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ABSTRACT

Thehighvolatilityofworldsoybeanpriceshascauseduncertaintyandvulnerability
particularlyinthedevelopingcountries.Theclusteringoftimeseriesisaserviceable
tool for discovering soybean price patterns in temporal data. However, traditional
clusteringmethodcannotrepresentthecontinuityofpricedataverywell,norkeep
awatchfuleyeonthecorrelationbetweenfactors.Inthiswork,theauthorsusethe
Toeplitz Inverse Covariance-Based Clustering of Multivariate Time Series Data
(TICC) to soybean price pattern discovery. This is a new method for multivariate
timeseriesclustering,whichcansimultaneouslysegmentandclusterthetimeseries
data.EachpatternintheTICCmethodisdefinedbyaMarkovrandomfield(MRF),
characterizingtheinterdependenciesbetweendifferentfactorsofthatpattern.Based
onthisrepresentation,thecharacteristicsofeachpatternandtheimportanceofeach
factorcanbeportrayed.Theworkprovidesanewwayofthinkingaboutmarketprice
predictionforagriculturalproducts.
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INTRoDUCTIoN

Thesoybeanisoneoftherequisitegraincropsintheworld,andhasbeencultivated
formorethan5,000years.Duetoitshighnutritivevalue,amountsoffull-fatsoybeans
arebeingusedinthefeedandfoodindustry.Inaddition,sincethesoybean,asthevital
economiccrop,playsanimportantroleineconomicsandtradearoundtheworld,the
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soybeanpriceindexhasbecomeanimportantindicatorofChina’seconomicactivity.
The instability of soybean prices will bring huge risks to farmers, governments,
consumers, and other commercial entity involved in soybean market. Therefore,
accurateanalysisofsoybeanmarketpriceneedstobetakenseriously.

Thereisavastliteratureonanalysisofagriculturalproductprice.Ontheonehand,
severalstudiesexaminetherelationshipbetweenagriculturalproductpriceandother
factors.Forexample,Harrietal.(2009)investigatedthecointegrationrelationship
betweenexchangerates,oilprices,andagriculturalcroppricesbyk-thorderVector
Autoregression(VAR)model.Nazliogluetal.(2012)studiedthedynamicrelationship
between world oil prices and twenty-four world agricultural commodity prices by
panelcointegrationandGrangercausalitymethods.Ekanandaetal.(2018)observed
that the world soybean price and exchange rate may affect the domestic soybean
pricespositivelyandsignificantlyintheshorttermbyBoundTestingCointegration
methodwithAutoregressiveDistributedLag(ARDL)approach.Ontheotherhand,
someresearchersprefertofittimeseriesbyselectinganappropriatemodeltopredict
agriculturalproductprice.Forexample,Assisetal.(2010)andMaizahetal.(2014)
predictedCocoaBeanpricesequencesand thepricesofMalaysiancrudepalmoil
by Generalized AutoRegressive Conditional Heteroskedasticity (GARCH) model
respectively.Octavioetal.(2009)achievedabetterpredictedresultofU.S.soybeans
andBraziliancoffeepricesbyThresholdAutoregressive(TAR)model.Theprediction
methodsabovecanprovidesomevaluableinformationfordecisionmakers.However,
thesemethodseithercannotovercomesensitivitytonoise,oronlyforecastinashort-
term.Tosolvenoisysensitivityandshort-termforecasting,agriculturalproductprice
sequencecanbedividedintoseveralsubsequences,inwhicheachsubsequencebelongs
tosomedefinedtrendor“pattern”reoccurringinthefuture.Oncethesepatternscome
underobservation,seeminglyunorderedpricedatacanbeinterpretedasafewdefined
patterns.Theprocessof findingpattern is referred to “patterndiscovery”.Pattern
discoverytrytoforecastthetrendofagriculturalproductpriceratherthantheprice
inshort-term.Duetothenoiseofdatahaslessinfluenceonthetrendpredictionthan
theshort-termingforecasting,patterndiscoverycanovercomesensitivitytonoiseand
forecastthetrendofagriculturalproductprice(Gionisetal.,2003).

Patterndiscoveryfromtimeseriesisoffundamentalimportance.Particularlywith
thedevelopmentofsensors,timeserieshasbecomeanimportantclassoftemporal
data objects and they can be easily obtained from many applications, e.g., daily
temperatures,levelsofpollution,humanheartbeats,andpricesofagriculturalproducts.
Different from the traditional discrete database, time series data are characterized
bytheircontinuity.Therefore,whentheycanbefocusedasfragmentsratherthanas
individualdatapoints,interestingpatternscanbediscovered.

For the problem of pattern discovery in time series, one of the most popular
techniquesbeingemployed isclusteringsinceclusteringmethodscanseekout the
similarityanddistinctionbetweendata,namely,differentpatternsinthedata.Most
previousstudiesintimeseriesclusteringarerestrictedtounivariatetimeseries.For
example,Golayetal.(1998)appliedthefuzzyc-meansalgorithmtounivariatetime
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seriesinordertostudythehumanbrainactivity.Tak-chungFuetal.(2001)proposed
theself-organizingmap(SOM)basedpatterndiscoveryschemethatcooperateswitha
newpatternmatchingschemefordiscoverthepatternofstockprice.TheytestedSOM
algorithmsonafewHongKongStockExchangelistedstocks’timeseries.Inpractical
problems,however,multivariate timeseriesdataareactuallycomplexandrelated:
whenacarismoving,forexample,thedataofsensorssuchasGasPedalPosition,
VehicleVelocityandBrakePedalPositionmaycodeterminewhetherthecurrentcar
areturningorspeedingup.Thesecharacteristicsmakesvariousalgorithmshavebeen
proposedtoclustermultivariatetimeseriesdataofdifferenttypes(Liao,2005).

The algorithms that addressed multivariate time series include Košmelj et al.
(1990), Kakizawa et al. (1998), Ramoni et al. (2000), etc. Most of these studies
assumethatthereisnocross-correlationbetweenfactorsandsimplifytheoveralljoint
distributionbyassumingconditionalindependencebetweenfactors.Moreover,these
methodshavenoideatoexplaintheclusterresults.IntheconferenceonKnowledge
DiscoveryandDataMining,Hallacetal.(2017)proposedanewmethodofmodel-
based clustering, the Toeplitz Inverse Covariance-based Clustering (TICC), which
isthemainmethodwearegoingtouse.Hallacdefinedeachclusterbyacorrelation
network,orMarkovrandomfield(MRF),describingtheinterdependenciesbetween
differentobservations.Inthismanner,TICCcanoutputthekeyfactorsaffectingeach
categorybyMRFwhich isalso theunique in thisapproach.Procaccietal. (2018)
identifiedthestateoffinancialmarketsbasedontheTICCmodel.Theirexperiment
isequallyproofthatthemethodisefficientandreliableinidentifyingandpredicting
accurateandinterpretablestructuresinmultivariate,non-stationaryfinancialdatasets.
Tothebestofourknowledge,ourresearchisthefirsttoapplyTICCmethodtothe
fieldofagriculturalpriceanalysis.

Inthispaper,aclusteringmethodologybasedonToeplitzmatrixisproposedfor
discovertheagriculturalproductsmarketpricepattern.Asanapplication,thisstudy
evaluated thepricepatternofsoybeanmarketover theHeilongjiangprovince.The
remainderofthispaperisorganizedasfollows:InSect.2,wemainlyintroducethe
mathematicalmodelwhichusedinthisarticle.Insection3,weshowhowvariables
anddataareselectedbasedonourexperimental.InSect.4,weofferadetailedanalysis
andempiricalevaluationofourideas.Finally,inSect.5,weprovideconclusionsand
directionsforfuturework.

MATHEMATICAL MoDEL oN SoyBEAN 
PRICE PATTERN DISCoVERy

Just like static data clustering, the choice of multivariate time series clustering
algorithm depends both on the characteristics of data available and the practical
problem.Inthemostcase,themarketpriceofsoybeanwillbealsoaffectedbyother
factors(suchasthepurchasepriceofsoybean,thefuturespriceofsoybeanoil,etc.),
whichformsasetofmultivariatetimeseriesdata.Thesedataarecharacterizedby
continuity,correlation,andtime-invariant.Toachievethisclustering,itisnecessary



International Journal of Agricultural and Environmental Information Systems
Volume 10 • Issue 4 • October-December 2019

4

tosimultaneouslysegmentandclustermultivariatedata.Thisseemsmoredifficult
thantraditionaltimeseriessegmentation,sincemultiplesegmentscanbelongtothe
samecluster.

Compared with the traditional clustering, TICC is a new type of model-
basedmultivariate time series clusteringmethod,whichcan find theaccurate
and interpretable structure in the data. TICC descr ibes each cluster with
different MRFs and solved the problem of simultaneous segmentation and
clusteringthroughalternatingminimization,usingavariationoftheexpectation
maximization(EM)algorithm.

Forsimplicityofnotation,weconsideratimeseriesofTsequentialobservations,
x x x x x

T
= [ , , , ]

1 2 3
� ,wherex R

i
n∈ isthei-thn-dimensionaltimeseriesdata.However,

insteadoflookingatx
t
separately,weinterceptashortsubsequenceofsizew though

TICCalgorithmisrelativelyrobusttotheselectionofthiswindowsizeparameter,
x x x x
i i w i i
= − + −[ , , ]
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� ,wherex R

i
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T
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TheoperationoftheTICCcanclustertheseTobservationsintoKclustersorstates,
where thesetofobservationsofcluster j isdenotedas P j k

j
, , ,= 1 2� . Inaddition,

eachclusterdefinedbyaGaussianinversecovarianceΘ ∈ ×Rnw nw orMRF,describing
the interdependenciesbetweendifferentvariates ina typical timesequenceof that
cluster.NotethatΘ

i
iscomposedofw w× submatrix,eachofwhichisn n× .Here,

the submatrixof thePQpositiondescribes the covariance inversematrixbetween
timePand timeQ. Inotherwords, Θ
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TICCclusterbysolvingtwokeyproblemsinturn:Assignpointstoclusters,where
wewilluseadynamicprogramming(DP)algorithm,andUp-dateClusterParameters,
wherewesolvetheToeplitzgraphicallassoproblemusinganalgorithmbasedonthe
alternatingdirectionmethodofmultipliers(ADMM).

Assign Points to Clusters
Given Θ

j
, the cost of assigning X

t
 into cluster j  is equivalent to the negative

logarithmiclikelihood:
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Inaddition,consideringthecontinuityoftheobservations,smoothnesspenalty
parameter β isimposedwhentheadjacentdataisnotbelongtothesamecluster:

E i i
i i

i i
( , )

,

,
+ =

+
+








1
0 1

1

same cluster

not the sameβ


AtypicalAssembly-Lines-Schedulingproblemiscomprisedbythesetwocosts,
which can be solved efficiently by dynamic programming algorithm. Dynamic
programming (usually referred to as DP) is a powerful technique for solving
complexproblemsbydecomposingthemintoasetofsimplersubproblems,solving
each of those subproblems just once, and using memory-based data structures
(arrays,maps,andsoon) tostore their solutions. (Bellman,1957).Thecoreof
thealgorithm liesononlyconsidering thecostof the i −1 thobservationvalue
whenassigningthe i thobservations.

Algorithm1.Assignpointstoclusters

1:  given β > 0, −ℓℓ(i, j) parameters
2:  initialize PrevCost = list of K zeros.
3:             CurrCost = list of K zeros. 
4:             PrevPath = list of K empty lists. 
5:             CurrPath = list of K empty lists. 
6:  for i = 1, . . ., T do
7:        for j = 1, . . ., K do
8:              MinIndex = index of minimum value of PrevCost. 
9:              if PrevCost[MinIndex] + β > PrevCost[j] then 
10:                 CurrCost[j] = PrevCost[j] −ℓℓ(i, j). 
11:                 CurrPath[j] = PrevPath[j].append[j]. 
12:       else
13:                 CurrCost[j] = PrevCost[minIndex] + β − ℓℓ(i, j). 
14:                 CurrPath[j] = PrevPath[minIndex].append[j]. 
15:       PrevCost = CurrCost. 
16:       PrevPath = CurrPath. 
17: FinalMinIndex = index of minimum value of CurrCost. 
18: FinalPath = CurrPath[FinalMinIndex]. 
19: return FinalPath.

Update Cluster Parameters
Onceeachpointhasbeenassigned,wecanupdate the inversecovariancesofeach
cluster by minimizing its negative logarithm likelihood summation, which can be
writtenasfollows:
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Here,E
1
isindependentof j andcanberewrittenasitsequivalentproblem:
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whereS isthecovariancematrixcalculatedbyP
j
.Addanotheroneregularization

parameters: λ ,whichdetermines the sparsity level in theMRFs characterizing
eachcluster:

E
3 1
=|| ||λ �Θ 

whereλ istheweightmatrix,� isthematrixmultiplication,andΘ isablockToeplitz
matrix(Gray,2011).

Itisnecessarytodevelopafastmethodforsolvingitefficiently.Bytransforming
theproblemintothefollowingform,wecanusethealternatingdirectionmethodof
multipliers(ADMM)toachievethisidea,adistributedconvexoptimizationapproach
thathasbeenshowntoperformwellat large-scaleoptimizationtasks(Boydetal.,
2011;Parikhatal.,2014):

min log det ( )imize tr S Z− + ⋅ +Θ Θ λ �
1


subject to     ZΘ = 

whereZisablockToeplitzmatrix.

Algorithm2.Updateclusterparameters

1: initialize Cluster parameters Θ; cluster assignments P.
2: repeat
3:       E-step: Assign points to clusters → P.
4: until Stationarity.
   return (Θ, P).
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We can implement the TICC algorithm by a Python solver.1 TICC solver
breaks theT timestamps intosegmentswhereeachsegmentbelongs tooneof
the “ k ” clusters. The total number of segments is defined by the smoothness
parameter“ β ”.ItdoessobyrunninganEMalgorithmwhereTICCalternately
assignspointstoclustersusingaDPalgorithmandupdatestheclusterparameters
bysolvingaToeplitzinversecovarianceestimationproblem.Inshort,thesolver
takesasinputaT-by-ndatamatrix,thewindowsize“w”,thenumberofclusters
“k”andsomenecessaryparameters,thenreturnsanarrayofclusterassignments
foreachtimepoint.Simultaneously,wecangetadictionarywithkeysbeingthe
cluster_id(from0tok-1)andthevaluesbeingMRFsofeachcluster.Below,we
willdemonstrateourexperimentandanalysisintwosections.

EXPERIMENTS

Heilongjiangaccountsforabout60percentofChina’ssoybeanacreage,producing
1.5million tonnesayear,about11%of thecountry. In thissection,weattempt to
modelthecommonpatternsofsoybeanpriceinHeilongjiangprovince.InHallac’s
literature,TICCmethodhasshowngoodperformancewhencomparedwithseveral
state-of-the-artbaselinessuchasGaussianMixtureModel(GMM)andDynamicTime
Warping(DTW).Toprovideacompleteevaluationofthemodels,Hallacvalidated
TICCapproachbycomparingTICCtoseveralstate-of-the-artbaselinesinaseriesof
syntheticexperimentsandanautomobilesensordatasetrespectively.Andthefinding
was that compared to other several well-known time series clustering approaches,
TICCnotonlyhashigh accuracy, but also significantlyoutperforms thebaselines
in scalability and interpretability. For these reasons, our algorithms which named
Toeplitz Inverse Covariance-based Clustering (TICC) can be applied to find price
patternproperly.Themainexperimentalstepsareasfollows:

Step 1:Choosethefactors.
Step 2:Dataacquisitionandprocessing.
Step 3:RuntheTICCtocluster.
Step 4:Comprehensiveanalysis.

Accordingtopreviousresearch,quiteafewfactorswillaffectthechangeofsoybean
market price together due to their different characteristics and the requirement of
society(Liuetal.,2005;Massimoetal.,2013;Wang,2016).Wefinallyselected4
factorsastheindependentvariablesoftheexperimentaftertestsandanalysis:soybean
purchaseprice,cornmarketprices,soybeanandsoybean-oilfuturesprices.Wecluster
themultipletimeseriesandmaptheclusteringresultstothesoybeanmarketprice,
andwewillfindthattherearetrulysimilarpatternstorepeatinsomeperiods.

OurdatabaseisobtainedfromtheDalianCommodityExchange(http://www.dce.
com.cn/DCE/DCE_PAGE_KEY/index.html),HeilongjiangAgriculturalInformation
(http://www.hljagri.gov.cn/ddw/scbj/), the Zhujiage network (http://www.zhujiage.

http://www.dce.com.cn/DCE/DCE_PAGE_KEY/index.html
http://www.dce.com.cn/DCE/DCE_PAGE_KEY/index.html
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com.cn/special/hlj_dadoujiage.html) by writing a web crawler which is a program
canautomaticallyretrievewebcontent.Here,itisworthtakingamomenttoflagthe
factthatthedataonthepagecouldbepartiallymissing.Togetthroughthis,weused
Lagrangeinterpolationmethodtofill themissingdata.Lagrangeinterpolationisa
mathematicalmethodwhichtriestoconstructanappropriatefunctionthatcanpass
throughseveralknownpoints,andthenusethefunctiontofindtheunknownpoints
on the interval.TheScipy library inpythonhasaLagrangefunction thatmakes it
easytodothistask.

Inapreviouswork,weintroducedtheparametersofTICC,itcanbeselectedby
aprecisemethod suchasBayesian information criterion (BIC)or cross-validation
(Hastieetal,2009).WepickthenumberofclustersusingBIC,andwedothetrick
whenK=4.WerunTICCwithawindowsizeof3day.Thus,inthisexperiment,we
have358pricedataofa4-dimensionaltimeseries.Afterafewminutesofrunning,
wewillgetaCSVandaTXTfile,containinganarrayofclusteringresultsandaMRF
foreachclusterrespectively,asindicatedinthecode.Allthecaseshavebeenrunon
aPCwithwin7ofoperatingsystemanda2.4-GHz-basedprocessor.

RESULTS AND DISCUSSIoNS

WecanseeinFigure1thatTICCdividestheentiretimelineintofivesegmentswhere
the first (2016.7.15-2016.9.12)and third (2017.3.28-2017.5.26)segmentbelong to
thesamecluster.Therefore,wecanexpectthatthesoybeanmarketcanberepresented
fourpatternsinthistimeline,althoughweareinsensibleofwhatthesefourmodels
representatpresent.Furthermore,wenoticethatthetwosegmentsthatarebothin
Pattern1arenotinthesamemonth.Thatmeansthepatternsofsoybeanpriceisnot
affectedbyseasontosomeextent.

RecallthatwedefineeachclusterbyasparseGaussianinversecovariancematrix
Θwhich illustrates the conditional independency structure between the variables
(Friedmanetal.,2008).Here,wealsogivethedefinitionmatrixforeachclustershown
inTables1-4.

Notethattheinversecovariancematrixofadifferentclusterhaveadifferentvalue
betweenanytwofactors.Actually,thenumberof ij positionsinthematrixrefersto
the relationship between concurrent values of i  and j . Here, the A

0
 sub-block

representstheintra-timepartialcorrelations,soA
ij0

referstotherelationshipbetween
concurrentvaluesoffactorsiandj.Similarly,A

ij1
showshowfactoriatsometimet

iscorrelatedtosensorjattimet+1,andA
2

showstheedgestructurebetweentime
tandtimet+2(Figure2).Forexample,theorderofthefourvaluesis18.1207,3.2406,
11.4418,and6.8134inA

0
,whichrepresentstheorderofautocorrelationofvariables

isfactor1,3,4,2(soybeanpurchaseprice,soybeanfuturesprices,soybean-oilfutures
prices,andcornmarketprices,respectively).Thenumber0.071and0.625meansthat
thevariable4hasa relationshipwith thevariable2.3,and thevariables3and the
variable4aremorecloselyrelated.
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Table 1. Pattern 1

Figure 1. Multiple time series and clustering results. Each curve represents a set of data.
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Table 2. Pattern 2

Table 3. Pattern 3
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Table 4. Pattern 4

Figure 2. TICC method segments a time series into a sequence of states, or “clusters” (i.e., 1, 2, 3 or 4). 
Each cluster is characterized by a correlation network, or MRF, defined over a short window of size w. This 
MRF governs the (time-invariant) partial correlation structure of any window inside a segment belonging 
to that cluster. When w = 3 , the visual diagram structure of MRFs is shown in the figure. The dotted line 
in the figure indicates that there has some relationship between the two nodes.
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Inordertoanalyzethesoybeanmarketpattern,weshallpresentlyreviewsome
of theeconomic theories.Thephenomenonofrecurrentfluctuationbetweenboom
anddepressionintheeconomicactivityiscalledBusinessCycle(orTradeCycle).
Generally speaking, a cycle consists of four stages: Boom, Recession, Depression
andRecovery.InwhichthatRecessionisatransitionfromBoomtoDepression,the
recoveryis thephaseofthetransitionfromDepressiontoBoom.Accordingtothe
theoryofBusinessCycle, it is inevitable thateconomicexpansionandcontraction
willoccurperiodically.Inparticular,whentheeconomybeginstofalter,commodity
pricesfallandsodoesmarketdemand.Wheneconomiesreachprosperity,pricesrise
andproductionincreasesrapidly(Edward,1986).Similarly,soybeanpricefluctuations
canbeexplainedwellbytheBusinessCycletheory.

Next,weanalyze the4clustersoutputtedbyTICC tounderstandand interpret
what state of the market they each refer to. Each cluster has a multilayer MRF
network defining its structure. To analyze the result, we use complex network
analysistodeterminetherelative“importance”ofeachnodeinthenetwork.Weplot
thebetweennesscentralityscoreofeachnodeinTable5.Weseethateachofthe4
clustershasaunique“feature”,withdifferentfactorshavingdifferentpointsineach
cluster.Forexample,thepattern1hasanon-zeroscoreinonlytwoofthefourfactors:
SoybeanFuturesandSoybean-OilFutures.Assuch,wewouldexpectthisclusterto
refertostateinrecessionsincethecashmarketvolatilityarevolatile.Similarly,the
scoresofpattern2arethemostevenly,anditcanbepredictedthatthesoybeanmarket
isinaboomstage.Wealsoseethatthemaximumandminimumvaluesofcluster3
andcluster4arequitedifferent,sowecanexpectthemtobeinthetransitionstate
ofpattern1andpattern2,wherecluster3isheavilyaffectedbycornmarketandthe
soybeanmarketisinadepressionperiod.Assuch,areasonablehypothesisaccording
tothebusinesscycletheorymightbethattheclustersreferto1)recession,2)boom,
3)depression,4)recovery.

Tovalidatethatourexperimentisinterpretable,wenowneedtomaptheresults
backtothesoybeanmarketpricetoidentifytheaccuracyofpattern.SoweplotFigure3,
coloringthetimestampsaccordingtotheirclusterassignments.Analyzingthisgraph,
weempiricallydiscoverthateachofthethreeclustershastheirowncharacteristics
andtherecurringpatternsdohavesomesimilarities.Fromthis,wecanperceivethat
our clustering is effective. Our experimental results support our claim that TICC

Table 5. Betweenness centrality for each factor in the four patterns. This score can be used as a proxy 
to show how “important” each factor is, and more specifically how much it directly affects the other 
factor values.

Soybean Purchase Corn Market Soybean Futures Soybean-Oil Futures

Pattern1 0 0 5.833 10.33

Pattern2 5.166 7.833 13.333 6.666

Pattern3 6.233 37.198 1.833 13.733

Pattern4 9.166 5.666 0 13.166
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allowsatimeseriesofpricestobeseveraltypicalpatterns,andthesepatternsmay
recuroveracertainperiodoftime.Thetheoreticalmodelfitstheexperimentalwell.
Alongthislineofthinking,wecanpredictthedirectionofmarketpricesbystudying
thetransitionprobabilityofvariousmodelsinthefuture.

CoNCLUSIoN AND FUTUREwoRK

Inthecontextofthisstudy,theempiricaldatashowedthatperformanceoftheTICC
methodologycandiscoversoybeanpricepatterninacertainextent.Weclustereach
subsequencebasedonitscorrelationstructureanddefineeachclusterbyamultilayer
MRFtofindvariouspatternsinthedata.Economictheoryundereachpatternhasalso
beendiscussed.Furthermore,wemappedtheresultsofthepatterndiscoverytothe
timelineofsoybeanmarketpricesandfoundthatourresearchwasindeedexplicable.
Ourstudyisanalternativeapproachinfinancialplanning,asitallowedtodetectand
predictpricesofagriculturalproducts.Studyingthepatternofagriculturalproducts
canenableustograspthepricetrendofmarketaccurately,andthentakeeffective
measures to slow down the fluctuation of soybean market, which has important
practicalsignificanceforstabilizingtheproductionofagriculturalproductsinChina,
increasingtheoutputvalueofanimalhusbandry,andpromotingthedevelopmentof
agriculturaleconomy.Inaddition,patterndiscovercanbeconsideredasoneofthe
mostimportantcomponentsintimeseriesdataminingsystems.Usingtheaprioridata

Figure 3. Schematic diagram of soybean market price in the same period
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miningobjectivepattern,anoptimalmodelwillbechosenforshort-termforecasting
inthenearfuture.

Undercertainconditionsandconstraints,thepaperonlypresentsonerepetitive
pattern(Pattern1)sincewedonothavemuchamountofpricedata.Webelievewhen
thedata largeenough tobeused,wecan receivemore recurringpattern, even the
relationshipbetweenthevariouspatterns.Thispaperwasinfactthefirsttoapplythe
multi-timeseriesclusteringmethodtothefieldofagriculturalproductpriceanalysis.
Nevertheless,furtherworksshouldbeperformedtolearnhowtoaccuratelypredict
futurepricesbasedonPatternDiscovery.Theproperties that arediscussed in this
work,unquestionably,arereceivingmoreandattentionfromotherfields.
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