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Abstract

The Rules for Drafting Laws and Evaluating the Effectiveness of the Law Act

B.E. 2562, issued in accordance with the principle of section 77 of the Constitution of
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the Kingdom of Thailand, has laid the principles for analysing the impact and
evaluating the effectiveness of the law. It places great importance on the public
hearing process by requiring responsible government agencies to conduct public
hearings through the Central System. However, the resources and capability to
thoroughly analyse the data vary across government agencies and contexts. Moreover,
the analysis of language data is tremendously time- and resource-consuming,
especially when compared with structured or quantitative data. Therefore, this paper
presents a study method to extract insights from the unstructured public-hearing data
using artificial intelligence and Natural Language Processing (NLP) knowledge. We
exhibit the analysis by applying two NLP techniques to the Student Loan Fund Act
B.E. 2560: Topic modeling and Sentiment analysis. This paper demonstrates the
benefits and serves as guidelines to analyse the data collected from the public

hearing process under the B.E. 2562 RIA Act and other potential contexts.

Keywords: artificial intelligence, data science, natural language processing, topic
modeling, sentiment analysis, legal informatics, public hearing, The Rules
for Drafting Laws and Evaluating the Effectiveness of the Law Act B.E.
2562, regulatory impact assessment (RIA)
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P * word o v vord word w
v 4 word word word w
P * word : ord woid )
P * word

What really happens...

topic#1 topic#z t Take this collection of documents and word rd word d
ord P learn a model that describes it best... word word wol i
rd F r =) ) word
; Ay word v word
rd A word
r P *word *word rd word word

> * word P *word P * word W vord word wo
r C VIR nodel pararnaters A word
I rd word word v

word w

sUnm 1 lugduu n1sTiesigruuudiaedsiave (Topic modeling) diaguy
doguufgiuInenarsadunie 9 a5199unlagdiate (topic) 919 9 uazluusiaziave
drman (word) lwiatevu 9 wasvinuuiahuasrvenarsiuneglangnasivieds usly

p1aiuas (yUan) deyaiidfedeyatenars (uvsunvesunanuifedeyanaiufniiu
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a1573500%) Gegni i TIgiilenInguyes) lageguuanuigiuiinguvesanuail
agneliiveiie iy FT1uuvesiite (nguvesrr) duiiulaiweswisidine Mnmun

Ingglan 199 naanInlusyuuininimmyevesa1iuseneuiduiate (mudiuauiiver

AMUR) TN auigalunIsas1IenaIsAINa1ITua)

5.2.2 MTBATILYAINTEN (Sentiment analysis)

' '
d = 1 a

N153LAI1ENAIUTAN (Sentiment analysis) 3N 3dnAudludeinnaia
“Yagreimilosnnudaiiu’ (Opinion mining) © 1uisnsildlunsinunensual Heuad
vidoanuAaiiulnesuinanseenmeludonu wu Lonans defnuiu vieuriansal nande
Humedefiteliausodlathdonnunanienidndsun dau viadunans! weaidad
Wuvsglomiogndaionsyuaumsduilsnnudniiu’? Tunisi RIA Gsluseninsnseuaunms
fanas g3uilsaudmdiudnlasunnufamiu wasusednyneruduauninaingldula
daudesing 9 unuilazfossruenarsusdazatulasldyaainsiaznatdiuiuunn e vin
amnudrlamudniuresruiieifunguuneiiaue msinszianuidnannsagieli
fsuilsmufnitussynmsmvesenaamanillfegnernia

@

nMyinsgianuidnazneliiinUselevind Ay dnusenisuidunszuiuns

AnsgnHansenunIeUseiliunadugnsvengvangluldvean1siigdna1nuauEAgy

10 AA Collomb, L Brunie and C Costea, ‘A Study and Comparison of Sentiment Analysis Methods for
Reputation Evaluation’ <www.semanticscholar.org/paper/A-Study-and-Comparison-of-Sentiment-Analysis-
for-Collomb-Brunie/Oe6e72ca0f438c5c0e5¢7cad7448d57e0a8c6e54> Auuiio 29 ey 2566.

1S Poria and others, ‘Beneath the Tip of the Iceberg: Current Challenges and New Directions in
Sentiment Analysis Research’ (2020) 1 IEEE Transactions on Affective Computing.

12 fhaghanitsvesnisld sentiment analysis AunsvansluseullAtinensdsanmsmieaiumudndiu
909UsE919URADNIIANTUNITNINTNITIATIA-19 19U UIRTAISVIUTTIEUIIMSE AN (social distancing) kayn1saIu
winn FadianudAgdenisunuaznauumswesulouiesely Tng Melton and others (2021) léi@nwideaya
910 Twitter, Reddit wag ANLLHUINEIUY1I Nunl sewineduil 27 nuatsiug 2560 - Ausiou 2560 Wuduiy
11,882,487 Foa11u lag Sentiment analysis 1geiaszideyalussuladinduduuinuiesiuau nsdnw
Fananmuindledsznadfaiiuiindusn azuuuanudey (popularity) nieazuuuivsusnaaduuinues
mmﬁmﬁuﬁwﬁqm LLazﬂzLLuuaaﬂmﬁmﬂﬁqmiui'uﬁ1Jwmﬂmmwmﬁmﬂmﬂuﬂ%ﬂLLiﬂ Wil nAedilundnames
fdeatulain-19 Semnuduaunindermuniaiinulaealu (Melton CA and others, ‘Public Sentiment Analysis
and Topic Modeling Regarding COVID-19 Vaccines on the Reddit Social Media Platform: A Call to Action for
Strengthening Vaccine Confidence’ (2021) 14 Journal of Infection and Public Health 1505-1512.).
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Y0UTERUA 9 Feaansoviladiodluldsmiumeda wu msasrauuudassiide (Topic
modeling) IngUszinulafifinsuansainudaiiuuin Fruauanudamiuinadaiidennan

=~ a oo a @& o ::1' ° a & ada e a
1u1n) LLa&'ﬁJﬂ'ﬂ’]NEaﬂI‘ULmqa‘ULﬂuaﬂa:}quq (ﬁ]’]u’)uﬂ'ﬂquﬂﬂLﬂuwuﬂﬁqmgaﬂiuvﬁﬂaUm@
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a Vo U

AnuAAdiuTannn) geudaruminefsssduiigiuilsanuAnifuazfedlianuddy
TumsiinnsanuiulgudledeRaunsunguneviesunngyneinnidledisuiuussiudu 4
TuﬂszﬁéhasiwummiLaua'ﬁ'NW'ﬁmWﬁ’miﬂ’aﬂamuL'Euslﬁffjﬁmﬁamiﬁﬂww Gth
fuansauniiusiuaunn nsunatiukanimsatvayuinsngmned Taondifanguad
atfuayuuandeiusenly @sanunsaszyldlagldnmsiinmegsivdeninanisluidefiud)
Tumsnduiu enansuatuenanansaliviuiie falivgraatuayuunndisiuoenly

Wiy Mlnszianufadivaiunsatiessurnudninesinvesenansiand vl uils

v
i

3
anuAaiuannsadilannufndiuresUszrsuasdetnafesungmnefiauelé Aty
Tnsamzegadslunisuensesninanudndiuiiviuge wasildwusefuusadusmg 9
Tuunenail wdesfleflldadrauvuiaowuasinnesidoyansinszianuddn
f® Pretraining transformer-based Thai Language Models (WangchanBERTa)'? Tagiuudnans

(%

o i 3 ° A & vy XA 2 ° o Yo
@ﬂﬂa'nlfuuLL‘UUT\]’]aaﬂﬂqul‘WEJV|3J']mﬂﬂigaﬂﬂiuﬂqiaiqqsﬂl&wE]SLSUE»IﬂLL'U‘UQ\]']a'P]QV]FLGUﬂ‘UQF]u

q

Y Y

mwlnelasaniy Inediunisseuiteyaniwdruuuinandeyaiduaisisaylude

saulall unauTIkazdeyaUaivnAuaNnTaindield WangchanBERTa Feilannuwmisngay

a

sgnsBafiazihnldluunanuiimssdunvudaenideyafeafiunmuineinudeuduineu

uazdiUszAvamgafianluvnesd
5.3 N3TUIUNISIAIENTDYA

unanuillddeyasindeiausiusaasfuaninuanmiululasinisuiloiiubiy
wsgs1vUydAnomuidulidufionisfinyn wea. 2560 $ruruisdu 1,093 A1 990
[ 6 o a a ¥ 1 o a 6 £ o ¥
Auled www.law.go.th/ uagafiuniswisudeyanouinluinseiae dadaie TUsunsy
attacut 91NYALATBED pythainlp WagAnNsad stopword vseAaluUTIngUsswstnlide

ANUNLNY WU ke v3e Ludy swuistelauskusiidudesinsesn Lﬁasmﬁ’umwmﬁuﬁgﬂ

13 | owphansirikul L and others, ‘WangchanBERTa: Pretraining transformer-based Thai Language Models’

(2021).
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6. NUNIUITIUNIIU

v v
a o Lo

nsamadaiildluunaiuidienisadisuusiassiade (Topic modeling) waw
msliaresiarmddn (Sentiment analysis) tufinsussgndldluuiunsa q ganiieenn'
Wi Tun1an1snatn n1siiies wuavgsna unfIvene N15ANYIVBI Sven-Oliver Proksch uay
Az fldmstiszsianuianiaglinouynsunnuidniiiedenisuua tlednweudauds
lun1sedusgsangmuny (conflict in legislative speeches) 11un1¥kazUszinAf1e 9 1o
Dusiu

A98319UUUIN8 09910 (Topic modeling) ﬁ?ugmﬁmﬂ*ﬂmWiﬁﬂwﬁﬁa%ayjaﬁ
Aeatungrunetandaluseulaifdiiiuun J. Ruhl, John J. Nay, J. Gilligan @euunaa
Weafuayulidnisldnisadranvudraswidoduniesdlolunsidedmividnizinis
Frungrang widndinisaruuusiassiderliaglduiuiunaisanissy udien
n1InguunBdIuINInAdaueAuinieg Auimtiatgalunisinsizidening
Bednaansaldussleninnnissensuiiinungmne wazeraduedesdiedfeiid
UsganBamdleldsamfiuisnismly Tasluunanudsnan fidsulduansnsdifnuiiendu
N13a519MVUTIAWITOLTIAIINTBINITATUNITINEATIVRIUTETWNTUR LavaduTiedn
Bstamsadunldifeadsaunigi nmadeuanugniestesuvuiiassidodier
naeAIUVAdBUNALYYENguinn e luldegnals'e

v v a

J O’Neill uazanzIaTIzvindedoyatonalsiineglafunszuiunIseanngmuey

o

(legislative documents) PDIANITIVOIUNTNTHANAT LA, 2000 - 2016 1us1uIU 41,518
wna1s nudeyaidedniutaula wu awnsadiesigsildinfividelafiddytns waslu
wistgiuleuienisnguingluifesing 4 Yszneumertedesorls nmsamvesiiom
sauleneiiiendos Wy Wdeideafuumasduaumy (support allowance) %qﬁmmmﬁq

Usziiu Usgleviiuiiogende (housing benefit), nsafuanuduseld (income support),

14 Mantyld M, Graziotin D and Kuutila M, ‘The Evolution of Sentiment Analysis - A Review of Research
Topics, Venues, and Top Cited Papers’ (2016) 27 Computer Science Review 16, 16-32.

15 Proksch S-O and others, ‘Multilingual Sentiment Analysis: A New Approach to Measuring Conflict in
Legislative Speeches’ (2018) 1 Legislative Studies Quarterly 97, 97-131.

16 Ruhl JB and others, ‘Topic Modeling the President: Conventional and Computational Methods’
(2017) 86 The George Washington Law Review 1243, 1243-1282.
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AuTuAIUasnfuNNdIAL (social security), 183189a52dIUAY (personal independence

payment)'” \Judiu Aawansinuunug il (tree chart)
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publi@afety
transilional_asses‘m_d etermination

social_sdffce_trust

JUNIN 2 UansuNaInYesunu dauliilavinn 1511 Topic modeling lupasdaya
nguag Iagnawizluguiiduidoiien Uk uaunuyesaws 119181903

UONAINUU Peter Grajzl wag Peter C Murrell Satpgldn1sasisiuuinansiage
lunsfinneafinediunsiuvesUsemadinguluganaunsuf inanamnssuiveritannudila

fausunnalseiamansnguruneluriiaifaingns’

17 O’Neill Jk and others, ‘An Analysis of Topic modeling for Legislative Texts’ (Proceedings of the
Second Workshop on Automated Semantic Analysis of Information in Legal Text (ASAIL 2017), King's College
London, 16 June 2017).

18 GrajzL P and Murrell PC, ‘Using Topic-Modeling in Legal History, with an Application to Pre-Industrial
English Case Law on Finance’ (2022) 40 Law and History Review 189, 189-218.



264 AL 1A admans

o
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Tudureen1sinsgianuddn (Sentiment analysis) Wuisuiduniunswateuiniu
Tngdudnsfinwluiide “nisdesiziauidnnmengruisuaznisyaanufnidiu’ (Legal
Sentiment Analysis and Opinion Mining (LSAOM)) Faifutua1iiunislneuysd dunisduns
wagnsIdaUiIUNIYILarefaun 1w luan muIndeunanguuie lnslunisdszend
nngaukarinininerdruiunuimdrAglunisfinnuanuidnwazanudamulunis

a =~ 1 2 @ =~ N P 9 = )
NsrUIUNIsRAIsaned egralsndnendinmeluladreuiamesiainiswauinisieganils

a

%‘émiﬂ"ﬂmmlé’gﬂﬁmﬂ%lﬁaﬁdwmaa Legal SA uaz Legal OM Aaufn153iAS RS UIUAN
IWaufsnsaduuusiaemisadandudon msnsnduides wasmsinseiiale maiiaty
veslayayuseiivg (A) Tnslan1zed198insUsEananan1wsIsuvIR (NLP) waznsiseus
yaaAzes (ML) Isifindnanuasnsavesssuusmlud@mlunisinsziannuidnuaznisya
AuAnLluUI U Y

4

wenanil sruunisrumdeyanazdeiaasedidnnselind (e-Discovery) daldiiiy

= 1

Al LSAOM ns@nuilnginiesdnsuaznisiiousiBedn wu Artificial Neural
Networks (ANN) fstaeliAnauinamiinlu LSAOM fremsideisjaduluiinisingegs
mMsfnAuINrsnEdmnuAReng AdwinengnedmivUszmsuinluldunsiiansan
Tu LsAOM TngléSanesiiumsmanisalansiia (TPP) wifdamdrdasgnizoniudeidoatud
LSAOM lurssaunssusulyguszivg waniideldudsinngluaivinguuiy nsinsizi
AusAnuasnisimiesanudadiuaisiasunisiinnsanindanuwandafuluvevius
Snwy wargeaula anuusndsdagioulifulunsienedoludea uasmamsiaaeu
viennnguineilnadniseeulat Auanddidiudenislianudidysuanuiuves
anssaglunsivuakuImakaznsauvesnsindulaludaleusuaglunisd fuR’
SnmsUszgndliinaulavesmiesgianuidndensAnvidseunisnioes
ANUSANIINANUARTIUENS ST RATINNNTAIA 9 WU AdaduYesma Bndaegns Ryan C.
Black wazauz Anwianuduiusszniteainufaiiuvesmageansziuaufniiuves
Uszanau filsuliimnaindlomadadudndeninuidnasisas gRmnwazudsanudaay
vesauAniudnlvglunnuneieuiiazfnvinsatuayuanasisus wanwwaul

A15IPANUTALRUVDIANLAATIULASTIINAL LUUANNAILITATUNNTI UL DA NS A TUITR

9 Lance Eliot, ‘Legal Sentiment Analysis and Opinion Mining (LSAOM): Assimilating Advances in
Autonomous Al Legal Reasoning’ (2020).
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7. Wan1sAne

v

malaszidelauenuzvesuansnudaiululassnisudludiudunse sy da

Y

noauiulijBuiion1sfinyn w.e. 2560 wuseaniduassdiu laun 1) insieiiidel

=

Toiauokuzvefuansaufaiulagldmaiianuuitassiade (Topic modeling) waz 2)
ArTgionsuaiaudnvesuaninudniuaindeiaueuuslagldinafinnisinsey

AU3AN (Sentiment analysis) lngdlnanis@nw fail

7.1 WAlALUUINGBIHITD (Topic modeling)

lun1siesigiiuudnassite Swaumdadulawesmsiiwes (hyperparameter)’!

d1dudesimuansunisiiasizi aufiedutediesiy madawuusiassiitetuiiauufigiu
Aerudnenarsuseneulumeiideuazdaneiiuagneguniilen wsefegluiide
wenfuifianudululdunige diuiadanudndunadesimunduuidelinewiield

saaa

danasfinaunsavnassduilonnluiidewuune 9 1o lnenismlawesnsdwesiaian

2 Ryan C Black and others, ‘The Influence of Public Sentiment on Supreme Court Opinion Clarity’
(2016) 50 Law & Society Review 703, 703-732.

21 Hyperparameters ﬁaww*mﬁtma%ﬁ&y'ﬂmiﬂa;ﬁﬁmu iaﬂsziﬂ'wﬁt,%'auimﬂ%%a widuAiifnuasnisinay
vadluma wu suundiitlinaassendng q seiuamnududousewuusiass wazN1sAMUAAINISISES (learing
rate) Bamsadn hyperparameters fisnzanasieliluaaannindouiuasrnedoyaldogutiuginiu,

2 Faneiiiu (Algorithm) AegavestunsumuinuiignesnuuusnifieudludgmuieUszsnanatoya neld
nslessiuasudlodoyanudidudunouiinualy iy Bnislumsdademesandmnsegalgsdianlagld
funouuazszezatosiian WWusu Taevhluindens algorithm lugtuuuvedlassadrsdoyauaznisussatanaiia
Fiavuaziidnuaifiuesduseneundn egrdlsfinnu algorithm ansnsneenuuuaiiieudlatgmilunainvanedu
Wy nMsdaiFestoya nisduin nsusndeya maFoudidsdnuasdu 1 wasindew algorithm Tngssymsdudeu

¥4 algorithm sgkianlunisuszaianauazUSuudayaidenislde.
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7.2 M3IATIENAUIAN (Sentiment analysis)
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