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Abstract

The increase of unreliability in the online social media nowadays, such as social networking platforms,
news blogs and online newspaper websites, causes misunderstanding for the receivers which challenge the
news referencing progress. The purpose of this research is to make a model to classify the reliability
of Thai-based news references websites. In these terms, this research aims to study the factors and
consider the data’s reliability related to each website. Also, the performance comparison of the model,
used for classifying progress by collecting the website s’ essential technical data factors and sorting
them into groups of data’s references to state the news references’ category, placed the effective
ones into 5 groups. Moreover, the data was analyzed by using these 5 analytical techniques: Decision
Tree C4.5, Naive Bayes, K-Nearest Neighbor--K-NN, Multilayer Perceptron and Support Vector Machine—-SVM.
After being analyzed in performance comparison progress, the K-Nearest Neighbor technique--K-NN,
which has the max performance value of 5, 6 and 7, of its K is even (Accuracy=96.03%, Precision
=0.962, Recall=0.960, F-measure=0.959). Hence, the researcher chose the K-Nearest Neighbor--KNN

technique-when K equals 6 since it would make the analyzation of the 5 groups most effective.
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#am7 Calinski-Harabaz Index ¥89n139Anqal

Cluster K-means HC(CU) HC(AD HC(SV
3 28.06 28.05 3.63 24.87
4 31.49 23.66 19.68 26.44
5 36.47 20.32 20.03 29.84
6 25.40 20.48 17.46 24.15
7 23.08 20.05 14.97 22.24
8 21.08 19.07 13.17 20.69
9 19.79 18.06 11.74 19.64
10 18.43 16.92 11.11 18.81
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3. NaMSHUSEUIBUAUSEAYS A INAITILUA

MG
Y

Dumsihdeyathdedmasennuidetond
n1sdanguualfndiefiiu (Label) waa1d1u19in

MsuunTeyauvan IngSeuiisumatian1sduun

doya 5 wnaila lAwn Decision Tree--C4.5, Naive

f1919 4

NANITUSIUTIUUTEANENINNITTIMUNTUL Y1599

Bayes, K-Nearest Neighbor--K-NN (f1%una1 K 2
89 7), Multilayer Perceptron taz Support Vector
Machine-SVM  dmiunisusgiiunanisdnuundeya
#ATUNANANYNADY (accuracy) AU
(precision) A1AUAU (recall) wazAUszaNEAWIALTIL
(F-measure) Gaansuszifiunisnszaneiivesdeya
Wiensdangu famsna 4

Model Accuracy Precision Recall F-measure
Decision Tree (C4.5) 86.09 0.861 0.861 0.861
Naive Bayes 68.87 0.739 0.689 0.695
K-NN (K=2) 92.72 0.932 0.927 0.926
K-NN (K=3) 92.72 0.929 0.927 0.926
K-NN (K=4) 93.38 0.938 0.934 0.933
K-NN (K=5) 96.03 0.962 0.960 0.959
K-NN (K=6) 96.03 0.962 0.960 0.959
K-NN (K=7) 96.03 0.962 0.960 0.959
Multilayer Perceptron 94.70 0.948 0.947 0.946
SVM 94.70 0.947 0.947 90.47

M TBUTEULNEUUTEANTA NI IMUN
ulwduvastnamu madia K-Nearest Neighbor—K-NN 4
AUszAnSAmsnnigaivindu 3 wadalasdian K da
5§19 7 IneilAn (Accuracy=96.03%, Precision=0.962,
Recall=0.960, F-measure=0.959) #agfiseidonld
wiallA K-Nearest Neighbor—K-NN ile K Wiy 6
s liiigunasuunlddfudiuam 5 ngu

nsanUs1ena

Wesnnduledunasrnniuningliiiniséia
themiuaana (label) snfawudadedinsdnngudeya
(data clustering) vesiulwsunasnioaulalnaud

rinsiuundeya (data classification) Lulws
uwiasneaularl Tnslufuseuesnisdangudoya
WAEIUNINUIY nATlA K-Means Clustering di@n
UszAndamundiaaile K=5 (Calinski-Harabaz
Index=36.47) Fuin1sAndredriuivledunas
Y1asnemaiin K-Means Clustering @dlinisdangy
iloRntheifuuvasnuazinasaonndeaiuay
348 (Krishnamoorthy et al., 2018) vilin15ias1eh
Foyanlifinsimuananauneuassavilsiusiug
11N

P ERTRer oue Vol. 14 No. 2 May-August 2020

Science and Technology



waadaluvinisdnuundeyaunaarig
WU nAilA K-Nearest Neighbor--K-NN (K=6)
fiA1UszAnSnmuiniiga (accuracy=96.03%,
precision=0.962, recall=0.960, F-measure=0.959) ?lf!\‘i
n1s3uundeyanmemailn Multilayer Perceptron
dazgminluimunaiosdeldlunisnsinaeuay
Udedevesinooulatdaonndosiuauidoves
(Shah & Ravana, 2014) ﬁaﬁmiaiﬁffﬂ'ﬁmwﬁﬂﬁauﬁ
voaatedlunsneaeunrsniidetioveaiuled
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