauanudnsald egrlsiny §idenuinnseunuy

IS4 4

wgniifeffe dasuannsatnagnsiaitunlddnasiluseuvasnsasuniu uwasdunisly

nagnSmalanAsieg19nsilssiu nanfe wnisanagniaunsiddenisasuy (na

gnsten 1) wagsunsidinallaluniseSuieilon (Nagnsdedn 2) Wi senuiinisiSeuluy

[%

ugndunisilialendlifaeuldesnuuudonsasunaziuldenisnsesunglinsaussiu

fULLINNaNISTUIUeTinAnwuIngadu

nagndluded 7 Aeafunslinaneundy (feedbacks) Autindnwn fuinaeandesiuisnsg
AULUUILTY naafle HaouannsniansUssduanuiinmaiedluseuusnanldidle
Naununsaeuiioudlunnuileinvesindnw saudsannsonisnislmilunisaing
N30 (Nagwnsve 3) AnAufInTsuESunangnstuviaasey (Naenste 4) warn1sasnenisl

Y
yaa =

dMVeILTEU (engagement) (Nagmste 6) lonRBewy
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unasuuIdY

TuundiJudssifuanidsanazunagresnuidoly 3 Ussifundn Uszneudae
Ussiiuienfuusyloniasanautifives add-on fiadstulusivesaruaunsalunisad
Aaui oimsinuwenisAniiesgsivess 1oy Ussifudanni eadu dadsuinden
(environmental factors) uagu3unn1slda1ures add-on Tasauidedd lhifiuiaany

1%

A9AARRITNTENINN add-on N1V ULAEmMATANISISBUILULIUYT (repetition learing)

c

v & =3 I Y & = a v a Yo a v 5
LLﬂgﬁﬁ‘VﬁEJL‘UUﬂ'ﬁsUUﬁgLﬂuslVLMuaﬂﬂigiﬁslfumBq\lJLiﬁu@%iﬂﬁ‘Uﬁ]"lﬂﬂqiLﬁﬂuzLL'U'U'J‘UGU"ILLﬂg

UNUIMTRIRINsEaRunvilinMsssusu Ut UsEauaNdse
1) Add-on ¥8331u3EU EursaNAaAINNUTHIANAAATIZALA

FeiTeuiiou MCQs 71 add-on vesuddeiadiduiuguuuuresdaniign
domuazaiied ulunuidedeunti [49 - 511 agnudn donuuuy MCQs Aadsiuly
uATei Taudnuvazvesrnuiideanisliineu Aa Tias1ev (analytical-level
question) wazliBuLiisuanandtRvesingaasds manalusuidediendefumani
asrefulunuidoves [49 - 50] MnAnwgnueliinsgidinuuasiuanamauitym
ﬁLauaagﬂuﬁwmu mmfu;Emawﬁ’wmmzéfaqﬁqmaﬁmsmﬁaLﬁafﬂ,u multiple choices
Iaweuludelaannsaldiiudnviamadenvesmsuitiymieglumanuls dnvue
vosnudnurdsedauuanasndnulunudde [51] Adfuoiienaaeuni

s

NI ALUSHUTAUAIMUL DULAZWLANANUDILUIAALA lIAaIAN L USEAUNITAAILATIY

2) walulad add-on mm:auﬁumiﬁ'mﬂi’ﬂuu%wmmmsﬁauﬁtwmu%ﬁ
1{19991n add-on fiadTuluniseianunsoadisdaimussnn MCQ Thsiuau
snuazdaunmasiane Javuiefunisiluldluviunvesnindeuduuuiue
TnatamzegadsluusunvesnmsSeussulatiiflonmaduldlsiinnudilaluundouves
;EL’%auazﬁﬂaﬂuﬂameﬂ?{auqa IuLLdmﬁﬁwmmaqa’mséﬁaauﬁu add-on Havdauan
nmLLazmeuﬁﬁaﬂ%lﬂﬁ’umsa%w%’aaa‘uLﬁa’s’wLLasﬂszmamaﬁwmm5mm’§au§maa

UNAN®WN
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3) ﬂ']’iL%EJUiLLUU’JU‘?jWLﬂuagﬂﬁ’iﬁsﬁ’aUiﬁﬁﬂﬁﬂ‘lﬂ']ﬁﬁllﬂﬂﬂ'J’]ﬁJéILLa&’ﬁﬂEm’]Wiuﬂ’liL‘%ﬂu

nnsnaaedlaglduuudiassnisisouiwuurug ludussunudn Tunmsiy

v = =

UnAnwinan1sseunavy lngiamzdndnwlunquissuanywmineinwseausanis
Seuld nsaeuniuguasiUalendliaeulmineliiinmddla arunis uasaudula
TInsTAzkuulagwy nNansaaewiudl dnAnwinguissusiiasiungaTy

a v

Nnegttsd1Ay

Tundvesrasdiaeu nmadeuiuvuiudndudniBuisdmiviisdumnagns
nsaeu mnensianarUssiiunaniendsnadsuluadausnyinlidaoudiuiadedita
vostidnulunmsnuareyaea dsaniuusslonisenslinaneundu (feedbacks)
Aufisou wardaduuslovdtudaeulunisasrsdenisasu 35e5u1e wdeusinses
Aanssuuszneunsasuiifaeuausnoonuuulierlufievsfivuzauiugisousn
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NAGWSNITATIEH .
- . unagunagns
AMALAUYRUNANEN Sentiment Analysis
kG E)
1ae Google Cloud NLP
Easy going. Teaches from his heart.
Approachable. Puts a lot of work in
preparing material. Teachings Pos (Score =0.5, Magnitude THdensaeudi
foundations of state-of-the-art = 2.6) Usgansan
machine learning (rather than just
going through papers).
Great professor who tries to make
lecture interesting. He is really good at
breaking down subjects that are hard o .
Pos (Score = 0.5, Magnitude | Tgn1stnununiu
to conceptualize. Homeworks are long .
= 2.8) UNLIBU
so START EARLY. CP/TAs at SAL are
your friends and make your life easier,
so use them.
Best professor so far. Nice guy with Tdwadinnisaou
Pos (Score = 0.9, Magnitude o aa
clear explanation and useful ) LazasUIeNY
=119
analogy of things. Usedndan
Amazing lecturer who can make any
topic engaging. | feel like | learned so
much in his class, and he really makes
109 topics so Tefanssu
understandable/interesting. Labs took | Pos (Score = 0.6, Magnitude | Usznaunistieu
me 3-7 hours, but are more than =3.3) uazldn1sviu
manageable and teach you a lot. NUNIUUNLT Y

Tests hard but predictable. Solidified
my decision to continue pursuing

comp engr, so thanks Reddy.
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NAGWSNITATIEN )
- . unagunagns
AUAUVDILUNAN®N Sentiment Analysis
N136U
1ae Google Cloud NLP

Lectures are cool and engaging,
Redekopp makes tough material
approachable, he's awesome! Labs
take 2-5 hours each, with a week to
complete (very manageable) loRanssuysenaunis

project is challenging but checkpoints
help break it up. You can do HW
multiple times until you get a 100
and exams are fairly
graded/written. All around great class

that solidified EE for me!

Pos (Score = 0.5,

Magnitude = 2.3)

a ¥ v
ey wagldnisuu

NUNIUUNLT U

Best professor I've had in USC so far,
everyone loves him. CSCI104 is kinda a
weeder class and it can get difficult for
those who don't have prior
experience, but he made it much
better by providing amazing lectures
and lots of help on hw outside of
classroom. If you wanna take an intro
class and see him as the instructor,

don't hesitate!

Pos (Score = 0.9,
Magnitude = 2.8)

Whtelauanduseu

Fantastic prof, wish | could have him
for every EE or CS class. Explains
complicated topics in a clear and
easy to understand way. Wants us
to succeed and believes that we will.
Really interesting class with fun labs.

Feel like | actually learned something.

Pos (Score = 0.7,
Magnitude = 4)

Tdwalinnnsaeunay

a pRp a a
AFUNYNUUSEANTA N
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AMUWIUYRNINANYD

NARNSN1IATIZN
Sentiment Analysis

1ae Google Cloud NLP

unagunagns

N13§9U

Professor Redekopp, thus far in the
course sequence has been the best CS
professor | have experienced. The
class material is not particularly
difficult, however, the rigor with
which you are expected to know
each topic is intense. The PA's are
very very very long (up to 30 hours) so
start early. You will leave the course a

much more capable student

Pos (Score = 0.4,
Magnitude = 1.9)

T9densaaund

UsgANTAN

Fantastic professor who turns a
difficult class into an approachable
and very doable challenge. Knows
most students by name and
actively encourages questions and
participation. The class itself is quite
informative and provides a number of
opportunities to mess up and still do
well. Not a cakewalk, but Redekopp

teaches it well.

Pos (Score = 0.8,
Magnitude = 3.3)

aruayunsiiausuly

S o
VUIYU

10

Probably the best CS professor I've
had @ USC. Lectures are really
helpful, don't drag on too long, and
are all available online. Homework is
difficult, but Redekopp gives plenty of
extra credit and resources to help for
every assignment. Tests are hard, but
not surprising. He also extremely easy

to contact via Piazza / OH.

Pos (Score = 0.7,
Magnitude = 3.8)

Tdwmalinnnsaaunay
a pRp a a
asuneNTUsEANS AN,
T9densaaund
Useansam, Ton1sunu

NUNIUUNLSBU
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NAANWSNITAATIZA )
- . unagunagns
AMULTRUYDIUNANY Sentiment Analysis
N136U
1ae Google Cloud NLP
One of the best profs and educators
I've had in general. Presents difficult
concepts in an easy way to Pos (Score = 0.6, Twasianisaouway
11 ;
understand and cares a lot about his Magnitude = 2) aduIeNdUTEANT AN
students. the goat of Viterbi, take a
class with him if you can.
An incredible professor who will
answer questions and make the Pos (Score = 0.9, T¥donsaouiid
12
material easy to digest. One of the Magnitude = 1.9) Usgandnn
best professors I've taken.
Redekopp is the MVP. He breaks
down some of the most difficult
concepts into digestible material . -
Pos (Score = 0.6, THwmatinn1saaunay
13 | and is very accessible/helpful in OH. b e
Magnitude = 1.8) o UNNAUTEEANTNIN
As for the course, start the HW's early,
do the practice tests, and make sure
you understand the concepts.
Professor Redekopp is an amazing
engineering prof. His lectures are info
heavy but he takes time to explain
concepts to those who are confused a
little. He was very accessible outside Pos (Score = 0.8, o vy oA
14 Wdslauenduisou

of class and he was also very
considerate to the students. He truly is
a gem of a professor and | would
highly recommend taking his

engineering classes!

Magnitude = 3.4)
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Reddekop is one of the best, going
into cs with no experience | was
worried but as long as you are
ACTIVELY in class learning you’ll pass.
He's very reasonable as well, the
homework will get harder over time
but if you try and communicate
with the TAs and the professor
during office hours. | promise you’ll
be okay! (No pop quizzes or extra

credit)

Pos (Score = 0.5,

Magnitude = 2)

Tgnstrununu

a
UNLIYU

16

One of the best professors who really
cares. He knows the subject well and
can explain clearly. Overall, not a
difficult class and enjoyable.

Recommend.

Pos (Score = 0.9,
Magnitude = 3.6)

Tdwalinnnsaeunay

a pRp a a
AFUNYNUUSEANTA N

17

Very knowledgeable, clear and
concise presentation, sense of
humor without being cheesy, fair

grader.

Pos (Score = 0.9,
Magnitude = 0.9)

Tdwafinnnsaeunay

a o a a
23UNENUUSZENTNIN

18

Prof. Smallberg will go out of his way
to help you, even looking back at
code you've already submitted and
asking you about bugs in your
program, so in the future you don't
make the mistakes. Will respond to

questions posed at 2 in the morning

Pos (Score = 0.3,
Magnitude = 0.6)

1%

Wdelauanduwseu way

TviAnUSnwn (feedback)

'
o

AratinAnwiseunna
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19

| strongly recommend this course to
anyone with an interest but novice
experience in 3D modeling. Professor
Easley is a caring professor who walks
students through a few models before
assigning individual final projects to
showcase what they learned.
Constantly encourages students to
ask questions. Grading wasn't

released until the end of the class

Pos (Score = 0.5,

Magnitude = 2.5)

aruayunsiiausuly

S o
VUIYU

20

Scott has been so helpful in his rigging
class. | have learned a lot from him.
He would also provide very useful
plugins and scripts and techniques
that have been widely used in the
industry. Students definitely can learn

a lot from him!

Pos (Score = 0.8,
Magnitude = 3.4)

T9densaeund

UsgANTAN

21

Entire class is based on one single
group project of making a
mobile/webGl game in Unity. It was
a fun class to take in the summer
session. The professor is very caring

and friendly.

Pos (Score = 0.6,
Magnitude = 1.9)

Tgdensaaund
Useansnm wazly

a a
AANTTUYTLNRUNNSISEU

22

Really understood that this was a 2
until course online during a pandemic.
The class was paced well, and you
could almost always get your
homework done in class. Scott is
such a fun guy too. Ask him about his

high school ska band

Pos (Score = 0.4,
Magnitude = 2.3)

Tgnstrununu

a
UNLIYU
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The professor is one of the best professors L z

drusulutiu

I've ever had. He gives clear feedback,

Pos (Score = 0.9,

= U a
Seu, Tnala

23 | encourage his students to think creatively
Magnitude = 1.8) ANTEDULAY
and clearly explain difficult and complex o aa
D5UYN
topics. o a
Useandnn
Best prof. I've had at USC so far. He is really
knowledgeable and gives amazing lectures. lewmeliansaou
He gives students insights into the gaming wazvaSuneiiil
Pos (Score = 0.6, . .
24 | industry. As long as you spend about 4 hours Usvansam, 14
Magnitude = 3.4) o e
on each of your models, this is an EASY A. @ADN1TEDUNU
Highly recommend this professor & class, it's Useandan
been a great experience for me.
Structure of class is really good. Course grade ﬁﬁuaqumsﬁ
is based on exams, quizzes, exercises, and a dusuludu
group project. Really helpful. Clear Sy, Tinaia
instructions and expectations. L ectures Pos (Score = 0.6, NITADULLAY
25 Aa
were interesting. Exams were a little Magnitude = 4.6) AR
challenging but material is manageable. Usgdnsnm, 1o
Overall, | think he is one of the top tier ﬁamiaauﬁﬁ
professors CSULA has for CS. Usgansan
Scott Easley is easily one of the best
professors at USC. He's gives great advice on o s
ledon1saound
how to improve your 3D models without - -
Jszdnsnn,
being condescending at all, and you learn Pos (Score = 0.9, . -
26 AUVAYUNITU
something useful every time he talks. He also Magnitude = 2.8) L 3
drusulutiu
cares a lot about his students and »
bS8

encourages us to model things that matter

to us to increase our interest in Maya.
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Prof. Amini really cares that we learn. . -
lwmelian1saounay

The material was very well
organized and the lectures were
amazing. | would definitely take any

course he teaches!

Pos (Score = 0.9,
Magnitude = 2.8)

a PRy a a
asuneNTUsEANS AN,
v PRy
warlvdanisaaund

UsgANTNN

28

| took 61A over the summer with grad
students, but | watched the recordings
of John Denero's lectures. This was
the best class I've ever taken and the
best professor I've ever seen. He
explains things so well, it's like a
constant feeling of an "aha"
moment, but given to you by another

person. I'm so happy he's at Berkeley.

Pos (Score = 0.7,
Magnitude = 2.8)

Tdwalinnnsaeunay

a o a a
23UNENUUSZENTNIN

29

He is so nicel Made CS61A my favorite
class this sem. Lectures were pretty
good, but you should spend more
time on discussions/labs/hw/past
exams as they are more relevant to
exam content. Enjoyed the AMAs.
Exams are pretty difficult relative to
lectures/hw but it is very possible to
get in the A range by grinding past

exams and extra credit.

Pos (Score = 0.5,
Magnitude = 2.8)

TgRanssuUsznauns
= 2 v
Sou wagldnistnu
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His lectures are engaging and have 0
fluff. Some are almost 2 hours, some
are 20 minutes, it depends on the
material. The projects, lab and o_
leRanssulsenauns

homework assignments are cool and

there's plenty of extra credit
opportunities. The staff is helpful and
everything was managed smoothly.
Only con is that exams are more like

"puzzles" than tests.

Pos (Score = 0.4,
Magnitude = 3.1)

a ¥ v
oy wagldnisuu

NUNIUUNLS U

31

Professor Denero's lectures are very
interesting and are frequently re-
recorded but source older lectures
too. Almost every assignment had
extra (optional) practice problems
and all of the projects have some
extra credit opportunities. | never
attended live lectures but they
would've helped a lot. Optional
contests are fun too, lots of

opportunity

Pos (Score = 0.6,
Magnitude = 2.7)

TgRanssuUsznauns
= 2 v
Sou wagldnistnu

NUNIUUNLT U
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Took this class asynchronously,
Professor Denero posts his lectures
on YouTube in playlists and they -
SL‘leVIﬂUF]ﬂ’]iﬂQULLag

are so captivating and fun. Lectures
are great to help with homework
and the TA's usually post hint videos.
Denero has lots of experience and
knowledge and it was a pleasure to

take his class

Pos (Score = 0.9,
Magnitude = 2.8)

a pRp a a
asuNeNTUsEANT AN
wazldnistnununIu

a
UNLIYU

33

DeNero is hilarious and a great
professor. Lectures and expectations
are super clear. It can be tough to
get help (7-hr OH queues haha) but
reach out to your peers, who can
probably walk you through it! Exams
are super tough and projects are long,
but hw and lab is really helpful and
fair.

Pos (Score = 0.7,
Magnitude = 3)

Tdwmalinnnsaeunay
a PRy a a

asueNIUsEANS AW,

TgAanssuUsznauns
= 2 v
Sou wagldnistnu
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Probably best prof I've had.... really cares that
you understand the material rather than test
s random details and make you worry about Pos (Score = 0.9, Tgnstiununiu
il
exams. HW great for learning. Took 189 with Magnitude = 2.8) uNiFeU
him, best decision at CAL so far, he's
awesomelll
One of the best professors at UCLA, and
probably my favorite teacher ever. He
explains things very well and | found | THmelinnsaou
Pos (Score = 0.4, o a4
35 | learned a lot from this class. | actually EEDIUYNY
Magnitude = 3.5) - .
ENJOYED taking his exams. How crazy is that? If Usgansnn
you want a good experience, take professor
Wittman!
Watch his YouTube lectures they are great THmelinnsaou
Pos (Score = 0.9, o aa
36 | at helping you understand. Helped me pass ILaeaduIend
Magnitude = 1.8) - -
data structures Usgansnn
Fantastic lecturer, and the lecture notes he
posts online are incredibly helpful. Exams ol .
Pos (Score = 0.5, ldansaouni
37 | are challenging but doable (buy the reader). If .
Magnitude = 1.7) Uszanann
you want to take some time off to laugh a bit
during dead week, go to the final lecture.
The course material that he prepared
(several years ago) is pretty much gold, it's i s
Pos (Score = 0.8, ldansaouni
38 | possible to not even go to lecture because his - -
Magnitude = 0.8) Uszansnn
notes are that good (and he follows the notes
anyways).
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Excellent professor. Clear with the concepts. ldwmatianng
Pos (Score = 0.7, R
39 | He writes a lot in the class. That's of great ADULATDIUY
Magnitude = 2.9) .o
deal. NUUSTENTN N
Shewchuk is awesome. He's amazingly clear, .
Tdwmatianng
seems to genuinely want you to learn, and he's Pos (Score = 0.9, -
40 Anullaraduny
funny to boot. Definitely one of the best Magnitude = 2.8) - e
NUUSTENTN N
professors at Cal.
It's been 10 years since | had his class in data
structures and he was definitely one of my most . -
ldwmatianng
memorable. His class is moderately tough but Pos (Score = 0.7, -
a1 Anullaraduny
not impossible. | can definitely thank him for Magnitude = 2.3) de o -
NUUSTENTN N
his thorough teachings. the programming skills
really come in handy in the real world.!
ldwmatianng
Great professor. Lectures and lecture notes -
AULLATDIUNY
are very clear and helpful. The homework, -
Pos (Score = 0.7, NUUSTENTN N
42 | projects, and tests were fair. The material is o
Magnitude = 3.8) uazlddons
useful and very applicable. Probably the best da
BRI
teacher to take 61B with. .
Uszansnn
Best lectures I've had in a while. Really makes
things interesting - eg., Learned about the
Sator Square in Herculaneum during a
dynamic programming lecture and how the Pos (Score = 0.3, T¥densaeud
43 I
Wikipedia article on palindromes is wrong Magnitude = 2.1) QUszdnsnIw

about Johnson coining the word. Very careful
about grading, though he generally gives good
grades. (You'd better get your math right!)
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He's a cool prof, explains ideas well.
The lectures always have fun
stories and lots of historical
background which | really liked (like
he explained depth first search using
the legend of the minotaur and
Ariadne's thread and the etymology of

the word "clue")

Pos (Score = 0.9,
Magnitude = 1.9)

Tdwalinnnsaeunay

a o a a
23UNENUUSZENTNIN

45

| literally cannot describe how cool
this guy is. From granting a last-minute
extension on an exam so | could take
it another day to meeting with me
to discuss test taking strategy ...
absolutely phenomenal help to me
this semester. I did really badly on
quiz 1 and almost dropped the
class and he really gave me the

confidence to keep going.

Pos (Score = 0.8,
Magnitude = 3.5)

1%

Wdelauanduseu way

TA1USnw (feedback)

o =2

AAsetnAnwseunaa

46

Just had our exams. | would not have
passed without Prof. Gupta. CS is not
my main area and most of the other
people in class had a lot more coding
experience so | was playing catch-up a
lot of the time. He took a lot of time
out and went over all the material
with me in the weeks before the
second quiz and final and really

boosted my confidence.

Pos (Score = 0.3,
Magnitude = 2.4)

1%

Wdelauanduwseu way

TviAnUSnwn (feedback)

o =2

AAsetinAnwseunaa
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Be prepared to work very, very hard if
you have had no significant experience
with computing. This is an 'intro’ class
in the same way rocket science is
child's play. The good news is that the
professor happens to be just the one
to make this class great. Professor
Sahami and his teaching staff are

brilliant, funny, accessible and fair.

Pos (Score = 0.3,
Magnitude = 2.5)

Whtelauanduseu

a8

I've taught this stuff for decades and
Jerry explained it better, and way,
way faster, than | ever have.

Inspirational.

Pos (Score = 0.5,

Magnitude = 1.1)

Tdwalinnnsaeunay

a o a a
23UNENUUSZENTAIN

49

Jerry is the boss! Explains Computer
Systems very clearly and really cares

about his students.

Pos (Score = 0.9,
Magnitude = 1.9)

Tdwalinnnsaeunay

a pRp a a
AFUNYNUUSEANTA N

50

| took both Algorithm courses on
Coursera last year. | think Prof.
Roughgarden is one of the best
teachers I've ever had. He explained
clearly and in detail quite difficult
topics. And he's tons of fun too! I'm
going to take both courses again next
year. It's the kind of experience worth

repeating!

Pos (Score = 0.7,
Magnitude = 4.5)

Tdwalinnnsaeunay

a pRp a a
AFUNYNUUSEANTA N
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