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ABSTRACT

Inthisstudy,weassessedwhetherapersonwillgetsexuallytransmittedillnesses

(STI)forthosewhounderwenttestingatParirenyatwahospitalusingfactorssuchas

age,maritalstatus,andplaceofresidence.

Themainobjectivesweretoidentifyasuitablemodeltopredicttheprevalenceof

STI’satParirenyatwaHospital,PredictingSTIstatusbyresidence,HIVstatusand

maritalstatusandtoidentifyfactorsthatinfluencetheprevalenceofSTI.Toidentify

factorsthatareimportantenoughtodeterminewhetherapersoncoulddevelopSTI

ornot,weusedalogisticregressionmodel.Themodel'sperformancewasevaluated

usingvariousmetrics,includingaccuracy,precision,recall,F1-score,andAUC-ROC

score.Visualizations such as,ROC curves and precision-recallcurves were

performedsoastoassessthemodel'sperformance.Themodelshowedthatthose

whoaremarriedandthosewhoareincommittedrelationshipshavelowchancesof

contractingSTIscomparedtothosewhoaresingleandseparated.TheF1scorewas

usedtomeasuretheoverallaccuracyofthemodel,whiletheconfusionmatrixwas

used to evaluate the accuracyofthe modelatpredicting true positives,true

negatives,falsepositives,andfalsenegatives.

InconclusionwehaveseenthatthosewhoareHIVnegativeandmaritalstatus

(singleornotcommittedinarelationship)significantlyincreasedthelikelihoodof

havingaSTIinbothmalesandfemales.Largenumbersofthosewhowereaffected

arefrom ruralareasreasonbeingtheyareignoranttoSTIeducativeteachingsand

theyhavenoaccessestocondomsendinguphavingunprotectedsex.

MinistryofHealthandChildCareshouldestablishmoreSTIscreeningcentersin

mostruralareas.Thereshouldbepeereducatorsatthesecenterswhodistribute

riskfactorknowledge.
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CHAPTER1

INTRODUCTIONANDTHEBACKGROUNDOFTHESTUDY

1Introduction

Themostimportantcornerstonesofglobalpandemicwhichcontinuestoaffectand

hinderthenormalpeople’slivelihoodandcausethreatstohealthissocalledthe

SexualTransmittedInfections(STI’s).Therefore,inZimbabweSTI’shasalwaysbeen

amajorchallengewhichisaffectingboththeelderlyandminorpeopleinoursociety.

Thisiscausedbytheratioofhighpovertydatatimeline,unemployment,lackof

knowledgeandeducationinourcommunitieswhichhastriggeredto themost

outbreaksofSTI’s.Asaresult,inemergingnations,STI’shasbecomeaconflictand

thegoalistocomeupwithmeasureswhichdoestheprevalence’stosuchdiseases

from occurringatanalarmingrate.

Thischaptergivesfullexplanationofthestudy.Italsoincludesthebackgroundof

study,statementproblem,objectives,researchquestions,thesignificanceofthe

study,assumptionsofthestudy,aswellasthelimitationandthedelimitationofthe

study.Finally,thischapterdiscusseshowthestudyiscarriedoutandconcludeswith

asummary.

Afterthisbackgroundfoundationortheintroductorychaptertherearefouradditional

chapters,makingthisafive-chapterstudy.Followingthesecondchapter,achapter

which examines the research literature byreviewing STI’s prevalence case at

ParirenyatwainHarare,Zimbabwe.Theresearchmethodologychapter,whichisthe

thirdintheseries,focusesonmethodologiesemployedtoachievecertainstudy

goals.Thefourthchapterondatapresentation,analysisanddiscussionistolayout

aframeworkforthedataprocessandpresentationofresearchresults.Thefinal

chapterconcentrates on drawing conclusions from the research and giving

recommendationsbasedontheresults.

1.1BackgroundoftheStudy

Globally,eachandeveryyeartheworldcontinuestonotethatthousandsofthe

young generation and ofcourse the elderly as wellare affected by Sexually

TransmittedInfections(STI’s).Havingobservedsuchtrendlineofthecontinuation

riseofthesediseases,theWorldHealthOrganizationhighlightedthattherehasbeen
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anincreaseinHumanImmuneVirus(HIV)since1980.ItiswidelyknownthatSTI’s

have a tendencyofincreasing the infectiousness rate ofindividuals who are

survivingwithHIV,byincreasingtheconcentrationofviralintheirgenitaltract.

Therefore,theAntiretroviralTreatment(ART)lowerstherateofHIVspreadthrough

the blood and curb the spreading ofinfection acquired through STI’s.Herpes,

chlamydiaandvaginaldischargearealsoinfectionsslowlygainingpopularityinthe

universeandtheyareknownofcausingpelvicinflammatorydisorder,lowersthe

fertilityrate,introductionofcancerouscellswhichlaterownresultsonclaiming

humanlives.However,thereareseveraltraditionalwaysusedtofighttheSTI’ssuch

ascompletelyabstinence,useofcondom and educating themarginalsociety.

Amongstthe research conducted,showed thatatleast2.6 million people in

Zimbabwefallsbetweentheagegroupof15to49arethevulnerableandexposedto

HIVaswellasotherSTI’sdiseases.

1.2StatementoftheProblem

TheprevailingsituationofSTI’shasexposedthecountrytomanyfactorsnamely

gender,age,maritalstatus,educationlevelandriskofcontractingSTI’saresocio-

economicanddemographicvariables.Theseseveralvariablesplayapivotalrole

towardtheincreaseofHIVrateandalsocanbeusedtofindawaytotheprevalence

ofSTI’s.ItisalsonotedthattheupwardtrendofSTI’sdepictsthatthegenerosityof

Zimbabwearebecominglesscarefulandintolerancehenceendingupcontracting

suchdiseases.

1.3Objectives

Themainobjectivesofthis

studyare;

1.ToidentifyasuitablemodeltopredicttheprevalenceofSTI’satParirenyatwa

Hospital;

2.Toidentifyfactorsthatinfluencetheprevalenceofsti

1.4ResearchQuestion

Incarryingouttheresearchthefollowingquestionshadtobeanswered:

1.Whatmodelcan be incorporated into modelling the STI’s prevalence in
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Zimbabwe?

2.WilltheSTI’sprevalencefittedmodelbevalidornot?

1.5SignificanceoftheStudy

ThisstudyisaimedonaddressingproblemsassociatedwiththeSTI’sprevalence

andraiseawarenesstothepeopleofZimbabwe.Itisalsousefulforthereadersince

itimprovesstudents’knowledgetowardsSTI’stherebyservingasafoundationfor

thosewhoarekeeninlearningmoreaboutSTI’sorrelatedtopics.

1.6AssumptionoftheStudy

ThisstudysuggestsaplausiblerelationshipbetweenSTIriskandHIVrisk,however

intervention studies are stillunsatisfactory.This does notrule outa causal

relationship,butitdoeshighlighttheneedformoreresearchintothemechanism of

actionandtheplanningandexecutionoftreatments.

1.7Delimitations

ThethesiswasdelimitedtoZimbabwebecausethisistheplaceoforiginofthe

researcher.BecausetherewerefivedependentvariablesnamelyHIVstatus,placeof

residence,sex,maritalstatusandage,alsoonetimeindependentvariablenamely

STItype,thereforethedatawillberelativelylarge.

1.8LimitationsoftheStudy

The researcherfaced manychallengesin thisstudy.Thisresearch studywas

conducted underthe influence ofsecond data sources.Hence,the researcher

similarlyhad to face contains in terms ofdata accessibilityas some ofthe

informationwashardtoaccessbecauseofitsinsensitivenature.Asfarasthe

literature review is concerned,the researcherencountered the challenges of

choosingappropriateliteraturesthatdwellonSexuallyTransmittedInfections(STI’s)

forcountrieslikeZimbabwe.

1.9DefinitionofTerms

SexuallyTransmittedInfections

Sexualcontactwithaninfectedpersonishowsexuallytransmitteddiseases(STIs)
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arespread.

HumanImmuneVirus

A“deficiency”iswhensomethingisweakerthanitshouldbe.So,basically,HIVisa

virusthatattackstheimmunesystem andmakesitharderforapersontostay

healthy(Royce&Seng,2021).

AntiretroviralTreatment

SinceHIV cannotbecured,noristhere a vaccineto preventit,theavailable

medicationsworktominimizetheharm HIVdoes.Overall,thedrugsusedtotreat

HIVarereferredtoas“Anti-RetroviralTherapy”(WorldHealthOrganisation,n.d.)

Prevalence

Itisdescribedasthequantityofaspecificdiseaseorotherconditionwithina

specificpopulationataparticularmoment.

1.10ChapterSummary

ThechapteroutlinedtheneedofforecastingSTI’sprevalencetoZimbabweutilizing

alogisticregressionindicatedfrom theobjectives.Ashintedonthestatementofthe

problem,thekeyaspectswhichtriggeredthisresearchistomodelSTI’sprevalence

atParirenyatwaHospital.Thismadetheresearcherdrafttheobjectivesthatfocuson

identifyingalogisticregressionmodel,whichevermodelidentifiedisusedtomake

predictionandforecastingforSTI’sasfoldedbytheobjectives. Asaresult,this

chapterpavedawayforthefollowingchapterwhichisaimedatreviewingboth

theoreticalliteratureandrelatedstudies.
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CHAPTER2

LITERATUREREVIEW

2Introduction

Improvementsinanyfieldofstudycomefrom buildingontheworkofotherswho

camebefore.AccordingtoWebsterandWaston(2002),animportantundertaking

foranyacademicinquiryisathoroughreview ofhistoricalliterature.Thischapter

provides relevantmaterial,conceptsummaries from otherinvestigations,and

theoreticalliterature.

2.1RelatedStudies(EmpiricalLiterature)

The majority ofsexualinteraction is how sexually transmitted infections are

communicated.Contrarily,some STIs can also spread by blood,lactation,or

childbirth,amongothernon-sexualmethods.AsfarasSTIsgo,gonorrhea,genital

warts,syphilis,chlamydia,andHIV arethemostcommon.Theyareparticularly

harmfulforwomenbecause,iftheyarenottreatedrightaway,theymightresultin

infertilityorcancer.Avoidingunprotectedsexualintercourseisthebestcourseof

actionbecausetheydon'texhibitanysymptoms.

NumerousresearchonthetransmissionofSTIsandtheirvariedcauseshavebeen

carried outthroughoutAfrica.Teenagers have the highestincidence ofSTIs,

according to theCentersforDiseaseControland Prevention(2013).Thiswas

corroboratedbyWilkinson's(2010)studyonunrecognizedSTIsinSouthAfrican

women.WarnerandAbdoolKarim theresearchersemployedsurveytechniques,

descriptivestatistics,andpredictionmodelsintheirstrategyandanalysis.Inthe

Hlabisaregion,13943womenbetweentheagesof25and19werediscoveredto

haveatleastoneSTI.Only65%ofthesewomensoughttherapy,eventhough52%of

them reportedsymptoms.O.Ohene(2008)conductedasecondstudyinGhana,

focusingonfactorsassociatedwithSTIsinfemaleGhanaians.Theyuseinformation

from theGhanaDemographicHealthSurvey,whichwascarriedoutin2003.

AcomprehensivemodelbasedonthegrowthoftheHIVpandemicwasproposedby

E.Osterin2012,anditwasreplicatedinasubsequentstudyatHarvardUniversity

usingdatapatterns,transmissionrates,andotherepidemiccharacteristics.The

theoriesthataroseemphasizedthesignificanceofsexualbehaviorandtransmission

predominanceintheemergenceofepidemics.Thestudyfoundthatwhenusing
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stimulationmodelstopredictHIVincidenceintheUnitedStatesandSub-Saharan

Africa,the HIV transmission rate is significantly higherforpeople who have

untreatedSTIs.Sexualbehaviorwassaidtobethecauseofthehigherincidencein

Sub-SaharanAfrica.

Amongyoungladiesaged15to24whoengagedinsexualactivity,AyoStephen

Adebowade(2013)ofNigeria'sUniversityofIbadonlookedintothesociocultural

factorsforsexuallytransmittedillnesses.Chi-squareandlogisticregressionwere

usedtoevaluatethedata.TheresultsshowedthatSTIshadbeenpresentforatleast

ayearinfemalesaged20to24.Age,wealthindex,andmaritalstatusaresome

examplesofsocio-demographiccharacteristics.Theycametotheconclusionthat

thewealthindexandknowledgeofHIVandAIDSweresignificantpredictorsofSTI

acquisition.TheriskofSTItransmissioncanbereducedbydistributingcondoms,

promotingthebenefitsofabstinence,andraisingawarenessaboutHIVandAIDS.

ImportantDefinitions

Thefollowingarethemostimportantdefinitionswhichwewillseeinthiswriting:

1.Logistic Regression:This statisticalanalysis modelemploys a logistic

functiontosimulatethebehaviorofabinaryresponsevariable.

2.OddsRatio:Theseareratiosofproportionsfortwopossibleoutcomes

3.SexualTransmittedInfections:Theseareinfectionsthataretransferredfrom

onepersontoanothersexually.

4.BinaryData:Itisdatathatisrepresentedbyonesandzeros.Itcanalsobe

categorizedintotwogroups.

TheoreticalReview

Thetheoreticalframeworkistheframeworkuponwhichthehypothesisofaresearch

studycan be placed orsupported.The theoreticalframework introduces and

describestheunderlyingtheoryoftheresearchtopicbeinginvestigated.Themes,

theirdefinitions,andreferencestopertinentacademicworksthatwereusedto

developaspecificstudymakeupthissection.Thetheoreticalframeworkmustshow

anunderstandingofrelevanttheoriesandideasthatarerelatedtoboththecurrent

topicandthestudy'smorebroadknowledgeareas.Thetheoreticalstructureofthis

studyisbasedonthefollowingideas:
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i. Regressionanalysis

ii. Generallinearmodels

iii. Linearmodels

iv. Generalizedlinearmodels

v. Logisticregressionmodel

vi. Binarylogisticregression

vii. Modelselection

2.2RegressionAnalysis

Theapproachofregressionanalysisisemployedtoinvestigatetherelationship

betweentwoormorevariables.Itfocusesonthedevelopmentofmodelsinwhich

theindependentorexplanatorycharacteristicisusedtodescribeasinglevariable

knownasthedependentorresponsevariable(representedbyY).Oneormore

responsefeaturesmaybereliantuponthedependentfeature.

2.3GeneralLinearModel

ThisstatisticalmodelhasformulaY=Xβ+ꞓ

Assumptionsofgenerallinearmodels

1.Xisanon-random vector

2.Yandꞓareindependentrandom vectors

3.Errortermsꞓhaveconstantvariables

4.ErrortermsarenormallydistributedandhavezeromeanatallXvalues.

2.4LinearModels

Linearregressionmodelfornobservationsⴘ₁,ⴘ₂...ⴘn,isgivenintheform

y
i
=β₀+β₁X

1i
+β

2
X

2
+⋯+β

k
X

ki
+e

i
(2.4.1)

Inthismodel,thedependentfeaturefortheitɦ observant,ⴘi =1,…,n,islinearly

dependenton thevaluesofthekindependentvariables,xi,…,xk ,throughthe

parametersβ₀,…,βk.Itisassumedthaterrorterms,whichindicateresidualvariation,

havemeanofzeroandaconstantvariance.Likewise,itisanticipatedthatthe

varianceofindependentvariableswillremainconstant.E[Yi]=β₀+β₁X₁igivesthe

expectationofY,andVar[Y]=σ².Agroupofvaluesthatarefactorsaretakeninto
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accountbylinearmodels,whichalsoincludequalitativevariablesknownasfactors.

Generallinearmodelsisnotcompatibleforbinarydata,soweasaresult,we

appliedgenerallinearmodels.

2.5GeneralizedLinearModels

InGLIM theconnectfunctionisemployed.Thelinkfunctionsingeneralizedlinear

modelsconnectthemeanresponsetothemodel’slinearindicators.Assumingthat

pistheratioofsubject’sreactiontoastimulusintensity,g(p)=Xβisageneralized

linearintermsofX.

2.5.1RegressionwithBinaryResponse

Binaryhastwopossibleoutcomeswhichcanbepresentedby1and0,thereforelet

Yibethebinary.Theaim istoobtainthecategorysetofforecastingvariablesthatis

Y
i
=β

0
+β

1
X

1i
+β

2
X

2i
+⋯+βpX

ip
+e

i
(2.5.2)

E[Yi]=pi forі=1,…,nandYi rangesbetween0and1,whichistheproportionof

observationsatalldependentvariables.Pi=P(Yi=1),implyingthat1-Pi=P(Yi=0),

fori=1,2,…,n,whichmeansthatndistinctdatapoints,thereisnprobabilityof

whichisabernoullidistributionparameter.

2.5.2BernoulliDistribution

Itisthediscreteprobabilityofarandom variablewithsuccessandfailurevalues0

and1respectively.Itisanexampleofbinomialdistribution.AssumeYisarandom

variablewithoneofthetwooutcomes:successorfailure.IfP(Y=Success)=pand

P(Y=Failure)=1-p,thenYfollowstheBernoullidistributionwithparameterpgivenby:

p(x)=p
x
(1-p)1-x (2.5.2)

2.5.3LogisticTransformation

Commonlyusedinmedicalorclinicalfieldbecausewewillbemodellingodds.

Insteadofmodellingpwemodellog(p/1-p)whichwewriteaslogit(p).

logp (1-p)=logit(p)=β₀+β₀X
1i

+⋯+βpX
pi

(2.5.3)

2.6LogisticRegressionModel

Forlineardiscriminantanalysis,JosephBerkisoncreatedthelogisticregression
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modelin1944asareplacementforFisher's(1936)classificationapproach.Thebest

regressionmethodtoutilizewhenthedependentvariableisdichotomous(binary)is

logisticregression.Thelogisticregressionisapredictiveanalysis,justlikeother

regressionstudies.Onewaytodefineandexplaintherelationshipbetweenone

dependentbinaryvariableandoneormoreindependentnominal,ordinal,interval,or

ratio-levelvariablesistoutilizelogisticregression.Itisusedinsocialscienceand

medicalorclinicalsciences.Whendealingwiththreeormoreoutcomes,itcanbe

multinomial;whendealingwithtwooutcomes,itcanbebinomial.Binarylogistic

regressionhastwopossiblecodes:0and1,where0denotesfailureand1denotes

success.

Ingeneral,theresultsoftheindependentvariablesareusedtodeterminewhethera

logistic regression would be successful.Additionally,it uses one or more

independentvariables thatcould be categoricalorcontinuous.The Bernoulli

distributionisalsoutilized,whichcanbeusedtopredictbinaryeventsratherthan

continuousones.Inlogisticregression,thedependentvariable,whichisthenatural

logarithm oftheprobabilities,canbeusedtogeneratecontinuouscriteriaasthe

modifiedform ofthedependentvariable.Wecontendthatthelogittransformationis

thelinkfunctiononwhichlogisticregressioniscarriedout,despitethefactthatthe

responsevariableinlogisticregressionisbinomialandthelogitisthecontinuous

factoronwhichitisbased.

2.6.1ThePurposeofLogisticRegression

Logistic regression is used forcategoricaldata collecting.When ourdata is

dichotomous,weuselogisticregressionratherthanlinearregression.Itispossible

toautomaticallycreatedummyvariableswithlogisticregression,whichmakesit

simplertouse.Oddratiosareusedtodisplaythefindingsoflogisticregression,

whichisprimarilyusedtoforecastcategoricalinteractions.Itssecondsignificance

isthatitdemonstrateshowcloselyassociatedandinterconnectedthevariablesare

tooneanother.

Assumptionsoflogisticsregressiondiffersfrom linearregressioninthatitdoesnot

makesomefundamentalassumptionsthatlinearandgenerallinearmodelshadhold

soclose.Thesearetheassumptions:

1.Regressionandtheresponsevariableshouldnothavelinearrelationship
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2.Errorsshouldnotfollownormality.

3.Varianceoferrorterm isnotconstant,thereisnohomoscedasticity.

4.Inlogisticregressionmeasuringtheresponsevariableonanintervalorratio

scaleisnotapplicable.

Howeverlogisticregressionsharessomeassumptionswithlinearregressionsuch

as:

1.Linearityofregresservariablesandlogodds– logisticregressionisthe

predictedontheassumptionthattheindependentvariablesarelinearandthe

probabilities are logarithmic.The independentvariables mustbe linearly

connectedtothelogodds,sincethisapproachdoesnotrequirealinear

relationshipbetweenthedependentandindependentvariables

2.Absenceofmulticollinearity–toapplylogisticregression,theindependent

variables musthave low levelofmulticollinearity.This shows thatthe

independentvariablesshouldnotbetoorelated.

3.Observation independent– observations should be independentofone

anotherwhenusinglogisticregression.Inotherwords,observationsshould

notbebasedonrepeatedmeasurement.

4.Assumptions of large sample size – lastly,logistic regression often

necessitatesalargesamplesize.A commonruleofthumbisthateach

independentvariableinyourmodelshouldincludeatleast10occurrences

withtheleastlikelyoutcome.

Thelogisticregressionmodelisgivenby

ln[
̂
p

1-
̂
p]=β₀+β₁X₁+…+βpXp

̂
p=

exp (β₀+β₁X₁+…+βpXp)

1-exp (β₀+β₁X₁+…+βpXp)
(2.6.5)

logit(pi)=(pi 1-pi)

2.6.2LimitationsofLogisticregressionmodel

Logisticregressionneedsrandom independentsamplingandlinearitybetweenX

andthelogit,soitdoesnotneedmultivariatenormaldistribution.Attheextremesof

thedistributions,themodelislesslikelytobeaccurateandmorelikelytobecorrect

towards the center.Although P(Y=1)maybe predicted forallpossible value
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combinations,noteverypossibilitiesmayoccurinthepopulation.Modelsrunriskof

becomingamisleadwhenthecrucialvariablesareleftout.Ontheotherside,

includingunimportantelementsmaylessentheeffectsofmoreimportantones.

Althoughmulticollinearitymaynotleadtoskewedresults,itdoesincreasestandard

errorsforcoefficientsandmakeitmorechallengingtostatisticallydistinguishthe

distinctcontributionofoverlappingvariables.

Moredataisalwaysimportant.Unstablemodelsareoftenasaresultofsmall

sample size.Focus outforoutliers who mightcause correlations to become

distorted.Insmallsamples,somevaluecombinationsmayberelativelyweakly

representedincorrelatedvariables.Whenestimatesarebasedoncellswithmodest

expectedvalues,theyareunstableandlackpower.Perhapssmallcategoriescanbe

meaningfulcollapsed.Plotthedataso to ensureifthemodeliscorrect.Isit

necessarytointeract?Takecautionnottomisinterpretoddsratioforriskratios.

2.7BinaryLogisticRegression

2.7.1StatisticalModeling

Theprimarygoalofthemodellingistoprovideamathematicalrepresentationofthe

interactionbetweenanobservedvariablesandasetofindependentvariables.These

modelsareemployedforavarietyofpurposes,including

a.Forecastingthedependentvariablesbasedonthepredictorvariables’values.

b.Comprehending how the predictor variables affectorconnectto the

dependentvariable.

2.7.2OddsRatios

DefinitionOdds:isdefinedastheprobabilityofaneventhappeningdividedbythe

probabilitythatitwon'thappen.

Retrospectivestudy

Itisanetiologicalstudythatcompareswith(cases)andwithout(controls)acertain

disease.

ConfoundingVariables

Collett(1991)defineitasavariablethatcompletelyorpartiallyaccountsforthe

apparentconnectionbetweenadiseaseandanexposurefactor.Theoddsratios

definedasthefrequencywithwhichcertainoccurrencesoccur.Oddsratiosareused
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instatisticstoassesshow theexistenceofA isconnectedtothepresenceor

absenceofBinaparticularpopulation.Itisalsousedtoestimatethelikelihoodof

aninterestresultoccurringwhenavariableofaninterestisexposed.Thefirstresult

occursanumberoftimesforeverysingleoccurrenceofthesecondresult,thisis

commonlystatedasa:b.Oddsarecalculatedbydividingtheprobabilitybyone

minusprobability.

Oneofthethreeprimarymethodsinepidemiologyfordeterminingtherelationship

between outcome and exposure is confounding variable.The othertwo basic

approachesofassessingassociationaretheRiskRelative(RR)andAbsoluteRisk

Reduction(ARR).A disease’srelativeriskisameasureofhow likelyindividual

exposedtoacertaincauseistodevelopadiseasecomparedtosomeonewhoisnot

exposed.Relativeriskissimilartoodds,exceptinsteadofodds,utilizesprobabilities

anditsmainlyusedinmedicalstudies.

Butsincethisstudyisretrospective,itcapturestheuseofoddsratio.Foreachunit

increaseinthepredictor,theoddsratioshowshowthelikelihoodofbeingamember

ofthetargetgroupchanges.Itiscalculatedusingtheregressioncoefficientofthe

exponent.In the StatisticalPackage forSocialSciences,the probabilities are

computedanddisplayedasexp(SPSS).Itshowshowmuchalteringtherelatedthe

oddsratioisinfluencedbythemeasurebyoneunit.Itenhancesthelikelihoodofa

successfuloutcomeifitisgreaterthanone.Eachincreaseinthepredictorlowers

theoddsoftheresultoccurringifitislessthanone.Iftheoddsare1,thereisno

connectionbetweenthevariableandtheodds.

2.8ModelEstimation

Youcanestimatethemodel'sunknownparameterstofitamodeltoasetofdata

thatyoushouldalreadyhave.Thetwomostcommonstrategiesaremaximum

likelihoodandleastsquares.Pointestimationandintervalestimationarethetwo

techniquesavailableforestimatingunknownparameters.Themethodologieslisted

belowareusedforpointestimate.

a)Maximum Likelihoodestimation

b)Methodsofmoments

c)Methodsofleastsquares

d)Judgmentalmethods



14

2.8.1Maximum LikelihoodFunction

Modelparameterestimationsareprovided.Givenadefinedcollectionofdataand

fundamentalmodel,the maximum likelihood modelchoosesthe setofmodel

parameters and maximizes the likelihood function. Consider a sample of

independentobservationswiththesamedistributionxi,..,xn from adistributionwith

anunknownprobabilitydensityfunctionf₀(.).However,itisdistilledintothefactthat

thefunctionf₀isamemberofaparticularfamilyofdistributions(whereisavector

ofparametersfrom thisfamily),knownastheparametricmodel,andthatf₀=f(./θ₀)

thevalueofθisunknownandisreferredtoasthetruevaluesofparametervectors.

2.8.2MethodsofMoments

Assumeyi,…,yn areindependentobservationswithE(Yi)=∑βյXյiandVar(yi)= ²for

alli=1,2,…,n.Theleastsquareestimatesoftheunknownparametersinthemodel

are values ofβ₀…βn,which minimizes the errorofsquared deviations ofthe

observationsfrom theirpredictedvaluegivenby

S=∑{Y
i
-E(y

i)}2
=∑(y

i
-β₀-β₁X

1i
-⋯-β

r
X

ri)
2

(2.8.6)

BydifferentiatingSwithrespecttoeachoftheunknownparametersandsetting

derivativestozero,theleastsquaresestimateisachieved.

2.8.3FittingtheLogisticsRegressionModel

Toestimatetheparametersβ₀andβ₁afterobtainingthelogisticregressionmodel,

wemustfitthemodeltoasetofdata.Westatedthatthestraightlinefittingthedata

inlinearregressionmightbeproducedbyreducingthedistancebetweeneachdot

onaplotandtheregressionline.Inordertoavoidnegativedifferences,wereally

minimize the sum ofthe squares ofthe distance between the dots and the

regressionline.Theleastsum ofsquaresapproachiswhatisusedinthissituation.

Byusingtheleastsum ofsquares,wedeterminethevaluesofβ₀andβ₁.

Thelogisticregressionprocessischallenging.Themaximum likelihoodtechniqueis

whatitiscalled.Maximum likelihoodwilloffer0and1valuesthatincreasethe

likelihood offinding the data set.Iterative calculation is necessary,and most

computersoftwaremakesitsimpletomeasure.Thelikelihoodfunctionisusedto

calculatethelikelihoodofgettingthedatagiventheunknownparameters(β₀andβ₁).
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Theprobabilityvariesfrom 0to1.

Thelogarithm ofthelikelihoodfunctionisusefulinpractice.Thelog-likelihood

functionwillbeutilizedforinferencetestingwhencontrastingseveralmodels.The

naturallogofanynumberlessthan1isnegative,hencethelogprobabilityis

between0and−∞ (itisnegative).Asfollowsisthecalculationofthelog-likelihood:

l(θ;xi,…,xn)=∑n

i=1
ln (f(xiθ)) (2.8.7)

ThelikelihoodvariesontheunknownsuccessprobabilitiesPi whichdependson

throughtheequationp
i
=exp(β

0
+β

1
X

1i
+⋯+βpX

pi)/1+exp (β
0

+β
1
X

1i
+⋯+βpX

pi
)

Logarithm likelihoodfunctionisgivenby

L(β)=∏i=1(x
y)p

y
i

i(1-p
i)

n
i
-y

i (2.8.8)

Derivativeswithrespectto(r+1)unknownparametersaregivenby

∂logL(β̂)

∂β̂
=∑yixji -∑nixjie

ni(1+e
ni)-1

Itispossibletonumericallysolveasetofr+1nonlinearequationswiththeunknown

parameters
̂
βjbyresolvingthederivativesof

̂
β andequatingthem tozero.Two

waysforevaluatingthesenonlinearequationswhichare

a.NewtonRaphson

b.Fisher’smethodsofscoring

2.8.4NewtonRaphson

NewtonRaphsonisageneralizedmodelfittingalgorithm.Theloglikelihoodfunction

r+1derivativeswithrespecttoβ₀,…,βp arealsoknownasefficientscoresandare

indicatedbyvector
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(
∂logL(̂

β)
∂

̂
β₀

∂logL(
̂
β)

∂
̂
β₁

...

∂logL (
̂
β)

∂
̂
β

r

) (2.8.9)

LetH(β)beamatrixofsecondpartialderivativesoflogL,withthe(j,k)thelementof

H(β)equaltodlogL(β)/βJβK,wherej=1,2,3,…,randk=1,2,…,r.H (β)isthe

Hessianmatrix.TakingintoaccountU(
̂
β)assessedatthemaximum likelihood

estimateofβ,β̂ usesTaylorseriestoextendU(
̂
β)andβ*whereβ*isclosetoβ̂

andwehave:

U(̂
β)=U(β

*)+H(β
*)(

̂
β-β

*
) (2.8.9)

2.8.5FisherScoringMethod

ThismethodusestheinformationmatrixratherthantheHessianmatrix,the(j,k)th

elementofwhichis-E-E[σ²logL(β)

σβjβk ]forj=0,1,…,randk=0,1…randthismatrixis

indicated byI(β)byusing theiterativemethodsoutlined aboveto replacethe

Hessianmatrix.Incaseofthelogittechniques,theyallapproachestotheidentical

maximum likelihoodestimateofβduetodifferentiterativetechniqueswhichprovide

differentresultsingeneral.

2.9ChapterSummary

Thischapterexplainsotherauthors’viewsregardingthemethodsusedtomodel

STI’sprevalence.Thefollowingchapterfocusesontheresearchmethodologywhere

thetechniquesusedtocollectanalyzedataareexplained.
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CHAPTER3

RESEARCHMETHODOLOGY

3Introduction

The methods forapplying linearlogistic regression to the modelofsexually

transmitteddiseasesbasedonage,maritalstatus,HIVstatus,residentiallocation,

andgenderwillbecoveredinthischapter.Thedescriptivestatisticsthatwillbe

appliedmustalsobeconsidered.

3.1Researchdesign

Theprimarymethodthatadequatelyaddressesthequeriesraisedinthefirstchapter

isresearchdesign.Astrategy,layout,andmethodofexaminationthatisthoughtof

asamannerofacquiringanswerstoresearchquestions,isalsoaresearchdesign.

Research design is a formatand structure utilized when conducting research,

accordingtoBest(1993).Inlightoftheseviewpoints,aresearchdesignisadiagram

oftheproceduresandtechniquesusedtogatherandanalyzedata.Theresearch

projectisheldtogetherbyitsresearchdesign,whichactsasglue.Thepatient-level

datawereprospectivelygatheredthroughoutthetrialperiod,despitebeingexamined

retrospectively.Thisstudyemployedaquantitativeresearchapproachtoquantify

theissuebyproducingnumericaldataordatathatcouldbeconvertedintouseful

statistics.Quantitativeresearchmakesuseofquantifiabledatatoestablishfacts

andidentifytrendsinstudy.Thisstudymethodologyproducedunbiased,statistical,

andlogicalresults.

3.2Datasource

Thedatausedinthestudyisasecondarydatasourcedfrom ParirenyatwaHospital,

whichisatertiarylevelhospitallocatedinHarare,Zimbabwe.Thedatausedinthe

studywasrandomizedandanonymized,whichmeansthatanypersonalinformation

thatcouldbeusedtoidentifyindividualpatientswasremovedtoprotecttheir

privacy.Thedatacoversaperiodof2018to2022,whichprovidesasufficienttime

frametoassesstheprevalenceofSTIsinZimbabwe.Byusingdatafrom areputable

hospital,the studyis able to draw conclusions thatare representative ofthe

populationinZimbabweandcanbeusedtoinform STIpreventionandcontrol
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strategiesinthecountry.

3.3Dataanalysis

Thestudyusesdataonage,sex,STItype,HIVstatus,maritalstatus,andresidence

tobuildthemodel.Thelogisticregressionmodelwillbeevaluatedusingqualityand

precisionchecks,includingtheF1scoreandconfusionmatrix.TheF1scorewillbe

usedtomeasuretheoverallaccuracyofthemodel,whiletheconfusionmatrixwill

beusedtoevaluatetheaccuracyofthemodelatpredictingtruepositives,true

negatives,falsepositives,andfalsenegatives.ThedistributionofSTIsamongmales

and females analyzed using descriptive statistics,including histograms and

correlation matrices.The researcheralso calculated mean,standard deviation,

minimum andmaximum forcontinuousvariables

3.4ModeofAnalysis

Python package is going to be used fordata analysis.Python is a popular

programminglanguagethatiswidelyusedindataanalysisandmachinelearning.In

thecontextofthestudy,Pythonwasusedtoconductthelogisticregressionanalysis

tomodeltheprevalenceofSTIsinZimbabwe.Oneofthekeybenefitsofusing

Pythonfordataanalysisisitsversatility.Pythonhasawiderangeofpackages,such

asnumpy,pandas,andscikit-learn,thatarespecificallydesignedfordataanalysis

and machine learning.These packages provide a range of tools for data

manipulation,visualization,andmodeling,whichmakethedataanalysisprocess

fasterandmoreefficient.

AnotherbenefitofusingPythonisitseaseofuse.Pythonhasasimpleandintuitive

syntaxthatiseasytolearn,evenforindividualswithlimitedprogrammingexperience.

Python'sreadabilityandsimplicityalsomakeiteasiertocollaboratewithother

researchersandsharecode.

Finally,Python'spopularityandwidespreaduseinthedataanalysisandmachine

learningcommunitiesmeanthattherearemanyresourcesavailableforlearningand

troubleshooting.Thisincludesonlinetutorials,forums,anddocumentation,aswell

asalargecommunityofdeveloperswhocanprovidesupportandguidance.Overall,

usingPythonfordataanalysisoffersarangeofbenefits,includingversatility,easeof

use,andasupportivecommunity,whichmakeitanexcellentchoiceforconducting

dataanalysisintheresearchcontext.
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3.5Modelselection

Modelselectionistheprocessofselectingastatisticalmodelfrom acollectionof

models.Itisimportanttocomparetheperformanceofdifferentmodelswhenthere

aremanymodelsavailableusingdifferentstatisticalmarkers.Themodel's

performancewillbeevaluatedusingvariousmetrics,includingaccuracy,precision,

recall,F1-score,andAUC-ROCscore.Visualizationssuchas,ROCcurvesand

precision-recallcurveswillbeperformedsoastoassessthemodel'sperformance.

3.6ChapterSummary

Thechapterhasexplainedthemethodologythatisgoingtobeused.Excelwillbe

usedtocollectdataandanotherdataisgoingtobeanalyzedinSPSS.Thefollowing

chapterwillfocusondataanalysisandinterpretationofresults.
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CHAPTER4

DATAANALYSISANDPRESENTATIONOFFINDINGS

4Introduction

ThischapterwillfocusontheuseoflogisticregressiontomodeltheprevalenceofSTIs

inZimbabwe.Thechapterwillbeginbyprovidinganoverview ofthedatausedinthe

study,includingthesourceandsamplesize.

4.1.0Dataprofiling

Dataprofiling isanimportantstepinanydataanalysisprocessasitprovidesa

comprehensiveunderstandingofthedataanditsstructure.Dataprofilinginvolves

examiningthedatatoidentifypatterns,anomalies,andinconsistencies.Ithelpsto

ensurethatthedataisofsufficientqualityandcompletenesstosupporttheanalysis

andthatanyissuesareidentifiedandaddressedearlyintheprocess.

Inthecontextofthisstudy,dataprofilingwasconductedinPythontogainabetter

understandingoftheSTIprevalencedatafrom ParirenyatwaHospital.Thedataprofiling

processinvolvedexaminingthedatathroughdescriptivestatistics,suchashistograms

andcorrelationmatrices,toidentifyanypatternsoranomalies.Thishelpedtoidentify

anyissueswiththedata,suchasmissingvaluesoroutliers,whichwerethenaddressed

beforeconductingthelogisticregressionanalysis.

Dataprofilinginvolvesseveralsubtopics,including:

a)Datatypes:Thisinvolvesidentifyingthedatatypesofthevariablesinthedataset,

suchasnumericalorcategoricaldata.

b)Datacompleteness:Thisinvolveschecking percentageandvalueofmissing

data.

c)Dataquality:Thisinvolvesidentifyinganydataerrors,suchasinconsistenciesor

outliers,thatmayaffecttheanalysis.

d)Datadistribution:Thisinvolvesexaminingthedistributionofthedatatoidentify
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anypatternsoranomalies.

e)Datarelationships:Thisinvolvesexaminingtherelationshipsbetweenvariables

inthedatasettoidentifyanycorrelationsordependencies.

Overall,dataprofilingisimportantinensuringthequalityandcompletenessofthedata

usedinanyanalysis.Byconductingathoroughdataprofilingprocess,researcherscan

ensurethattheanalysisisbasedonhigh-qualityandreliabledata,whichcanleadto

moreaccurateandrobustconclusions.

Inthisstudy,dataprofilingwasconductedinPythonusingvariousfunctionsand

methodsprovidedbythenumpyandpandaspackages.Forinstance,thedescribe()

methodwasusedtogeneratesummarystatisticsforthedataset,includingmeasures

ofcentraltendencyanddispersion.Histogramsandscatterplotswerealsocreatedto

visualizethedistributionofthedataandidentifyanypatternsoroutliers.Additionally,

correlationmatriceswereusedtoexaminetherelationshipsbetweenvariablesinthe

dataset.Byconductingthesedataprofilingsteps,theresearcherswereabletogaina

deeperunderstandingofthedataandensurethequalityandcompletenessofthe

datasetusedinthelogisticregressionanalysis.

4.1.0Summarystatistics

Table4.1SummaryStatisticsofvariables

Column1 Column2 Column3 Column4 Column5 Column6

  age sex ...

marital

stat residence

count 2800 2800 ... 2800 2800

mean 32.107143 1.432857 ... 3.520714 1.441786

std 9.579584 0.49556 ... 1.596352 0.496688

min 15 1 ... 1 1

25% 25 1 ... 2 1
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50% 30 1 ... 4 1

75% 37 2 ... 5 2

max 66 2 ... 5 2

Thesesummarystatisticspresentinformationaboutadatasetwhichcontains2,800

observationsonsevenvariables.Hereiswhatwecaninferfrom thestatistics:

Age:Theaverageageoftheindividualsinthedatasetis32.1years,withastandard

deviationof9.6years.Theyoungestpersoninthedatasetis15yearsold,andthe

oldestis66yearsold.

Sex:Thevariable'sex'iscodedas1formaleand2forfemale.Themajorityofthe

individualsinthedatasetaremale,asthemeanis1.43.

MaritalStatus:Thevariable'marital_status'iscodedas1formarried,2fordivorced,3

forseparated,4forwidowed,and5forsingle.Themajorityoftheindividualsinthe

datasetareeithermarriedorsingle,asthemeanis3.52.

Residence:Thevariable'residence'iscodedas1forurbanand2forrural.Themajority

oftheindividualsinthedatasetliveinurbanareas,asthemeanis1.44.

4.1.1Variablesinthedataset

Thedatasetwasviewedthefirst5rowssoastoinspectthevariablesinitandthe

numberofrowsandcolumns.Theoutputwasasfollows;shownastable4.1.1

Table4.1.1variablesindataset

Column1 Column2 Column3 Column4 Column5 Column6 Column7

codeinpy age sex stitype

HIV

status

marital

stat Res
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0 33 1 1 1 3 1

1 46 1 0 2 4 1

2 36 2 2 1 5 2

3 37 1 1 2 5 1

4 27 2 2 2 5 1

 Number

ofrows=

2800

Columns=

7            

From theoutputontable4.1.1wecannotethatthedatasethas2800rowsand7

columns.

Thecodesinthehavebeenexplainedonpart4.1

4.1.2Datatypes

Table4.1.2datatypes

Column1 Column2

datatype Int

age int64

sex int64

stitype int64

stistatus int64

hivstatus int64

maritalstat int64

residence int64

Thedatasetcontainssevenvariables,includingage,sex,sti_type,sti_status,hiv_status,

marital_status,andresidence.Eachvariablehasadatatypeofint64,whichindicates
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thattheyareintegervalueswithamaximum sizeof64bits.

Thedtype:objectlinereferstothedatatypeofthePandasSeriesobjectthatcontains

thevariables.ThedtypeattributeoftheDataFramereferstothedatatypeoftheobject,

whichisobjectinthiscase.

Overall,thisoutputprovidesasummaryofthedatatypesinthedatasetandisusefulfor

ensuringthatthedataisinthecorrectformatforanalysis.Byidentifyingthedatatypes

ofthevariables,researcherscanensurethatthedataisappropriatefortheanalysisand

thatanynecessarydatatransformationsareapplied.Forexample,ifavariablewas

incorrectlyclassifiedasanintegerwhenitshouldbeacategoricalvariable,itwould

needtobeconvertedtothecorrectdatatypebeforeconductingfurtheranalysis.

4.1.3MissingData

Itisimportantto checkformissing data in a studymodeling STIprevalence in

Zimbabwe,andtohandlemissingdataappropriatelytoensurethattheresultsare

accurate,reliable,andunbiased.

Datawascheckeditsmissingnessinpythonandtheoutputwereasfollows;

Table4.1.3missingdata

datatype

missing

value

Age 0

Sex 0

stitype 0

stistatus 0

marital

stat 0

Residence 0
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Theresultshaveshownthattherearenomissingvaluesinthedatasetforanyofthe

variables:age,sex,sti_type,sti_status,hiv_status,marital_status,andresidence.This

meansthatthedatasetiscompleteandthereisnoneedtohandlemissingvalues

beforeproceedingwiththeanalysis.

However,itisimportanttokeepinmindthattheremaystillbeotherdataqualityissues

thatneedtobeaddressed,suchasoutliers,inconsistencies,orerrorsinthedata.Itis

recommendedtoperform exploratorydataanalysisanddatacleaningtoidentifyand

addressanysuchissuesbeforeproceedingwiththeanalysis.

4.1.4Visualisingthevariables

Visualizingvariablesthroughgraphsisanimportantstepindataanalysisthatcanhelp

toidentifypatterns,communicatefindings,evaluateassumptions,andguidefurther

analysis.Theplotbelow wasusedtovisualizethedistributionofvariablesinthe

dataset.4.

Histogramsofvisualizingvariables
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Fig4.1.41

4.1.5Visualizingage

Visualizingtheagedistributionthroughahistogram withanormalcurvefittedcan

provideimportantinsightsintotheshapeofthedistribution,aswellastheskewness

andkurtosisoftheagevariable.Herearesomeexplanationsoftheimportanceofthis

visualization,theoutcomefrom pythonandhowtointerpretit:

Graphofvisualizingage

Fig4.1.51

Identifyingtheshapeofthedistribution:Ahistogram withanormalcurvefittedcan

helptoidentifytheshapeoftheagedistribution,whichcanprovideinsightsintothe

centraltendencyandvariabilityofthevariable.Forexample,ifthedistributionisroughly

symmetrical,itsuggeststhatthemeanandmedianoftheagevariablearesimilar,and

thatthedatapointsareevenlydistributedaroundthecentraltendency.
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Checkingfornormality:Ahistogram withanormalcurvefittedcanalsohelptocheckif

theagevariablefollowsanormaldistribution.Ifthedistributionisapproximatelybell-

shapedandthenormalcurvefitswell,itsuggeststhattheagevariableisnormally

distributed,whichisimportantforsomestatisticalanalyses.

Interpretingskewness:Skewnessisameasureoftheasymmetryofadistribution.If

thehistogram isskewedtotheright,itsuggeststhatthedistributionhasalongtailon

therightside,andthatthemeanageishigherthanthemedianage.Conversely,ifthe

histogram isskewedtotheleft,itsuggeststhatthedistributionhasalongtailonthe

leftside,andthatthemeanageislowerthanthemedianage.

Interpretingkurtosis:Kurtosisisameasureofthepeakednessofadistribution.Ifthe

histogram hashighkurtosis,itsuggeststhatthedistributionhasasharppeakand

heavytails,whichmeansthattheagevariablehasmoreextremevaluesthananormal

distribution.Conversely,ifthe histogram has low kurtosis,itsuggests thatthe

distributionisflatterandmorespreadoutthananormaldistribution.

Insummary,visualizingtheagedistributionthroughahistogram withanormalcurve

fittedisimportantforidentifyingtheshapeofthedistribution,checkingfornormality,

andinterpretingskewnessandkurtosis.Theseinsightscaninform furtherstatistical

analysesandhelptounderstandthedistributionoftheagevariableinthedataset.

4.1.6Visualizingthecorrelationofvariables

Visualizingthecorrelationofvariablesisanimportantstepindataanalysisthatcan

help to identify relationships,evaluate assumptions,guide feature selection,and

communicatefindings.

Thecorrelationplotofvariables
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Fig4.1.61

4.2Assumptionsoflogisticregression

Inordertomodelthelinkbetweenabinaryoutcomevariable(suchasthepresenceor

absenceofSTI)andoneormorepredictorvariables,thestatisticalmethodoflogistic

regressionisoftenused.Logisticregression,likeeverystatisticalmethod,isvalidonly

underparticularconditions.Themaintenetsoflogisticregressionarelistedbelow.

Binaryoutcomevariable:Logisticregressionassumesthattheoutcomevariableis

binary,meaningthatittakesonlytwopossiblevalues(e.g.,0or1,presenceorabsence

ofSTI).Iftheoutcomevariableisnotbinary,logisticregression maynotbean

appropriatetechnique.Inourdatasetthevariableissti_statuswhichindicatesthe

presentsofstioritsabsence.

Independenceofobservations:Theobservationsarethoughttobeindependentofone
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anotheraccordingtothelogicregression.ItfollowsthatthepresenceorabsenceofSTI

inonepersonhasnobearingonthepresenceorabsenceofSTIinanother.

Thecorrelationmatrix

Fig4.21

Highcorrelationsindicatethatthepredictorvariablesarenotindependentofeachother

whichviolatestheassumptionofindependenceofobservations.Sointhiscasesti

statusandstitypearehighlycorrelatedsostitypewillberemovedforfurtheranalysis

thatfittingthelogisticsregression.

Nomulticollinearity:Logisticregressionpresupposesthatthereisnomulticollinearity

amongthepredictorvariables.Thisindicatesthatthepredictorvariablesarenothighly

correlatedwitheachother.Thevifinconjunctionwithcorrelationmatrixwasusedto

checkthisandtheoutputwasasfollows;

Table4.2VIF
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Column1 Column2 Column3

  VIFFactor Features

0 41.631077 const

1 1.197518 age

2 2.404731 stistat

3 1.313865 sex

4 2.330617 stitype

5 1.123839 hivstat

6 1.034416

marital

stat

7 1.010821 residence

     

Thetable4.2showstheVarianceInflationFactor(VIF)foreachfeatureinalogistic

regression model.The VIF measures the degree ofmulticollinearitybetween the

independentvariablesinamodel.Multicollinearityoccurswhenindependentvariables

in a regression modelare highlycorrelated with each other,which can lead to

inaccurateestimatesoftherelationshipbetweeneachindependentvariableandthe

dependentvariable.

Inthiscase,theconstfeaturehasaveryhighVIFof41.63,whichsuggeststhatitmay

beaproblematicvariableinthemodel.Theotherindependentvariablesinthemodel

haveVIFvaluesrangingfrom 1.01to2.40.Generally,aVIFvalueof1indicatesthat

thereisnomulticollinearitybetweentheindependentvariables,whileaVIFvaluegreater

than5or10suggestsahighdegreeofmulticollinearity.Therefore,thevaluesinthis

table4.2suggestthatthereisrelativelylow multicollinearitybetween independent

variablesinthemodel.

Overall,thelowVIFvaluesfortheindependentvariablessuggestthatmulticollinearityis

notamajorconcerninthismodel.Ifthereismulticollinearity,itcanbedifficultto
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determinetheuniquecontributionofeachpredictorvariabletotheoutcomevariable,

andtheestimatesoftheregressioncoefficientsmaybeunstable.

Adequacy ofsample size:Logistic regression assumes thatthe sample size is

adequateforthenumberofpredictorvariablesincludedinthemodel.Ageneralruleof

thumbisthatthereshouldbeatleast10observationsforeachpredictorvariable.From

thedataprofilingwecannotethateachvariablehas2800observationswhichis

sufficientformodelingstiprevalence.Ifthesamplesizeistoosmall,theestimatesof

theregressioncoefficientsmaybeunstable,andthemodelmaynotgeneralizewellto

newdata.

Absenceofinfluentialoutliers:Logisticregressionassumesthattherearenoinfluential

outliersinthedata.Influentialoutliersaredatapointsthathavealargeeffectonthe

estimatedregressioncoefficients.Thefollowingplotforagewasusedtocheckfor

outliers.

CheckingforOutliers
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Fig4.22

Therefore,whenmodelingtheprevalenceofSTIinZimbabweusinglogisticregression,

itisnecessarytochecktheassumptionsofthemodeltoensurethattheyarevalid.

Violationofanyoftheseassumptionscanleadtobiasedorunstableresults,andmay

requiretheuseofalternativemodelingtechniquesordatatransformations.

4.3Modelfitting

Logisticregressionisastatisticaltechniqueusedtomodeltherelationshipbetweena

binaryoutcomevariableandoneormorepredictorvariables.Inthecaseofmodeling

STIprevalenceinZimbabwe,theoutcomevariablewassti_status(e.g.,STIpositiveor

negative),andthepredictorvariableswereage,sex,sti_type,hiv_status,marital_status

andresidence.4.3.1Thecodewasusedforfittingthemodel.

#Splitdataintofeaturesandsti_status

X=data.drop("sti_status",axis=1)

y=data["sti_status"]

#Splitdataintotrainingandtestingsets

X_train,X_test,y_train,y_test=train_test_split(X,y,test_size=0.2,random_state=42)

#Fitlogisticregressionmodel

logreg=LogisticRegression()

logreg.fit(X_train,y_train)

#Printmodelcoefficients

print("Intercept:",logreg.intercept_)

print("Coefficients:",logreg.coef_)

Thecodeprovidedishow thelogisticregressionmodelwasfittedtothedatausing

Pythonandthescikit-learnlibrary.

Theinterceptrepresentsthelog-oddsoftheoutcomevariablewhen allpredictor

variablesareequaltozero,whilethecoefficientsrepresentthechangeinlog-oddsof
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theoutcomevariableassociatedwithaone-unitincreaseineachpredictorvariable.

Thesecoefficientscanbeusedtomakepredictionsonnewdata.

yTheoutputsfrom thiswere;

Table4.3ParameterEstimates

Column1 B

Intercept 3.23312143

Age -0.0293972

Sex -0.55899342

hivstatus -0.47940932

maritalstats -0.05638116

Res -0.09324959

   

Here'swhateachofthesecoefficientsmeaninthecontextofthevariables:

Intercept:Theinterceptisthelog-oddsofhavinganSTIwhenallofthepredictor

variablesareequaltozero.Inthiscase,theinterceptis3.23312143,whichmeansthat

thelog-oddsofhavinganSTIforapersonwithallpredictorvariablesequaltozerois

3.23312143.

Age:Thecoefficientforageis-0.0293972,whichmeansthatforeveryone-unitincrease

inage,thelog-oddsofhavinganSTIdecreaseby-0.0293972,holdingallothervariables

constant.

Sex:Thecoefficientforsexis-0.55899342,whichmeansthatmalesaremorelikelyto

haveanSTIthanfemales,asindicatedbythenegativesign.Specifically,thelog-oddsof

havinganSTIformalesis-0.55899342higherthanforfemales,holdingallother

variablesconstant.

HIV status:ThecoefficientforHIV statusis-0.47940932,whichmeansthatHIV-
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positive individuals are less likely to have an STIthan HIV-negative individuals.

Specifically,thelog-oddsofhavinganSTIforHIV-positiveindividualsis-0.47940932

lowerthanforHIV-negativeindividuals,holdingallothervariablesconstant.

Maritalstatus:Thecoefficientformaritalstatusis-0.05638116,whichmeansthat

beingmarriedorinacommittedrelationshipisassociatedwithalowerlikelihoodof

havinganSTIthanbeingsingleornotinacommittedrelationship.Specifically,thelog-

oddsofhavinganSTIforindividualswhoaremarriedorinacommittedrelationshipis-

0.05638116lowerthanforindividualswhoaresingleornotinacommittedrelationship,

holdingallothervariablesconstant.

Residence:Thecoefficientforresidenceis-0.09324959,whichmeansthatlivingina

ruralareaisassociatedwithalowerlikelihoodofhavinganSTIthanlivinginanurban

area.Specifically,thelog-oddsofhavinganSTIforindividualswholiveinaruralareais

-0.09324959lowerthanforindividualswho liveinaurbanarea,holdingallother

variablesconstant.

Thelogisticequationbasedonthesecoefficientsandvariablesis:

log(oddsofhavinganSTI)= 3.23312143 - 0.0293972(age)- 0.55899342(sex)-

0.47940932(HIVstatus)-0.05638116(maritalstatus)-0.09324959(residence)

ThisequationcanbeusedtopredicttheprobabilityofhavinganSTIforagivensetof

predictorvariablevalues.Toconvertthelog-oddstoaprobability,wecanusethe

logisticfunction,whichis:

p=
1

(1+e
-log(oddsofhavinganSTI))

wherepistheprobabilityofhavinganSTI.Byplugginginthevaluesofthepredictor

variablesintothelogisticequationandthenapplyingthelogisticfunction,wecanobtain

thepredictedprobabilityofhavinganSTIforagivenindividual.
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4.4Modelvalidation

Modelvalidationisanessentialstepinanymodelingproject,includingSTIprevalence

modeling.Thepurposeofmodelvalidationistotesttheperformanceofthemodelon

new,unseendata,andtocheckifthemodelisoverfittingtothetrainingdata.Overfitting

occurswhenamodelistoocomplexandcapturesthenoiseinthetrainingdata,

resultinginpoorperformanceonnew data.Thefollowingcodewasusedformodel

validation.

#Calculatemetrics

y_pred=logreg.predict(X_test)

accuracy=accuracy_score(y_test,y_pred)

precision=precision_score(y_test,y_pred)

recall=recall_score(y_test,y_pred)

f1=f1_score(y_test,y_pred)

auc_roc=roc_auc_score(y_test,y_pred)

#Printmetrics

print("Accuracy:",accuracy)

print("Precision:",precision)

print("Recall:",recall)

print("F1-Score:",f1)

print("AUC-ROCScore:",auc_roc)

#Printmodelcoefficients

print("Intercept:",logreg.intercept_)

print("Coefficients:",logreg.coef_)

#Predicttargetvariablefortestset

y_pred=logreg.predict(X_test)

#ComputeAUCfortestset
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y_pred_proba_test=logreg.predict_proba(X_test)[:,1]

auc_test=roc_auc_score(y_test,y_pred_proba_test)

#ComputeAUCfortrainingset

y_pred_proba_train=logreg.predict_proba(X_train)[:,1]

auc_train=roc_auc_score(y_train,y_pred_proba_train)

#PrintAUCfortestandtrainingsets

print("AUCfortestset:",auc_test)

print("AUCfortrainingset:",auc_train)

#Predicttargetvariablefortestset

y_pred=logreg.predict(X_test)

#Computeconfusionmatrix,classificationreportandF1score

confusion_mat=confusion_matrix(y_test,y_pred)

class_report=classification_report(y_test,y_pred)

f1=f1_score(y_test,y_pred)

print("ConfusionMatrix:\n",confusion_mat)

print("\nClassificationReport:\n",class_report)

print("\nF1Score:",f1)

#ComputeROCcurveandAUC

y_pred_proba=logreg.predict_proba(X_test)[:,1]

fpr,tpr,thresholds=roc_curve(y_test,y_pred_proba)

roc_auc=roc_auc_score(y_test,y_pred_proba)

#PlotROCcurve

plt.plot(fpr,tpr,label='ROCcurve(area=%0.2f)'%roc_auc)

plt.plot([0,1],[0,1],'k--')
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plt.xlabel('FalsePositiveRate')

plt.ylabel('TruePositiveRate')

plt.title('ROCCurve-logistic')

plt.legend(loc="lowerright")

plt.show()

#Computeprecision-recallcurve

precision,recall,thresholds=precision_recall_curve(y_test,y_pred_proba)

#Plotprecision-recallcurve

plt.plot(recall,precision)

plt.xlabel('Recall')

plt.ylabel('Precision')

plt.title('Precision-RecallCurve-logistic')

plt.show()

from sklearn.metricsimportconfusion_matrix

y_pred=logreg.predict(X_test)

conf_mat=confusion_matrix(y_test,y_pred)

sns.heatmap(conf_mat,annot=True,cmap="YlGnBu")

plt.title("ConfusionMatrix-logistic")

plt.xlabel("PredictedClass")

plt.ylabel("TrueClass")

plt.show()

From thiscodetheoutputandplotswereasfollows;

Table4.4Modelvalidation

Column1 Output

Accuracy 1.0

Precision 1.0
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Recall 1.0

F1-Score 1.0

AUC-ROC

Score 1.0

AUCfortest

set 1.0

AUCfor

Trainingset 0.997088139

TheresultsoftheSTIprevalencemodelingprojectindicatethatthemodelhasexcellent

predictiveperformanceonboththetrainingandtestsets.Themodelachievedaperfect

scoreforaccuracy,precision,recall,F1-Score,andAUC-ROCscore,indicatingthatitis

highlyeffectiveatpredictingSTIstatus.TheAUCforthetestsetisalso1.0,which

indicatesthatthemodelgeneralizeswelltonew,unseendata.

Here'sanexplanationofthevariousmeasuresofmodelperformanceindetail:

Accuracy:Theaccuracyofthemodelis1.0,whichmeansthatthemodelcorrectly

predictedtheSTIstatusforalloftheindividualsinthetestset.Thisisaperfectscore,

indicatingthatthemodelishighlyeffectiveatdistinguishingbetweenindividualswith

andwithoutSTIs.

Precision:Theprecisionofthemodelis1.0,whichmeansthatallofthepredictionsfor

thepositiveclass(i.e.,individualswithSTIs)werecorrect.Therewerenofalsepositives

inthemodel'spredictions,indicatingthatithasahighlevelofprecision.

Recall:Therecallofthemodelis1.0,whichmeansthatallofthepositivecasesinthe

testsetwerecorrectlyidentifiedbythemodel.Therewerenofalsenegativesinthe

model'spredictions,indicatingthatithasahighlevelofrecall.

Precision-recallcurve
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fig4.41

F1-Score:TheF1-Scoreofthemodelis1.0,whichistheharmonicmeanofprecision

andrecall.Thisisaperfectscore,indicatingthatthemodelishighlyeffectiveat

predictingSTIstatusinthetestset.
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AUC-ROCScore:TheAUC-ROCscoreofthemodelis1.0,whichmeansthatthemodel

hasaperfectabilitytodistinguishbetweenindividualswithandwithoutSTIs.TheAUC-

ROCisameasureofthemodel'sabilitytorankthepositiveandnegativecasescorrectly,

andascoreof1.0indicatesthatthemodelhasperfectdiscrimination.

AUCfortestset:TheAUCforthetestsetisalso1.0,whichisconsistentwiththeAUC-

ROCscore.Thisindicatesthatthemodelhasexcellentpredictiveperformanceonnew,

unseendata.

AUC fortrainingset:TheAUC forthetrainingsetis0.997088139374003,whichis

slightlylowerthantheAUC forthetestset.Thissuggeststhatthemodelisnot

overfittingtothetrainingdata,astheAUCforthetestsetishigherthantheAUCforthe

trainingset.

ROCCurve
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fig4.42

Confusionmatrix

Confusionmatrix=[189 0
0 371]

Theconfusionmatrixfrom theresultsshowsthatthemodelcorrectlyclassifiedall189

individualswhodidnothaveanSTIandall371individualswhodidhaveanSTIinthe

testset.Therewerenofalsepositivesorfalsenegatives,indicatingthatthemodelis

highlyaccurate.

ClassificationReport:Theclassificationreportprovidesasummaryoftheprecision,

recall,andF1-Scoreforeachclass(i.e.,STIpositiveandSTInegative).Thereportshows

thatthemodelhasperfectprecision,recall,andF1-Scoreforbothclasses,indicating

thatitishighlyeffectiveatpredictingSTIstatus.

Table4.4.1ClassificationReport

Column1 precision recall

f1-

score support

0 1.00 1.00 1.00 189

1 1.00 1.00 1.00 371

         

accuracy     1.00 560

macroayg 1.00 1.00 1.00 560

weighted

ayg 1.00 1.00 1.00 560

         

Overall,theseresultsindicatethatthelogisticregressionmodelishighlyeffectiveat
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predictingSTIprevalenceinZimbabwe.Themodelhasaperfectabilitytodistinguish

betweenindividualswithandwithoutSTIs,anditcorrectlyclassifiedallindividualsin

thetestset.Thehighlevelofprecision,recall,andF1-Scoreforbothclassesindicates

thatthemodelishighlyaccurateandeffectiveatpredictingSTIstatus.Theabsenceof

falsepositivesandfalsenegativesintheconfusionmatrixshowsthatthemodelis

highlyreliable.ThehighAUC-ROCscoreforboththetrainingandtestsetssuggests

thatthemodelhasexcellentpredictiveperformanceandisnotoverfittingtothetraining

data.Overall,theseresultssuggestthatthelogisticregressionmodelisahighly

effectivetoolforpredictingSTIprevalenceinZimbabwe,anditcouldbeusedtoidentify

individualswhoareathighriskofSTIinfectionandtodeveloptargetedinterventionsto

reduceSTItransmission.

4.5PrevalenceasPerType

TomodeltheprevalenceasperSTItypeIhadtoconstructthefollowingtable4.5.The

dataisextractedfrom SPSS.

Table4.5Summarystatistics

Column1 Column2 Column3 Column4

    frequency percentage

STIType notaffected 956 34.10%

 

vaginal

discharge 803 28.70%

  Gonorrhea 357 12.80%

  Syphilis 214 7.60%

  Chlamydia 230 8.30%

  trichomoniasis 240 8.60%

sex Male 1212 43.30%

  Female 1588 56.70%
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marital

stats Married 574 20.50%

  Divorced 151 5.40%

  Separated 662 23.60%

  Widowed 69 2.50%

  Single 1344 48%

HIV

status Negative 1069 38.20%

  Positive 839 30.00%

  non-disclosure 892 31.90%

residence Urban 1563 55.80%

  Rural 1237 44.20%

Sourcefrom SPSS

Theresultsinthetable4.5showsthatvaginaldischargehasthehighestpercentage

whichmeansthatmorefemalesarebeingaffected bySTI’s with56.7%.Morepeople

from urbanareawith55.8% arebeingtestedforSTI’satParirenyatwaHospitaland

thosewhoareHIV negativetheyfrequentlygettestedforSTIs.

4.6.1ParameterEstimationasPerTypeofSTI

Thetable4.6.1showstheparameterestimatesforeachSTItypewhichwillhelpusto

knowwhichfactorinfluencetheprevalenceofSTI.

Table4.6ParameterEstimates

  B StdError Wald Df sig Exp(B)

vaginal

discharge          

Age -0.49 0.011 19.298 1 0 0.953
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HIVNeg 0.2 0.195 1.049 1 0.306 1.221

HIVPos -0.409 0.202 4.12 1 0.042 0.664

maritalstats-

1 0.772 0.206 14.077 1 0 2.163

maritalstats-

2 1.348 0.495 7.42 1 0.006 3.851

maritalsats-

3 1.736 0.249 48.75 1 0 5.677

maritalstats-

4 1.224 2294.553 0 1 1 3.4

residence-1 0.03 0.156 0.036 1 0.849 1.03

             

Gonorrhea          

Age 0.003 0.011 0.071 1 0.789 1.003

HIVNeg -0.114 0.232 0.243 1 0.622 0.892

HIVPos 0.463 0.217 4.529 1 0.033 1.588

maritalstats-

1 0.787 0.212 13.745 1 0 2.197

maritalstats-

2 0.569 0.541 1.104 1 0.293 1.766

maritalsats-

3 0.768 0.289 7.043 1 0.008 2.254

maritalstats-

4 0.465 3623.197 0 1 1 1.592

residence-1 -0.22 0.172 1.633 1 0.201 0.802

 Sexmale 0.249

 

0.187

 

1.777  

 

0.183   1.282

Syphilis          

Age 0.023 0.012 3.473 1 0.062 1.023

HIVNeg 0.41 0.253 2.620 1 0.106 1.507

HIVPos 0.163 0.256 0.406 1 0.524 1.177
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maritalstats-

1 0.662 0.244 7.340 1 0.007 1.938

maritalstats-

2 0.071 0.641 0.012 1 0.912 1.074

maritalsats-

3 0.802 0.317 6.397 1 0.011 2.229

maritalstats-

4 19.853 0.452 1.932E+03 1 0 4.188E+08

residence-1 -0.346 0.195 3.129 1 0.077 0.708

 Sexmale

  -

0.649

 

0.2

 

10.515  

 

0.001   0.522

Chlamydia          

Age 0.016 0.013 1.548 1 0.213 1.016

HIVNeg 0.447 0.247 3.288 1 0.07 1.564

HIVPos 0.238 0.249 0.918 1 0.388 1.269

maritalstats-

1 -0.188 0.271 0.478 1 0.489 0.829

maritalstats-

2 1.512 0.504 9.014 1 0.003 4.536

maritalsats-

3 1.050 0.301 12.198 1 0.00 2.858

maritalstats-

4 19.602 0   1   3.257E+08

residence-1 -0.256 0.192 1.781 1 0.182 0.774

 Sexmale

 

0.33

 

0.207

 

2.545  

 

0.111 1.391

Sourcefrom SPSS
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NB:Codesofparametersindicatedonpart4.1

4.6.2FittingLogisticRegressionModelforVaginalDischarge

logit(p)

=-0.49(age)+0.2(HIV-neg)-0.409(HIV-pos)

+0.772(maritalstatusmarried)+1.348(maritalstatusdivorced)

+1.736(maritalstatusseparated)+1.224(maritalstatuswidow)

+0.03(residence-urban)

Interpretation

The equation provided represents a logistic regression modelthatpredicts the

probability(p)ofhavinganSTIbasedonseveralpredictorvariables.Here'show to

interprettheequation:

Thecoefficientforageis-0.49.Thismeansthatasageincreasesbyoneunit,thelog

oddsofhavingvaginaldischargedecreaseby0.49units,holdingallothervariables

constant.

ThecoefficientforHIV-negativestatusis0.2.ThismeansthatHIV-negativeindividuals

arepredictedtohaveahigherlogoddsofhavinganVaginaldischargecomparedtoHIV

-positiveindividuals,holdingallothervariablesconstant.

The coefficientforHIV-positive status is -0.409.This means thatHIV-positive

individualsarepredictedtohavealowerlogoddsofhavingvaginaldischargecompared

toHIV-negativeindividuals,holdingallothervariablesconstant.

Thecoefficientsforthemaritalstatusvariablesrepresentthepredictedincreaseinlog

odds ofhaving vaginaldischarge compared to the reference group (unmarried

individuals).Forexample,thecoefficientformaritalstatusmarriedis0.772,which

meansthatmarriedindividualsarepredictedtohavea0.772unitincreaseinlogodds

ofhaving vaginaldischarge compared to unmarried individuals,holding allother

variablesconstant.

Thecoefficientforresidence-urbanis0.03.Thismeansthatindividualslivinginurban
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areasarepredictedtohaveaslightlyhigherlogoddsofhavingvaginaldischarge

comparedtoindividualslivinginruralareas,holdingallothervariablesconstant.

Overall,thismodelsuggeststhatage,HIVstatus,maritalstatus,andplaceofresidence

areallpredictorsofSTIriskinthispopulation.

4.6.3FittingLogisticRegressionModelforGonorrhea

logit(p)

=0.003(age)-0.114(HIV-neg)+0.463(HIV-pos)

+0.787(maritalstatusmarried)+0.569(maritalstatusdivorced)

+0.768(maritalstatusseparated)+0.465(maritalstatuswidow)

-0.22(residence-urban)+0.249sex(male)

Here'showtointerprettheequation:

Thecoefficientforageis0.003.Thismeansthatasageincreasesbyoneunit,thelog

oddsofhavinggonorrheaincreaseby0.003units,holdingallothervariablesconstant.

The coefficientforHIV-negative status is -0.114.This means thatHIV-negative

individualsarepredictedtohavealowerlogoddsofhavinggonorrheacomparedtoHIV

-positiveindividuals,holdingallothervariablesconstant.

ThecoefficientforHIV-positivestatusis0.463.ThismeansthatHIV-positiveindividuals

arepredictedtohaveahigherlogoddsofhavingthegonorrheacomparedtoHIV-

negativeindividuals,holdingallothervariablesconstant.

Thecoefficientsforthemaritalstatusvariablesrepresentthepredictedincreaseinlog

oddsofhavinggonorrheacomparedtothereferencegroup(unmarriedindividuals).For

example,thecoefficientformaritalstatusmarriedis0.787,whichmeansthatmarried

individualsarepredictedtohavea0.787unitincreaseinlogoddsofhavinggonorrhea

comparedtounmarriedindividuals,holdingallothervariablesconstant.

Thecoefficientforresidence-urbanis-0.22.Thismeansthatindividualslivinginurban

areasare predicted to have a lowerlog oddsofhaving gonorrhea compared to

individualslivinginruralareas,holdingallothervariablesconstant.
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Thecoefficientforsex-maleis0.249.Thismeansthatmalesarepredictedtohavea

higherlogoddsofhavinggonorrheacomparedtofemales,holdingallothervariables

constant.

Overall,thismodelsuggeststhatage,HIVstatus,maritalstatus,placeofresidence,and

sexareallpredictorsofthegonorrheainthispopulation.

Howeverinthebasisof thesetwomodelsitconcludesthatage,HIVstatus,marital

status,placeofresidenceandsexareallfactorsthatinfluenceSTItypes.Ihave

includedsexbecausetheysomeSTItypesthatmainlyaffectsaspecificganderlike

vaginaldischargeaffectsfemalesonly.

4.7Chaptersummary

Thischapterwasentirelyonmodeling STIprevalenceinZimbabweusing logistic

regression,itexaminestheimpactofvariousvariablesonthelikelihoodofindividuals

contractingSTIsandalsoprovidesthefactorsthatinfluencetheprevalenceofSTIs.

ThestudyconcludesthatlogisticregressioncanbeaneffectivetoolforpredictingSTI

prevalenceandidentifyinghigh-riskpopulations,andthatqualityandprecisionchecks

areimportantforensuringthereliabilityofthemodel.Logisticregressionisalsoatool

tofindfactorsthatinfluenceSTIs.Thenextchapterwillfocusontheconclusionofthe

findingsandrecommendations.
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CHAPTER5

SUMMARY,CONCLUSIONSANDRECOMMENDATIONS

5.0Introduction

Thischaptersummarizesthefindingsfrom thepreviouschaptersothatjudgments

abouttheanalysisofSTIprevalencemaybemade.Italsooffersresearchconclusions

thatareinlinewiththestudy'sobjectives.Theresearcherofferssome

recommendationsattheendofthechapter,addressingtheentirehealthworkforceas

wellasthesocietythatoperatesandlivesinthesamecontextasthestudy.

5.1SummaryoftheStudy

Atthebeginningofthestudychapteroneprovidestheintroduction,backgroundofthe

studyandtheresearchquestionsofthestudy.Chapteronealsooutlinestheobjectives

ofthestudywhicharetoidentifysuitablemodeltopredicttheprevalenceofSTIsat

ParirenyatwaHospitalandtoidentifyfactorsthatinfluencetheprevalenceofSTI.

ChaptertwoofthestudyoutlinesthetheoriesonSTIsavailableandtheempirical

literaturewhichexplainsthesiswhichhavebeendoneinothercountries.Italsobrought

lighttowhatshouldbedoneinthiswritingalsoexplainingtheresearchgapofthestud.

Chapterthreeshadeslightonwhichmethodologytobeusedinthestudy.Itwell

explainedthelogisticregressiontobeusedinthestudyandalsohowdatawasgoingto

becheckedforvalidation.

Chapterfourwasmainlyconcernedwithanalyzingdatawhichwascollectedfrom

Parirenyatwahospital.Italsoshowedwhichmodelissuitabletopredicttheprevalence

ofSTIsandfactorsthatinfluencetheprevalenceofSTI.

5.2SummaryoftheFindings

Accordingtothestudy'sfindings,femalesaremorelikelytohaveSTIthanmales.From

fittedmodels,welearnthatHIVnegative,maritalstatus(singleornotcommittedina

relationship)andpeoplefrom ruralareasareassociatedwithhigherlikelihoodof

havingSTI.Moreover,itwasdeducedfrom themodelthataspeoplegrowold,the
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chancesofgettingSTIdecrease.From thefindings,italsoshowedthatmostvariables

influencetheprevalenceofSTI

5.2.1Objective1

Objective1 wasto identifysuitablemodelto predictthe prevalenceof STIsat

Parirenyatwahospital.Thisobjectivewasachievedthroughbinarylogisticregression.

Theresults showninTable4.4.1showsthatthemodelachievedaperfectscorefor

accuracy,precision,recall,F1-Score,andAUC-ROC score,indicatingthatitishighly

effectiveatpredictingSTIstatus.TheAUCforthetestsetisalso1.0,whichindicates

thatthe modelgeneralizes wellto new,unseen data.This therefore shows that

objective1wasachieved

5.2.1Objective2

From thefindingsinTable4.6.1showedthatiftheparameterestimatesarefittedinthe

logoddregression,sex,maritalstatus,HIVstatusand placeofresidencearefactors

thatinfluencetheprevalenceofSTIs.Thistherefore,answersobjectivetwo.

5.3Conclusion

Thestudy'sconclusionsindicatethataperson'sageandgenderhavenobearingon

whetherornottheydevelopaSTI.Ourmodel'svariablesshowthatmaritalstatus,place

ofresidenceandHIVstatusaresubstantialenoughtobeincluded,indicatingthatthese

factorsmayhaveaffectedwhetherornotapersonhadaSTI.Thefittedmodelfound

thatHIV negative and maritalstatus (single ornotcommitted in a relationship)

significantlyincreasedthelikelihoodofhavingaSTIinbothmalesandfemales.

5.4ProjectConstrains

Thisstudydid,however,haveafewdrawbacks.Ittooksometimetogetinformation

from theMinistryofHealth.Someofthevariablesinthedatawereconstrained;for



51

example,theydidnotaccountforsomecharacteristicsthatmaycontributetothe

developmentofSTIs,suchasreligion,levelofeducation,andoccupation.Inaddition,

therewasn'tmuchtimetocollectthedata,andadditionaltimewouldhaveproduced

betterresults.Lastbutnotleast,duetothestudent'sothercoursework,shehada

limitedamountoftimetocompletetheproject.

5.5Recommendations

MinistryofHealthandChildCareshouldestablishmoreSTIscreeningcentersinmost

ruralareas.Thereshouldbepeereducatorsatthesecenterswhodistributeriskfactor

knowledge.Theyshouldurgemenandwomentogoforearlyscreeningsothattheycan

obtainearlytreatment.Toavoidnon-disclosureresponse,theGenito-UrinaryClinics

shouldofferHIVtestingtoitspatientsinlaboratoriesforprivacy.Morecondomsshould

besuppliedtothemostprevalentareas.
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Annex1:Syntaxofpythoncodeused

importmatplotlib.pyplotasplt

importnumpyasnp

importpandasaspd

importseabornassns

importstatsmodels.apiassm

from sklearn.calibrationimportcalibration_curve

from statsmodels.graphics.gofplotsimportProbPlot

from scipy.statsimportnorm,chi2_contingency

from sklearn.linear_modelimportLogisticRegression

from sklearn.metricsimportf1_score,roc_auc_score,confusion_matrix,\

roc_curve,classification_report,precision_recall_curve,average_precision_score,accuracy_score,

precision_score,\

recall_score

from sklearn.model_selectionimporttrain_test_split

from statsmodels.stats.outliers_influenceimportvariance_inflation_factor

#LoadtheExcelfileintoaPandasDataFrame

data=pd.read_excel(r'C:\Users\USER\Documents\dissetations\benadete\data.xlsx',"Sheet1")

print(data.head())

#Printnumberofrowsandcolumns

print("Numberofrows:",data.shape[0])

print("Numberofcolumns:",data.shape[1])

#Printdatatypes

print("\nDatatypes:")

print(data.dtypes)

#Printsummarystatisticsfornumericalvariables

print("\nSummarystatistics:")

print(data.describe())

#Printmissingvalues
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print("\nMissingvalues:")

print(data.isnull().sum())

#Generatehistograms

data.hist(figsize=(10,10))

plt.show()

#Generatecorrelationmatrix

corr_matrix=data.corr()

sns.heatmap(corr_matrix,annot=True,cmap="YlGnBu")

plt.show()

#Plothistogram ofagevariable

sns.histplot(data=data,x="age",kde=True,stat="density")

#Plotnormaldistributionline

mu,std=norm.fit(data["age"])

xmin,xmax=plt.xlim()

x=np.linspace(xmin,xmax,100)

p=norm.pdf(x,mu,std)

plt.plot(x,p,'k',linewidth=2)

#Showplot

plt.show()

#Checkforlinearityassumption

sns.regplot(x='age',y='sti_status',data=data,logistic=True)

plt.title("LinearityCheck")

plt.show()

#Checkforlackofmulticollinearityassumption

X=sm.add_constant(data[['age','sti_status','sex','sti_type','hiv_status','marital_status','residence']])

vif=pd.DataFrame()

vif["VIFFactor"]=[variance_inflation_factor(X.values,i)foriinrange(X.shape[1])]

vif["features"]=X.columns

print(vif)
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#Checkforbinaryresponseassumption

print(data['sti_status'].unique())

#Checkforlargesamplesizeassumption

print(data.shape[0])

#Checkforabsenceofoutliersassumption

sns.boxplot(x='age',y='sti_status',data=data)

plt.title("OutlierCheck")

plt.show()

#Splitdataintofeaturesandsti_status

X=data.drop("sti_status",axis=1)

y=data["sti_status"]

#Splitdataintotrainingandtestingsets

X_train,X_test,y_train,y_test=train_test_split(X,y,test_size=0.2,random_state=42)

#Fitlogisticregressionmodel

logreg=LogisticRegression()

logreg.fit(X_train,y_train)

#Calculatemetrics

y_pred=logreg.predict(X_test)

accuracy=accuracy_score(y_test,y_pred)

precision=precision_score(y_test,y_pred)

recall=recall_score(y_test,y_pred)

f1=f1_score(y_test,y_pred)

auc_roc=roc_auc_score(y_test,y_pred)

#Printmetrics

print("Accuracy:",accuracy)

print("Precision:",precision)

print("Recall:",recall)

print("F1-Score:",f1)

print("AUC-ROCScore:",auc_roc)

#Printmodelcoefficients
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print("Intercept:",logreg.intercept_)

print("Coefficients:",logreg.coef_)

#Predicttargetvariablefortestset

y_pred=logreg.predict(X_test)

#ComputeAUCfortestset

y_pred_proba_test=logreg.predict_proba(X_test)[:,1]

auc_test=roc_auc_score(y_test,y_pred_proba_test)

#ComputeAUCfortrainingset

y_pred_proba_train=logreg.predict_proba(X_train)[:,1]

auc_train=roc_auc_score(y_train,y_pred_proba_train)

#PrintAUCfortestandtrainingsets

print("AUCfortestset:",auc_test)

print("AUCfortrainingset:",auc_train)

#Predicttargetvariablefortestset

y_pred=logreg.predict(X_test)

#Computeconfusionmatrix,classificationreportandF1score

confusion_mat=confusion_matrix(y_test,y_pred)

class_report=classification_report(y_test,y_pred)

f1=f1_score(y_test,y_pred)

print("ConfusionMatrix:\n",confusion_mat)

print("\nClassificationReport:\n",class_report)

print("\nF1Score:",f1)

#ComputeROCcurveandAUC

y_pred_proba=logreg.predict_proba(X_test)[:,1]

fpr,tpr,thresholds=roc_curve(y_test,y_pred_proba)

roc_auc=roc_auc_score(y_test,y_pred_proba)

#PlotROCcurve

plt.plot(fpr,tpr,label='ROCcurve(area=%0.2f)'%roc_auc)
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plt.plot([0,1],[0,1],'k--')

plt.xlabel('FalsePositiveRate')

plt.ylabel('TruePositiveRate')

plt.title('ROCCurve-logistic')

plt.legend(loc="lowerright")

plt.show()

#Computeprecision-recallcurve

precision,recall,thresholds=precision_recall_curve(y_test,y_pred_proba)

#Plotprecision-recallcurve

plt.plot(recall,precision)

plt.xlabel('Recall')

plt.ylabel('Precision')

plt.title('Precision-RecallCurve-logistic')

plt.show()

from sklearn.metricsimportconfusion_matrix

y_pred=logreg.predict(X_test)

conf_mat=confusion_matrix(y_test,y_pred)

sns.heatmap(conf_mat,annot=True,cmap="YlGnBu")

plt.title("ConfusionMatrix-logistic")

plt.xlabel("PredictedClass")

plt.ylabel("TrueClass")

plt.show()

#ComputeHosmer-Lemeshowgoodness-of-fittest

y_pred_prob=logreg.predict_proba(X_test)[:,1]

num_groups=10

observed_events,expected_events=calibration_curve(y_test,y_pred_prob,n_bins=num_groups,

normalize=True)

hl_statistic,hl_p_value=chi2_contingency(np.array([observed_events*num_groups,

expected_events*num_groups]))

print("Hosmer-LemeshowTest:")

print("HLStatistic:",hl_statistic)
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print("HLP-Value:",hl_p_value)
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