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ABSTRACT

Thedevelopmentofmachine learningalgorithms togetherwith theavailabilityofcomputational
toolsnowadayshavegivenanincreaseintheapplicationofartificialintelligencemethodologiesin
differentfields.However,theuseofthesemachinelearningapproachesinnanomedicineremains
stillunderexploredincertainareas,despitethedevelopmentinhardwareandsoftwaretools.Inthis
review,therecentadvancesintheconjunctionofmachinelearningwithnanomedicineareshown.
Examplesdealingwithbiomedicalpropertiesofnanoparticles,characterizationofnanomaterials,text
mining,andimageanalysisarealsopresented.Finally,somefutureperspectivesintheintegrationof
nanomedicinewithcloudcomputing,deeplearningandothertechniquesarediscussed.
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INTROdUCTION

Nanomaterialshavearisenasoneofthepromisingfieldsinmaterialsciencesandtechnologiesinthe
currentcentury.Themostprominentthatshouldbementionedincludeamongothersthedevelopment
ofnewfuelcells(Liu,Ling,Su,&Lee,2004),electronicdevices(Novoselovetal.,2012),coatings
(Ragesh,AnandGanesh,Nair,&Nair,2014),diagnosticimaging(Wuetal.,2002),anddrugdelivery
(Muller&Keck,2004).Thefieldofnanomedicinehasgainedagreatimportanceinthelastyears.In
thecaseofnanomedicinesuccessfulapplicationsofcomputationalapproaches,mostofthemrelated
withQSAR(quantitative-structureactivityrelationships)studies.

In this sense in this reviewwecover themainapplicationsofmachine learningmethods in
medicine, where the most relevant publications are discussed for this field. This has led to the
developmentofdifferentapproaches,basedinthepredictionsof theeffectsofnanoparticles, the
enzymeinhibitionofcarbonnanotubesandothersintheuseofartificialintelligenceforthestudy
ofnanoimagestopredicttheresponsetocertaineffects,ortheimprovementofpersonalizedcancer
treatmentbasedinnanometer-scaledrugdeliverysystems.
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The State of the Art of Machine Learning and Nanomedicine
In the era of data, machine learning (ML) algorithms have played a crucial role by helping to
improvethepredictionsofbiological,physical,chemicalandtoxicologicaleffects.Asthesizeof
theinformationincreasetheseartificialintelligencemethodsareofvaluableimportanttoanalyze
thishugeamountofdata.

Oneofthemainpracticaluseisforvirtualthroughputscreeningofnewchemicalentities,based
ontheinformationgatheredfrompreviousone.Acommonproceduretoperformthiskindofstudy
isbytheQuantitativeStructure-ActivityRelationships(QSAR)methods,astatisticalmethod,ina
generalwaywhichtrytocorrelatethebiologicaleffectwiththefeaturesdescribingthecompounds,
moleculardescriptorsgathereddirectlyfromthechemicalstructurethroughmathematicalequations
oftheconnectivitygraph.Inthecaseofnanomaterialsotherdescriptorscanalsobeobtainedlike
shape, size, composition, surfacemodifications, andpropensity to agglomerate, interactionwith
differentmolecules,andaqueoussolubilitythatcouldinfluencethepropertiesofthenanomaterials
affectingthebiologicalresponses.

TheimpactofthisfieldwasanalyzedbyretrievingintheScopusdatabaseasearchusingthe
searchcriteria“MachineLearning”AND“Nanomedicine”.AscanbeobservedinFigure1thetime
periodforMachineLearning-Nanomedicinesearchcomprisesthetimeperiodfrom1999-present,
with921documentsthisiscompressiblebecausethisisnovelmultidisciplinaryfield.Ascanbenoted
aconstantincreasedinthisfieldisobserved.Fromthiscouldbesaidthatthisthematicconstitutesa
hottopicnowadaysduetotheincreasedinterestindrugdiscoveryanddesign.

Innovative Applications and Methods
Oneofthebigchallengesfornanomedicineisthemanagementofhighvolumesofdatagenerated
throughalltheyearsofexperimentalresearch.Theimprovementofthetoolsforinformationretrievalis
acrucialstepinordertoorganizethebigdatasetsandcompilethenecessaryandrelevantinformation
tobeprocessedforitsuseinstudies.Inthissense,aworkdevelopedbydelaIglesiaetal.makeuse

Figure 1. Yearly publications based on ‘Machine Learning’-‘Nanomedicine’ keywords
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ofamachinelearningmethodcombinedwithNaturalLanguageProcessing(NLP)methods(dela
Iglesiaetal.,2014).Inthementionedreportisdonetheclassificationofclinicaltrials(CT)inthe
ClinicalTrials.govdatabasethat testnanotechnologyproducts(nanodrugsandnanodevices)from
thoseonethatmaketestingofconventionaldrugs.

Intheproposedmethod,theauthorsdevelopedaworkflow(seeFigure2)thatcomprises
theextractionandmanualannotationoftheCTintotwocategories:nanoandnon-nano,with
500CTsselectedaspositives(nano)and500CTsasnegatives(non-nano).Inasecondstepis
performedthepreprocessingofthedataeliminatingtheirrelevantinformation,thestandardization
andfiltering,byusingNaturalLanguageToolkitstoconverttheinformationintotextualfeatures
usingavector-basedrepresentation.Inthefollowingstateseveralmachinelearningalgorithms
implementedintheWekaworkbenchareusedandthebestpredictionsmodelshowedanF-measure
valueequalto0.955.InsummarythisstudyhelpstoretrieveandorganizethebigdatainCTs
database,makingusefulforresearchers.

In a recent review from Jones et al. are described the applications of machine learning in
nanomedicine focused mainly in the prediction of biomedical responses (Jones, Ghandehari, &
Facelli,2016).Inthefirstsection,theauthorsshowtheQSARstudiesrelatedwithnanoparticles
anditsresponsesrelatedwithnanoparticleadherence,nanoparticlesize,cellularuptake,molecular
releaseand soon (Epaet al., 2012;Fourcheset al., 2010;Puzyn,Leszczynska,&Leszczynski,
2009;Toropova&Toropov,2017;Winkleretal.,2014).TheauthorsnotedthattheArtificialNeural
Networks(ANN)arethemainalgorithmsusedthroughmostoftheworks.Fromtheirpointofview
thischoiceisduetothecomplexityofthedatagivenbythegreatheterogeneityinthenanomaterials
(Tantraetal.,2015).Thisledtoalargenumberofdifferentfeaturesthatalsothedifficultytodevelop
predictionstudies.

Inthesameway,Winkleretal.(Papa,Doucet,Sangion,&Doucet-Panaye,2016),modelled
thebioactivityofgoldnanoparticlesincellassociationstudies.Inthisstudy,severalmachine
learningalgorithmsareproved,andallshowedaccuracyvalues(Ac)>0.88forthetrainingset,
andAc>0.73forthepredictionset.Thesameresearcherpublishedareviewofcomputational
modelingofnanomaterials,wherearedescribedmostof theresearchrelatedwith theuseof
machine learningmodels in thepredictionofbiologicaleffects (Winkler,2016).Thereports
includedherearebasedmainlyinthestrongestresearchteamsandresearchersworkinginthe
field.Thisreviewarticlehelpstocomplementthepreviousonesalreadycommented,togivea
pictureofthestateoftheartofthethematic.

However,someinterestingapproachesinmodelingofnanomaterialpropertiesarenotincluded,
likethecaseoftheworksofMichaeletal.thatpredictingtheenergygapofgraphenenanoflakesby
MLmethods(Fernandez,Abreu,Shi,&Barnard,2016).Inthisworkthetopologicalinformation
gathered from the structure was used as features. The EG values (response variable) were well
predictedintheMLregressionmodelswithR2>0.80.InapreviousworktheseauthorsusetheML

Figure 2. Graphical workflow of the work developed by de la Iglesia et al. (2014)



International Journal of Applied Nanotechnology Research
Volume 4 • Issue 1 • January-June 2019

4

algorithms to establish a structure-property approach for some nanomaterial properties such as:
ionizationpotential,electronicbandgap,energyofFermilevel,andelectronaffinityFernandez,Shi,
&Barnard,2016).Theremarkableaspectinthesestudiesistheencodingofthemolecularstructures
toobtainthefeatures(moleculardescriptors)toperformtheQSARstudies.Thesetwostudiesand
thosecommentedbelowaresummarizedinTable1.

Recently, some novel approaches have been developed in the efforts to apply the QSAR
methodologies to challengingproblems.Asanexample, a studyperformedbyGonzález-Durruty
etal.(González-Durruthyetal.,2019)isshown.TheauthorsstudiedthemitochondrialF0F1-ATP
ATPaseatargetthatofferahigherselectivityforselectingpositiveresponse(inhibitors)frominactive
ones(non-inhibitors).Inthissense,fractalSEM(scanningelectronmicroscopy)nanodescriptorswere
calculatedbyusingtheoriginalSEM-imageinaboxcountingalgorithmlinkedtothecalculationof
thefractaldimensionoftheobjectbyalinearfitofthedata(Odziomeketal.,2017).Besides,subset
ofdescriptorsbasedinthedifferentconditions(movingaverages)anapproachwidelyusedinQSAR
studies(González-Durruthyetal.,2017).ThesefeatureswerethenfedintoArtificialNeuralNetworks
(ANN)fordevelopmentoftheclassificationmodelsandadequatestatisticalparameters(Specificity
>98.9%andSensitivity>99.0%).ThegeneraltheoreticalworkflowforthisstudyisshowedinFigure3.

Thenanoscaleimagingtechniquehasemergedasanotherinterestingandveryusefulapproach
asisshowedinthestudyperformedbyRanietal.(Rani&Jawhar,2019).INthiscase,theComputer
Tomography(CT)imageswereusedtodevelopameasuringtooltodetectlungtumorareas.The
SupportVectorMachineandK-NearestNeighborweretheselectedMLalgorithmsfortheimage
classificationandfeatureengineering.Theperformanceofthisclassifier(Ac=97%)providean
efficientmethod for the segmentationof lung lesionand thediagnosisandshowsan interesting
applicationforthefieldofmedicalinformatics.

CONCLUSION

Nanomedicinerepresentsachallengefornanoinformaticsbecauseofthewidelyspreaddatagenerated
bythescientistsfordecades.Thisbigamountofdataisveryheterogeneousandrequirestheuseof

Table 1. Summary of recent studies on QSPR-ML nanomedicine

Property Under Studya ML Algorithmb Accuracy Reference

Graphenenanoflakes-EG SVM R2
train=0.862

R2
ext=0.812 Fernandez2016

Graphenesnanoflakes-EA SVM Q2
train=0.77

R2
ext=0.90 (Fernandez,Shi,etal.,2016)

Graphenesnanoflakes-EF kNN Q2
train=0.99

R2
ext=0.89 (Fernandez,Shi,etal.,2016)

Graphenesnanoflakes-EG SVM Q2
train=0.66

R2
ext=0.89 (Fernandez,Shi,etal.,2016)

Graphenesnanoflakes-EI ANN Q2
train=0.78

R2
ext=0.90 (Fernandez,Shi,etal.,2016)

CarbonNanotube-ATPaseInhibitors ANN Sp=99.6
Sn=99.3 (González-Durruthyetal.,2019)

CarbonNanotubes-MitochondrialOxygen
FluxDynamics RF R2

train=0.855
R2

ext=0.856 (González-Durruthyetal.,2017)

ComputerTomographyimages kNN 97% (Rani&Jawhar,2019)
aProperties: EG (Energy band gap), EA (Electron affinity), EF (Energy of the Fermi level), EI (Ionization potential)
bMachine Learning Algorithms: ANN (Artificial Neural Networks), kNN (K-Nearest Neighbor), SVM (Support Vector Machine), RF (Random Forest)
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powerfulcomputationalresources.Theserequirementscouldbesatisfiedwiththeintegrationofthe
machinelearningalgorithmsinhighperformancecomputing(HPC)orCloudcomputingplatforms.
Besides,theuseofconsensusmodelscouldbenefitthepredictionsforthiskindofstudies,avoiding
thebiasthatasingleclassifier/regressorcouldhaveonacollecteddata.

Thecombinationoftheseapproaches,withthoseshowedinthisreview,suchastextmining,
imageacquisition,multi-scalemodelingcouldimprovetheeffectivenessforthemanagementofthe
dataandinformationonnanomedicalresearchandhencethediscoveryofnewknowledgeaboutthe
biomedicalpropertiesofnanomaterials.
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Figure 3. Theoretical workflow on mitochondrial F0-ATPase mitotoxic inhibition. Reprinted (adapted) with permission from 
(González-Durruthy et al., 2012).
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