
Fake News Detection Using Linguistic Inquiry With Syllable Pattern Of Words Based On CNN  

Approach  Section A-Research Paper 

 

Eur. Chem. Bull. 2023, 12(Special Issue 10), 231 - 239  231 

FAKE NEWS DETECTION USING LINGUISTIC INQUIRY 

WITH SYLLABLE PATTERN OF WORDS BASED ON CNN 

APPROACH 
 

Zahir Abbas Khan1*, Rekha V2, Ajit Danti2, Naveen J2 I I 

 

Abstract: i 

The iusage iof isocial imedia ifor inews iconsumption iis iprogressively igrowing idue ito iits iaccessibility, 

low icost, iincreased iattractiveness, iand icapacity ito idisseminate i"false inews."Fake iinformation 

deliberately icreated iis ipurposefullyior iunintentionally icreated iover ithe iinternet.iSome ipeople ispread 

wrong iinformation ion isocial imedia ito iget ithe iattention ior ifinancial iand ipolitical igain.iThis iis 

affecting ia ilarger igroup iof isociety iwho iare iblind iby itechnology.iWe ineed ito ibe ismarter iat ithe 

recognition iof ifake ior ireal inews.iIn ithis iresearch iwe ihave iimplemented iLinguistic iInquiry iwith 

Syllable iPattern iof iWord i(LISPW) ifeature iset ifor idetection iof ifake inews ibased ionConvolutional 

neural inetwork i(CNN).iThe iLinguistic ifeatures iinvolved icertain itextual icharacteristics iconverted iinto 

a inumerical iform isuch ithat ithey ican ibe iused ias ian iinput ifor ithe itraining imodels.iTensorflow iis 

used ifor iimplementation iof ithe iproposed iframework iand iprovides ivisualizations ifor ithe 

CNN.iConfusion imatrix iand iclassification ireports iare ivalidated iand iachieved iaccuracy iscore iof i98% 

by iusing iLinguistic iInquiry iwith iSyllable iPattern iof iWord.iAlso, ito icheck ithe iheadline ior ifact iof 

the inews, ia imodule iis ideveloped ito icheck ifor icontradiction ibetween iinputted inews iand iweb scraped 

news irelated ito iit.i i i i 
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1. INTRODUCTION 

Social imedia iisia iplatform ithat ienables ithe 

sharing iof iuser-generated icontent, iinformation, 

ideas, iand expression iin ithe iquickest, ieasiest-

to-access, iand icost-free imanner ipossible.iKai Li 

and iothers (2020).iIt ihas ievolved iinto ione iof 

the isimplest, iearliest, iand ibest isources iof news 

in ithe imodern era.iAbhinandan iChakraborty and 

others i(2019). 

Due ito ithe ilack iofian iadministration ibody ion 

social imedia, iit ifrequently ispreads ifake inews 

and allows ifor ithe idistribution iof imaterial ithat 

is iof ilesser iquality ithan ithe iactual 

news.iCompared ito traditional inews isources, 

news iwith iphotos iand ivideos igrabs ithe 

reader's iattention iand idevelops ia better 

storyline.iAlthough ithe iinternet iand itechnology 

have icollectively imade ilife ieasier iin 

manyiways, isocial imedia ihas ialso igiven irise 

to ifalse iinformation.iFake inews iis ithe 

dissemination iof false iinformation imade 

possible iby iinborn ihuman iinclinations. 

Fake inews idenotesia itype iof iyellow ipress 

which iintentionally ipresents imisinformation ior 

hoaxes spreading ithrough iboth itraditional iprint 

news imedia iand irecent ionline isocial imedia 

Jiawei iZhang et.ial.i(2019).iFake inews ihas been 

existing ifor ia ilong itime, isince ithe i“Great 

moon ihoax” ipublished in i1835.iCounterfeit 

news ior ifake inews iis ia ibit iof ifalse idata 

created ifor ibusiness ienthusiasm ito pick iup 

consideration iand iproduce ipromotion iincome or 

to ispread iscorn irelated iviolations ito iimpact the 

world ipolitically iKyeong-Hwan iKim 

et.ial.(2019). iSupposed iaccurate inews iitems 

that purposefully misrepresent ireality iin iorder to 

pique iattention, iincrease iviewing, ior iotherwise 

deceive.iThere ihave beenimany iinstances 

recently iof iunverified ior ifraudulent information 

spreading iswiftly ithrough ionline informal 

organizations. 

According itoia ipost-election istatistical ireport, 

online isocial inetworks iaccount ifor imore ithan 

41.8% of the ifake inews idata itraffic iin ithe 

election, iwhich iis imuch igreater ithan ithe idata 

traffic ishares iof both itraditional iTV/radio/print 

medium iand ionline isearch iengines irespectively 

Madhu iNakerekanti et.ial.i(2019).iAn iimportant 

goal iin iimproving ithe itrustworthiness iof 

information iin ionline isocial networks iis ito 

identify ithe ifake inews itimely.i 

Everyday iaccess iof inews isources, ifor example, 

web ibased ilife ichannels, inews isites, iand 

online papers ihave icreated idemanding ito 

verifying ireliable inews isources idue ito 

enhancement iof imisleading information.iWe 

center iaround ithe iID iof iphony icontents ior 

articles iin inews isites.iFirst, iwe ipresent 

database ifor ithe iphony inews idiscovery itask, 

using inumerous inews ispaces iand idepict ithe 

accumulation, iexplanation, iand iapproval process 

in idetail iand ipresent ia ifew iexploratory 

examinations on ithe iacknowledgment iof 

etymological ivarieties iin iphony iand ireal inews 

content. 

Detecting ifake inews ifrom isocial imedia iisia 

quirky ichallengeKai iShu iet.ial.i(2018).iIn 

addition ito information iabout inews icontent; 

user iengagement iand iuser’s isocial ibehavior ion 

social imedia ineeds to ibe iexplored.iIt iis 

obvious ito ihave ia icomprehensive idataset 

including inews icontent, isocial icontext and 

spatio-temporal iinformation ito iease ithe 

research iCagdasBak iet.ial.i(2018).iIt iis ia 

challenge ito have ia idataset iwith ispatio-

temporal iinformation iwhich isignifies ihow ifake 

news igenerates iover itime, how ithe iuser ireacts 

and ihow ito iextract iuseful itemporal ipatterns 

for iearly iinterventions.i 

The iOverall iObjective iof ithe iproject i‘Fake 

news idetection’ iis ito iclassify ithe inews iarticle 

or iother documents iinto icertain ior 

not.iClassification iis ithe imethod ito iforecast the 

label iwhich iis unidentified before to idistinguish 

between ione iobject ito ianother ion ithe ibasis iof 

selected ifeature ior iattributes Wee iJing iTee 

et.ial.i(2018).iIn ithis imethod, idata iwill ibe 

divided iinto itwo ipart ifirst ione iis itraining data 

i.e.iinformation ito ibe irelated ito ifind iout ithe 

category ilabel, isecond ione itesting idata iwhere 

we perform ithe itest ito iknow ithe icategory label 

of ithe inew iobject.iWe iexplore iidentification of 

fake news iusing ivarious imodels iand iclassifiers 

and ipredict ithe iaccuracy iof idifferent imodels 

and classifiers.iThrough ithis iproject, iwe 

examine iwhich imodel iwill igive imore accuracy 

and iclassify ithe news iinto ireal ior ifake. 

The iremaining ipaper iis iorganizedias ifollows: 

Section iII irelates ithe iliterature isurvey, machine 

learning itechniques ifor ifake inews idetection 

method iis iintroduced iin iSection 

III.iExperimental iresults are idiscussed iin 

Section iIV iand ifinally iSection iV iconcludes 

the ipaper.i 

 

2. LITERATURE iSURVEY 

Through ithis isection, iwe isummarize isome iof 

the iexisting iresearch iworks iin ithe ifield iof 

Machine learning/deep ilearning ito ianalyses 

about iFake iNews iDetection iand ibuildia imodel 

according ito ithe existing iapplications. 

 

https://ieeexplore.ieee.org/author/37085405359
https://ieeexplore.ieee.org/author/37087039351
https://ieeexplore.ieee.org/author/37086852350
https://ieeexplore.ieee.org/author/37086404912
https://ieeexplore.ieee.org/author/37086393088
https://ieeexplore.ieee.org/author/37086920450
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H. iAhmed iet ial. i(2017) iextracted ilinguistic 

features isuch ias in-grams ifrom itextual iarticles  

and training imultiple iML imodels iincluding iK-

nearest ineighbor i(KNN), isupport ivector 

machine i(SVM), logistic iregression i(LR), ilinear 

support ivector imachine i(LSVM), idecision itree 

(DT), iand istochastic gradient idescent i(SGD), 

achieving ithe ihighest iaccuracy i(92%) iwith 

SVM iand ilogistic iregression. According ito ithe 

research, ias ithe inumber iof in iincreased iin in- 

grams icalculated ifor ia iparticular article, ithe 

overall iaccuracy idecreased).iThephenomenon 

has ibeen iobserved ifor ilearning imodels ithat are 

used ifor iclassification. 

 

K. iShu iet ial.i(2017) iachieved ibetter iaccuracies 

with idifferent imodels iby icombining itextual 

features with iauxiliary iinformation isuch ias user 

social iengagements ion isocial imedia.iThe 

authors ialso discussed ithe isocial iand 

psychological itheories iand ihow ithey ican ibe 

used ito idetect ifalse information ionline.iFurther, 

the iauthors idiscussed idifferent idata imining 

algorithms ifor imodel constructions iand 

techniques ishared ifor ifeatures iextraction.iThese 

models iare ibased ion iknowledge such ias 

writing istyle, iand isocial icontext isuch ias stance 

iand ipropagation.i 

 

M. iGranik iet. ial.(2017)presents ia isimple 

approach ifor ifake inews idetection iusing inaive 

Bayes classifier.iThis iapproach iwas implemented 

as ia isoftware isystem iand itested iagainst ia data 

set iof Facebook inews iposts.iWe iachieved 

classification iaccuracy iof iapproximately i74% 

on ithe itest iset which iis ia idecent iresult 

considering ithe irelative isimplicity iof ithe 

model.iThese iresults imay ibe improved iin 

several iways ithat iare idescribed iin ithe iarticle 

as iwell.iReceived iresults isuggest, ithat fake 

news idetection iproblem ican ibe iaddressed iwith 

artificial iintelligence imethods. 

 

Conroy iet.ial.i(2015)mainly ifocuses ion 

categorizing ithe inews ibased ion ifinding ithe 

degree iof accuracy ior icorrectness iin ithe 

news.iInclude imainly itwo icategories ifor 

assessmentlinguistic icue approach i(with machine 

learning) iand inetwork ianalysis iapproach.iBoth 

approaches iadopt imachine learning itechniques 

for itraining iclassifiers ito isuit ithe analysis. 

These ipapers ishow ithe icurrent development iof 

correctness iassessment methods, their igoals iand 

classes iwith ithe iaim to ipropose new hybrid 

system ifor idetection. 

 

Pasquini iet.ial.i(2015) iintroduces ia ipaper which 

is ihuge iimpact ion ithe ideception iof iusers, 

whose opinion ican ibe iseriously iinfluenced iby 

altered imedia.iIn ithis iwork, iwe iface ithe 

challenge iof verifying ionline inews iby 

analyzing ithe iimages irelated ito ithe iparticular 

news iarticle.iOur igoal iis ito create ian iempirical 

system iwhich ihelps iin iverifying ithe 

consistency iof ivisually iand isemantically similar 

images iused iwithin idifferent inews iarticles ion 

the isame itopic.iGiven ia icertain inews ionline, 

our isystem iidentifies ia iset iof iimages 

connected ito ithe isame itopic iand ipresenting 

common ivisual elements, iwhich ican ibe 

successively icompared iwith ithe ioriginal iones 

and ianalyzed iin iorder ito discover ipossible 

inconsistencies ialso iby imeans iof imultimedia 

forensics itools.i 

 

Gupta iet ial.i(2012) ihave iassessed ithe 

credibility iof itwitter iexperiences iwith iPage-

Rank iapproach ifor credibility 

analysis.iIdentification iof iclassifier iapproach, 

the icredibility ianalysis iand ievent igraph-based 

optimization iapproach ipresented.iCastilloet 

al.i(2011) ihave iinvestigated iwith ifour itypes iof 

features: message-based ifeatures, iuser-based 

features, itopic-based ifeatures iand 

propagationbased ifeatures ito classify ia itweet ito 

be icredible ior inot 

 

3 FAKEiNEWS iDETECTIONiMETHOD 

The iblock idiagram iof iFake inews idetection 

method iusing iLinguistic iInquiry iwith iSyllable 

Pattern iof Wordi(LISPW) ibased ion 

Convolutional ineural inetwork i(CNN) iis 

represented iin ibelow iFig. i1.iThe first istep iin 

this iclassification iproblem iis idataset icollection 

phase, ifollowed iby ipreprocessing, implementing 

feature iextraction, iand ithen iperforms ithe 

training iand itesting iof idataset iand ifinally 

running ithe iclassifiers. 

 

FakeNewsNet iisia imulti-dimensional idata 

repository ithat icurrently icontains itwo idatasets 

with inews content, isocial icontext, iand 

spatiotemporal iinformation.iThe idataset iis 

constructed iusing ian iend-to-end isystem, 

FakeNewsTracker.iWe idescribe iand icompare 

FakeNewsNet iwith iother iexisting idatasets in 

FakeNewsNet: iA iData iRepository iwith iNews 

Content, iSocial iContext iand iSpatial itemporal 

Information ifor iStudying iFake iNews ion isocial 

media.iThe iproposed imethod ihas ibeen 

evaluated ion Gossipcop iand iPolitiFact idataset 
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ifrom ithe iFakeNewsNet iDataset.i iThe idataset 

icontains ithe ifollowing information: 

• Real and fake news content: Containsinews 

articles with attributes such as news id, title, text, 

URL, authors and source. 

• News iand iuser iengagement: Specifies the 

number of times ia inews iarticle ihas ibeen 

ishared iby ia user. 

• User–user irelationship: iSpecifies ithe iuser 

inetwork ion isocial imedia. 

 

 
Fig.1:Processblockdiagram 

After ithe iacquisition iof icontent, ipre-processing 

is icarried iout.iWhich iincludes ithe ifollowing 

steps: 

• All iletters iin ithe idocument iare iconverted ito 

ilowercase 

• Numbers iare iremoved i 

• Punctuations, iaccent imarks iare iremoved i 

• White ispaces iare iremoved i 

• Stop iwords iare iexpelled. i 

 

The iLISPW imethod iextracts ithe ifeatures iof 

given idataiby iusing ithe isyllable ipattern iwith 

various iprojection ipoints.iThis iseparates ithe 

content iin ithe istatement iwith irelevant 

attributes ito iform ithe ibetter ilearning idatabase 

compare ito iother itraditional idata iretrieval 

methods. iTo iovercome ithe iproblem iand ito 

enhance ithe iclassification iperformance, ia novel 

feature iextraction imethod iwith ithe iDeep 

Learning i(DL)based iclassification imodel ican be 

implemented ito iretrieve ibest iattribute iamong 

the ioverall idatabase.CNN ialong iwith Linguistic 

Inquiry iwith iSyllable iPattern iof iWord 

(LISPW) feature iset iused iin ithis iresearch iare 

the inovelty iof iour iproposed approach. 

Linguistic ifeatures iinvolved icertain textual 

characteristics iconverted iinto ia numerical iform 

such ithat ithey ican ibe iused ias an iinput ifor the 

training imodels. iThese features iinclude 

percentage iof iwords iimplying positive ior 

negative iemotions; ipercentage iof stop iwords; 

punctuation; ifunction iwords; informal ilanguage; 

and ipercentage iof icertain grammar iused iin 

sentences isuch ias iadjectives, preposition, iand 

verbs. 

 

At iinitializing iphase, 

𝑦(𝑛) = {𝑦0, 𝑦0 … . 𝑦0} 𝑖∀ 𝑖𝑛 = 1,2,3, … . 𝑚 … (1) 𝑖 
 

Where, i’m’ irepresents ithe inumber iof ifeatures. 

 

𝜔𝑖(𝑛) = (
𝑞𝑖

𝑛(𝑦(𝑛))

∑ (𝑁
𝑖=1 𝑞𝑖

𝑛(𝑦(𝑛)))
) ∀ 𝑖𝑛 = 1,2,3, … . 𝑚 …  𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(2) 

 

Where, i𝜔𝑖(𝑛) irepresents ithe iweight ivalue iof iattributes ifor i𝑖𝑡ℎ iiteration. 

 

 𝑖𝐿1:𝑖
𝑚 = 𝐿1:𝑖−1

𝑚 × 𝐿𝑖
𝑚 … . . 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(3) 

 

Where,𝐿𝑖
𝑚 =

1

𝑁
∑ 𝑃𝑖

𝑛(𝑦(𝑛))𝑁
𝑖=1 , 

𝑃𝑖
𝑛 = 𝑒{− ∑ 𝑦∈𝑇𝐷𝑓𝑖(𝑦)} 

 

Weight ivalue iupdateias, i 

𝜔𝑖(𝑛 + 1) = ∑ 𝜔𝑖(𝑛)

𝑁

𝑙=1

𝛿(𝑥𝑛) … . 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(4) 

Input idata 

Pre-processing 

Grid iformation 

LISPW ifeature 

iextraction 

CNN iClassifier 

Result ianalysis 

Recognition inews iclass 
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Update iAttributes, i 

𝑦(𝑛 + 1) =
1

𝑁
∑ 𝛿(𝑦𝑛) … . . 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(5)

𝑁

𝑙=1

 

𝑚𝑖
∗ = 𝑚𝑎𝑥(𝐿1:𝑖

𝑚 ) … …  𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(6) 

𝜔𝑖
∗(𝑛) = 𝑚𝑎𝑥 (𝑃𝑖

𝑛(𝑦(𝑛))𝜔𝑖(𝑛)) … . . (7) 

 

Where, ithe ialgorithm iof iLISPW iisias ifollows ibelow: 

 

Algorithm i1: iLinguistic iInquiry iwith iSyllable iPattern iof iWordi(LISPW)Algorithm 

1.Input: iInput iData𝑇𝐷, iOutput: iFeatures iof iattributes i𝐹𝐷(𝑠).For𝑖 i= i1 ito iM i//Loopirun ifor i‘M’ 

inumber iof iiteration.i 

2.iInitialize iattributes i‘𝑦’and ithe iweight ivalue i‘𝛼’ 
3.iEstimate ithe ilikelihood iof ithe iattributes iby i i𝐿1:𝑖

𝑚 .i 

4.iUpdate iweight ivalue iand iUpdate iAttributes. 

5.iFind imaximum ilikelihood, i𝑚𝑖
∗. 𝑖 

6.iFind imaximum irelevance ivalue, i𝜔𝑖
∗(𝑛).i 

7.iUpdate iweight ivalue iof iattributes iand iget ibest irelevance ivalue ito iform ifeature iset. 

Ifi(𝐿1:𝑖
𝑚 ) i> i0, ithen 

𝑠𝑣 = {𝑠𝑣−1, 𝑖𝑖 𝑖} 𝑖 
 

End iif i 

8.iElseContinue ifor iloop i‘𝑖’. 
End iIf 

𝐹𝐷(𝑠) = 𝑇𝐷(𝑠𝑣) 

End i‘𝑖’ iLoop 

 

Deep ilearning iclassifier ioperation iincludes ithe ifollowing iexpressionsias, 

𝐹𝐷(𝑠) = {𝑇𝐷1(𝑠), 𝑖𝑇𝐷2(𝑠), 𝑖 … , 𝑖𝑇𝐷𝑚(𝑠)} …  𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(8) 

 

In the input ilayer iof iclassifier, ithe idata isequence ican ibe iformedias ithe imatrix ias iin ibelow iequation. 

 𝑖 𝑖𝑋𝐷(𝑠) = [

𝐹𝐷1(𝑠)

𝐹𝐷2(𝑠)
…

𝐹𝐷𝑚(𝑠)

] … . 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(9) 

 

Form ithe imatrix iarrangement, ithe iblock icorrelation ifeature ican ibe iestimateiby, i 

𝐹(𝑋𝐷(𝑠). 𝑋𝐷
∗ (𝑠)) = 𝑋𝐷

∗ . 𝑒𝑇−𝑇𝑚 …  𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(10) 

Where, i‘𝑇’ iand i‘𝑇𝑚’ irepresents ithe iattribute ivalues ifrom imatrix i𝑋𝐷(𝑠). 

𝐾𝑚 =
1

2𝑞−1 (
√2𝑞

𝑙
)

𝑞

𝑘𝑞 (
√2𝑞

𝑙
𝑟) ∀𝑞 = 1, 𝑖2, 𝑖 … , 𝑖𝑁 … (11) 

 

Where, i𝑟’ irepresents irange iof ifeaturedistance, i‘𝑙’ irepresents ithe ilength iof ifeature ivector. 

iTexture irelevancy ias 

𝑡𝑛 = 𝐹𝑇𝜔𝑛i; i‘𝜔𝑛’ iweight ivalue iof iattributes. 

 

Extract ithe itraining ifeatures iand iform ithe inetworkiby 

𝑋𝑏 = 𝑋𝑏
̅̅̅̅ + ∑ 𝑡𝑖(𝑑)𝑝𝑖

𝑁

𝑖=1

…  𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(12) 

𝑇𝑠̂ = ((𝑋𝑏
𝑑̅ − 𝑋𝑏

̅̅̅̅ )
𝑇

(𝑃𝑇))

𝑇

… . (13) 
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Where, ithe irelevance ifactor i𝑋𝑏
𝑑̅ ∈ 𝑅(𝑇−𝑇𝑝)𝑀 ican ibe iwrittenias 

𝑅(𝑇−𝑇𝑝)𝑀 = 𝑇𝑠̂
𝑇

𝑄𝑇 + 𝑡𝑡𝑎̅̅ ̅̅ … … . . 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(14) 

 

Where, i‘P’ iand i‘𝑄𝑇’ i– iPredicted icomponent.iThe ipredicted ilabel ican ibe irepresenting iby 

 

 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖𝑉(𝑘) =
𝑑𝑖𝑗

𝑅𝑗 − 𝑅𝑖
… . 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(15) 

 

Where, i𝑑𝑖𝑗 i– iDistance imatrix ifor i‘𝑖’ iand i‘𝑗’ iof ithe irelevance imatrix i‘R’ 

 

The ialgorithm iof iDeepiLearning(CNN iClassifiers)is ias ifollows ibelow: 

 

Algorithm i2: iCNN iclassifier 

1.iInput: iTraining iset i𝐹𝐷(𝑠) 

2.iOutput: iClassified iResult𝑉(𝑘) 

3.iArrange ithe iinput iseries iin ithe isequential 

iorder i𝐹𝐷(𝑠). 
4.iEstimation iof iblock icorrelation ifeature 

i𝐹(𝑋𝐷(𝑠). 𝑋𝐷
∗ (𝑠)) 

5.iEstimate ithe ikernel imodel iof iclassifier𝐾𝑚. 

6.iEstimate ithe irelevancy iusing ikernel ifunction 

iwith ifeature ipoints.i 

7.iExtract ithe itraining ifeatures iand iform ithe 

inetwork. 

8.iEstimate ithe imatching iscore ifor ithe 

icorrelated iblocks iby i𝑇𝑠̂.i 

9.iEnd 

 

This iwork iimplements ithe iaforementionedia 

idifferent imodel iin iPython iand ievaluates iits 

iperformance on itwo ireal-world ifake inews 

idatasets.iThe ifollowing isubsections idescribe 

ithe idatasets iin idetail; explain ithe 

iimplementation idecisions iand ithe icomparison 

ibaselines, ias iwell ias ithe iachieved results.iThe 

ibaseline imethods icomprise istate-of-the-art 

itechniques ifor ifake inews iclassification iand ia 

few imore inewly iproduced ibase ilines. 

 

4. EXPERIMENTAL iRESULTS 

The iproposed imethod ihas ibeen ievaluated ion 

iGossipcop iand iPolitiFact idataset ifrom ithe 

FakeNewsNet iDataset.iNext, ieach idataset iis 

ispilt iinto itraining iand itest isubsets i(80–20% 

isplit). For the ievaluation iof iresults, ifour 

imetrics ihave ibeen iused, iwhich iare ibased ion 

ithe inumber iof iTrue Positives i(TP), iFalse 

iPositives i(FP), iTrue iNegatives i(TN) iand 

iFalse iNegatives i(FN) iin ithe predictions iof ithe 

ibinary iclassifiers: 

 

Accuracy:The icapacity iof ithe iframework ito 

iprecisely icharacterize iinformation idepends ito 

ia ivast degree ion ithe iillustrations ithat iyou 

igive. 

5. 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑁+𝐹𝑃
… (16) 

 

Precision ialso icalled ipositive ipredicted ivalue iis ithe ifraction iof isignificant iinstances iamong ithe 

retrieved iinstances. 

 𝑖 𝑖 𝑖 𝑖 𝑖𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
…  𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(17) 

 

Recall ialso iknown ias isensitivity ior iTrue iPositive iRatei(TPR) iis ithe ifraction iof isignificant iinstances 

that ihave ibeen iretrieved iover ithe itotal iamount iof irelevant iinstances. 

6. 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
…  𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(18) 

 

F1 iscore ialso iF-score ior iF-measure iisia imeasure iof ia itest's iaccuracy ifor ibinary iclassification. 

7. 𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
… (19) 

8. True iNegative iRate ior iSpecificity iis idefined ias ifollows: 

9. Specificity =
𝑇𝑃

𝑇𝑃+𝐹𝑁
…  𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 𝑖(20) 
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Table i1: iPERFORMANCE iOF iDIFFERENT iCLASSIFIERS 

Parameters LSTM (%) KNN (%) LISPW Algorithm based detectioni(%) 

Accuracy 96.75 95.2 98.21 

Precision 98.01 96.4 98.99 

Recall 95.41 94.4 100 

F1-score 97.26 96.5 99.93 

Specificity i 99.05 92.2 99.74 

Kappa coefficient 96.1 94.8 97.8 

 

Fake iNews idetection iusing idifferent iclassifiers 

ias iLSTM, iK-nearest iNeighbori(KNN) iand 

idescribed LISPW iperformance iis ielaborated iin 

iTable i1.iFrom iTable i1, iit iis ifound ithat 

iperformance parameters are icomparatively ihigh 

iin iLISPW iAlgorithm ibased ifake inews 

idetection imethod ithan ithe iremaining two 

iclassifiers.iGraphical irepresentation iof 

iperformance iof iLSTM iand iLISPW ibased 

ifake idetection is irepresented iin ibelow iFig. i2. 

 

 
Fig. i2: iPERFORMANCE iCOMPARISON iFOR iMETHODS iUSING iDIFFERENT 

iPARAMETERS 

 

The irelation ibetween iFalse iPositive Ratei(FPR) 

iand iTrue iPositive iRate i(TPR) iis igiven iin 

ibelow Table i2 iand iits igraphical irepresentation 

ias ishown ibelow iFig. i3. 

 

FPR TPR 

LSTM KNN LISPW Algorithm based detection 

0 0 0 0 

0.1 0.7 0.7 0.5 

0.2 0.8 0.8 0.6 

0.85 1 0.9 0.7 

0.95 1 1 1 

1 1 1 1 

 

 
Fig. i3: iFPR iVERSUS iTPR iGRAPH 
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Error irate, ikappa icoefficient iand iFPR iof 

LSTM iand iLISPW iAlgorithm ibased idetection 

imethods iare described iin ibelow iTable i3 iand 

igraphical irepresentation iis ishown iin iFig. i4.i 

 

Table i3: iFPR iAND iERROR iRATE iCOMPARISON 

Parameters LSTM LISPW iAlgorithm ibased idetection 

FPR 0.012 0.015 

Error irate 0.04 0.02 

 

 
Fig. i4: iFPR iAND iERROR iRATE iVALUES iFOR iDIFFERENT iMETHODS 

 

These imetrics iare icommonly iused iin ithe 

imachine ilearning icommunity iand ienable ius 

ito ievaluate ithe iperformance iofia iclassifier 

ifrom idifferent iperspectives.iSpecifically, 

iaccuracy imeasures ithe isimilarity ibetween 

ipredicted ifake inews iand ireal ifake inews.From 

iabove iresults iit iis iclear ithat, idescribed 

iLISPW iAlgorithm ibased ifake inews idetection 

imethod iis iworks iefficiently ithan ithe iLSTM 

imethod. 

 

5. CONCLUSION 

Fake iNews iDetection iis ithe ianalysis iof 

socially irelevant idata ito idistinguish iwhether iit 

is ireal ior ifake. iIn ithis iwork, iLinguistic 

Inquiry iwith iSyllable iPattern iof Wordi(LISPW) 

feature iset ifor idetection iof ifake inews ibased 

on iConvolutional ineural inetwork i(CNN) 

method iis idescribed.In ithis iwork, ithe iaim ito 

implement ifeature iextraction itechnique ifor 

better iRepresentation iof ithe idata iand 

investigate ithe iauthenticity iof ithe inews ion 

social imedia ias ilegitimate ior ifake inews iand 

provide ia isolution ito idetect ifake inews.iFirst, 

we iwill iinvestigate ithe ipotential iand 

foundation iof iother itypes iof idifferent idataset 

of ireal iand ifake inews iin ia isimilar iway, isuch 

as icontent ifeatures iand isocial inetwork features, 

for ifake inews idetection.iSecond, iwe iwill 

further iinvestigate ithe icorrelations ibetween data 

icleaning iand idata ianalysis ifor ithe ifake inews 

ipieces.iThen ivarious iparameters iare iconsidered 

ifor iperformance ievaluation iand ithese iare 

iAccuracy, iPrecision, iRecall, iF1-Score, 

iSpecificity, iKappa icoefficient, ierror irate iand 

iFalse iPositive iRate i(FPR).iFrom iresults iit iis 

iclear ithat, idescribed iLISPW iAlgorithm ibased 

ifake inews idetection imethod iis iworks 

iefficiently ithan ithe iLSTM iand iKNN 

iclassifications. 
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