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ABSTRACT

Demandplanningplaysaverystrategicroleinimprovingtheperformanceofeverybusiness,asthe
planningforawholelotofotheractivitiesdependsontheaccuracyandvalidityofthisexercise.
Thefieldofagricultureisnotanexception;demandforecastingplaysanimportantroleinthisarea
also,whereafarmercanplanforthecropproductionaccordingtothedemandinfuture.Hence,
asystemwhichcouldforecaststhedemandforday-to-dayfoodharvestsandassiststhefarmersin
planningthecropproductionaccordinglymayleadtobeneficialfarmingbusiness.Thispaperwould
experimentbyforecastingthedemandusingmultiplelinearregression(EMLR-DF)fordifferentfood
commoditiesandimplementsthemodeltoassiststhefarmersindemandbasedconstructivefarming.
Implementationresultshaveprovedtheeffectivenessoftheproposedsystemineducatingthefarmers
inproducingtheyieldsmappingtothedemand.Implementationandcomparisonresultshaveproved
theproposedEMLR-DFismoreeffectiveandaccurate.
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1. INTRoDUCTIoN

ThefarmersindevelopingcountrieslikeIndiaarebeingfacedbytheage-oldproblemsinthefieldof
agriculturelikethereisnoreliableandeasyaccesstoaccurateweatherforecasting,thereisnoeasy
accesstogovernmentmarketportals,thereisnocommonforumtoconsulttheagriculturalexperts
fordiscussion, there isno system to inform the farmersaboutnew tools, technologies, andnew
governmentalschemes,thereisnosynchronizationbetweenthedemandandsupplyoffoodcrops
andlistgoeson.Demand-supplyproblemisoneofthemajorproblemsbeingfacedbythefarmer
community,wherethereisnosynchronizationintheproductionanddemandforfoodcrops.Due
tothiseitherfarmerisfailingtogetgoodmarketpriceswhenthereismoresupplythandemandor
consumersuffershighpricesduetolessproduction.Toeffectivelytacklethisproblem,thereisaneed
forsomeforumthatforecaststhesocietaldemandfordifferentfoodcropsandassiststhefarmersin
growingthecropsaccordingly.

Thisarticle,originallypublishedunderIGIGlobal’scopyrightonApril1,2020willproceedwithpublicationasanOpenAccessarticle
startingonJanuary28,2021inthegoldOpenAccessjournal,InternationalJournalofWeb-BasedLearningandTeachingTechnologies
(convertedtogoldOpenAccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense
(http://creativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedthe

authoroftheoriginalworkandoriginalpublicationsourceareproperlycredited.
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Demand forecastingplaysan important role in the successof anybusiness.As thedemand
forecastinghelpsinefficientplanningforproduction,supply,maintenance,andotheractivity,the
performanceofabusinessdependsontheaccuracyofforecasting.Demandforecastingalsoplaysa
strategicroleinthefieldofagriculture,whereafarmercanplanforthecropproductionaccording
totheneedofsociety.So,thisworkattemptstodevelopamodeltoforecastthedemandforthefood
cropsandassiststhefarmersinselectingacropbasedonthisdemand.

Thedemandforanyproductcanbedefinedas,theaspirationforaproduct/commodityreinforced
bytheabilityandwillingnesstobuyit(Triplett,1976).DemandisafunctionofPriceoftheCommodity
Pc,RelativePriceRp,IncomeI,TasteandPreferenceTP,FutureExpectationFeandotherfactorsO
(“Demand,Supply,andMarketEquilibrium,”2011;Whelan&Forrester,1996).The relationof
Demandwiththeseparameterscanbeexpressedas:

• Price of the Commodity (Pc): Demand is contrariwise of the price i.e. the demand for a
commoditywilldecreasewiththeincreaseinthepriceofacommodityandviceversa;

• Relative Price of Commodity (Rp): For certain products, the price are directly related to
associatedproductprice,thoseproductsarecalledrelativeproducts.Therelativepriceofthe
productisdirectlyproportionaltotheassociatedproduct;

• The income (I):Thedemandforaproductwilldirectlydependontheincomeofthepeople,an
increaseinincomeresultsinanincreaseindemandfortheproducts.Consequently,thedemand
willdecreewiththedecreasingincome;

• Taste and Preferences (TP):Tasteandpreferencesofaconsumersinfluencethedemandfora
commodity.Withthechangeintasteandpreferencesofaconsumerwillaffectsthelevelofdemand
forvariousgoods.TasteandPreferencesmaychangeduetothechangeinlifestyle,habits,etc.;

• Future Expectation (Fe):Expectationinthefuturepricevariationsofgoodswillalsoaffecttheir
demandpredominantlyfordurablegoods.Theexpectationofanincreaseinpricewilldecrease
thedemandandviceversa;

• Other Factors (O):Otherfactorssuchaspopulation,weatherandclimatecondition,taxation,
advertisementetc.willalsoaffectthedemandofacommodity.

TheDemand‘D’oftheproductcouldberepresentedasafunctionoftheaboveparametersas
D=f(Pc,Rp,I,TP,Fe,O).

Butforsomespecificgoodslikefoodproducts,demandisnotrelatedtoabove-saidfactorsand
suchgoodsarecallednecessarygoods.suchasfoodcommoditieslikecereals,grains,vegetables
etc.(“DemandAnalysisandForecasting,”2017).Asthefoodcommoditiesbelongtothecategory
ofnecessarygoods,thedemandforthosecommoditiesneedstobesatisfiedfortheconsumersby
managingthesupplyaccordingly.Toregulatethedemandandsupply,demandforfoodcommodities
needstobeforecastedbeforeandassistthefarmersinplanningtheircropproductionaccordingly.
Sothatfarmerscangrowthefoodcropsthatwouldbeindemandandcaterstheneedsofthesociety.
Demandforecastingforaproductcanbedoneusingseveralmethods(Ivano,2017)suchasHistorical
methodsofforecastingwhichusesOpinionpollingmethods:consumersurveymethod,salesforce
opinion method and expert opinion method. Statistical methods could also be used to forecast
thedemandwhichuses trendprojectionmethod,barometric techniques, regressionmethod, and
simulationsequationmethod.Asthepredictorvariable‘Demand’isanumericalvariable,Regression
modelsarethebestsuitableforforecastingthedemandvalues(Harlalka,2018).Regressiontechniques
arethemostcommonlyusedmethodintheprocessofdemandforecasting(Hans,2017).

Restofthepaperisorganizedasfollows,thereviewoftheexistingworksarediscussedinsection
2,section3givesabriefintroductiontoregressionmodesandsection4explainsthesystemarchitecture
fortheproposeddemandforecastingmodel.Theimplementationandmethodologiesusedinthis
workaredescribedinsection5.Section6discussestheresultsandsection7concludesthepaper.
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2. LITERATURE REVIEW

Cropselectionisacriticalproblembeingfacedbyfarmersinthefieldofagriculture.Someofthe
researchershaveworkedonaselectionofbestcropsbasedontheparameterslikeweather,soil,and
yieldrateofthecropetc.RajeshKumaretal.(R.Kumar,Singh,Kumar,&Singh,2015)haveproposed
acropselectionmethodcalled(CSM)intendedtoincreasetheeconomicgrowthofthefarmersbased
onyieldrate,weatherconditions,andsoilconditions.Theproposedmethodusesmachinelearning
techniquestopredicttheyieldrate,weatherconditions,andsoilconditionstocheckthesuitability
forcropselection.RYadhavetal.(RupikaYadav,JhalakRathod,2015),haveanalyzedtheproblems
withthetraditionalfarmingsystemandalsoproposedIoTandBigDatabasedprecisionagriculture
systemtoimprovetheyieldsofthecropsinfarming.SKotharietal.(Kothari,Channe,Kadam,&
Professors,2015)presentedacloud,IoT,BigDatabasedmultidisciplinarymodelforsmartagriculture.
Theproposedmodelwillanalyzethefertilizerrequirement,bestcropsequencebasedonthesoil
andweatherconditions.Theproposedsystemstoresthesoildatacollectedthroughsensorsinthe
cloudforanalysis.JDanielet.al.(Jiménez,Dorado,Cock,Prager,&Delerce,2016)haveproposed
arecommendationsystemforbestcropselectionbasedontheknowledgeofthefarmersandthedata
collectedfromthelandusingdataanalytics.Dwagaetal.(DuncanWaga,2014)haveconsidered
environmentalconditionsliketemperature,winds,rainfalletc.toanalyzethesuitabilityofdifferent
environmentalconditionsfordifferentcropgrowingandtoassistthefarmersinbestsuitablecrop
selectionbasedonenvironmentalconditions.ElsheikhRetal.(Elsheikhetal.,2013)havedeveloped
adecisionandplanningtoolevaluatingthelandsuitabilitytochooseanappropriatecropfortheland
basedonthelandspecificationsusingGISfeatures.TheGlobalInformationSystembasedsystems
weredevelopedby(Nikkilä,Seilonen,&Koskinen,2010;M.NarayanaReddy,2017)tohelpthe
farmersincropselection,fertilizerselection,watermanagementandharvestingbasedontheanalysisof
GISdata.Prasadet.al.(Prasad,Peddoju,&Ghosh,2016)havedevelopedamobile-basedapplication
called“AgroMobile”,tohelpthefarmersinidentifyingthecropdiseasesandthenecessaryactions
needstotakefordifferentdiseasethroughmobileapp,alsotohelpthefarmersinmarketingtheir
harvesttothemarketstogainbetterprofits.Weatherisacriticalfactorincropfarming,VKumaret.
al.(V.Kumar&Khan,2017)havestudiedtheneedofweatherforecastinginthebestcropselection
forimprovingtheyieldandalsotomanagethebettercropcycles.

Accordingtothesurveymade,mostoftheresearchworksinthefieldofagriculturehavefocused
onimprovingtheyieldofthecrops,selectingthebestcropsbasedonweatherconditionandother
landparameters.However,noneoftheseworkshaveconcernedaboutproducingthecropsbasedon
theneedsofthesociety.

Thispaperinvestigateshowforecastingthedemandofvariousfoodcommoditiesisperformed
usingMultipleLinearRegressionmodelandwhichcouldhelpthesystemtoassistthefarmersin
cultivatingthecropsbasedonthedemandsothatthedemandandsupplyoffoodcropscouldbe
mappedavoidingthelossforfarmersleadingtoconstructivefarming.Thevariousfoodcommodities
likeOnion,Tomato,RiceandWheatareconsideredtoforecastthedemandbythedevelopedEMLR-
DF(EffectiveMultipleLinearRegressionbasedDemandForecasting)model.

3. REGRESSIoN MoDELS

LinearRegressionisthesimplestandmostcommonlyusedsupervisedmachinelearningmethodto
buildforecastingmodels.Regressionmodelsareusedtoforecastthevalueofapredictorvariable
givenasetofexplanatoryvariablesbyarticulatingthepredictorvariableasafunctionofexplanatory
variables.Therelationshipamongstthepredictorvariableandexplanatoryvariablesarerepresented
in theformofabest-fit linewith theminimumdistancebetweenthedatapointsandthe lineor
curve(Hans,2017).TheregressionlineisrepresentedbyalinearEquation(1):
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Y=I+S*X+e (1)

where:

‘Y’isapredictorvariable
‘X’istheindependentvariable
‘I’istheInterceptoftheline
‘S’istheslopeoftheline
‘e’istheerrorterm

RegressionmodelscanbecategorizedintoSimpleLinearRegressionorMultipleLinear
Regression based on the number of explanatory variables used to predict the value of the
predictorvariable.

3.1. Simple Linear Regression Model
ALinearRegressionmodelwherethepredictorvariabledependsonasingleexplanatoryvariable
iscalledasimplelinearregressionmodel.Asimplelinearregressionequationcanberepresented
asEquation(2):

Y=I+S*X+e (2)

3.2. Multiple Linear Regression Model
ARegressionmodelwherethepredictorvariabledependsonmultipleexplanatoryvariablesiscalled
as amultiple linear regressionmodel (Higgins,2005) (Simon,2003).Multiple linear regression
equationscanberepresentedasEquation(3):

Yi=I+S1*Xi,1+S2*Xi,2+…..+Sn*Xi,n+ei (3)

Theslopeandinterceptvaluesneedtobecalculatedwithrespecttotheexplanatoryvariables
topredicttheYvalues.

TheslopeoftheequationcanbecalculatedusingtheEquation(4):

Slope(S)= � * / � � �N X Y X Y N X X∑ − ∑( ) ∑( )( ) ∑ − ∑( )







2 2
 (4)

TheinterceptofalineiscalculatedusingtheEquation(5):

Intercept(A)= � /∑ − ∑( )( )Y B X N  (5)

whereNisthetotalnumberofexplanatoryvariablesusedinthemodel.

4. SySTEM ARCHITECTURE

Thedemandofaproductdependsonvariousfeatures(“FactorsofSupplyandDemand,”2017)such
as‘incomeofaperson’,‘senseoftaste’,‘priceofaproduct’,‘keentobuyaproduct’etc.However,
thefoodproducesbelongtothegroupofessentialproducts,thedemandoffoodproductsmainly
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dependsonthefactorssuchas‘demandofpercapita’,‘growthinincomeofaperson’,‘expenditure
elasticity’and‘population’(Mittal,2008).AsthedemandofacommodityDcdependsonmultiple
explanatoryvariables,thedemandDcfortheperiod‘y’couldbeexpressedasafunctionofexplanatory
variablesasDc

y=f(Dpc,Ipc,Ee,Py)where:

Dc
y=Demandforecastingforthecommodity‘c’fortheyear‘y’

Dpc=Demandofpercapita
Ipc=Incomegrowthofpercapita
Ee=Elasticityofexpenditure
Py=Projectedpopulationfortheperiod‘y’

Thisdemandequationcanbeexpressedaslinearcombinationofdependent(Dc
y)andindependent

(Dpc,Ipc,Ee,Py)variablesusingregressionequation(3.3)asademandregressionequationasshown
inEquation(6).Where,theregression(Simon,2003)isasupervisedlearningtechniquewhichtries
tofindamodelfromadatasettogenerateanumericalpredictionforfuturedatasamples:

Dc
y=β0+β1Dpc+β2Ipc+β3Ee+β4Py+e (6)

whereβ0,β1,β2,β3,andβ4aretheunknownparametersoftheequationand‘e’istheerrorterm.
Figure1showsthesystemarchitecturefortheproposedEMLR-DFdemandforecastingmodel,

wherethedatasetscontainingthevaluesofpercapitademandfordifferentcommodities,growth
inincome,theexpenditureelasticityfordifferentcommoditiesandthepopulationgrowthforthe
previoustenyearsarestoredinthedatabase.Theproposedregressionmodelisappliedtoallthedata
setsstoredandforecastedthedemandforthespecifiedperiod.

Ingeneral,thisdemandregressionequationcanbewrittenasEquation(7):

Yi=β0+β1*Xi,1+β2*Xi,2+…..+β3*Xi,n+ei,,i:=1,2,…..,j (7)

wherejisthenumberofobservationsandnisthenumberofvariables:

Yi(i=1,2,..,j)isthepredictorvariable-Dc
y

Xi,k(k=1,2,..,n)aretheexplanatoryvariablesused-Dpc,Ipc,Ee,Py
β0,β1,β2,…….,βnaretheunknownfactorsofthemodel
eiisthetermofrandomerror,i=1,2,….n

Figure 1. Multiple linear regression based demand forecasting model
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Thevaluesofanyunknownparametersorcoefficientscouldbepredictedwiththeleastsquare
method.Tosimplifythecalculationofmodelcoefficients,theregressionequationcanberepresented
inmatrixformasthematrixcomputationismoreefficientthantheordinaryleastsquarecomputation
method(João,Mzyece,&Kurien,2009).

Alltheresponsevaluescanrepresentinann-dimensionalvectorwhichiscalledtheresponse
vectorandrepresentedas:

Y=

y

y

y
n

1

2

�















Allexplanatoryvariablescanberepresentedasa‘n×m+1’matrixconsideredasanindependent
matrixandrepresentedas:
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Theinterceptsandslopescanbeputintoap+1dimensionalvectorcalledtheslopevector,and
representedas:

S=
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Finally,alltheerrorstermscanbewrittenintoann-dimensionalvectorcalledtheerrorvector
andrepresentedas:
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e
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Theequationofthemultiplelinearmodels:

Yi=A+B1*Xi,1+B2*Xi,2+…..+Bm*Xi,m+ei

canbewrittenas:

Y=A+X*B+e
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whereX*Bisthematrix-vectorproduct.
So,theMultipleLinearRegressionEquation(7)canbewrittenas:
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i.ey=Xβ,whereβ= X X X yT T( )−1 � ,whereXT : TransposematrixX.
Further,thecomputationofcoefficientscanbesimplifiedbydecomposingthedatamatrixusing

anymatrixdecompositionmethod(Joãoetal.,2009).QRdecomposition(Agarwal&Mehra,2014)is
oneofthemostcommonlyusedmethodsinmatrixdecompositiontosolvetheordinaryleastsquare
problem.QRmatrixdecompositionisadecompositionofamatrixXintoanorthogonalmatrixQ
andanuppertriangularmatrixRas:

X=QR
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Inβ= X X X yT T( )−1 � replacingXwithQRresultsinβ=R Q YT−1 � .
Thiscomputationmethodwillreducethenumberofcomputationsandalsoeasesthecoefficient

calculation.Nonetheless,inthismethod,theincreasednumberofobservationsofindependentvariables
makesthecomputationmorecomplexforthemultiplelinearregressions.Toovercomethisproblem,
inthiswork,aMapReducebasedELR-DFmodelisconsidered.Wherethehugecomputationsare
distributedamongmultipleclustersofnodesandcalculatedinparallelandindependently.Hence,this
approachreducesthecomplexityofcoefficientcalculationsignificantlyformultiplelinearregressions.
Theexecutiontimerequiredbytheparallelmultiplelinearregressionmethodisverylesscompared
totheleastsquaremethodofcomputationandmatrixdecompositionmethod.Theresultsshowthe
performanceofparallelmultipleregressionmodelsvs.leastsquareandmatrixdecompositionmethods.

5. IMPLEMENTATIoN AND METHoDoLoGy

TheproposedmodelisimplementedinR-HadoopenvironmentusingtheMap-Reduceparadigm.The
datasetscollectedarestoredinadistributedmodeusingHDFStomakethedataprocessingparallel.
TheproposeddemandforecastingmodelisimplementedinMap-Reducetoprovidethescalability.
Mapphasessplitthedataintodifferentpartitionsandproducetheintermediateresultsintoreduce
phase.Theproposedalgorithmisimplementedinreducephasetocomputethemodelcoefficients.
Thedemandisforecastedusingthecomputedcoefficients.

The data sets required for the demand forecasting such as values of per capita demand for
differentcommodities,growthinincome,theexpenditureelasticityfordifferentcommoditiesand
thepopulationgrowthfortheprevioustenyearsaregatheredfromthe‘Agmarknet’[“Agmarknet,”
2018],NSS[GovernmentofKarnataka,2012,IndiaNationalSampleSurveyOffice,2010],andother
authorizedgovernmentwebsites.
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Figure2givestheflowchartrepresentationforcoefficientscalculationusingparallelmultiple
regressionmodel.TheregressionmodelhasbeenimplementedinthreephasesusingtheMapReduce
paradigm. The driver function has divided the input data into X(independent variables) and
Y(dependentvariable)matrixandgenerateasaninputtomapperinphase1.

TheMapperinphase1decomposetheXmatrixintoQandRmatrixusingQRdecomposition
methodandproduceQandRmatrixasaninputtothereducer.Thereducerinphase1usestheR
andQmatrixandcomputesthemultiplicationofQinverseandRmatrixasintermediateresultsto
phase2.Thereducerinphase2considerstheQmatrixandcomputestheinverseofQmatrixand
multipliesitwiththeQmatrixandstorestheresultinQMmatrixbytransposingit.Thetranspose
oftheQMmatrixismultipliedwiththeYmatrixandtheresultantmatrixVisproducedasaninput

Figure 2. Flowchart representation of the parallel multiple linear regression model
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tophase3.Thereducerfunctionimplementedinphase3willmultiplythematrixVwiththeinverse
ofmatrixRandcomputesthemodelcoefficients.

5.1. Parallel Multiple Linear Regression Model
MultiplelinearregressionalgorithmhasbeenimplementedinMap-Reduceinthreedifferentphases.

5.1.1. Phase 1

Driver function:Thedriverfunctiontakestheparameter“Blocksize”whichisusedtodividethe
hugedatasetsrelatedtotheindependentvariablesXianddependentvariableYiintotheblocks
ofsmallpartitionswhenuploadedtoHDFS.EachpartitionwillbesenttoaMapper:

X(m,n)=

X

X

X
n

1

2
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andY(m,n)=

Y

Y

Y
n

1

2
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DriverfunctionAlgorithm
Input: Dataset D 
Output: Xi

, Y
i
; where i=1….n partitions.

[N
b
=Number of blocks, BS=Block size,

    Start 
       X= D [1:4]  //range of independent observations 
       Y= D [5]   //range of dependent variable 
       N

b
 = Size(X) / BS

       X
i
 = Block_Divide(X, BS)

       Y
i
 = Block_Divide(Y, BS)

    End

Mapper function:EverymapperjobreceivestheXiandYimatrixfromdriverphase.Thematrix
Xicontainsthevaluesofpercapitademandfordifferentcommodities,growthinincome,
theexpenditureelasticityandthepopulationgrowthfortheprevioustenyears.Thematrix
Yicontainsthevaluesofthedemandforthefoodcommoditiesinthebaseyears.Theinput
vectorYiissentdirectlytoreducerwiththekey<Keyi>.QRdecompositionfunctionhas
beenimplementedineachmapjobusingMap_Fact()functiontodecomposethereceived
matrixXi intoQandRmatrix.ThemapfunctionproducesamatricesQandRwiththe
key<Keyi>and<KeyR>respectivelyandsentthemtothereducer.TheinputmatrixXis
decomposedintoQRmatrixas:

X=

X

X

X
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MapperfunctionAlgorithm[QRDecomposition]
Input: X

i
, Y

i
; where i=1,…n Blocks

Output: Q
i
, R

i
; Where i=1….n Blocks

   Start 
     (Q

i
,R

i
)= Mapp_Fact(X

i
)

     Produce(Key
i
, Q

i
)

     Produce(Key
R
, R

i
)

     Produce(Key
i
,Y

i
)

   End 
Map_Fact(X

i
)

Input: X
i

Output: Q
i
,R

i

   Start 
     (Q

i
,R

i
)=QR_Fact(X

i
)

   End

Reducer function:Asinglereducetaskhasbeenimplementedinphase1toprocess theresults
receivedfromthemapphase.ThereducerfunctionwillreceiveinputsasthesetofRi,Qimatrices
andYivectorfromthemapfunction.TheQimatricesandYivectorsaresenttothereducerin
thesecondphase.ThematrixRiisusedbythisreducertocomputetheintermediatematrixRint.
TheintermediatematrixRintisthendecomposedusingQRfactorizationas:

Rint=

R

R

R
n

1

2

�



























RintisthendecomposedusingQRfactorizationas:

Rint= ′Q R 

Thematrix ′Q willbedecomposedintothesamesmallpartitionsusingreduce_1()function
andsenttothereducerinphase2withthekey<Keyi>.ThematrixRisconsidertoconstructthe
finalmatrixRfwiththekey<KayR>.

ReducerfunctionAlgorithm[QRFactorization]
Reducer() 
Start 
     Reduce_1 (Keyi

, List[Y
i
, Q

1
,Q

2
,..Q

i
])

     Input: Q
i
, Y

i
, where i=1…n Blocks

     Start 
          Produce (Key

i
, Y

i
)

          Produce (Key
i
, Q

i
)

     End 
     Reduce_1(Key

R
, [R

1
,….R

i
])

     Input: R
int
 = Matrix [R

1
,…R

i
]

     Output: = Q
i
'  and R

f
 ; Where i=1…n Blocks
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     Start 
    ( ′Q , R

f
)=QR_Factorize(R

int
)

     Q
i
'  = Block_Divide( ′Q ,BS)

     End 
End

5.1.2. Phase 2
Asinglereducetaskhasbeenimplementedinphase2.Theinputtothisreducefunctionisthe
setofQ

i
' ,QiandYimatriceswhichhavethesamekey<Keyi>fromthephase1.Thereducerin

phase2multiplythecorresponding(Q
i
' ,Qi)factorsandstoretheresultantmatrixintoQMmatrix.

The resultant matrix QM is transposed and multiplied with the Yi vector to produce the
intermediatevectorVi.

ReducerfunctionAlgorithm[Intermediatevalues]
Start 
       Reducer_V (Keyi

, List[Q
i
, Q

i
' , Y

i
])

        Input: List [Q
i
, Q

i
' , Y

i
)  

        Output: = V
i
[ ]

        Start 
            QM

i
 = multiply(Q

i
, �Q

i
’ )

            QM
i
'  = Transpose(QM

i
)

                     V
i
 = multiply(QM

i
' , Y

i
)

        End 
       Reduce_Key (Key

R
, R

f
)

        Input = R
f

        Output= R
f

        Start 
            Produce(Key

f
, R

f
)

        End 
End

5.1.3. Phase 3
Asinglereducetaskhasbeenimplementedinphase3toproducethefinalresult.Theinputtoreduce
functionisthesetofvectorsViandRffromphase2.TheadditionofallVivectorsgivesthefinalvectorV,
andthefinalvectorVismultipliedwiththefinalRvalueRftoproducetheregressioncoefficientsβvalues.

ReducerfunctionAlgorithm[CoefficientsCalculation]
Start 
     Reducer_B(Keyf

, List[R
f
, V1,…Vi])

     Input: List[R
f
, V1,..Vi]

     Start 
          R

f
−1 = Inverse(R

f
)

          B
i
[ ] = multiply(R

f
−1, ∑V

i
)

     End 
     Output: B

i
[ ]

End
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Thecomputedcoefficients(β)valuesareappliedtotheregressionequationtopredictthedemand
fortheselectedcropfortheconsideredHarvestingperiod.

6. RESULTS AND DISCUSSIoN

Inorder tobuildanaccuratedemand-based forecastingmodel, it is feasible toconsidera setof
independent(response)anddependent(predictor)variablesforMLRmethodwhicharelinearlyrelated
andstronglycorrelatedamongthemselves.So,itisnecessarytocheckwhetherthereexistanylinear
relationshipandsignificantcorrelationbetweenthedependentandindependentvariablesconsidered.
Therelationbetweentheresponseandpredictorvariablescanbeanalyzedthroughcomputationof
thesimplesummaryfunctionwithmeansstandarddeviation,correlationetc.Therelationshipcanbe
visualizedusingthescatterplots(Figures2and3),whichshowstheexistenceofalinearassociation
betweentheresponsevariablesandpredictorvariables,outliers,data-entryerrorsandskewedor
unusualdistributions.BeforeimplementingtheproposedEMLR-DFmodel,theefficiencycouldbe
evaluatedwiththesampledatasetsforthecropsRiceandOnionconsideringdemandasdependent
variableandpopulation,income,percapitademandandexpenditureasindependentvariablesusing
correlationcoefficients,R-squaredvaluesandscatterplotsasthemetrics.

Figure3isthescatterplotforanalyzingtherelationshipbetweenthedependentandindependent
variablesusedinthedemandforecastingmodelforthecropRice.Fromthepatterninwhichdata
pointsarescatteredinthefigure,itcanbedeterminedthatthereexistsalinearrelationshipbetween
thevariablesofthemodel.So,thepreferredvariablescouldbeusedinimplementingthemodel.

Table1alsoshowsthecorrelationbetweeneachandeveryvariableofthemodelinallpossible
combinationswhichareverystrongasonanaverage,itis89%.Asalltheindependentvariables
population,income,expenditureandpercapitademandexhibitsastrongcorrelationwiththedependent

Figure 3. Scatter plot – Linear relationship between dependent and independent variables while forecasting the demand for the 
crop rice
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variabledemand,theseindependentvariablescouldbecertainlyconsideredasmoresuitableand
significanttowardsthedevelopmentofthemodel.Thelevelofcorrelationorthesignificanceof
thesecoefficientsisshowninTable2andobservedthatallthevariablesarehighlysignificant(***)
withthedevelopedmodel.

Theproposedmodelgives themost significantvalueswith themore significant correlation
coefficientsandtheR-squaredvalueof0.98thatindicates98%ofaccuracybythedevelopedmodel
inpredictingthedemandvalues.

Table3comparestheactualdemandvalueandthemodelpredicteddemandvaluesforthecrop
rice.Fromthetable,itcanbeobservedthatthepredictedvaluesbythemodelareonparwiththe
actualvalues.So,thedevelopedmodelcaneffectivelyforecastthedemandvaluesforfoodcrops.So
thedevelopedmodelcouldbeusedinforecastingthedemandvaluesforagriculturalcommodities
veryeffectively.

Figure4isthescatterplotforanalyzingtherelationshipbetweenthedependentandindependent
variables used in the demand forecasting model for the crop Onion. From the figure, it can be
determinedthatthereexistsalinearrelationshipbetweenthevariablesofthemodel.So,thepreferred
variablescouldbeusedinimplementingthemodel.Table4showsthecorrelationbetweenthevariables
ofthemodel,fromthetableitcanbeobservedthatthereexistastrongcorrelationbetweenthevariables
ofthemodel.Astheindependentvariablesexhibitastrongcorrelationwiththedependentvariable,
usedindependentvariablesaremoresignificantinmodeldevelopment.Table5givesthesignificance
ofmodelcoefficientsandshowsthehighsignificance(***)valuesforallthevariableschosen.

TheModelcoefficientvalueshowsthehighsignificancewiththe‘p’valueandR-squaredvalues
of0.99thatindicates99%ofaccuracybythedevelopedmodelinpredictingthedemandvalues.So,
themodelcouldbeusedeffectivelyinforecastingthedemand.

Fromtheanalysismadewiththeresultsofscatterplotandcorrelationfunction,itcanbeconcluded
thattheproposedEMLR-DFmodelisthemostappropriateinforecastingthedemandforthefoodcrops

Table 1. Correlation between dependent and independent variables

Population Income Expenditure Per Capita 
Demand Demand

Population 1.0000000 0.7040245 0.7040245 0.999792 0.812162

Income 0.7040245 1.0000000 1.0000000 0.692819 0.969624

Expenditure 0.7040245 1.0000000 1.0000000 0.692819 0.867482

Percapita
demand 0.9997917 0.6928186 0.6928186 1.000000 0.801281

Demand 0.8121618 0.9696239 0.9696239 0.801281 1.000000

Table 2. Model coefficients

Variable Estimate Std. Error T Value Significance

Population 2.348e+01 1.268e+00 18.514 ***

Income 8.884e-05 2.989e-06 29.725 ***

Percapita -1.199e+01 6.619e-01 -18.116 ***

Expenditure 0.159990 0.005299 30.19 ***

MultipleR-squared 0.9861

AdjustedR-squared 0.9859
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astheresponseandpredictivevariablesconsideredarehighlycorrelatedandlinearlyrelatedwithhigh
significance.So,theEMLR-DFmodeldevelopedcouldbeusedforeffectiveforecastingofthedemand
fordifferentfoodcrops.Hence,usingtheEMLR-DFmodelthedemandforRice,Wheat,Tomatoand
OnionforthestateofKarnatakahavebeenforecastedfortheyears2018to2021andaredrawninTable6.

Table 3. Comparison of actual and predicted demand values

Actual Demand Predicted Demand

26.48 26.5

27.5 27.1

28 27.9

28.7 28.4

29.4 29.6

30.8 31.3

32.5 32.3

34.8 34.6

36.9 37.2

39.3 39.9

42.9 42.9

45.3 45.2

Figure 4. Scatter plot – Linear relationship between dependent and independent variables while forecasting the demand for the 
crop onion
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ThetimetakenbyOrdinaryLeastSquareMethod,MatrixDecompositionMethodandParallel
Multiple Regression Method for computing the coefficient values considering the last ten years
datasetsareshowninFigure5.AstheEDMLR-DFmethodperformsthecomputationinparallel
usingMap-Reducetechnique,theaveragetimetakenbythismethodis14seconds.Whereasleast
squaremethodandmatrixdecompositionmethodsdonotfollowparallelcomputationapproach,the
averagetimetakenbythesemethodsis32secondsand28secondsrespectivelyforthesamedata
sets.So,theparallelmultipleregressionmodelismoreefficient.

7. CoNCLUSIoN

Inthiswork,atruthfuldemandforecastingmodelusingMultipleLinearRegression[EMLR-DF]is
proposedtoforecastthedemandforvariousfoodcropstoassistthefarmersforgrowingdemandbased
crops.EMLR-DFmodelhasbeendevelopedandevaluatedwiththesampledatasetsforthecrops

Table 4. Correlation between dependent and independent variables

Population Income Expenditure Per Capita 
Demand Demand

population 1.0000000 0.7040245 0.7098395 0.6922396 0.8029122

income 0.7040245 1.0000000 0.9878007 0.9367008 0.9253252

expenditure 0.7098395 0.9878007 1.0000000 0.9709860 0.9577156

Percapita
demand 0.6922396 0.9367008 0.9709860 1.000000 0.9853215

demand 0.8029122 0.9253252 0.9577156 0.9853215 1.000000

Table 5. Model coefficients

Variable Estimate Std. Error T Value Significance

Population 7.101e-02 2.426e-05 2927.430 ***

Income 8.719e-07 1.144e-07 7.619 ***

Percapita 9.912e-01 3.162e-04 3135.012 ***

Expenditure -1.061e-02 4.944e-05 -214.699 ***

MultipleR-squared 0.9942

AdjustedR-squared 0.9901

Table 6. Demand forecasted for onion, tomato, rice and wheat using EMLR-DF model year 2018 to 2021

Year
Vegetables Cereals

Onion Tomato Rice Wheat

2018 66.706 62.59364 41.67 10.32

2019 70.026 64.74002 45.08 11.06

2020 73.488 67.34 48.22 11.67

2021 76.95 71.25 52.91 12.33
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RiceandOnionconsideringdemandasdependentvariableandpopulation,income,percapitademand
andexpenditureasindependentvariables.Astheresponseandpredictivevariablesconsideredare
highlycorrelated,linearlyrelatedwithhighsignificanceof’p’valuesandwithanR-squaredvalueof
0.98alsofromtheanalysismadewiththeresultsofscatterplotandcorrelationfunction,ithasbeen
concludedthattheproposedEMLR-DFisthemoreaccuratemodelinforecastingthedemandfor
thefoodcrops.Thedevelopedmodelcouldderivethecoefficientsin14secondscomparedtoleast
SquareMethod,MatrixDecompositionmethodswhichhavetaken32secand28secrespectively.
Theproposedmodelhasachieved98%ofaccuracyinforecastingthedemandvaluesforfoodcrops.
Hence,thisforecastingmodelcouldbecertainlyusedtoassistthefarmersingrowingdemandbased
cropsandtherebyreducingthelossforthemalsomakingthecustomershappy.Infuture,bymaking
useofthismodel,afull-fledgedsystemcouldbedevelopedtoassistthefarmers.

Figure 5. Execution time taken by ordinary least square method, matrix decomposition method and parallel multiple 
regression method
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