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ABSTRACT

Inordertoobtainthevisualdataoflinkagestructureandnetworkcharacteristicsofhogpriceamong
provincesinChina,animprovedanalysismethodofsocialnetworkcorrelationwasproposedinthis
article.Theliftofassociationruleswereintroducedtoanalyzethecorrelationofhogpricesindifferent
provincesinChinaandtakenastheweightmatrixofnetworkanalysis.Besides,basedonsocial
networkanalysisparametersandUCINETvisualizationtechnology,networkanalysiswascarried
outonthelinkagerelationandlinkagecharacteristics.Theapplicationresultsshowthat,theliftof
associationrulescanquantitativelyandpreciselyobtainthecorrelationanddifferencesoftendency
ofhogprice,andtheestablishednetworkstructureandparameterscanvisuallyandquantitatively
presentthelinkagecharacteristicsofhogpriceamongregionsandprovinces.
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Lift of Association Rules, Linkage Analysis, Network Analysis

INTRodUCTIoN

Chinaistheworld’slargestproducerandconsumerofpork,andtheproductionandcirculationofhog
hasacrucialimpactonpeople’sdailylife.However,duetorestrictionsinenvironmentandindustrial
policies,hogpricefluctuationpresentssignificantregionaldifferences,andtherangeandcauses
offluctuationinhogpricesindifferentregionsaresignificantlydifferent(Zuo,Cai,&Tan,2016;
Chen,etal.,2011).Meanwhile,withthedeepeningcoordinateddevelopmentofregionaleconomy
andreducedcostsincommoditycirculation,pricefluctuationindifferentregionsisnotisolated,
butpresentslinkagecharacteristicsinspacetosomeextent(Sun,Zong&Qiao,2016;Liu&Pang,
2018).Whatkindofprovinciallinkageinhogpriceandhowcanwesimulatethenetworkstructure
ofprovincialpricelinkagetohelpournationformulateregionalregulationandcontrolpolicieshave
becomequestionsworthdiscussion.

Atpresent,theconductionanalysisonthefluctuationofhogpriceinChinaismainlyfocused
ontheconductionbetweenupperandlowerreachesinpricefluctuation,andtimeseriesmethod
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isadoptedinmostresearches,suchasJohansenCointegrationTest,GrangercausalityTest,finite
distributedlagmodel,VECmodelforlinearrelationstudyonpriceconduction(Dong,Xu,Li,
&Li,2011;Jia,Yang,&Qin,2013).Otherscholarsadoptedasymmetricerrorcorrectionmodels
(Mensah-Bonsuetal.,2011;Bhardwajetal.,2012)andthresholdautoregressivemodels(Rezitis
&Reziti,2011;Acquah,2012)onthelinearrelationinpriceconductionofporkindustrychain
and its price conduction characteristics are also asymmetric (Pan&Li, 2015;Wang,2017).
However, there are few studies on the characteristics of horizontal conduction of hog price.
TheresearchresultsbyTian(2010)showedthat,thehogpriceinChinawasmainlyconducted
fromproducingareatosalesarea.Wang(2017)appliedsynchronouscoefficienttomeasurethe
regionalcoordinationinhogpricefluctuationandfoundthat,fluctuationsinhogpricesshowed
strongco-movementamongprovincesandregions.Theemergingproducingareasinlivepig
market take the lead inprice fluctuation,mainsalesareasandmainproducingareasare the
price-affectedparties(Wang,Wang,&Li,2018).

Theseconclusionsfullydemonstratedtheregionaldifferencesinhogpricefluctuation
inChinaandthelinkageamongpriceregions.However,thestudiesstillneedtobeimproved
in the following aspects: firstly, current studies have discussed the similarities in hog
prices amongprovinces, theyaremainlyqualitativeanalysis; secondly, theprice linkage
characteristicsamongdifferentprovinceshavenotbeendiscussedincurrentstudies.Forthe
multipleprovinceswithcomplexrelationship,theoverallcharacteristicsofhogpricelinkage
networkhavenotbeenstudied.Tothisend,takinghogpriceastheresearchobjectandby
introducingthesocialnetworkanalysisintegratedwithassociationrules,thelinkagestrength,
linkagenetworkstructure inhogpricefluctuationaswellas thepositionandfunctionof
provincesinthelinkagewerediscussed.Also,basedontheresultswerevisualizedbased
onUCINETmethod toobtainvisualizedandprecisecharacteristicsofhogpricesamong
provincesinChina.SocialNetworkAnalysis(SNA)isacomplexsystematicdisciplineand
quantitativemethodology.Itcanofferthetransmissionprocessofvariousrelationshipswithin
agroup,andexplain the formationof thegroupstructure. Itwas initiallywidelyused in
medicalpolicynetworkmeasurement(Valente,2016;Nima,2018;Başak,2018).Recently,
SNAhasbeenrecognizedandusedinmorefields.Forexample,Teresaetal.assessedthe
intersectoralknowledgeonunderstanding,intensityandstructureintheTimor-Lestemental
healthsystemUsedbyusingthequantitativeSNA(Teresaetal.,2019);I-Chenganalyzed
theco-occurrenceoftwopollutioneventsatthemonitoringstationundertwoseverePM2.5
pollution conditions and their spatial correlation characteristics with bd-based SNA and
data visualization analysis tool (I-Cheng, 2019). In this paper, SNA was introduced to
discussthehogpricelinkagenetworkstructureamongprovinces,andthenetworkstructure
characteristicswerediscussedquantitativelybyanalyzingvariousparametersintheSNA.In
SNA,obtainingtheinitialweightmatrixofthenetworkanalysisisthestartingpointandthe
keypoint.Tothisend,liftofassociationrules(Lee,2017;Chen,2017)wasintroducedto
obtainthelinkageweightbetweenanytwoprovinces.Thus,datamininganddatavisualization
were closely integrated to achievequantitative andvisual analysisofhogprice structure
amongdifferentprovincesandregions.

Thestructureof thispaper isasfollows:Section2.1introducedthedatacollectionandpre-
processingmethodofthispaper,section2.2introducedthelinkagesocialnetworkanalysismethod
andanalyzedtheparametersoftheassociationrule,andintroducedtheliftparameter;thenintroduced
socialnetworkanalysismethodandvisualizationtechnology,andfinishedprogramdesignandusage
specificationthroughPythonlanguage,UCINETandNetDraw.Section3calculatedandanalyzed
theresultsofupgradingdegreeofassociationrulesandnetworkstructureofprovinces.Section4
drewaconclusiononthispaper.
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MATERIALS ANd METHodS

data Acquisition and Preprocessing
AccordingtoprovincelayoutinChina,exceptforspecialregionssuchasTaiwanandTibetAutonomous
Region,thethree-breedhogpricesinother30provincesandmunicipalitieswereinvestigated.Sample
datafromMarch23,2016toMarch23,2019wereselected.Thedatawerefromstatisticalyearbooks,
the Internet, statistics issued by government departments and related enterprises, such as http://
www.zhuwang.cc,http://www.yz88.cn,http://www.roujiaosuo.com.Thedataminingpreprocessing
technologywasusedfordataprocessing,andadatabaseof301096dimensionswasconstructed.

Model Methods

1. Linkagesocialnetworkanalysisandvisualizationtechnologyanalysis:

a. Linkagesocialnetworkanalysis.

Social network analysis sets the research object as points. It obtains the network structure by
introducing the initial weight matrix, and analyzes the network structure characteristics through
parameteranalysis.Theinitialweightmatrixcansetthedistanceandsimilaritybetweenanypoints
accordingtodifferentresearchquestions.Inordertoexplorethehogpricelinkagenetworkstructure
amongdifferentprovincesandregions,inthispaper,liftbetweenanytwoprovinceswastakenas
theelementintheweightmatrixtoobtainamoreprecisenetworkstructure.

b. Introductionofassociationrulealgorithmandparameteranalysis.

Association rule algorithm is also called association mining algorithm, which searches the
frequencymode,linkage,correlationandcause-effectstructureamongitemsetsorobjectsetsin
transactiondata,relationdataandotherinformationcarriers(Ruiz,Gómez-Romero,&Molina-Solana,
2017).Associationruleisconstrainedbybothparametersupportandconfidence.Whenthesupportof
thedataitemsetAisgreaterthanthegivenminimumsupportdegree,Aiscalledafrequentitemset.

i. Support

Supportreferstofrequencyoftherule,whichistheprobabilitythattheitemset{A,B}appears
atthesametime.InFigure1,Mrepresentsthepopulation,thetwocirclesAandBrepresenttwo
itemsets,andCrepresentstheintersectionpartbetweenAandB.ThenthesupportistheratioofC
toMinFigure1,andthecalculationformulais:

support A B P A B num A B num M⇒( ) = ∩( ) = ∩( ) ( )/ 

num ⋅( )  represents thenumberof transaction sets that contain a specified set of items.For
example,intheeventofhogprice,Mcontainshogpriceofalldatesobservedofeachprovince.A
containsthedatesof increaseofhogpriceinHeilongjiangprovince,Bcontainsthedatesof the
increaseofhogpriceinInnerMongolia,andCrepresentsthesamedatesofincreaseofhogpricein
bothprovinces.SupportreferstotheratioofCtoM,thatis,theratioofdatesinwhichthehogprice
intwoprovincesincreasedsimultaneouslytothetotalnumberofobserveddays.Thevaluecanexpress
thefrequencyofco-occurrencesoftheincreaseofhogpriceinbothprovinces.
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ii. Confidence

Confidencerefers to the intensityofarule,which is theprobability thatBappearswhenA
appears,thatis,theratioofCtoAinFigure1,anditscalculationformulais:

confidence A B P B A num A B num A⇒( ) = ( ) = ∩( ) ( )| / 

Intheeventofhogprice,forexample,confidenceindicatesratioofthenumberofdayswith
risingpricesofbothprovincestothatofoneofthetwoprovinces,itcanalsopresenttheprobability
thatthepriceoftheprovinceBwouldrisewhenthatofprovinceAincreases.

c. Improvementofassociationruleparameter.

Supportandconfidencearetwostandardparametersinassociationrulealgorithm,however,they
cannotsolvetheproblemsinacomprehensiveway.Forexample,theconfidenceofAtoBisgreater
thantheconfidenceofAtoC,butitdoesnotmeanthatthedependenceofBonAisgreaterthan
thedependenceofConA.ItisalsorelatedtotheproportionofBandCinthepopulation.When
theratioofBishigherthanC,itisnaturalthattheconfidenceofAtoBmaybegreaterthanthe
confidenceofAtoC,butitdoesnotfullyreflectthetruerelationshipbetweenthetwoevents,we
stillneedtoabandontheeffectofproportionsinthecalculation.Thus,liftwasintroducedasfollows:

lift A B
P B A

P B
confidence A B support B⇒( ) = ( )

( )
= ⇒( ) ( )

|
/ 

Accordingtotheaboveformula,itcanbeknownthat lift A B⇒( ) representsthequotientof
A’sconfidence A B⇒( ) andsupportdegreeofBsupport B support B( ) ( ).� indicatestheproportion
ofBinalldata. confidence A B⇒( ) isdiscussedonthisdenominator,withtheaimtoavoidthe
impactoftheproportionofBinalldata.Accordingtotheformulaofconfidence,confidence A B⇒( ) 
isonlyrelatedtotheproportionofAinthepopulation,butnottotheproportionofBinthepopulation.
WhenthedataBisrelativelysmallinthepopulation,evenifalltheemergeddataareinthesame

Figure 1. Parameter analysis of association rules
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periodasA,alargeresultofconfidence A B⇒( ) cannotbeobtained,andwhendataBaccounts
foralargeproportioninthepopulation,itiseasytoobtainalargeconfidence A B⇒( ) .Obviously,
suchaconfidence A B⇒( ) isnotgeneral.

Thisformulacanbealsointerpretedasfollows:lettheratiooftheintersectionpartCtoAbe
dividedbytheratioofBtoM,thatistosay,comparingtheproportionwithcharacteristicsofBin
AandtheproportionwithBcharacteristicsinthepopulation,iftheresultisgreaterthan1,thenthe
proportionwithBcharacteristicsinAisstrongerandtakesupoverthemeanvalueofthepopulation;if
theresultislessthan1,itindicatesthattheproportionwithBcharacteristicsinAisweakerandtakes
uplessthanthemeanvalueofthepopulation.LiftreflectsthecomprehensivecorrelationbetweenA
andBinassociationrule,thehighertheliftisandlift>1,thehigherthepositivecorrelationwould
be;thelowertheliftisandlift<1,thehigherthenegativecorrelationwouldbe.Iflift=1,thenthereis
nocorrelationbetweenAandB.Onthebasisofbasicassociationrule,liftwasintroducedtoobtain
effectiveassociationrule.

d. ProcessofAprioridataminingalgorithminassociationrule.

Apriorialgorithm(Chen,Xie,&Shang,2017)isaclassicalalgorithminassociationrule.It
mainlyincludestwosteps:Thefirststepistoretrieveallthefrequentitemsetsinthetransaction
databasebycounting,pruning,andconcatenatingthedatasampleattributesonebyone,thatis,the
itemsetswhosesupportisnolowerthantheminimumsupportsetbytheuser;thesecondstepisto
constructarulethatsatisfiestheminimumconfidenceoftheuserbyapplyingthefrequentitemset,
therebyfinallygetthelift.Theprocessislistedbelow:

i. Pandas toolkit in Python was used in this paper to introduce price variation after
conversiontorecorddata,thentherecordeddataofpricevariationarestoredinalist
andzerovaluesareremoved.TheinitialfrequentitemSetswasestablished;

ii. Initializesupportandlift,settheminimumsupportvalueto0,andrunsinaloopcalling
therecordeddatainthelistitemSetstogetthesupportbetweenanytwoprovinces.Save
thesupportbetweenprovincestotheinitializedsupportinsupport_selectintheform
ofdictionary;

iii. UsingthecalculatedsupportdataandsomepartoftheprocessintheApriorialgorithm,
liftdatabetweenprovincescanbefurthercalculated,thencallthesupportdatainthe
dictionarywithinnamesofprovincestoobtaintheliftdataofanytwoprovincesafter
segmentation.Setthedegreeofliftdatato1foraprovinceitself,andsavetheminthe
initializeddatadictionarypromote_selectandoutputintheformofdictionary.

Thehogpricein30provincesofChinaareconvertedintorecordeddataofpricevariation,which
arefurtherdividedintorecordeddataofrisingandfallingprices.Atotalof1095linesrepresent
recordsofhogpricevariationinthelatestthreeyears,andeachcolumnrepresentsaprovince.Atotal
of30columnsarethe30provincesofChina.Afterimportingmatrixintopythonandremovingzero
values,therecordeddataofpricevariationwasstoredintheformofalist,thenretrievetherecorded
databytheApriorialgorithmtorealizetheassociationruleofpricevariationamongprovincesand
obtainsupport,confidenceandliftofprovinces.Throughunderstandingtheconceptsofthethree
parameters,theliftdataoftheprovinceswereselectedtoconstructtheweightmatrix.Table1shows
partofliftdataofAnhuiprovince.

e. ParameterintroductionofSocialnetworkanalysis.
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Basedonliftweightdataoftheprovinces,thehogpricenetworkstructureoftheprovincescan
beconstructedandanalyzed.Thecommonsocialnetworkanalysisparametersinclude:

i. Networkdensity

Networkdensityreferstothetightnessofconnectionbetweeneachpointinafigure.Inthispaper,
itisanimportantfactorthatembodiesthenetworkdensityofhogprices.Supposethehognetwork
hasNnodeswithactualrelationnumberofL,thennetworkdensityis:

D
L

N N
=

× −( )1


Thevalueofnetworkdensityisbetween0-1.Thehigherthenetworkdensityis,thecloserofthe
relationbetweeneachprovinceinthehogpricenetworkis,otherwisetherelationbetweenprovinces
wouldbelooser.

Table 1. Part of lift data of Anhui province

A B lift A B⇒( )

Anhui Yunnan 0.6791

Anhui InnerMongolia 1.5037

Anhui Peking 1.3157

Anhui Jilin 1.6620

Anhui Sichuan 1.3157

Anhui Tianjin 1.4736

Anhui Shandong 2.2157

Anhui Shanxi 1.4354

Anhui Guangdong 1.3246

Anhui Guangxi 1.4354

Anhui Xinjiang 1.5390

Anhui Jiangsu 2.1345

Anhui Jiangxi 1.8796

Anhui Hebei 1.7543

Anhui Henan 1.8148

Anhui Zhejiang 1.8125

Anhui Hunan 1.4170

Anhui Hubei 1.5647
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ii. Centralityparameters

Centralityparametersgenerallyincludethreecategories,oneisthedegreecentrality:itrepresents
thetightnesslevelofconnectionbetweenanodeandothernodesinthenetwork;thesecondisthe
betweencentrality,whichistheintensityofthebehavioralsubject’scontroloverresources.Ifanode
hasarelativelyhigherbetweencentrality,itmeansithashigherabilityofcontrollingothernodes.The
thirdcategoryisclosenesscentrality,whichisdefinedbytheclosenessbetweendifferentbehavioral
subjectsinthenetwork.Iftheclosenesscentralityofonenodeisveryhigh,thenthisnodedoesnot
havetosendinformationthroughtoomanyothernodes.

iii. Core-peripheralanalysis

According to thesizeof thecentralparametersof the individuals in thenetwork,which the
numberofindividualsthatcanbecontacted,themoreimportantoractiveindividualsinthenetwork
areidentified.Theseindividualsarethecoreofthenetworkandhasagreaterimpactonthewhole
network.Otherindividualsaretheperipheralpartofthenetwork.

f. Proceduresofsocialnetworkanalysisandvisualization.

UCINET(UniversityofCaliforniaatIrvineNETwork)isaverystrongsoftwareforsocialnetwork
analysis,whichisalsoaWindowsprogramdrivenbymenuandamostcommonlyusedprogramfor
comprehensivelyanalyzingsocialnetworkdataandothersimilardata(Xie,etal.,2018).Thisprogram
itselfdoesn’tincludegraphicsprogramsfornetworkvisualization,butitcanoutputdataandresults
tosoftwaresuchasNetDraw,Pajek,Mage,andKrackPlotfordrawing.TheUCINET-basedsocial
networkanalysishasthefollowingprocedures:

i. Binarizationprocessing

ThematrixanalyzedbyUCINETmustbebinarized,andthebinarizationoperationinstruction
isTransform.Dichotomize.Inthisstudy,theliftingweightmatrixobtainedintheassociationrule
wasbinarized,andthethresholdvalueselectedhereisthenetworkdensityoftheweightmatrix,and
thebinarymatrixofliftwasobtained,asisshowninTable2.

ii. Densityanalysis

TheoperationinstructionofthesoftwareisNetwork.Cohesion.Density.OldDensityprocedure,
whichcanobtaintheoverallnetworkdensityofthematrix.Theprocessedbinarymatrixwasinput
intoUCINETfordensityanalysis,andthenetworkdensityofthelinkagematrixamongprovincesis
1.439,whichreflectstheoveralllevelofliftinthematrix,soitcanbeconsideredthattherelationship
betweenprovincesisverystrongwhenthedegreeofliftisgreaterthanthisvalue.

iii. Centralityvisualizationandparameteranalysis

TheoperationinstructionofthesoftwareisAnalysis.CentralityMeasures,whichcandrawthe
connectiondiagrambetweenthenetworks,andcanbeimprovedaccordingtoresearchdirection,so
thattheconnectionbetweenthenetworkscanbeclearlyexpressed.Theoperationinstructionofdegree
centralityisNetwork.CentralityandPower._Degree(legacy),whichistomeasurethetransactionability
ofactorinthenetwork.TheoperationinstructionofBetweenCentralityisNetwork.Centralityand
Power.FreemanBetweenness.NodeBetweenness.BetweenCentralitystudiestheextenttowhichan
actorisbetweentheothertwoactorsandthusisanindexforcontrolability.Theoperationinstruction
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ofclosenesscentralityisNetwork.CentralityandPower.Closenessmeasure.Itstudiestheextentto
whichanactorisnotregulatedbyotheractors.

2. Constructionandanalysisofhogpricelinkagenetwork

Theprovincial linkageanalysisofhogpricebasedonassociation rule algorithmand social
networkanalysistechnologyhasthefollowingsteps:

a. Calculatethesupportofvariationofhogpriceandsettheminimumsupportas0,thenobtain
thesupportdataofanyprovince;

b. Calculateliftbetweenanyprovincesusingtheobtainedsupportandpricechangerecords,
constructaweightmatrixofthelinkagerelationship,andtheweightofitsownlinkageis1;

c. Inputtheweightmatrixofthedegreeofliftintothesocialnetworkanalysissoftwareand
calculatethenetworkdensityforbinarizationprocessing;

d. Analyzethecorepositionandcentralityindexofnetworknodesandmapthenetwork
betweenprovinces;

e. Considertherationalityoflinkageaccordingtothesizeandgeographicallocationofthe
linkagematrixandexcludeunreasonable factors toobtain the final linkage relationship
betweentheprovinces.

RESULTS ANd dISCUSSIoN

1. ResultanalysisoftheLiftofHogPriceAssociationRules.

Attheendofexecutingtheassociationrulealgorithm,thesupportandconfidencedataareused
toobtaintheliftofpricelinkagebetweenprovinces.TheliftdataobtainedbytheApriorialgorithm

Table 2. Binary matrix of linkage between provinces

A
nh

ui

Pe
ki

ng

Fu
jia

n

G
an

su

G
ua

ng
 d

on
g

G
ua

ng
 x

i

G
ui

zh
ou

H
ai

na
n

H
eb

ei

H
en

an

H
ei

lo
ng

jia
ng

H
ub

ei

H
un

an

Ji
lin

Anhui 0 1 1 1 1 1 0 0 1 1 0 1 1 1

Peking 1 0 1 1 1 1 0 0 1 0 0 1 1 1

Fujian 1 0 0 1 1 0 1 0 0 0 1 0 1 0

Gansu 0 0 0 0 0 1 0 0 0 0 0 1 1 0

Guangdong 0 1 1 0 0 1 0 0 1 0 0 0 1 1

Guangxi 1 1 0 1 1 0 1 1 1 1 0 0 1 1

Guizhou 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Hainan 0 0 0 0 0 1 0 0 0 0 1 0 1 1

Hebei 1 1 1 0 1 0 0 0 0 0 0 0 1 0

Henan 1 0 0 0 0 0 0 0 0 0 0 1 1 1

Heilongjiang 0 1 1 1 0 0 0 1 0 0 0 0 0 0

Hubei 1 1 0 1 0 0 0 0 1 1 0 0 1 1

Hunan 1 1 1 1 1 1 1 1 1 1 0 1 0 1

Jilin 1 1 1 1 0 1 0 1 1 1 0 0 1 0
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showsthatthesynchronouspriceliftbetweenprovincesrangesfrom0.44to5,withmeanvalueof
1.54.Thelinkageprovincepairswithhigherliftcanbeobtained,asisshowninTable3.

ItcanbeinferredfromTable3that,whentheliftoftwoprovincesisgreaterthan1,theprice
changeinoneoftheprovinceswouldpromotethatoftheotherprovince.Itcanbeconcludedfromthe

directionofgeographicapositionandtransportationofprovincesthat,thetransportationandinfluence
directionofhogisfromcentralcitiestoperipheralprovinces.Thereisanevidentregiondivisionof
western,northeasternandsoutheasternregions,andtherearealsoregionalspilloverstosomeextent.

2. NetworkResultAnalysisofHogPrice:

a. Visualizationanalysisofnetworkstructure.

Figure2showsthevisualizationresultsofcentrality,andtheblocksizeofnodesofprovinces
representsdegreecentralityofeachprovince.

ItcanbeseenfromFigure2that,provinceslikeHubei,Jiangxi,Beijing,HunanandSichuanhave
higherdegreecentrality,andJiangxi,HunanandSichuanhavehigherhogoutputandmaytransport
hogtootherprovinces;Beijingwithhighereconomicpositionmayreceiveandsellhogthatcannot
betotallyconsumedbyperipheralprovinces,soBeijinghasmanycontactswithotherprovinces.

b. Centralityparameteranalysis.

Table4showsthethreekindsofcentralityvaluesinthelinkagematrixnetworkbetweenprovinces.
ItcanbeinferredfromTable4that,thedegreecentralityandclosenesscentralityofprovincial

nodesarebasicallyopposite.Thefewerprovincesareassociatedwithoneprovince,thelessthehog
priceoftheprovinceisaffected,andthemorestablethepricewouldbeandnoteasilylimitedby
fluctuationsinexternalprices.Thebetweencentralityanddegreecentralityofdifferentprovinces
havethepositivecorrelationtendency.ThedatainTable4showthat,Hubei,Jiangxi,Beijing,Hunan,
SichuanandHenanhavehigherbetweencentralityandhigherdegreecentrality,thenodeswithhigher

Table 3. Province pairs with higher lift

Province1 Province2 Lift Province1 Province2 Lift

Henan Shandong 2.3327 Henan Hebei 2.8945

Hunan Guangdong 2.2814 Hunan Hubei 2.2417

Hubei Shandong 2.1989 Hubei Hebei 1.9391

Sichuan Chongqing 2.1075 Sichuan Guizhou 2.1087

Hebei Shandong 1.9577 Hebei Tianjin 1.8432

Anhui Shandong 2.2157 Shandong Liaoning 2.3611

Jiangxi Anhui 2.2734 Jiangxi Shandong 2.2989

Yunnan Guangxi 1.9872 Shanxi Jiangsu 2.1301

Anhui Jiangsu 2.1345 Guangdong Hainan 1.9848

Liaoning Hebei 2.0039 Guangdong Guangxi 2.1285

Hebei Shanxi 1.9740 Hubei Anhui 1.9341
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betweencentralityhavegreaterinfluenceinlocalregioninthenetwork,andthevaluesofbetween
centralityembodytheimportanceoftheprovinceinthenetwork.

3. ResultsandDiscussion:

a. Theaboveanalysisshowsthat,hogprice linkagecharacteristicsdemonstrateanevident
networkstructure.Theexistenceofthehogpricenetworkstructureshowsthattheanalysisof
hogpriceshouldstartfrom“point”to“plane”,from“one-dimension”to“multi-dimensions”,
from“quantity”to“structure”;

b. Thepositionandpopulationdevelopmentlevelofeachcityinthenetworkstructureare
correlated to some extent. It can be concluded from the results above that, cities with
higherlinkagecentralitymayhavehigherhogslaughterandhigherpopulationdensity,and
populationanddevelopmentleveldeterminetheimpactinthelinkagestructure.Among
thefirsttenprovincesinslaughterin2018,itcanbeseeninTable4thatthebetweenness
centralityanddegreecentralityarerelativelyhigh.Amongthefirsttenprovincesinpopulation
in2018,thevaluesofclosenesscentralityoftheprovinceswererelativelyhighinTable4.
Table5showstheclosenessbetweeneachprovinceandpopulationaswellashogindustry
developmentlevelinthenetworkstructure.

c. The linkage of change in hog price and geographic correlation between provinces are
related.Theaboveresultsshowthat,geographicallycloseandregionalrelevantprovinces
havestronglinkagerelationship.Thisisalsoduetothepositivecorrelationbetweenthe
transportationdistanceandthetransportationcost.Distantprovincesmaynothavemuch
hogtransportation,whichmaynotsignificantlyaffectpricechange.Table3shows22pairs
ofprovinceswithstronglinkage,afterobservingtheirpositionanalysis,thereare16pairs
ofadjacentprovinces,asisshowninTable6,showingthegreatimportanceofgeographic
positiontolinkagerelationship.

Figure 2. Linkage network of provinces in China
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d. Somepairsofprovinceswithstrongcorrelationscanbeselectedfromthedataoflift
betweenprovinces,asisshowninTable3.Theseprovincepairsaremainlyconcentrated
in the core areas of central China. For such strong linkages between provinces, in
implementing macro-regulation of hog prices in the core provinces, the impact of
the regulatory process on non-core provinces with strong linkages should be taken
intoconsideration.Theregulationofnon-coreprovincescanbestartedfromthecore
provincesthathavestronglinkagewiththenon-coreprovinces.Takingregulationon
coreprovinces as themainmeans, and self-regulation as supplementarymeans, the
degreeoflinkagewithperipheralprovincescanbechecked.

Table 4. Centrality index of provinces in China

Province Between Centrality Degree Centrality Closeness Centrality

Hubei 16.556 20 1.6

Jiangxi 21.135 19 1.65

Peking 15.216 17 1.75

Hunan 12.197 17 1.75

Sichuan 15.279 17 1.75

Henan 13.624 15 1.62

Shandong 15.85 15 1.9

Gansu 13.815 15 1.75

Guangxi 7.434 15 1.85

Shaanxi 9.948 15 1.85

Chongqing 7.08 15 1.85

Jilin 7.779 14 1.9

Jiangsu 12.767 14 1.9

Tianjin 3.964 14 1.9

Guangdong 4.924 13 1.95

Xinjiang 4.3 12 2

Anhui 6.829 11 2.05

Fujian 5.345 11 2.05

Hebei 14.728 11 2.05

Guizhou 3.654 9 2.15

Henan 2.719 8 1.2

InnerMongolia 3.114 8 2.2

Liaoning 0.434 7 2.3

Shanxi 1.628 7 2.3

Yunnan 0.868 7 2.25

Heilongjiang 1.7 6 2.35

Zhejiang 0.111 4 2.55
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CoNCLUSIoN

BasedonthepaneldataofChinesehogpricefromMarch2016toMarch2019,byintroducingliftparameter
intheassociationruletogetherwithsocialnetworkanalysismethod,aquantitativeandqualitativeanalysis
wasmadeonthehogpricelinkagenetworkusingUCINETsoftwareandPythonlanguageinthispaper.
Thisstudyprovidednewconceptsandmethodsforlivestockproductriskanalysisundercomplicateddata
environment,alsoprovidedanewperspectiveforstudyingthecauseofhogpricefluctuationandstate
macro-control,aimingatofferingabasisfordevelopingcontrolpoliciesofdifferentiatedregionalhogprice.
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Table 5. Relationship between network parameters and population and hog industry development level

Province Hog 
Slaughter

Between 
Centrality

Degree 
Centrality Province Populations Closeness 

Centrality

1 Henan 5428.43 13.624 15 Guangdong 11169 1.95

2 Hunan 5034.29 12.197 17 Shandong 10005.83 1.9

3 Sichuan 4669.82 15.279 17 Henan 9559.13 1.62

4 Shandong 4104.36 15.85 15 Sichuan 8302 1.75

5 Hubei 3614.93 16.556 20 Jiangsu 8029.3 1.9

6 Hebei 3004.26 14.728 11 Hebei 7519.52 2.05

7 Yunnan 3003.96 0.868 7 Hunan 6860.2 1.75

8 Guangdong 3003.16 4.924 13 Anhui 6254.8 2.05

9 Guangxi 2906.71 7.434 15 Hubei 5902 1.6

10 Jiangxi 2662.50 21.135 19 Zhejiang 5657 2.55

Table 6. Position relationship of provinces in linkage

Province1 Province2 Position 
Relationship Province1 Province2 Lift

Henan Shandong adjacent Henan Hebei adjacent

Hunan Guangdong adjacent Hunan Hubei adjacent

Hubei Shandong nonadjacent Hubei Hebei adjacent

Sichuan Chongqing adjacent Sichuan Guizhou adjacent

Hebei Shandong adjacent Hebei Tianjin adjacent

Shandong Anhui adjacent Shandong Liaoning nonadjacent

Jiangxi Anhui adjacent Jiangxi Shandong nonadjacent

Yunnan Guangxi adjacent Shanxi Jiangsu nonadjacent

Guangdong Anhui nonadjacent Guangdong Hainan adjacent

Liaoning Hebei adjacent Guangdong Guangxi adjacent

Hebei Shanxi adjacent Hubei Anhui adjacent
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