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Prediction Model of the Fake News from Online Social Media with Data Mining
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Sepoouladomaiansiunilesteyatuiaduuumdlunsdisliliinvasuunsnss e duaniic uay
annsolfifiensnsedulunssudinmameundrovesdnld nuiteFesdiumanieofumenaudaiidfyveses
Fmvaou wazsuifisulunansihungvesiniasy semaiansinmiledeys Sunanugniosweamsing
sensliiElasmneussamienlngldsaneifuiamesieUnseunuumatedu (Neuron Network) sulsifnaula
(Decision tree) 3§ﬂaﬂu1ﬂ5Lﬁ?Jﬂﬁumﬂ‘17iEjﬂ (K-Nearest Neighbors) kg 35u8¥kud (Naive Bays) Inen1sinf1asgnsies
(Accuracy) AAnuAaRLAABUdLYTalinds (MAE) uagArmnunandoumdsassiads (MSE) 9nmsidewuin 38
firnanAoIslassneUszamiiion delanugnieasintu 95.78% Fmnuaaaiedeudiysalindeiiu 0.2011
LazAANUARIALAABUMEIARLNAY 0.1915 FTldnadnifidusudivassieitaulndiAsanniigadidiai
gndiaintu 90.51% AAnumanaAAeudiysalindeintu 0.2051 uazAmnuAaalRdeuidsae vy 0.2315
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Abstract

Fake news is on the rise on social media, with fake news are influencing attitudes and decisions
on any matter to have a serious impact on social coexistence. The base of fake news focus on content that
excites and stimulates the consumer's emotions, so it spreads more easily and faster than real news.
Verification the informed source of the news to determine whether it is real or fake news takes time to find.
Using @ model to predict fake news from social media through data mining techniques is a way to help
prevent the spread of fake news. Also can be used to stimulate the dissemination of news. This research
focuses on the essential properties of fake news and compare the prediction models of fake news with data
mining techniques, as well as find the correctness of classification by using perceptron algorithm of Neuron
Network, Decision tree method, the K-Nearest Neighbors and Naive Bays method. The measurement using
the accuracy, the mean absolute error (MAE) and the mean square error (MSE). The results from the
efficiency of predicting, the method of classifying information of four algorithms found signifies the
competitive accuracy degrees of neuron network is 95.789%), the MAE is 0.2011 and the MSE is 0.1915.
However, the second proficiently accuracy, MAE and MSE of the K-Nearest Neighbors is 90.51%, 0.2051,
0.2315 respectively. This research could be used as a prototype for the further construction of an automated
fake news detection system.

Keywords : Social Media, Fake News, Neuron Network, Decision tree, K-Nearest Neighbors, Naive Bays.

L2eiwussaninymansuasansaunamans Auzywemans aininendeduy Jamiadeddn

121



unin

dedenuooulatignimlfiduunaslunis
N3891891798190319931¢ (Mass media) Tuganis
WBousiofiliwsuuay Suduuselovuiifuilnaazliug
Fmmsliiuei luvasiieafufldgnliiduedosie
Tun1snszared1ivasuneliiinaiufiunszuun
Feanunsodawansenuluiannusiunsseiulszmeals
nnIsANERABITUAITLNINTEa1eg1IUasulude
derneoulatl wudiniasugnuustiu (Share) wnnd
91793904 1.7 1 laefiausurnidasuainnisaee
11nNN359 100 Wi wazwnsnszarelasiniafe 6 wi
(Soroush, Deb and Sinan, 2018) 91nwg#nssulunis
U%Iﬂﬂﬂjwaawaﬁ?iul,é]'uLLa3mﬂ%’ﬂ°nﬁﬁa@jmmmaﬂﬂqﬁ
(yans 5191¥md uagiwil Lweassen, 2557; Wuiin wiyay
591 avisdwn, 2562) MilvingAnssudanaigudesie
n19id1ladeyaod1euriase wuldAalun1sAUN
Andnuneiiddyrevhdetnuanietnnvemisive
adel Wielddnsunsnsedeutiuaeumuilveuude
dervseulauninwes (Twitter) wazilydn (Facebook)
Iagvinn1siUseuisulamanisiiuen1siseusves
@383 (Machine Leaming Model) sewafiavinniios
Yoya lnoidendaneifiuimunzandmiunisviune
annsidensanesiiufimuizaulunisnsiadeudin
Uasunwilng vudedinnooulatininmesuaziledn
9 nsanesiiu 4 wuuidenuwindu Tneazndiada
BuBug (Naive Bays) 35auldifndula (Decision tree)
FennailndiAsatusndign (K-Nearest Neighbors) wa
danosnulassvigusrainiyian (Neuron Network)
giawesieUnsounuunatedy eudanslSludiud 3
AsasInuLLasNadnsnsITonanalludud 4
wan153deludaudl 5 imﬁy’asﬁaa@mmzaﬁﬂiw
nan13aeludndi 6 fu 7 amuddusiely

IngUszasn

LﬁaLﬂ’%&JULﬁEJUT,mmamiﬁauimaamémﬁ
winzausswmatdaitvilesdeyalun1snsisaeuyn
UYaoun1wilne wazAumaudnyusdfgsonis
nsvdevTvasuniw insuudediauesulatnia
woswazinedn

122

MIANTINYRUUUNNLDLTE

Uil 10 atufl 4 manaw - Suneu 2563

wuRanguiuasnuideiiieades
wgAnssunislunisuilnauazlddeden
soulavlunsfuiuazidesmanslneviniansag o
yionsdvitutuduFesd dyildannsoussda
P1aeuiimsunimadedsaueoulaitu enaazdma
nsznuReviruzainTogdanlaesnlding iz
nszaevludedsnuseulatidunisdsludutmne
valvguazduaun mngiisurnasturnai
Syiviulunadedndulaslinsgniindiwadionaas
Aadu 1wy 11aUasufiiieatestunigviesefva
5330UANI0uTe iU nnazteyaigniadou
Rerfuanusiunsesmafienadiglivisiadameuns
iloasrsanunsailiAnauduauiuneludsnls

o

(@ntuey

9 U Y

1 yYsauaude, 2560)
1. 3Bu1dWug (Naive Bays)
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aunnsil 1
P(h|D) = P(D|h)«p(n)

P(D)

Toe D wnudeyaiitnarldlumsdn
nshanuaIALUIaziduy posteriori probability U+
auuAgIu h Ae P(h|D) mumgud P(h) fio AuYIay
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i lldduiinArmudAyvestoyaudasynaz il
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Output
Layer

amd 3 Tasstneusvanmidisuuy Multilayer Perceptron
(Hassan, Abdelazim, Mohamed & Oliver, 2015)
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aunsi 2

Number of correct predictions
Accuracy = —

Total number of predictions
aun159 3
TP+TN

Accuracy B ——

TP+TN+FP+FN
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