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ABSTRACT

Thestudyintegratesensemblelearningintoataskofclassifyingifanewsarticleisonfoodinsecurity
ornot.Similarityalgorithmswereexploitedtoimitatehumancognition,aninnovationtoenhance
performance.Fouroutofsixclassifiersgeneratedperformanceimprovementwiththeinnovation.
Articleson food insecurity identifiedwithbestclassifierweregenerated into trendswhichwere
comparablewithofficialtrends.Thispaperprovidesinformationusefultostakeholdersintaking
appropriateactiondependingonprevailingconditionsoffoodinsecurity.Twosuggestionsareput
forthtopromoteperformance:(1)usingarticlesaggregatedfromseveralnewsmediaand(2)blending
moreclassifiersinanensemble.
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INTRoDUCTIoN

EnsembleLearning,theprocessofblendingtwoormorealgorithmstopromoteperformanceisnow
atthefrontierinfieldofMachineLearning.TheNetflixwinnerof1milliondollarprizeusedan
ensemblelearningofover100models(Andreas,Jahrer,Bell,&Park,2009).Thewinnerhadbeen
requiredtoimproveaccuracyby10%ofNetflix’ssystemforusermovierecommendations(Hallinan
&Striphas,2016).Thechallengeattractedover50,000contestantsfrom186countries(NETFLIX,
2009).ThesecondbestcontestantalsoemployedEnsembleLearning(Feuerverger,He,&Khatri,
2012).IntheKagglecompetitionof2015,thewinnerforforecastingsixweeksofstoresalesused
ensemblelearning.Usinganensembleofresidualnets,He,Zhang,Ren,&Sun(2015)won1stplace
ontheILSVRC2015classificationtask.Toemphasizefurtherthepowerofensemblelearning,Wind
&Winther(2014)assertthatKagglecompetitionsarefrequentlywonbycompetitorswhointegrate
some aspect of ensemble learning. The power of ensemble learning/blended approach has been
exhibitedinotherhumanendeavors(forexampleseeAbdelAzizetal.,2016;Bouzaida&Sakly,
2018;Husseinetal.,2017;Majhi,2018).Fromthis,itcanbeinferredthathigh-endperformanceis
highlyprobablewithensemblelearning.
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OpenAccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://creativecom-
mons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthoroftheoriginal

workandoriginalpublicationsourceareproperlycredited.
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DeeplearninghasalsocomeonthestageincomparisontotraditionalMachineLearning.A
distinguishingfeatureofDeepLearningistheabilitytoautomaticallyextractfeaturesasopposed
tomanualfeatureengineeringasitisintraditionalMachineLearning.DeepLearningusesmultiple
layers of non-linear operations to offer state-of-the-art systems such as in vision and language
tasks(Ren,Zhang,&Suganthan2016).Becauseofitstendenciestogeneratebetterperformance
thantraditionalMachineLearning,deeplearningisincreasinglybecomingpreferable(W.Li,Liu,
Zhang,&Liu,2019).DespitethedifferencesbetweentheseMachineLearningvariations,bothcan
beenhancedbyensemblelearning(Y.Li,Wang,&Xu,2018).Thisresearchisonintegratingsome
aspectensemblelearningincontextofDeepLearningagainsttraditionalMachineLearningtounveil
anypossiblecontrastinginsights.

A possible approach to ensemble learning is to integrate existing standard algorithms. For
example:(1)CNNwascombinedwithRNNtopredictbettercropyieldprediction(Khaki,Wang,&
Archontoulis,2020);(2)betterpredictionofsoyabeanyieldwasobservedwhenCNNwasintegrated
withLSTM(Sun,Di,Sun,Shen,&Lai,2019);and(3)Adaboostgeneratedimprovedtextanalysis
withdatasetssuchasReuters-21578(Bloehdorn&Hotho,2006).Thisapproachhoweverhasnot
alwaysguaranteedperformanceimprovement(W.Lietal.,2019).

Anotherapproachtowardsensemblelearningistointroduceaninnovationandblenditwith
existingalgorithms.Forexample:(1)ontologywasintegratedwithnaiveBayesclassifiertoenhance
classification(Chang & Huang, 2008), and (2)Gaussian function integrated into CNN predicted
betterbeanyield(Sabini,Rusak,&Ross,2017).Thissecondapproachalsoasuffersasimilarafate
asthefirst;innovationsintroducedprovidenoguaranteeforperformanceimprovement.Acommon
opportunityinbothapproachesisthewidecontinuumofunexploredoptionsthoughthisdoesnot
interferewithresearchersinterestedinfixingfailedcasesonthetwoapproaches.Thisresearchis
towardsunexploredoptioninthesecondapproach.

Aninnovationbroughtforthimitateshumancognition.Inatextclassificationtask,humans
mentallyignorecertaintextandgivemoreattentiontoothersdependingwhethertheportion
oftextreadissyntacticallyorsemanticallycontributingtoadecisioniftheentiretextbelongs
tosomeclass.Thisallowshumanstouselessmentalenergyandtocategorisebetteratextto
someclassofinterest.Humanacquirethisskillthroughpersonalexperience.Thisisplausible
reasonwhyhumansout smart computers in text classification.The innovationwasmodeled
andappropriatelyfittedintoatextclassificationprocess.Theprocesshasphasessuchas;pre-
processing,classifiertraining,classifierselectionandevaluation.Itisatthepre-processingstage
that the innovation is introduced. Pre-processing deals with; cleaning, removal of irrelevant
text, and formatting text foralgorithmicmanipulation.The innovation isonelimination less
relevanttext.Previousstudieshavealsoworkedtowardsaddresstheknowledgegapofirrelevant
textremoval.Forexample:MakrehchiandKamel(2017)proposedbackwardfilter-levelasa
sophisticatedtechniquetospotirrelevantwordstoenhanceperformance,and(2)Baradadand
Mugabushaka (2015) showed that using Poisson distribution less irrelevant text can also be
eliminatedtoenhanceperformance.Inthisstudysimilarityalgorithmsaremanipulatedtoselect
morerelevanttextasdescribeinmethodologysection.

Newsarticleswereusedtoexploretheefficacyoftheinnovation.Thesearticleswerecontaining
foodaskeywordandwerescrapedfromanewssiteandwereforyears2015and2016.Articles
containing the selected keyword word can potentially be on food insecurity or otherwise. Food
insecurityisapertinentsituationtoinvestigateasitisabigchallengeafflictingmorethan820million
peopleinworldandhasalsoattractedtheattentionofseveralresearcher(FAO,IFAD,UNICEF,WFP,
&WHO,2019;Guma,Rwashana,&Oyo,2017).TomakestudymanageableUgandawasusedascase
study,anationwhichisalsonotimmunetofoodevidencedbyseveralstudies(forexampleseeDietz,
1987;FoodandAgricultureOrganisation,2002;IPC,2017;Okorietal.,2009;UmanaAponte,2011).

Thefollowingcontributionsarebroughtforth:
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1. InthecontextofusingtraditionalMLorDeepLearningtostudyfoodinsecurity/fooddynamics,
thisstudycloselyrelatestoseveralstudies(Lukyamuzi,Ngubiri,&Okori,2018,2015;Okori,
Obua,&Quinn,2011;Quinn,Okori,&Gidudu,2010;Surjandari,Naffisah,&Prawiradinata,
2015).Thesestudiesutilized;tweets,phonedata,satelliteimagery,andfoodprices.Thisstudy
isonutilizingnewsarticlestostudyfoodinsecurityusingtheunexploredblendedapproach.

2. Thestudyrelatesfurthertostudiesthathaveintroducedinnovationstoenhanceperformanceof
existingalgorithms(J.Chen,Hu,Liu,Xiao,&Jiang,2019;M.Liu&Yang,2012;Narayanan,
Arora,&Bhatia,2013).Thisstudyproposesatechniquetoimitatehumancognitiveabilitiesso
astoenhanceperformanceasdescribed.

3. Lastlythestudyrelatedtostudiesthathavealsoexploredcomparisonsinalgorithmicperformance
betweentraditionalMachineLearningandDeepLearning(Baroni,Dinu,&Kruszewski,2014;
Hassan&Mahmood,2017;Paterakis,Mocanu,Gibescu,Stappers,&Alst,2018).Thisstudy
alsopursuesasimilarventurethoughitintegratessomeaspectofensemblelearningwhichnot
manystudieshavedone.

The rest of this paper is sequentially organized as: related work; methodology; results &
discussion;andconclusion&futurework.

RELATED woRK

Traditional Machine Learning
Textmanipulationsrequireconversionoftextintosomenumericalformatbeforesubjectingthem
to algorithms (Mandelbaum&Shalev, 2016).Numerical representations selected for textsplays
akeyroleintextminingperformanceandthereforethisisworthwhileissuetostudy.Hotvector
approachisatraditionalmethodforrepresentingtextinnumericalvectorform.Itcanbebasedon
TermFrequency(TF)orTermFrequencyInverseDocumentFrequency(TF-IDF)operatingonBag-
Of-Words(BOWS).TFbasedcountslacknormalizationandthiscausesexaggerationeffectofhigh
frequencywords.TF-IDFiscommonlypreferredasitattemptstocontroltheeffectofhighfrequency
words.Bag-Of-Words(BOWS)modelignoreswordorderandthisisalimitingfactor.Usingn-gram
withngreaterthan1attempttocontrollossofwordorderhoweverthisincreasesvocabularyvolume
andvectorsparsitywhichcallsforhighcomputationresources.

UseofhotvectorrepresentationsinthecontextofBOWshasyieldedsuccessfulresultsintext
classification tasks. Trstenjak et al.(2014) generated promising findings with TF-IDF and KNN
toclassifydocumentsintosports,politics,financeanddailynews.Howeverinthisresearchword
semanticswasignoredwhichsabotageclassificationtask.IntheresearchbyChang&Huang(2008)
semanticofwordsisexploitedusingontology.Findingsrevealedenhancedperformance.However
anontologycanbesophisticatedtouse;forexampleitrequiresknowledgeonwordsensessuchas
polysemy, synonymyandpart-of-speech tagging (Islam&Inkpen,2008;Khan,Baharudin,Lee,
&Khan,2010).Inaddition,differentdomainsmayrequireappropriateontologywhoseguarantee
about theiravailability isnotcertain.Wordnegationhasbeenknowntocause textclassification
challenges.InaresearchbyNarayananetal.,(2013)accuracyimprovementinNaïveBayesclassifier
isgeneratedwithstrategytohandlewordnegationsituation.Liu&Yang(2012)modifiedTF-IDF
toTF-IDF-CF,whereCFstandsforclassfrequency.Thisresultedintobetterclassificationaccuracy
withdatasets;Reuters-21578and20newsgroup.Comingbacktothecurrentstudy,theresearchers
seektointroduceatechniqueimitatinghumancognitiontoenhanceaccuracyandtimecomplexityon
TF-IDFenvironment.ThisisblendedwithtraditionalMachineLearningalgorithms(suchasKNN,
NBAYESandD-TREES)toenhanceperformanceinthecontextofpredictingfoodinsecurity.This
ishowevernottoclaimthatthecurrentstudyisthefirsttofocusonfoodinsecurity.Inthecontext
ofusingtraditionalMLtostudyfoodinsecurity/fooddynamics,thecurrentstudycloselyrelatesto
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severalstudies(Lukyamuzietal.,2018,2015;Okorietal.,2011;Quinnetal.,2010;Surjandarietal.,
2015).Thesestudiesproposeutilizationofdatasets;tweets,phonedata,satelliteimagery,andfood
prices.Thecurrentstudyisonutilizingnewsarticlestostudyfoodinsecurityusingtheinnovation
describedandthisdifferenceisboundtointroducenewinsightstoresearchcommunity

Deep Learning
TextrepresentationsintonumericalformatequallyplayanimportantroleindeepLearningasstated
intraditionalML.Wordembedding--textrepresentationinDeepLearning--integratesbothsemantic
andsyntacticsimilarityamongwords.Itisbasedonassumptionthatwordmeaningisdefinedbythe
companyofworditkeeps(Chapman&Christopher,2005).Ithasgeneratedamazingfindingsintasks
suchasconceptcategorization,synonymdetection,andanalogyprocessing(Baronietal.,2014).
Dominanttechniquestogeneratewordembeddinginclude;Glove,fastText,andWord2Vec.Glove
exploitsstatisticalinformationbasedonnonzeroelementsinaword-wordco-occurrencematrix,and
ithasoutperformedothermodelsontaskssuchasanalogyandwordsimilarity(Jeffrey,Socher,&
Christopher,2014).FastTextbreakseachwordintosub-words.Forexampleapplecanbesplitinto
app,pplandple.ThisallowsfastTexttohandlecomplicatedandrareinflections(Bojanowski,Grave,
Joulin,&Mikolov,2017).Word2VectwasproposedbyMikolov,Chen,Corrado,&Dean(2013)and
itisintwoflavors;Skip-gramandContinuousBagOfWords(CBOW).CBOWstrategybuildsword
embeddingbyattemptingtopredictcenterwordgivenagroupofsurroundingwords.InSkimgram,
insteadpredictionisonsurroundingwordsgivenacenterword.Word2vechavegeneratedpromising
resultswithsemanticandsyntacticrelationsamongwords(Mikolovetal.,2013).

Nowcomingtowordembeddinginmultiwordtext(egsentence,phaseanddocument),studies
suggestgeneratingtextembeddingusingaverages,sumsandproductsofconstituentwordembedding
inmultiwordtext(Wangetal.,2018).Textembeddingsatmultiwordlevelhavegeneratedpromising
findings. Jin, Yue, Chen, & Xia, (2016) introduced improvement into word-of-embedding and
document-embeddingtoformulateBag-of-Embedding.ThiswasintegrationofBag-of-Embedding
withclassinformation.Thisgeneratedimprovementintextclassificationwhenexperimentedwith
newstwentynewsgroup(20NG).Major,Surkis,&Aphinyanaphongs(2018)compareclassification
performancebetweenof-the-shelltrainedwordembeddingandcustomgeneratedwordembedding
inmedicalfield.Theirfindingsdidnotshowsuperiorperformancefromcustomgeneratedword
embeddingastheirexpectation.Theybelievedamorecustomizedcorpuswouldgenerateimprovement.
Next,thestudyreviewedtextclassificationinDeepLearning.

NowmuchfocuswasontwoDeepLearningalgorithmsexploredinthisstudy;Convolutional
NeuralNetworks(CNN)andLongShortTermMemory(LSTM).ConvolutionNeuralNetworkswere
inspiredbyvisualsystemofanimals.Itspowercameintofocuswhenitwonimageclassification
competitionin2012(Krizhevsky,Sutskever,&Hinton,2012).SincethenthepowerofCNNhas
beengrowing(Bui,Lech,Cheng,Neville,&Burnett,2017;S.Liu&Deng,2015).Thepowerof
CNNhasbeenextendedtotextclassification.ForexampleMandelbaum&Shalev(2016)trained
ConvolutionalNeuralNetworksontopofpre-trainedwordvectors.Promisingfindingswereobtained
compared with state-of-art practice on sentence-level classification tasks. Lenc & Král (2017a),
showedthatConvolutionalNeuralNetworksgeneratedsuperiorperformancecomparedwithmulti-
layerperceptrononmulti-labelclassificationtaskofCzechnewspapercorpus.Theseresearchers
furthertrainedConvolutionalNeuralNetworksintextclassificationtasksbothinCzechCˇTKand
EnglishReuters-21578standardcorpora.TheCzechlanguagewaschosenasarepresentativeofhighly
inflectionalSlaviclanguagewithafreewordorder.Thesewerelongertextsyetpreviousstudieshad
usedshortertexts.Notablefindingswereobtainedthoughitwasobservedthatrandominitialization
doesnotplayanimportantroleforclassificationcomparedtostaticapproach.

ToaddresschallengesofCNN,RecurrentConvolutionalNeuralNetworkswereproposed.RNN
iscapableofharnessingsignalduetosequentialnatureinsomedatasetssuchassentences,phrases
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andtimeseriesdata.Capturingsuchinformationisknowntocauseimprovementintaskssuchas
classification, translation, and language modeling. Ordinary Neural Network have limitations in
capturingsuchinformationandsoaretheCNNs.Lai,Xu,Liu,&Zhao,(2015)usedrecurrentstructure
ofRNNtocapturecontextualinformationinlearningwordrepresentationstoreducenoiseintext
classification.Atthesametimetheyanticipatedthatmax-poolinglayerfromconvolutionnetworks
wouldautomaticallylearnkeywordplayersintextclassification.Theirexperimentationwithfour
ChineseandEnglishclassificationtasksgeneratedresultswhichoutperformedConvolutionalNeural
Networksonallthedatasets.

LongShortTermMemory(LSTM)isanenhancementonRecurrentNeuralNetworks(RNN).
LSTM(unlikeordinaryRNN)attempttocontrolchallengesofexplodingandvarnishinggradient.
Thesearechallengesintrackinglongrangedependencesinsequentialandtemporaldatasets.Promising
findingswereobtainedwithLSTMintextclassificationtaskinmappingaquestionsintoitsspecific
SDREPORT(Sharma&Hazra,2018).Lietal.,(2018)integratedLSTM,CNN,andBidirection
abilitytoclassifybothEnglishandChinesetextsusingdatasetsincluding;(1)StanfordSentiment
Treebankbenchmark,(2)subscriptionchannelofSinaNewsRSSfrom2005to2011,and(3)BBC
newswebsite.TheintegrationgeneratedbetterresultsthanCNN,B-LSTM,SVMandRNN.Now
comingback to this study,experimentation ison integratingLSTMwithsimilarityalgorithm to
promoteperformance.

InthecontextofDeepLearningandstudyingfoodinsecurity/fooddynamics,thecurrentstudy
closelyrelatestosomestudies(Ganguli,Dunnmon,&Hau,2019;Sabinietal.,2017;You,Li,Low,
Lobell,&Ermon,2017).Thesestudieshaveusedcropsatelliteimagerytopredictcropyieldwhich
inturncanprovideaclueonapendingfoodinsecurity.Thedifferenceinthisstudyistheuseofnews
articlestostudythesamephenomenabutatsametimethisdoneinthecontextofintegratingCNN
andLSTMwiththeproposedinnovation.

Text Similarity
Intheintroductionitwashighlightedthatsimilarityalgorithmswasdeployedascarriertotheproposed
innovation.This is a reviewof text similaritymeasuresas abackgroundon similaritymeasures
adoptedinthestudy.Cosinemeasurecanestablishsimilaritybetweentextssuchasphrases,sentences
andparagraphs.Othermetricsinclude;Jaccarddistance,EuclideandistanceandDice’scoefficient
(Hajeer,2012).CosinemeasureintraditionalMachineLearningestablisheswordoverlapbetween
textsanditisbasedonTF-IDF.Itgeneratesscoresfrom1to0with1asthehighestand0thelowest.
UnfortunatelyintraditionalMachineLearning,cosinemeasureignoreswordmeaning.Wordswith
similarmeaningbutwithdifferentspellingaretreatedasdifferent.ExternaldictionarysuchasWordNet
canaddressthis.ForexampleinastudybyRahutomo,Kitasuka,&Aritsugi(2012)cosinemeasure
wasintegratedwithWordNettocomputetextsimilarityandthisresultedintopositivefindings.This
currentstudyusescosinemeasuretosieverelevanttexttopromoteclassificationperformanceinthe
contextoftraditionalMachineLearning.

In deep learning environment to text similarity measure are based on word embedding
whichintegratebothsemanticandsyntacticwordrelations.ThisstudyadoptsaWordMover’s
Distance(WMD) which utilizes graphical techniques between vector representations of text
(Kusner,Sun,Kolkin,&Weinberger,2015).WMDmeasuresminimumdistanceofembedded
wordsofadocument to travel toreachembeddedwordsofanotherdocument(Kusneretal.,
2015).Itcalculatesthetotaldistancebetweenwordsthataresemanticallyorsyntacticallyrelated.
Otherdistancemeasureshavebeenproposedsuchaswordvector-basedDynamicTimeWarping
(wDTW)andwordvector-basedTreeEditDistance (wTED)(Zhu,Klabjan,&Bless,2017).
ThisresearchadoptsWordMovers’DistancetosieverelevanttextincontextofDeepLearning
topromoteclassificationaccuracy.
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METHoDoLoGy

Thissectionpresentsastrategyusedtoaccomplishthestudy.Onthebasisofrelatedliteratureitcan
beinferredthatatextclassificationpipeline/processiscomposedof(1)textacquisition,(2)feature
extraction,(3)classifiertraining,and(4)classifierevaluation(Kowsarietal.,2019;Surjandarietal.,
2015).OurstudyrequiredexploringuseofensemblelearningwhilecontrastingtraditionalMachine
LearningagainstDeepLearninginacontextofclassifyingifanewsarticleisonfoodinsecurityor
not.Fromthisthebestclassifierwasappliedwithadditionalmanipulationtogeneratetrendsoffood
insecurity.Tomatchthestudyspecifics,thetextclassificationprocesswascustomizedaccording.
Theprocessadjustedand it included; (1) textacquisition, (2)preprocessing, (3)trainingbaseline
classifiers,(4)trainingensembleclassifiers,(5)evaluatingensembleclassifiers,(6)generatingfood
insecuritytrends,and(7)validationwithgroundtruth.

Data Acquisition
ThearticlesusedwerescrappedfromMonitornewssite(http://www.monitor.co.ug)foryears2015
and2016.MonitorisapopularnewsmediainUgandaanditwaschosenasrepresentativesourceof
newsarticles.Articlesscrappedwerebasedon‘food’asasearchkeyword.Articlescontainingthis
searchkeywordcanbeonfoodinsecurityornot.Otherkeywordssuchascropsandfarmerscould
serveasimilarpurpose.Thestudychosetoexplorewithfoodasasearchkeyword.Foreacharticle,the
scrappercaptured:article’stitle,postingdateandthecontent.Atotalof2664articleswereretrieved
andsavedincsvformat.Table1summarizescapacitiesofarticlesretrieved.

Preprocessing
At thisstagearticleswere; furthercleaned,and tokenized. In traditionalMachineLearning, text
wastokenizedusinginbuildnltklibraryinpython.Thetokenswerethenconvertedintonumerical
representationbasedonTF-IDFready forclassifier training. InDeepLearning, the tokenswere
generatedintowordembedding.Severallibrariessuchasgensism,keras,andtorchinpythongenerate
wordembedding.Thestudyusedkeraslibrarytogeneratewordembedding.

Training Baseline Classifiers
Baselineclassifiersweretrainedonarticlesfor2016.Articlesfor2015wereleftforexperimentation
withbestmodel.IntraditionalMachineLearning,datasetshadbeentransformedintoTF-IDFvector
representations.Theseweresubjectedtofouralgorithms;K-NearestNeighbors,NaïveBayes,Support
VectorMachine,andDecisionTrees.Eachalgorithmwastrainedon10crossvalidationstrategy.In
DeepLearning,datasetsweretransformedintowordembedding.Thewordembeddingwerethen
subjectedtotwoalgorithms;ConvolutionNeuralNetworks(CNN),andLongShortTermMemory
(LSTM).Atthisstage,datasetsweresplitinto80%fortrainingand20%fortesting.Forallthese
cases(traditionalordeeplearning),accuraciesandexecutiontimesforeachalgorithmwerecomputed
forevaluationstage.

Table 1. Showing number of articles retrieved

Year Total Articles Retrieved

2015 1323

2016 1341

Total 2664
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Training Ensemble Classifiers
Articles for 2016 were also used for classifier training and articles for 2015 were also left for
experimentationwithbestmodel.Beforeexplaininghowthistrainingwasdoneitisimportantto
describethestructureoftheseensembleclassifiers.Inthisstudyensembleclassifierswereformed
byintegratingtextsimilarityalgorithmswith:firstwithtraditionalMachineLearningalgorithmsand
thenwithDeepLearningalgorithms.Inbrief,ensemblealgorithmswerestructuredinserialforms.
Anensembleintraditionalenvironment;preprocesseddatawasfirstsubjectedtosimilarityalgorithm
thentheoutcomewassubjectedtotraditionalclassifier.AnensembleinDeepLearning;preprocessed
datawasfirstsubjectedtosimilarityalgorithmthentheoutcomewassubjectedtoDeepclassifier.

AsimilarityalgorithmusedintraditionalMachineLearningisdifferenttothatusedindeep
learningenvironmentduetotechnologicalcapabilitiesavailable.IntraditionalMachineLearning,
similarity algorithm used was based on cosine measure. In Deep Learning the study employed
similarityalgorithmbasedonWordMover’sDistance(WMD).Inbothcasesimilarityalgorithms
wereusedtoselectmostrelevanttextforclassofinterestfromeacharticle;inthiscasefocuswas
onconversationsonfoodinsecurity.

Toselectrelevanttext,thestudyrequiredsuitabletextonfoodinsecurity.Threeoptionswere
availabletogeneratethesuitabletext;(1)useofdomainknowledge,(2)useoflanguagemodeling
techniques, and (3) searchandconcatenating relevant sentences/phraseson food insecurity from
retrievedarticles.Thisstudyusedthelastoption.Tensentences/phrasesonfoodinsecuritywere
randomlyselectedfromretrievedarticlestoformthesuitabletext.Eacharticlewassplitintoseparate
sentencesandeachsentencewassubjectedtosimilaritymeasurewiththesuitabletext.Arelevant
sentencewasexpectedtogeneratehighsimilarityvalue.IntraditionalMachineLearning,cosine
measurewasusedtogeneratesimilaritiesscoresbetweensuitabletextandeachsentence.Topfour
mostsimilarsentenceswereretainedfromeacharticle.Thismeanseacharticlewasdownsampled
tofoursentences.IndeepLearning,WMDwasinsteadusedtodetermineanddownsampleeach
articletofourmostsimilarsentences.

IntraditionalMachineLearning,thedownsampledtext--generatedbycosinemeasure--was
subjectedtothefourclassifiers;K-NearestNeighbors,NaïveBayes,SupportVectorMachine,and
DecisionTrees.Theyweretrainedon10crossvalidationstrategy.Indeeplearning,thedownsampled
text--generatedwithWMD--wasonotherhandsubjectedtothetwodeeplearningalgorithms;CNN
andLSTM.InDeepLearningthetrainingthedatasetsweresplitinto80%fortrainingand20%for
testing.Foreachtraining(ensembleintraditionalorDeepLearning)accuracyandexecutiontime
wascomputed.

Evaluating Ensemble Classifiers
Evaluationwasbasedontwoevaluationparameters;accuracyandexecutiontime.Accuraciesand
executiontimesinbaselineclassifierswerecomparedtomeasurementswithensembleclassifiersin
traditionalMachineLearningandDeepLearning.Higheraccuracieswhenensembleclassifiersused
wouldsignifyimprovement.Reducedexecutiontimewithensembleclassifierswouldonotherhand
signifyimprovedspeedofexecution.

Generating Food Insecurity Trends
A best performing classifier was employed to label datasets for year 2015. Monthly counts for
incidencesofarticlestalkingaboutfoodinsecuritywerecomputedandgeneratedintoatimeseries.

Validating Trends with Ground Truth
Foodpricesreleasedby(UgandaBureauofStatistics,2015)wereusedtoestablishthegroundtruth
incomparisonwith food insecurity trends.Theassumption is that foodpricechangesshouldbe
positivelycorrelatedwithconversationstrendsonfoodinsecurity.Duetodifferencesinvalueranges
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(insecuritycountsandfoodpricevalues)thetwodatasetswerenormalizedtocreatesomeuniformity
in graphic visualization. Saranya & Manikandan (2013) offers three techniques of normalizing:
Z-score,Decimalscalingnormalization,andMin-Max.InthisstudyMin-Maxwasadoptedbecause
itisalinearandasimpletechniquetoimplement.Usingthistechnique,datasetswerefittedinto
pre-definedboundary.Inthisstudy,[0,1]boundarywaschosen.

RESULTS AND DISCUSSIoN

Results
Classifier Accuracies
Theaccuraciespresentedarebothwithandwithoutinnovation.Acolumnhasbeenaddedtogive
performanceimprovementwiththeinnovation.Improvementhasbeencomputedasdifferencein
accuracywithandwithouttheinnovation.Thisisdetailedinthetable2.Notethatthebestperformance
waswithCNN.Outofsixalgorithms,fourofthemgeneratedperformanceimprovementwhilefor
theresttheperformancedegraded.

Computation Times
Allalgorithmsresultedintoreductionincomputationtimesbyafactor2.9andabove.LSTMresulted
intothehighestreductionintimebyafactorof22.Allthisisobservableintable3.

Validating Trends With Alternative Sources
TrendsoffoodinsecurityfromnewsarticleswerecomparedagainstfoodpricetrendsfromUganda
BureauofStatistics.Comparisonwaswithtwocases.Firsttrendsduetohumanannotationagainst
pricetrendsasshownbyFigure1.Thecorrelationherewas0.473.Thesecondcasewasthecorrelation
dueautomaticannotationusingCNN(bestclassifier)againstthesamepricetrendsasshowninFigure
2.Thecorrelationforthesewas0.449.

Discussion
Itwasfoundthattheproposedinnovationgeneratedimprovementinaccuracy.Fouralgorithmsout
ofsixportrayedperformanceimprovement(Seetable2).Thisrelatestoresearchessuchas(Hassan
&Mahmood,2017;Khedr,Kadry,&Walid,2015;Y.Lietal.,2018;Narayananetal.,2013).These
investigationsintroducedinnovationstoimproveaccuracyandinsomecasesthecomputationtimes
werereduced.Thisstudyusedadifferentinnovation;itwasbasedonimitatinghumancognition
topromoteaccuracy.Similarityalgorithmswerere-usedtoachievethis.Theyguidedclassifiersto

Table 2. Showing accuracies operating at random classifier of 0.744

Classifier Accuracy Without 
Innovation

Accuracy With 
Innovation

Accuracy Improvement

1.KNN 0.727 0.752 0.025

2.NBAYES 0.772 0.786 0.014

3.SVM 0.7437 0.747 0.003

4.D-TREES 0.758 0.788 0.030

5.CNN 0.804 0.79 -0.005

6.LSTM 0.780 0.750 -0.03
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Table 3. Computation times with innovation and without innovation

Classifier Runtime with No-
Innovation

Runtime with 
Innovation

Runtime Ration: with 
Innovation to No-

Innovation

1.KNN 0.945 0.292 3.2

2.NBAYES 0.156 0.066 2.3

3.SVM 0.036 0.009 4.0

4.D-TREES 0.012 0.004 2.8

5.CNN 72 77 7.2

6.LSTM 1149 129 8.9

Figure 1. Trends of food insecurity incidences; manually labeled against UBOS food prices

Figure 2. Trends of food insecurity incidences; automatically labeled against UBOS food prices
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focusonrelevanttext.TheinnovationwasexploredbothintraditionalMachineLearningandindeep
learningsetting.Tothebestofreseachers’knowledgetheyhavenotcomeacrossaresearchwhich
hasexploredthispossibilitymoreoverinthecontextoftrackingfoodinsecurityusingnewsarticles.
Moreso,inthiscontextthestudyintegratedsomeaspectofensemblelearning;eachofthesesix
algorithmswasblendedwithappropriatesimilarityalgorithm.Theproposedtechniquecanbeusedin
conjunctionwithpreviousinnovation(s)toputperformancetohigherlevel.Arelevantquestiontoask
is:Howsignificantistheimprovement?Thisisatoughquestionastheperformanceimprovementwas
notveryexciting.Moresothebestperformingmodelwaswithouttheinnovation.CNNwithoutthe
innovationgeneratedthebestaccuracy.ThisisthereasonswhythisCNNwasdeployedingenerating
trendsoffoodinsecurity.Atleasttheoverallpictureoftheproposedensembleisprojectingsome
light(portrayedbyperformanceimprovement)attheendofthetunnel.Itisworthwhiletoshiftthe
attentiononhowtobrightenthislight.Pursuingthis,callsforfurtherinvestigationsassuggestedin
lastsection.

The two deep learning algorithms explored portrayed retardation in performance with the
innovation.Aplausiblereasonisduetotheirsophistication.Deeplearningalgorithmsareadvanced
inteasingpatternsbutthisismainlypossibleindataintensiveenvironment.Reductionindatadue
toinnovationpossiblyturnedouttobealimitingfactor.Nevertheless,retardationdoesnotrender
theinnovationcompletelyuseless.Tradeoffscanbemade.Forexample,inNetflixcompetitionthe
bestperformingwasnotadoptedbythecompany.Insteadthe2ndbestalgorithmwithloweraccuracy
wasadoptedaftermakingatradeoffbecausethisalgorithmdemandedfavorableresources.Doesa
similarsituationapplytothisresearch?Theinnovationisinitsinfancy,possiblymoreexperimentation
stilldeservessomeconsideration.Allsixalgorithmsportrayedfasterexecutionbyafactoratleast
greaterthantwo(seetable3).Timesavingrangedfromsecondstominutes.Therewasnotimesaving
closetoanhour.Thisisbecausethedatasetsusedwererelativesmallercomparedtoindustrialscale
experimentation.Onindustrialscale,executiontimecangoonfordays.Thisisillustratedinastudy
byMikolovetal.,(2013).Nowassumingalinearreductionintimecomplex,thismeantheproposed
innovationwouldreduceexecutionperiodoftwodaystoatleastday.Thisisaworthwhiletimesaving.

Visualizingthesefoodinsecuritytrendsfromnewsarticleswerecomparabletofoodpricetrends
fromUBOSasanofficialsource.Foodpriceswerechosenbecausetheyarecapableofproviding
proxyinformationaboutfoodinsecurity.Thepricetrendswerefirstcomparedwithfoodinsecurity
trendsduetohumanannotationandthiswasatcorrelationof0.473(seeFigure1).Secondly,food
pricetrendswerecomparedwithfoodinsecuritytrendsduetoautomaticannotationandthiswas
atcorrelationof0.449(seeFigure2).Thetwocorrelationcoefficientresultsarecomparablewith
previousstudies(Lukyamuzietal.,2018;Malhotra&Maloo,2017;PulseUNGlobal,2014).In
(PulseUNGlobal,2014),usingtweetsonfoodpricetrendsgeneratedacorrelationof0.42compared
toofficialdatasets. InaresearchbyLukyamuzietal.(2018),using tweetsconversationsonfood
insecuritygeneratedacorrelationof0.56foryear2015and0.37foryear2016comparedtofood
priceinflationfromofficialsource,UBOS.Whatisthepossibilityofimprovingthesecorrelations?
Possibleopportunitiesarehighlightedinfuturework.

CoNCLUSIoN AND FUTURE DIRECTIoN

The researchsetout to investigate ifhumancognitiveabilities isblendedwithclassifierswould
improveaccuracyandreducecomputationtime.Toimitatethiscognitiveability,appropriatesimilarity
algorithms,wereblendedwithsixclassifiers.Theinnovationwasexperimentedinbothtraditional
MachineandDeepLearningincontextoftrackingfoodinsecurity.Promisingfindingshavebeen
obtainedthoughnotveryexcitingasthebestmodelwaswithoutinnovation.ConsequentlyCNN(the
bestmodel)wasdeployedintrackingfoodinsecurity.Performancewascomparablewithgroundtruth
oftrackingfoodinsecurityusingfoodprices.Twosuggestionsareputforthtopromoteperformance:(1)
usingarticlesaggregatedfromseveralnewsmedia,and(2)blendingmoreclassifiersinanensemble.
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