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Abstract
Purpose: This study aims to design and develop a data collection and analysis system
capable of accurately predicting the Food Consumption Score (FCS) within the context of
Thailand, supporting effective food security management.
Methodology: A data collection and analysis system was developed and utilized by a
network of food security researchers from 10 Rajabhat Universities. The collected data were
applied to machine learning algorithms, including Naive Bayes, Support Vector Machine
(SYM), Random Forest (RF), k-Nearest Neighbors (kNN), and Extreme Gradient Boosting
(XGBoost), to build an FCS prediction model.
Findings: The study found that the XGBoost algorithm demonstrated the highest accuracy in
predicting FCS, with a precision rate of at least 99%. This highlights its potential as a
predictive tool for food security in Thailand.
Application of this study: The developed system and model can serve as critical tools for
monitoring and forecasting household-level food security. They can support decision-making,
policy planning, and the efficient management of food security challenges with speed and
precision.

Keywords: Algorithms, Food security, Machine learning
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A1319% 2 nansAnEenAuMaNURvayanIY Logistic Regression

fiauus Coef Std err z P>|z| CL Lower | CL Upper
HOH_GENDER 0.0556 0.202 0.276 0.783 -0.340 0.451
HH_SIZE -0.0312 0.11 -0.284 0.776 -0.247 0.184
HOH_AGE 0.0185 0.01 1.771 0.077 -0.002 0.039
HOH _EDU 0.0679 0.073 0.935 0.350 -0.074 0.210




Journal of Information Science Research and Practice

Volume, 42 Issue 4 (October — December 2024) 98 of 101
fiauus Coef Std err z P>|z| CL Lower | CL Upper
DEPEND_RATIO -0.1057 0.519 -0.204 0.839 -1.122 0.911
GROUPS_MEMBER -0.0146 0.082 -0.178 0.859 -0.175 0.146
WELFARE TOTAL 0.3439- 0.084 4.111- 0.000* -0.508 -0.180
EXPENSE_MONTHLY 0.0219 0.0000 3.196 0.001* 0.0000 0.0001
DEBT _TOTAL 0.0207 0.0000 1.905 0.057 -0.0000 0.0000
INCOME_MONTHLY 0.0287- 0.0000 -3.7 0* -0.0000 0.0000
ASSETS LAND -0.7507 0.376 -1.995 0.046* -1.488 -0.013
ASSETS TOTAL 0.0136 0.056 0.243 0.808 0.096- 0.123
WATER_CROP 0.3603- 0.249 1.446- 0.148 0.849- 0.128
WATER_CONSUME 0.4483 0.139 3.233 0.001* 0.177 0.72
COVID_AFFECTS -0.2037 0.068 -3.008 0.003* -0.336 -0.071
FOOD_STOCKS 0.0437 0.227 0.193 0.847 0.401- 0.488
FOODSRC_DIST -0.0054 0.037 -0.145 0.884 -0.079 0.068

* yanedis p<0.05 fitsanudesudosay 95

5.2 wan1susziuanuwsiugvasluna
9]‘15’]\1‘17‘ 3 Uiz?ﬂm%mwmaﬂuLmammﬁummqmmi
Algorithms Data Types Accuracy Precision Recall F1-Score
FSoFSRD 0.97 0.96 0.97 0.97
Naive Bayes FSRD 0.97 0.96 0.97 0.97
HSD 0.28 0.95 0.28 0.42
FSoFSRD 0.98 0.96 0.98 0.97
SVM FSRD 0.98 0.96 0.98 0.97
HSD 0.98 0.96 0.98 0.97
FSoFSRD 0.97 0.96 0.97 0.97
RF FSRD 0.98 0.96 0.98 0.97
HSD 0.99 0.98 0.99 0.98
FSoFSRD 0.98 0.96 0.98 0.97
kNN FSRD 0.98 0.96 0.98 0.97
HSD 0.98 0.96 0.98 0.97
FSoFSRD 0.97 0.96 0.97 0.97
XGBoost FSRD 0.98 0.97 0.98 0.97
HSD 0.99 0.99 0.99 0.99
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#8310 HSD, FSRD wag FSoFSRD L38u3nI8 SVM, Naive Bayes, RF, kNN wag XGBoost
waaglalumannusiupsmeenms wazdiethunussiiiu Accuracy, Precision, Recall wag F1-Score
#e Test Set udaldnafanisnad 1 Fsazifiudn XGBoost UszanSamganitdanesiiudy 4 aw
swazdonsoluil

1) Accuracy WilansrageunnuuiuglunisUszidiufausd FCS avnudn XGBoost Taany
wiudgeaeaiszduiosas 99 fudieoya HSD waz HSRD dau RF axlAnuusiudifissiuiienfiuans
foya HSD dmiusaneTiuilinnuuiudrsesamniissfuosar 98 i SVM wag kNN wa1u13a
inlldldfudeyannussam Ssasulfdn XGBoost uay RF fidnen nilagnensalidaued FCs 14
wiugflefsuduusnnty

2) Precision WoUsziiumuifissvesnsnennsal FCS wud1 XGBoost fnslinuiiesgsgn
fi¥evay 99 unsallédeya HSD luvneiidanesiufimdearunsalimnuiiodldiisosas 96 wie
unnirfudeyannuszinn oniiu Naive Bayes fianansavilsiissiosas 95 futeya HSD

3) Recall WWunaiiAnandeyalu Test Set Midu TP uazlupaanansadwunu T ligndes

IaeA1 Recall Wudn XGBoost vilanseauTasar 99 nsdideya HSD Tuvae? Naive Bayes e

'
[J

Recall Agafinadosay 28 Audoya HSD drudane3iiu SYM, RF, kNN Aeutefiiadiosnmiidlag
fif1 Recall fiszsu¥oray 97 Julufudoyatis 3 Ussam

4) F1-Score 1unsusziiusgansnmlunimsinvesdanediy deasiiiuin XGBoost
UszAnSnmgeaniifesas 99 waz Naive Bayes fuszansnmsngalagyinldifivadonay 42 1ield
Yoga HSD dmsudanaifiu SVM, RF, kNN wag XGBoost fiszansnniifenay 97 Juluidleldiu
Tayannuszmn fauluusunvesUsamelngiiu XGBoost SUsEANTANANIN Naive Bayes, SVM,

RF tlay kNN

6.  @junan1sAnen
ANutuassomsilulsenudfgnindudedinsesfieNamnsafinniu Tz Lay
sreaunalaegrudud Weatdunuimsdunisudledymlaegrsiuse@nsain dusd Food

| o o o

Consumption Score (FCS) Lﬂwﬁ!ﬂuméawamﬂwwgﬂﬁmﬂ%ﬂ,umiﬂﬁzLﬁuamum'ﬁaimmﬁum
n199113 og19lsfiniy uiteneundidfnersiuuszgndléniaFouslaeiaios (Machine
Learning) Tun1snensalfausd FCS Smnanisusuldmunzanfuusunvestszmalng wasll
ansnsoh iUl dymiluseduaiaFouldediedivszavinim muideiinguszasdvinasssznng
léuA 1) MseenuvuLazimuITEUUEMTUATID TinTent wagenudoya Anusiuamiae1ms
warselavesniseu neszvudenadnlasunisialuldasdunisdrmadeyasiuiungunsetie
TniTeanunTine 1§y 10 uwishdsana 2) msaisuasUisuifeuliaanisneinsaifed

FCS lnelddana3fiu Machine Learning lakA Random Forest (RF) Way Extreme Gradient
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Boosting (XGBoost) :MNNMIANYINUIN RF Wag XGBoost HUszdnsamlunisnensaldeyaussnm
Household Dietary Diversity (HSD) langnausiuga lnaliaranuuduglidesninievas 99
nan1TITulanansisdnenineasn1sldimalulad Machine Learning Tun1suAtgymianusiuasmig

g1msveslsemelng wazanunsninluussendldlussauaiaseuldegeliuss@vanm
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