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ABSTRACT

Accurateanalysisandrecommendationonproductsbasedononlinereviewsandratingdataplay
animportantroleinpreciselytargetingsuitableconsumersegmentationsandthereforecanpromote
merchandisesales.Thisstudyusesarecommendationandsentimentclassificationmodelforanalyzing
thedataofbeerproductbasedononlinebeerreviewsandratingdatasetofbeerproductsandusesthem
toimprovetherecommendationperformanceoftherecommendationmodelfordifferentcustomer
needs.Amongthem,thebeerrecommendationisbasedonratingdata;10classificationmodelsare
comparedintextsentimentanalysis,includingtheconventionalmachinelearningmodelsanddeep
learningmodels.Combiningthetwoanalysescanincreasethecredibilityoftherecommendedbeer
andhelpincreasebeersales.Theexperimentprovesthatthismethodcanfiltertheproductswithmore
negativereviewsintherecommendationalgorithmandimproveuseracceptance.
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1. INTRodUCTIoN

Onlinereviewandrating,asthetwomostimportantcustomerreferencefactorsinonlineshopping
platforms,haveagreaterinfluenceonconsumers’willingnesstobuy.Atthesametime,e-commerce
platformsoronlineadvertisingagenciesalsoneed touse thesedataasabasis tomakeaccurate
recommendations or advertising for customers with different preferences. However, rating data
cannotreflectthespecificcharacteristicsoftheproduct.Andinmanycases,reviewsthatlackrating
dataoftenmakeitdifficulttojudgetheuser’sspecifictendencyoftheproduct(especiallyinthe
caseofambiguous,overlysimplisticorworthlessreviews).Therefore,howtocomprehensivelyuse
thesetwotypesofdatatosupporttheconstructionofamoreintelligentrecommendationsystemis
asubjectworthexploring.
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This paper mainly analyses the data based on users’ reviews on beer. However, the current
researchesfocusontheintrinsicqualityofthebeer,andtherearefewresearchesonbeerreviewand
ratingmining.Analyzingonlinereviewscannotonlyhelpmanufacturersdevelopproductsthatare
moreinlinewithconsumerpreferences,butalsopromotesales.Therefore,thestudyisbasedonbeer
ratingdataandrecommendsbeerproductsthroughtheSpark-ALScollaborativefilteringalgorithm
andcompared10classificationmodelsincludingconventionalmachinelearninganddeeplearning
forconsumerreviewanalysis.Finally,arecommendationmodelbasedonSpark-ALSandLSTMwas
builttoprovidemoreaccurateandcrediblerecommendations.

Ourmaincontributionsareasfollows:

1. We combine customers’ review text data and rating data to support the construction of
recommendationmodelandimproveitseffectiveness.Experimentshaveshownthatourmethod
achieveseffectiveperformanceonbeerproductrecommendationtask;

2. Comparing10classifiers includingmainstreamconventionalmachine learningmethodsand
deeplearningmethodsforsentimentanalysistaskofrecommendationmodel3.Weconducted
arelativelycomprehensiveliteraturereviewofpreviousresearchincustomerreviewmining,
productratinganalysis,andprovidedsometechnicalandapplicationanalysisandsuggestions
forrelatedbusinessintelligencefields.

Therestofthearticleisstructuredasfollows:Section2reviewstherelatedworksandisfollowed
bythemethodologyinSection3.TheexperimentdescriptionispresentedinSection4.Next,Sections
5reportstheresultoftheexperiment.5.Section6illustratesthelimitationsofthestudy,discusses,
andanalyzesthevalueofrelatedtasksfrombothtechnicalandapplicationperspectives.Finally,the
lastsectionistheconclusion.

2. LITeRATURe ReVIew

Thereputationoftheproducthasbecomeanimportantfactorforconsumerstoinfluencepurchase
intention.Toacertainextent,itcanberegardedasafilterinthecurrentInternetenvironmentwith
massiveconsumptioninformationtohelppeoplemakebetterdecisions.Onlinereviewsareoneof
themostimportantmediumsthatreflectthereputationoftheproduct.Andasanemergingfieldof
Webinformationmining,onlinereviews’sentimentanalysisinvolvesawiderangeofresearchtopics,
e.g.,identifyingtheattributesoftheproductsbeingreviewed,determiningtheattitudesofcustomers,
andminingonlinereviewsofproducts.

2.1. Mining for Customers’ Review
Customers’reviewhasbecomeanessentialreferenceforconsumerconsumptionintoday’sproduct
consumption(Duan,Gu,&Whinston,2008).Therefore,theroleofcustomers’reviewsinbusinesshas
attractedtheattentionofscholarsinmanyfields.Customers’reviewsarethemostvaluedinformation
forcompaniesandmanufacturerstounderstandcustomers’feedbackontheirproductssothatthey
couldusethisinformationtoimprovethequalityoftheirproducts(Chong,Ch’ng,Liu,&Li,2017).
Customerreviewsalsocanprovideretailerswithabetterwaytounderstandthespecificpreferences
ofeachcustomer.Furthermore,consumers’reviewreflectstheprocessoftheirpurchasedecisions,
andbyexploringthekeyfactorsthatledthemtopurchase,itcanhelpimproveproductsales(Wei,
Chen,Yang,&Yang,2010).

Parketal.(Park,Lee,&Han,2007)usedalikelihoodmodeltoexplainhowthedegreeofonline
product reviews and product participation affect consumer behavior, and the result was that the
qualityofreviewshasapositiveinfluenceonconsumers’purchaseintentions,andlow-engagement
consumersareaffectedbythenumber,notthequalityofthereviews.Ifrachetal.(Ifrach,Maglaras,
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Scarsini,&Zseleva,2019)proposedthatinacertainpricerange,usersusuallyuseBayesianmodels
toinferproductqualityinverselybasedonproductratings,therebyconductingresearchonproduct
pricing issues. Singh et al. (Singh et al., 2017) established a machine learning model that uses
thecharacteristicsofthetexttopredictthecontributionsofconsumerreviewstopotentialusers.
Theresultsofthestudyencouragebuyerstowritemoreeffectivereviews,therebyassistingother
consumersinmakingpurchasingdecisions,andalsohelpmerchantsimprovetheirproductwebsites.
Salehanetal.(Salehan&Kim,2016)conductedbigdatastatisticsandsentimentanalysisonthe
evaluation of online users. The experimental results show that reviews with a higher degree of
positiveemotionswillbereadbymoreusers,andthereviewswithaneutralemotioninthetextare
alsoconsideredmorehelpful.Proserpioetal.(Proserpio&Zervas,2017)analyzeduserreviewsin
thehotelindustryandconcludedthatwhenhotelsrespondtothecustomers,thehotelwillreceive
fewernegativereviews.Leeetal.(Lee,Yang,Chen,Wang,&Sun,2016)proposedanapproachof
miningperceptualmappingtoautomaticallyconstructperceptualmapsandradarchartsfromonline
consumerreviews.Thisapproachcanhelprelatedmerchantstopositioningnewproducts’market
andformulatecorrespondingmarketingstrategies.Additionally,customers’reviewsmayincludenot
onlytextreviewsbutalsoproductratingsandothersalesinformation.Chenetal.(L.Chen,Li,Liu,
Zhang,&Woodbridge,2017)proposedaproductrecommendationalgorithmbasedonApacheSpark.
Thismachine-learningalgorithmcanrecommendthemostsuitableproducttousersaccordingto
thecustomers’ratings.Filierietal.(Filieri,Hofacker,&Alguezaui,2018)usedadetailedlikelihood
modeltostudyconsumerperceptionsandfoundthatlonglengthreviewsmightnotnecessarilybe
helpful,whilehighlyrelevantreviewsandproductsrankingscoreswereconsideredtwoimportant
piecesofinformation.

2.2. About Sentiment Analysis in online Reviews
Accordingtodifferenttypesoftexts,sentimentanalysiscanbedividedintosubjectivetextanalysis
andobjectivetextanalysis(Witten,2004),includingtextsentimentpolarityanalysisandtextsentiment
polarityintensityanalysis.Thepolarityofsentimentisdividedintopositiveandnegativepoles,and
somescholarshavejoinedtheneutralitypole.Althoughthisclassificationmethodissimple,itcan
meettheneedsofmostpracticalapplications,suchasjudgingwhetherconsumersarepositiveor
negativereviewsofgoodsandwhethertheysupportoropposesomeopinions.However,themulti-
classificationofsentimentisadifficulttaskinclassification.

Cao(Cao,Duan,&Gan,2011)analyzedthesemanticfeaturesinthereviewtextandfoundthat
thesemanticsinthereviewcouldmoreeffectivelyinfluenceconsumers’decisions.Moreover,the
reviewswithmoreextremelanguageexpressionsweremoreinfluential.Jonathanetal.(Jonathan,
Sihotang,&Martin,2019)studytherestaurantreviewsinarestaurantscoringapplicationnamed
Zomatoandusedthemforsentimentanalysis.Thisarticleusesthetermfrequency-inversefrequency
(TF-IDF)tocreatewordfeature.Theaccuracyofthepositive,negative,andneutralemotionsobtained
intheexperimentsis92%,93%,and96%,respectively.Ruderetal.(Ruder,Ghaffari,&Breslin,
2016)proposedusingahierarchicalbidirectionalLSTMmodeltomodelthecontentofcustomer
reviews,andthenusedaspect-basedsentimentanalysistoprocess.Theexperimentalresultsshowthat
thismodelhasobtainedresultsthatcompetewiththemostadvancedresultsandsurpassesthemost
advancedtechnologyonmultilingualandmulti-domaindatasets.Zhangetal.(Zhang,Zhou,Duan,&
Chen,2018)proposedabidirectionalGRU-basedsentimentanalysismodelformulti-labelsentiment
analysistasks,andexperimentsprovedtheeffectivenessofthemodelincomputingefficiency.Chen
etal.(H.Chenetal.,2018)usedtheLSTMnetworktoperformfine-grainedsentimentanalysison
customerreviewsononlineshoppingplatforms.Theexperimentalresultsachievedanaccuracyof
90.74%andanF1scoreof65.47%,provingthefeasibilityandeffectivenessoftheLSTMnetwork.
Inaddition,theperformanceofLSTMnetworksinfine-grainedsentimentanalysisissignificantly
betterthanconventionalmachinelearningmethods.Jebbaraetal.(Jebbara&Cimiano,2016)divided
theemotionanalysis taskintotwosub-tasks:aspectextractionandspecificsentimentextraction.
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Comparedwiththeconventionalsingle-tasksentimentanalysis,thismethodismoreflexibleand
morepractical.IthasbeenwellverifiedintheESWC-2016semanticsentimentanalysischallenge.

3. MeTHodoLoGy

Theuserreviewdatainthedatasetconsistsoftwoparts:theuser’sratingofthebeerandtheother
partistheuser’stextreviewonthebeer.Thedataminingofthedataisalsodividedintotwoparts:
oneistobuildarecommendationmechanismbasedontheratingdata;theotherissentimentpolarity
analysisbasedonthetextualreview.

3.1. Analysis of Rating data
TheSpark-ALSbasedcollaborativefilteringrecommendationalgorithmisusedtorecommendbeers
tousers.TheALSrecommendationalgorithmisamatrix-baseddecompositionmethodthatconsiders
bothUserandItemaspects(Xie,Zhou,&Li,2016).Ingeneral,usersonlybuyaminimalnumber
ofproductsintheitemandscoreit.Sucharatingmatrixcontainingusersandproductsisquitesparse.
UsingthematrixdecompositionfunctionintheSparkMLlibmachinelearninglibrary(Mengetal.,
2016),findak-dimensional(low-order)matrixsimilartothe”user-item”matrix,whichisamatrix
ofm×nisobtainedbymultiplyingtwomatricesofm k× andk n× ( , )k m n<< :

A U V
m n m k k n× × ×= ×  (1)

These two matrices one for representing the user m k× -dimensional matrix, and a
k n× -dimensionalmatrixthatcharacterizestheitem.Thesetwomatricesarecalledfactormatrices,
whicharemultipliedtogetaratingforeachproductforeachuser.

ThetaskofmachinelearningistofindU
m k× andV

k n× .Itcanbeseenthatu v
i
T
j
isthepreference

of user i for commodity j, and the Frobenius norm is used to quantify the error generated by
reconstructingUandV.Sincemanyplacesinthematrixareblank,i.e.,theuserdoesnotscorethe
product,forthiscasewedonotneedtocalculatetheunknownelement,onlytheobserved(user,
commodity)setR(Winlaw,Hynes,Caterini,&DeSterck,2015).

UandVarecoupledtoeachotherintheobjectivefunction,soanalternatingsquarealgorithm
isused.Thatis,theinitialvalueU(0)ofUisassumedfirst,sothattheproblemistransformedintoa
least-squaresproblem.V(0)canbecalculatedaccordingtoU(0),andU(1)iscalculatedaccordingtoV(0),
thisiterationcontinuesuntiliteratesacertainnumberoftimes,orconverges:

 A UV min a u vT
F

i j R
ij i

T
j

− → −( )
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∑2

2
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3.2. Sentiment Analysis for Review data
Thesentimentpolarityanalysisofproduct reviewscanmeet thebasicneedsof theplatform
oruserinpracticalapplications(Mostafa,2018).Accordingtotheuser’soverallratingofthe
product,thesentimentpolarityofthetextdatasetisannotated,andthepolarityofthesentiment
ismainlydividedintothreetypesofpositive,negative,andneutral.Pre-processingthealready
annotatedtextdatasetmainlyremovesduplicatedataandfills innullvaluesduringthepre-
processingprocess.

Aftertheprocesseddatasetisobtained,eachpieceoftextissegmented,andthecharactersand
stopwordsareremoved.UsetheWord2Vec,awordembeddingmodeltovectorizewordsinthetext.
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Comparedwiththeconventionalnaturallanguagestatisticalmodelingmethods,itsolvestheproblems
ofthedimensionalexplosion,wordsimilarityandmodelperformancetosomeextent(Liu,2019).

Thecombinationof thedeeplearningalgorithmandtextsentimentanalysiscanprovidea
bettersolutionforsentimentpolarityclassification(DaSilva,Hruschka,&HruschkaJr,2014).
Thispaperwillcomparetheconventionalmachinelearningclassificationmodelandtheneural
network classification model through experiments to obtain a better solution in the sentiment
analysisoftextreviews.

3.2.1. Convolutional Neural Network
Convolutional neural network (CNN) is a feed-forward neural network, which has an excellent
performanceinlarge-scaleimageprocessingandhasbeenwidelyusedinimageclassification,text
classification,andotherfields.TheCNNisconstructedbyimitatingthebiologicalvisualperception
mechanismandcanperformsupervisedlearningandunsupervisedlearning.Thesharingofconvolution
kernelparametersinthehiddenlayersandthesparsenessoftheconnectionbetweenlayersenablethe
convolutionalneuralnetworktolearngrid-liketopologyfeatures(e.g.,pixelsandaudio)withasmall
amountofcomputation.Andithasastableeffectandnoadditionalfeatureengineeringrequirements
forthedata.TheoverallstructureofConvolutionalNeuralNetworkmainlyincludesthreelayers:

• Convolutional Layer:Thislayerconsistsoffiltersandactivationfunctions.Generally,thehyper-
parameterstobesetincludethenumber,size,andstepsizeoffilters,andwhetherthepadding
is“valid”or“same”,andwhatactivationfunctionisselected;

• Pooling Layer:Theparametersof this layerhavebeenset,suchasMaxPoolingorAverage
pooling.Inaddition,itisneededtospecifythehyper-parameters,includingwhetheritisMax
oraverage,thewindowsize,andthestepsize;

• Fully Connected Layer:Thislayerisarowofneurons.Thislayeriscalled“fullyconnected”
becauseeachunitisconnectedtoeachunitinthepreviouslayer.

3.2.2. Recurrent Neural Network
RecurrentNeuralNetwork(RNN)hasthecharacteristicsofparametersharing,memory,andTuring
completeness,andithasgreatadvantagesinlearningthenonlinearcharacteristicsofthesequence.
Asasignificantmodelofdeeplearning,ithasbeenwidelyusedinthefieldofnaturallanguage
processing(e.g.,languagemodeling,machinetranslation,speechrecognition,etc.)andtimeseries
relatedpredictiontasks.TheRNNconstructedafterintroducingtheconvolutionalneuralnetworkcan
beusedtosolvecomputervisiontaskswithsequenceinput.RNNisatypeofneuralnetworkusedto
processtime-seriesdata.Time-seriesdatareferstodatacollectedatdifferentpointsintime;thistype
ofdatareflectsthechangingstateofathingorphenomenonovertimeordegree.Thereasonwhy
RNNiscalledrecurrentneuralnetworkisthatthecurrentoutputofasequenceisalsorelatedtothe
previousoutput.Thespecificmanifestationisthatthenetworkmemorizesthepreviousinformation
andappliesittothecurrentoutputcalculation,thatis,thenodesbetweenthehiddenlayersarenot
connectedbutthelayersarefullyconnected,andtheinputofthehiddenlayerincludesnotonlythe
outputoftheinputlayer.Italsoincludestheoutputofthehiddenlayerfromthepreviousmoment.
Itmainlyconsistsofaninputlayer,ahiddenlayer,andanoutputlayer.

Supposet −1 ,t representstimeseries,X istheinputsample,S
t
isthememoryofthesample

attime t ,W istheinputweight,U istheweightoftheinputsampleatthecurrentmoment,and
V istheoutputsampleweight.Thefinaloutputvaluecanbeobtainedby:

h Ux WS
t t t
= + −1  (3)
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s f h
t t
= ( )  (4)

o g VS
t t
= ( )  (5)

Amongthem, f andg areactivationfunctions.And f canbetanh ,relu ,sigmoid andother
activationfunctions,g canbesoftmax orother.AndW ,U ,V arealwaysequal,alsodefinedas
weightsharing.

3.2.3. Long Short-Term Memory
LongShort-TermMemory(LSTM)networks,avariantRNNnetwork,isdesignedtosolvetheproblem
oflongdependence(e.g.,Forgetthekeyinformationoflong-distancecontext.Itcanalsoberegarded
as“Gradientdisappearanceproblem”ofRNN).Itissuitableforprocessingandpredictingimportant
eventswithrelativelylongintervalsanddelaysintimeseries(e.g.,aspecialreferenceincontext).
TheLSTMnetworkcandeleteoraddinformationtothecellstatethroughastructurecalledagate,
andthegatecanselectivelydecidewhichinformationtopass.LSTMcontrolsthestateofcellsby
threegates,whicharecalledforgetgate,inputgate,andoutputgate.

ThefirststepinLSTMistodecidewhatinformationneedstobediscardedfromthecellstate.
Thispartoftheoperationishandledbyasigmoidunitcalledtheforgetgate.Ituses h

t−1 and x
t


informationtooutputavectorbetween0-1.The0-1valueinthisvectorindicateswhichinformation
inthecellstateC

t−1 isretainedordiscarded.
Thenextstepistodecidewhatnewinformationtoaddtothestateofthecell.First,use h

t−1 
and x

t
todecidewhichinformationtoupdatethroughanoperationcalledaninputgate.Thenuse

h
t−1 andx

t
toobtainnewcandidatecellinformationC

t
� throughatanh layer,andthisinformation

maybeupdatedintothecellinformation.
Afterupdatingthecellstate,itneedstodeterminewhichstatecharacteristicsoftheoutputcell

accordingtotheinputsh
t−1 andx

t
.Thentheinputispassedthroughasigmoidlayercalledanoutput

gatetoobtainajudgmentcondition.Thenthecellstateispassedthroughthetanhlayertoobtaina
vectorbetween-1and1,whichismultipliedwiththejudgmentconditionobtainedbytheoutputgate
toobtainthefinaloutputoftheLSTMunit.

4. eXPeRIMeNTS

4.1. dataset
ThedatasetfromCraftBeerdataset(Kaggle.com)1,whichmainlydescribesusers’reviewsonbeer
from1999to2012.TheBeerdatasetfile(CSV)has37,500rowsand19columns.Theuser’sreview
data includes textual reviews of beer and ratings of four features (aroma, appearance, taste and
palate)andoverallforbeer.Theinformationaboutthereviewers,suchasageandgender,andother
datacolumnsirrelevant to theexperiment,wereexcludedin thiswork.In thesentimentanalysis
experiment,thetextdatasetisclassifiedaccordingtotheoverallratinginthedata,whichisdivided
intothreecategories:neutral,positive,andnegative(Table1).

4.2. experiment of Rating data

1. Pysparklibraryisusedtogetamatrix<user,item,rating>;
2. Countthenumberofuniqueusersandbeerandcalculatethesparsityofthematrix;
3. TrainingALSmodel(Hidasi&Tikk,2012)inpyspark.ml.recommendationlibrary;
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4. Trainingandgetthescoreofeachbeerfromeachuser,sortthescoreofeachbeerfromtheuser,
andrecommendabeertotheuser;

5. BycomparingtheALSrecommendationmodel,theSVDrecommendationmodel(Ba,Li,&
Bai,2013)andKNN-basedrecommendationmodel(Resnick,Iacovou,Suchak,Bergstrom,&
Riedl,1994),selecttheoptimalrecommendationalgorithm.

4.3. Sentiment Analysis experiment for Text Review
4.3.1. Contrast Experiments
Thereareconventionalmachinelearningclassificationmodels(Pedregosaetal.,2011),includingthe
DecisionTreemodel,RandomForestmodel,ExtraTreesmodel,NaiveBayesianmodel,andLogistic
RegressionmodelandStochasticGradientDescentclassificationmodel:

1. Decision Tree is a tree structure in which each internal node represents a judgment on an
attribute,eachbranchrepresentstheoutputofajudgmentresult,andeachleafnoderepresents
aclassificationresult;

2. RandomForestreferstoaclassifierthatusesmultipletreestotrainandpredictsamples.Inwhich
randomness ismainlyreflected in twoaspects: randomsampling(rowrandom)andrandom
selectionfeatures(columnrandom),whichcanpreventtheoccurrenceofoverfitting;multiple
decisiontreescanpreventtheoccurrenceoflowgeneralizationofthemodel;

3. ExtraTreesalgorithmhasmorerandomness.Whenselectingtheoptimalsplitvalueforcontinuous
variablefeatures,theeffectofallsplitvalueswillnotbecalculatedtoselectthesplitfeature.
Instead,foreachfeature,withinitsfeaturevaluerange,asplitvalueisrandomlygeneratedand
thencalculatedtoseewhichfeatureisselectedforsplitting;

4. Naive Bayes method is a classification method based on Bayes’ theorem and independent
assumptionsoffeatureconditions.ItissimplifiedbasedontheBayesianalgorithm,thatis,itis
assumedthattheattributesareindependentofeachotherwhengiventargetvalue;

5. Logistic Regression is amachine learning method for solving binary classification (0or 1)
problems.Itisusedtoestimatetheprobabilityofcertainevents.

Table 1. Data description

Column Name Quantity Type

beer/beerId 37500 int64

beer/brewerId 37500 int64

beer/name 37500 object

beer/style 37500 object

review/appearance 37500 float64

review/aroma 37500 float64

review/overall 37500 float64

review/palate 37500 float64

review/taste 37500 float64

review/text 37490 object

user/profileName 37495 object
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Deep Learning models: CNN (Kim, 2014), RNN (Mikolov, Karafiát, Burget, Černocký, &
Khudanpur,2010),LSTM(Sundermeyer,Schlüter,&Ney,2012)classificationmodel.

Thedetailoftheabove3DeepLearningmodelshasbeenintroducedin3.2.1,3.2.2and3.2.3.

4.3.2. Experiment Process

• TextPre-processingusestheTokenizerintheNLTKlibrarytosegmentthetextandgettheword
listforeachtextualreview;

• UsethestopworddictionaryinNLTKlibrarytoremovestopwords,numbersandspecialsymbols
alsoremovedfromthelist;

• UsetheWord2vecmodeltolearnthewordvectorofthedata,usingthedefaultparametersettings.
Thepre-processedwordsequenceisenteredintothelearningwordvectorinthemodel;

• Usethegeneratedwordvectortoinputintoeachclassificationmodelforlearningclassification,
andallmodelsclassifythedataintothreecategories.

5. ReSULT ANd ANALySIS

Inthepreliminaryanalysisofthedata,thecorrelationmatrixisshowninFigure1.

Itindicatedthatthemostrelevanttotheoverallratingofbeeristhetasterating,followedbythe
palaterating.Theleastrelevantistheappearanceratingofbeer.

ThroughtheALSrecommendationmodel,beercanberecommendedforeachuser.Forexample,
theresultsofrecommendingbeerforusers11areasfollows(Figure2).

Thebeer recommendationsystem isacomprehensive recommendationbasedon theoverall
ratingandfourfeatures’rating(aroma,appearance,palateandtaste)torecommendbeersforeach

Figure 1. Correlation Matrix

Figure 2. Recommendation results
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user.Comparedtotherecommendationalgorithmrecommendedonlybyonekindofrating,Users
maylikelytoacceptthebeerrecommendedbytheformersystem.However,duetotheimbalanceof
theuserratingdatainthedatabase,theaccuracyrateoftheALSrecommendationalgorithmis62%.

Compared with other SVD recommendation algorithms and KNN-based recommendation
algorithms, theRMSE results are0.65and0.82, respectively.TheKNN-based recommendation
algorithm is based on finding neighboring users and making recommendations based on items
purchasedbyneighboringusers.ThismethodhasahigherRMSEvalueof0.82.Both theSVD
recommendationmodelandtheALSmodelusethedecompositionmatrixtocalculatetheuser’s
predictedscorefortheitem.WhiletheSVDfirstfillstheentiresparsematrixandthencalculatesthe
dimensionalityofthematrixbycalculatingthepercentageofthesquareoftheoddvalue.TheRMSE
valuesoftheSVDmodelandtheALSmodelaresimilarinthisdataset.However,theSVDmodelis
notonlycomputationallycomplexbutalsoconsumesaconsiderableamountofstoragespace.Thus,
bycomparison,theALSrecommendationmodelisbestsuitedforthisbeerdataset.

Intheexperimentofsentimentanalysis,theclassificationmetrics(accuracy,recall,F1-Score)
obtainedbytheconventionalmachinelearningclassificationmodelshowninTable2.

ItcanbeseenfromTable2 that theaccuracyofLogisticRegression,SGDClassifier,MLP
Classifier,ExtraTree,DecisionTreeandRandomForestmodelareallaround0.67,andthevaluesof
PrecisionandRecallaresimilar(around0.69and0.67,respectively).ThedifferenceistheF1-Score
value,whichistheharmonicaverageofaccuracyandrecall.Intheabovefourmodels,thehighest
F1-ScorevalueistheRandomForestmodel,theRecallvalueis0.695,andtherecallvaluesofthe
remainingfivemodelsis0.69.

Overall,thebestperformingconventionalmachinelearningmodelistheRandomForestmodel.
Incomparativeexperiments,CNN,RNNandLSTMmodelswereusedtoclassifytextsentiments.

Inordertofacilitateexperimentalcomparison,themainparametersofthethreedeeplearningmodels
arethesame.themainparametersareshowninTable3.

Table 2. Conventional model results

Accuracy Recall Precision F1-Score

DecisionTree 0.666 0.686 0.667 0.674

RandomForest 0.675 0.695 0.675 0.684

ExtraTree 0.676 0.697 0.676 0.679

NaiveBayes 0.614 0.631 0.647 0.634

LogisticRegression 0.677 0.697 0.677 0.679

SGDClassifier 0.677 0.697 0.676 0.679

MLPClassifier 0.676 0.697 0.676 0.680

Table 3. Parameter list

batchsize 32

vocabdim 100

kernelsize 3

dropout 0.5

numclasses 3

epochs 100
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ThechangesintheaccuracyandlossoftheLSTMmodelareshowninFigures3and4.
TheLSTMmodelhasapproachedstationaryinabout60steps,whichindicatesthatthemodel

convergesaround60steps.Theaccuracyofthemodelreaches0.75,whichhasbeengreatlyimproved
comparedtotheconventionalmachinelearningmodel.Thesecondmodelofthisexperimentisthe
CNNmodel.AscanbeseenfromFigures5and6,theCNNmodelconvergesfasterthantheLSTM
modelandhasconvergedinabout20steps.However,theaccuracyofthemodelisfarlessthanthat
oftheLSTMmodel,anditsaccuracyis0.67.Theaccuracyisthesameasthatoftheconventional
machinelearningmodel,butthecomplexityofthemodelislargerthantheconventionalmachine
learningmodel.

ThelastmodelinthisexperimentistheRNNmodel.ThelossoftheRNNmodeldidnotconverge
wellwithinthe100steps(Figure7).However,itcanbeseeninFigure8thatthemodelhasconverged
after40steps,andtheaccuracyisthesameastheCNNmodelof0.67.

Figure 3. The Epoch accuracy of LSTM training process

Figure 4. The Epoch loss of LSTM training process
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Figure 5. The Epoch loss of CNN training process

Figure 6. The Epoch loss of CNN training process

Figure 7. The Epoch loss of RNN training process
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Comparingalltheclassificationmodelsintheexperiment,theLSTMmodelperformedbestand
achievedanaccuracyofupto0.75.

TherecommendationsystemcombinedwiththeLSTMsentimentanalysissystemcouldincrease
thecredibilityoftherecommendedbeer.Accordingtotherecommendedbeerbytherecommendation
algorithm,theLSTMmodelconductsasentimentanalysisofthereviewsontheserecommended
beers. Although the recommendation algorithm is based on the user’s recommendation for beer
ratings,iftherecommendedbeerhasalotofnegativesentimentsduetosomeotherfactors,these
beersshouldalsoberemovedfromtherecommendedbeerlist.Thebeerrecommendedbytheresults
oftheintegratedLSTMsentimentanalysissystemandrecommendationalgorithmcanincreasethe
user’sacceptance.Forexample,accordingtothebeerrecommendationresultsofuserNo.62,after
theLSTMsentimentanalysis,thenegativesentimentsofthefirstthreebeerwerelessthan20%,and
thepositivereviewswerehigherthan50%.Butthenegativereviewsonthefourthbeerwereashigh
as51%,andthepositivereviewswereonly14%.Therefore,thebeerofthefourthkindshouldbe
removedfromtherecommendedbeerlist.Throughthecombinationofthetwoanalysismethods,the
credibilityoftherecommendationsystemcanbeincreased,andtheprobabilitythattheuseraccepts
therecommendedproductbecomeslarger.Thisisbeneficialforuserswhobuybeeronlineandcan
alsohelpe-commercetoincreasebeersales(Table4).

5. LIMITATIoNS ANd dISCUSSIoNS

Ratingdataisameasurethatcandirectlyquantifythequalityofproductsincustomerevaluation.As
atypicalquantitativedata,productscanbedirectlysortedthroughstatisticalforms.Thisisoneofthe

Figure 8. The Epoch accuracy of RNN training process

Table 4. Example results

Beer Type Recommend Negative Neutral Positive

NineManAleGoldenAle 14% 36% 50%

BenchwarmerPorter 3% 28% 69%

StrikeOutStout 9% 40% 51%

AmstelLight 51% 35% 14%
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mostintuitiveandeffectivedatatypesforrecommendationsystems,butitalsohasmanyshortcomings:
1. Rating data is affected by sales, and there is a statistical preference for products with fewer
samplesbuthigheraverageratingdata.Thisisoftenunfairforproductswithalargerratingsample
available.2.Ratingdatarepresentsthepreferencesofmostcustomers,butitdoesnothaveahigh
referencevalueforcustomerswithspecialpreferences.Therefore,thesingleratingtypeofdatacannot
comprehensivelyreflecttherealsituationoftheproduct.Atthesametime,thereisalackofmore
dimensionalinformationformodeling.Therefore,customerreviewdata,asamorecomprehensive
contentcarrier,containsricherdetailsoftheproduct.Bycombiningreviewdataandotherproduct
quantitativeindicators(e.g.ratingdata,etc.)andothertypesofdataintotherecommendationagent,
itcanprovidemoreaccuraterecommendationsforcustomergroupswithspecialpreferences.

As a carrier of user questions, suggestions, and attitudes, the review data is extremely
valuableforproductevaluation,improvement,andoptimization.Merchantscanusetextanalysis
toanalyzeuser’sconcerns,maindiscussiontopics,user’ssentimenttendencies,andthemain
subjectofreviews,etc.Therefore,thisdistillationprocessingofmassiveunstructureddatacan
alsotransformcomplexandabstractsemanticsintoquantifiablesemi-structuredorstructured
data.Aftersuchrefinedprocessing,alargeamountofinformationimpliedinthetextualreview
datacanbeeffectivelyused.Inparticular,thepotentialmulti-dimensionalinformationinthe
reviews can be used to improve the recommendation effect of the recommendation model
throughdimensionalmodeling.Inaddition,theinformationextractedfromthereviewtextcan
alsobedirectlypresentedtotheuserinavarietyofreportforms,whichcanincludeheatmaps
forsentimentanalysis,radarchartofusers’evaluation,wordcloud,etc.

Inthefuturestudy,thetextminingtaskofreviewswillbeenrichedmoreandmorefine-
grained(e.g.fine-grainedtopicanalysis,etc.).Atthesametime,morequantitativedatacanbe
introducedintotherecommendationmodel(e.g.otherpurchaserecorddataofcustomerswith
different special preferences, and the duration of online browsing of related products, etc.).
Thesesales-relateddataareanimportantreferencesourceforconsumerstoquicklyjudgefrom
massproductstomeettheirownneeds.AsatypicalmethodofusingCollectiveIntelligence,the
recommendationmodelcanuseacollaborativefilteringmechanismtodiscoverasmallnumber
ofproductsthatmatchthepreferencesoftargetusersfromalargenumberofusers.Compared
withCollectiveIntelligenceinthetraditionalsense,thiscollaborativefilteringmechanismretains
thecharacteristicsof individuals(i.e. individualpreferences) toacertainextent,so itcanbe
usedasthecoreideaofpersonalizedrecommendationalgorithms.Byaddingmoretypesofdata
asmodelinputs,therecommendationmodelcanmakemorepreciserecommendationsfortheir
specificneedswhenservingthecustomergroupwithmorecomplexanddiversepreferences.
Thiswillundoubtedlyenablemerchantstotracktheappropriatetargetcustomergroupbetter
andfaster,promotethepurchaserateandfavorablerateofrelatedproducts,andprovideefficient
andhigh-qualityservicesforcustomerswithdifferentneeds.

6. CoNCLUSIoN

Byincludingmoredimensionsofonlinesalesdata,theeffectoftheonlineproductrecommendation
system can be improved, and more accurate and high-quality product recommendations can be
providedtocustomerswithdifferentpreferences.Itisapotentiallyfeasiblesolutionbycombining
customerratingdata(quantitativetypedata)andreviewdata(unstructureddata)forrecommendation
systemconstructionandperformanceimprovement.Thispaperanalyzestheratingandreviewsofthe
beerdataset,andthroughtheanalysisoftherating,abeerrecommendationsystemwasconstructed,
whichrecommendedbeeraccordingtofourfeatures’rating.Sentimentanalysisoftextreviewscan
effectivelyletthebreweryorsalesplatformunderstandtheconsumer’sfeelingsaboutaspecificbeer.
Bycomparingthetenmachinelearningclassificationmodels,theLSTMmodelperformedbest,and
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theaccuracyofdataclassificationreached0.75,whichwasabout0.1higherthantheaccuracyofother
models.BycombiningtheLSTMsentimentanalysismodelwiththerecommendationalgorithm,the
credibilityoftherecommendedbeercanbeincreased,allowingtheusertoaccepttherecommended
beer,therebyfacilitatingthepurchaseandsaleofthebeer.
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