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ABSTRACT

Inthelastdecade,machinelearning((ML),gainedsignificantmomentum inhealthcare,
especiallyforadvanceddiagnosticsandimprovedpatientcare.Machinelearningisan
applicationofartificialintelligence(AI)thatprovidescomputerbasedsystemswiththeability
toautomaticallylearnandimprovefrom experiencewithoutbeingexplicitlyprogrammed.The
basicpremiseofmachinelearningistobuildmodelsthatcanreceiveinputdataanduse
statisticalanalysistopredictanoutputwhileupdatingoutputsasnewdatabecomes
available.Themodelsarecodedindifferentprogramminglanguagesincluding;python,rand
javajusttomentionafew.However,formostAfricancountries,resourcescarcityisa
challengealthoughthetechnologyhasprovedtobeofimmensepotentialandalsocrucialfor
addressingtheuniquechallengesfacedbythecontinent.

INTRODUCTION

Machinelearningcanbecategorizedintosupervisedandunsupervisedalgorithms.
Supervisedalgorithmsareusedwhenthedatausedtotrainisclassifiedandlabeledwhile
unsupervisedalgorithmsareusedinunlabeleddata.Nowadays,machinelearningisusedina
widerangeofapplicationssuchassocialmediaservices,identifyingdiseaseanddiagnosis,
drugdiscoveryandclinicalresearches.Thispositionpaperhighlightstheapplicationsof
machinelearninginhealthcareandhowmachinelearningandAItechniquescanbeusedas
innovativetoolsofsolvingsomeoftheproblemsfacedbythemedicalfieldintheAfrican
continent.



1.PYBACT

Pybactisasoftwarethatwaswritteninpythonforbacterialidentification.Thecode
simulatesthepredefinedbehaviourofbacterialspeciesbygeneratingasimulateddataset
basedonthefrequencytableofbiochemicaltestsfrom microbiologytextbook.Results
indicatedthattheclassifierscouldaccuratelypredictitsrespectivebacterialclasswith98%
accuracy.Thisalgorithm hasassistedmicrobiologistsinrapidlyidentifyingpathogensand
understandingtheprevalenceofcertainstrainsindifferentregions.

Thefiguresbelowshowthealgorithmscodeinputandoutputinoneofpython’sextensive
libraries.

2.ANTIMICROBIALRESISTANCEPREDICTIONFROM CLINICALMALDI-TOFMASS
SPECTRA(ARPCM)

Antimicrobialresistancehasbecomeaseriousglobalconcern.Afterhavingbeenexposedto
antibiotics,bacteriacanquicklydevelopresistanceduetotheirshortgrowthcycleand
variousadaptationmechanisms.Bothsupervisedandunsupervisedmachinelearningtools
havebeensuccessfullyusedtopredictearlyantibioticresistance,andthussupportclinicians
inselectingappropriatetherapy.TheARPCM modelwaswritteninpythonandrprogramming
topredictantibioticresistancepatternsofbacterialisolatesbasedontheirgenomicdata.The
datasetcombinesmorethan300,000massspectrawithmorethan750000antimicrobial
resistancephenotypesfrom differentmedicalinstitutions. Validationonapanelofclinically
importantpathogens,includingStaphylococcusaureus,EscherichiacoliandKlebsiella
pneumoniae,resultinginareasunderthereceiveroperatingcharacteristiccurveof0.80,0.74
and0.74,respectively,demonstratedthepotentialofusingmachinelearningtosubstantially
accelerateantimicrobialresistancedeterminationandchangeofclinicalmanagement.
Furthermore,aretrospectiveclinicalcasestudyof63patientsfoundthatimplementingthis
approachwouldhavechangedtheclinicaltreatmentinninecases,whichwouldhavebeen
beneficialineightcases(89%).MALDI-TOFmassspectra-basedmachinelearningmaythus
beanimportantnewtoolfortreatmentoptimizationandantibioticstewardship.



Thefiguresbelowshowcaseavisual
representationofthemodel,inputandoutputcode
inoneofpythonsextensivelibraries.

CONCLUSION
Wecanconcludethatmachinelearningisanidealtechniqueandthereforeessentialinhealth

care.Howevertherestillexistspossiblefactorsthatmaypotentiallyhinderaccurateand
definitivebacterialidentificationandantimicrobialresistanceprediction.Thatiswhyitis
importantforAfricanresearcherswhoareinterestedinartificialintelligencetocometogether
andshareideasonhowbesttheycanutilizetheavailableresourcesattheirdisposaland
buildasolidlegacyforAfricanAI.
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