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ABSTRACT

Epilepsyisacommonneurologicaldisorderthataffectsmillionsofpeopleworldwide.Patientswith
epilepsygenerallyrequirelong-termantiepileptictherapyandmanyofthemreceivepolypharmacy.
Certainmedications,includingolder-generationantiepilepticdrugs,havebeenknowntopredispose
patients to developing diabetes. Although data mining techniques have become widely used in
healthcare,theyhaveseldombeenappliedinthisclinicalproblem.Here,theauthorsusedassociation
ruleminingtodiscoverdrugsordrugcombinationsthatmaybeassociatedwithnewlydiagnosed
diabetes.Their findings indicate inaddition to themostcommonculpritssuchasphenytoinand
valproicacid,prescriptionscontainingcarbamazepine,oxcarbazepine,orlamotriginemayberelated
tothedevelopmentofnewlydiagnoseddiabetes.Theseminedrulesareusefulasguidancetoboth
clinicalpracticeandfutureresearch.
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INTRODUCTION

Epilepsyisacommonneurologicaldisordercharacterizedbyparoxysmalrecurrenceofepileptic
seizures(Moshé,Perucca,Ryvlin,&Tomson,2015).Long-termuseofoneormoreantiepileptic
drugs(AEDs)toprovideoptimalseizurecontrolhasbeenthemainstayoftreatmentforepilepsy
(Burakgazi&French,2016).AsurveyfoundthatthemeannumberofAEDsconsumedpereachpatient
withepilepsywas1.7±0.8(range1–4)(Eyal,Rasaby,&Ekstein,2014).Inaddition,theburdenof
comorbiditiesishigherinpatientswithepilepsythanthatinthegeneralpopulation(Keezer,Sisodiya,
&Sander,2016).About56%ofpatientswithepilepsywereconcomitantlytreatedwithatleastone
otherprescription(Eyaletal.,2014).Therefore,prescribersshouldcarefullyconsiderthelong-term
adverseeffectsofAEDs—especiallyofthoseolder-generationAEDswithhepaticenzyme-inducing
activitiesandhighpotentialsfordrug-druginteractions(Brodieetal.,2013).
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Priorstudieshavedemonstratedthatenzyme-inducingAEDs—suchasphenytoin—areassociated
withmarkersofelevatedvascularriskincludingincreasedcarotidintima-mediathickness(Chuang
etal.,2012)andahigherriskofstroke(Hsieh,Lai,Yang,&Lin,2013).Notably,theprevalenceof
diabetesishigherinpatientswithepilepsy(Keezeretal.,2016).Itispossiblethatmetabolicside
effectsofAEDsdirectlycausediabetes—which,inturn,leadstoanincreasedriskofvasculardiseases
in patients with epilepsy. For example, phenytoin may cause hyperglycemia through decreased
insulinsecretionandincreasedinsulinresistance(Fathallah,Slim,Larif,Hmouda,&BenSalem,
2015).Valproicacidmaycauseimpairedglucosehomeostasis,overweight,andmetabolicsyndrome
(Verrotti,Manco,Agostinelli,Coppola,&Chiarelli,2010).Furthermore,whenpatientswithepilepsy
aregettingolder,theassociationbetweenAEDsandtheincreasedprevalenceofdiabeteswillbecome
morecomplicatedbecauseofahigherburdenofcomorbidity(Johnsonetal.,2018)andprobably
becauseofthecumulativeburdenofmoreco-medications.Forexample,patientswithepilepsyhave
ahighriskofpsychiatricdisorders(e.g.depression)(Keezeretal.,2016),whereasantidepressants
mayincreasetheriskofnew-onsetdiabetes(Nguyen,Roussin,Rousseau,Montastruc,&Montastruc,
2018;Siafis&Papazisis,2018).Therefore,therelationshipsbetweenAEDs,otherco-medications,
andthedevelopmentofdiabetesarecomplexandremaintobeelucidated.

Dataminingtechniqueshavebeenusedtofindundiscoveredpatternsortobuildclassification
models in many areas including finance and healthcare. The characteristics, large volume, and
complexity,ofhealthcaredatahaveelicitedtheuseofdataminingmodeling(Koh&Tan,2005).

Theobjectiveofthispaperwastoanalyzetheassociationbetweendruguseinpatientswith
epilepsyand the riskofnewlydiagnoseddiabetesusingdatamining techniques.Byconducting
knowledgemining in ahugeelectronichealthcaredatabase, the research is expected to find the
interactionbetweenAEDsanddiabetesinthedataandtoprovidereferenceinformationtoclinicians
regardingprescriptionofAEDs.

Thepaperunfoldsasfollows:Section2providesaliteraturesummarybothoftheuseofdata
miningtechniquestodetectsignalsofadversedrugreactionsandoftheapplicationofassociationrule
mining(ARM)tomedicaldata.Section3describestheresearchdesignandmethods.Section4presents
thefindingsafterdataanalysis.InSection5,theresultsareinterpretedanddiscussed.Contributions
toclinicalpracticeaswellaslimitationsandfutureopportunitiesofthisstudyconcludethepaper.

LITERATURE REVIEw

Data Mining Techniques to Detect Adverse Drug Events
Althoughtraditionalpharmacovigilanceandreportingsystemshavebeenusedfordecadestodetect
adversedrugeventscausedbyamarketeddrug(Waller,2006),adverseeventsofinsidiousonset—such
asofdiabetes—maybelesslikelytobecapturedbyspontaneousreportingsystems.Nevertheless,
withthebuild-upofdatainfrastructure,dataminingtechniquesmakethehypothesis-freescreeningfor
unsuspectedorlatentdrug-outcomeassociationsfeasible;andtheyhelpdetectsignalstocomplement
pharmacovigilancesurveillance(Hallasetal.,2018).Forexample,afterminingareportingsystem
databaseandelectronicmedicalrecordsofthreehospitalsintheUS,increasedbloodglucoselevels
werefoundtobecausedbyanunexpectedsynergisticinteractionbetweenparoxetineandpravastatin
(Tatonetti et al., 2011). Another example is the detection of a higher risk of hypothyroidism in
patientstakingsomeolder-generationAEDs(Lai,Yang,Lin,&Hsieh,2013).However,datamining
techniqueshaverarelybeenappliedtoidentifypotentialdrugcombinationsthatwillcausenewly
diagnoseddiabetesinpatientswithepilepsy—avulnerablepopulationinwhichdruginteractions
withAEDsaremajorconcerns.



Journal of Organizational and End User Computing
Volume 32 • Issue 2 • April-June 2020

95

Association Rule Mining of Medical Data
ARM,alsoknownasmarketbasketanalysis,isaprocessfordiscoveringhiddenrelationshipsbetween
attributesinalarge-scaledataset.Ithasbeenappliedtolargemedicaldatasets,suchastonational
healthinsurancedatabasesortospontaneousreportingsystemdatabases.Forexample,ARMhas
beenusedtodiscovercomorbiditypatternsofattentiondeficithyperactivitydisorderandborderline
personalitydisorderinanationalhealthinsurancedatabase(Shen,Hu,&Hu,2017;Tai&Chiu,2009).
ARMhasalsobeencommonlyusedforthestudyofdrug-druginteractionsbyanalyzingdatafrom
adverseeventreportingsystems(R.Caietal.,2017;Ibrahim,Saad,Abdo,&SharafEldin,2016).

BecausealargeamountofrawassociationrulesmaybegeneratedbyARM,itisvitaltoreduce
thenumberofrulestoamanageablesizeandtoremovemeaninglessrulesforARMinordertobe
successful(Yooetal.,2012).Sincemedicaldatausuallyhaveahierarchicalstructure,itisnatural
to apply multiple-level ARM to discover interesting information. However, in order to remove
uninterestingrules,theapplicationofsomemeasuresthatquantify“interestingness”orintervention
byhumansintheprocessofARMhavebeenproposed(Han&Fu,1995).Variousalgorithmsand
techniquesformultiple-levelARMhavealsobeensuggested(Han&Fu,1995;Srikant&Agrawal,
1995;Vanarse&Kasar,2017).

METHODS

Data Source
Taiwan’sNationalHealthInsuranceprogramisamandatoryuniversalhealthinsuranceprogram,
whichcoversinpatientcare,outpatientcare,dentalcare,andprescriptionmedicationsandenrolls
virtuallyallitsresidents.ThisstudyuseddatafromtheNationalHealthInsuranceResearchDatabase
(NHIRD),whichcomprisesallclaimsdatafromtheNationalHealthInsuranceprogram.Becauseall
informationinthedatabasehasbeende-identifiedforprivacyprotection,thisstudywasexempted
fromafull reviewby theInstitutionalReviewBoardofDitmansonMedicalFoundationChia-Yi
ChristianHospital(CYCH-IRBNo.2018007),andinformedconsentwasnotrequired.

Study Patients
Figure1illustratestheflowchartofstudypatients.Theauthorsselectedadultpatientswhowere
diagnosed(between2010and2011)withepilepsy—asdefinedbytheInternationalClassificationof
Diseases,NinthRevision,ClinicalModification(ICD-9-CM)code345.xx(Hsiehetal.,2013)—and
whohadbeenprescribedatleastoneAED.Thediagnosiscodeofepilepsyhadtobepresentonat
leastoneinpatientclaimoratleasttwooutpatientclaimsbeforepatientswereascertainedtohave
epilepsy(Sungetal.,2016).UseofAEDswas identifiedfromtheprescriptionclaimsusing the
AnatomicalTherapeuticChemical(ATC)codeN03A.TheearliestdatewhenAEDswereprescribed
wasdesignatedastheindexdate.Patientswhowerediagnosedwithdiabetes(ICD-9-CMcode250.xx)
orprescribedwithanyantidiabeticdrug(ATCcodeA10)between12monthsbeforetheindexdate
and3monthsaftertheindexdatewereexcluded(Figure2).Patientsnewlydiagnosedwithdiabetes
between3monthsand12monthsaftertheindexdatewereassignedtothecasegroup.Similarly,the
diagnosisofdiabeteswasascertainedonlywhenpatientswerefoundtohavehadthediagnosiscode
ofdiabeteseitheronatleastoneinpatientclaimoronatleasttwooutpatientclaims—andhadbeen
prescribedwithatleastoneantidiabeticdrug.Patientswhohadneverbeendiagnosedwithdiabetes
withintwoyearsaftertheindexdatewereassignedtothenon-casegroup(Figure2).

Association Rule Mining
ARMwasfirstproposedbyAgrawaletal(Agrawal,Imielinski,&Swami,1993)andisoneofthemost
commonmethodsofdatamining.Ascomparedwithotherdataminingtechniques,ithasthemain
advantageofhavingasmallnumberoftraverseswhensearchingthehypothesisspaceofitemsets,



Journal of Organizational and End User Computing
Volume 32 • Issue 2 • April-June 2020

96

Figure 1. Flowchart of the patients in this study. AED = antiepileptic drug.

Figure 2. Schematic illustration of the study design. Dx = diagnosis.
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despitethedisadvantageoftimecomplexity.ThemainpurposeofARMistofindthesetofitemsof
interestfromalargenumberoftransactiondata.Themarketbasketexampleismostoftencitedfor
ARM;theitemsofthebasketcanberepresentedinabinaryformatofwhetherornotapurchasewas
made.Therelationshipbetweenproductsisfoundthroughtransactionrecordsmadebycustomers
andcanbeusedtoanalyzecustomers’shoppinghabits,suchaswhichproductsareusuallypurchased
together.Atypicalexampleofanassociationruleisexpressedas{milk}→{bread},whichmeans
peoplewhobuymilkarealsolikelytobuybread.Thecorrelationanalysisofproductscanhelpthe
storeformulatemarketingstrategiessuchasusingapromotionsettoincreasesales.

TheARMalgorithmisdefinedasfollows:ifthereisanassociationrulebetweentwoitems(X
andY),itisrepresentedbyX→YwhereXandYaresetsofoneormoreitemsandX∩Y=∅.Two
conditionshavetobeassessedwhenjudgingtheassociationruleX→Y:oneis

• support, which is the proportion of the amount of transaction data including (X∪Y) to all
transactions;andtheotheris

• confidence,whichisexpressedastheratioofthenumberoftransactionscontaining(X∪Y)to
thenumberoftransactionscontainingX.

Inthisstudy,thesupportistheoccurrencefrequencyofacertaindrugordrugsassociatedwith
newlydiagnoseddiabetesintheprescriptionrecordsofepilepticpatients;thehigherthesupport,the
morefrequentlythedrug(s)-diabetesitemsetappearsinthedatabase.Ifthesupportandtheconfidence
oftheassociationruleX→Yaregreaterthanorequaltotheprespecifiedminimumsupportand
minimumconfidencevalues,thentheruleisastrongassociationrule.Thethresholdsoftheminimum
supportandminimumconfidencecanbedeterminedeitherbytheusersthemselvesorbytheexperts.

Multiple-Level Association Rule Mining
Indataminingapplications,usingdifferentconcepthierarchiestoexploreassociationrulescanprovide
moremeaningfulinformation.Theconceptofmultiple-levelassociationruleswasfirstintroduced
byHanandFuin1995(Han&Fu,1995).Thetaxonomytoconstructtheconcepthierarchymay
varyfromusingdiscreteattributessuchascategories,contents,andbrands(Han&Fu,1995)to
usingcontinuousnumericalattributes(Han,Cai,&Cercone,1992).Tofindcrossinglevelrules,the
ML_T2L1methodproposedbyHanandFu(Han&Fu,1995)isbasedonatop-downalgorithmin
whicheachconceptlevelhasitsownminimumsupportvalue—andinwhichtheminimumsupportof
thehigherlevelissmallerthanthatofthelowerlevel.Startingfromtherootoftheconcepthierarchy
tofindstrongrulesofeachlevel,themethodsequentiallyfindsstrongrulesinthenextleveland
continuesuntilthelastlevel.Ontheotherhand,theCumulatealgorithmproposedbySrikantand
Agrawal(Srikant&Agrawal,1995)findsstrongrulesofitemsatanylevelbyconsideringitems
fromthehigherlevelinamoreefficientway.Theirstudyfilteredtheancestorsbeforeaddingthem
toitemsets,avoidedancestorsthatwerenotpresent,andpruneditemsetsthathadboththeancestor
anditsdecedentsinthesameitemset.

Measures of Interestingness
MostARMstudiesarededicatedtominingfrequentpatternsorassociationrules;therefore,abundant
ruleswillbegeneratedwhenthethresholdsofthesupportandtheconfidencearelow.However,some
oftherulesmaynotcontainanyusefulinformation,whilethecostofthepost-processingofrules
maybehigh.Consequently,howtobalancebetweeninducingasmanyrulesaspossibletouncover
certain interesting rulesandavoiding the tediousprocessof rulepruningwillbechallenging.A
possibleremedyistousesomemeasuresofinterestingness,whichmayhelpfilteroutanumberof
uninterestingrules.

Manyobjectiveinterestingnessmeasureshavebeendevelopedinpreviousstudies—measures
suchascorrelation, independence,directed information ratio, etc (Brin,Motwani,&Silverstein,
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1997a;Brin,Motwani,Ullman,&Tsur,1997b;Han,Cheng,Xin,&Yan,2007;Liu,Hsu,&Ma,
1999).Amongthem,thechi-squareanalysisisacommonstatisticaltool—onewhichcanbeused
toevaluatethedependencebetweentheantecedentandtheconsequentinanassociationrule.Fora
2×2contingencytable,achi-squarevalueofhigherthan3.84(95%confidenceinterval)willreject
theindependenceassumption.However,thechi-squareanalysisisrestrictedtotheconstraintsthat
(1)theexpectedvaluesineverycellofthecontingencytablehavetobegreaterthan1,andthat(2)
thoseinatleast80%ofthecellsneedtobegreaterthan5forbetterperformance.Theserestrictions
arenotrealisticinmostapplicationsofARM(Brinetal.,1997a).Therefore,thisstudyadoptedthe
liftvalue—oneofthesymmetricmeasurementtools,alsoreferredasinterestfactor—toassessthe
ratiooftheconfidenceoftheruletothesupportoftheconsequent;andthuspreventedamisleading
resultduetothehighsupportoftheconsequent(Brinetal.,1997a).Aninterestfactorofabove1
indicatesapositivedependencebetweentheantecedentandtheconsequent,whileaninterestfactor
below1showsanegativerelationship.Aninterestfactorequalto1meansthattheantecedentand
theconsequentareindependentofeachother.

Mining Association Rules Between Medication Use and Newly Diagnosed Diabetes
Inthisstudy,theauthorsgroupedmedicationsaccordingtothehierarchyoftheATCclassification
system. It was thus a natural choice to mine multiple-level association rules. Table 1 lists the
medications explored in this study. In the ATC classification system, the active substances are
classifiedinahierarchywithfivedifferentlevels.Thefirstlevelconsistsof14mainanatomical/
pharmacological groups. The second, third, fourth, and fifth levels are made up of therapeutic
subgroups,pharmacologicalsubgroups,chemicalsubgroups,andchemicalsubstances,respectively.
Throughthehierarchyofmedicationsthathavebeenprescribedtopatients,theauthorscouldestablish
morecomprehensiverelationshipsbetweenlargeclassesandfineitemsbylookingforitemsetsbased
ontheApriorialgorithm.Forexample,theruleof{N03(antiepileptics)}→{N05AH03(olanzapine)}
indicatesthatthespecificpsycholepticdrugolanzapinemayhaveassociationswithcertainAEDs.
On the other hand, the rule containing {N03AB02 (phenytoin)} → {N05AH03 (olanzapine)}
representsaruleatalowerconceptuallevelandmayprovidemoredetailedinformationthanwould
thepreviousone.

BecauseourprimaryinterestwastheeffectsofAEDsondiabetes,alldrugslistedunderthe
therapeuticsubgroupN03(antiepileptics)wereinvestigatedseparately.Inotherwords,Level5ATC
codeswereusedforAEDs.Forexample,N03AB02standsforphenytoin.Forotherstudymedications,
bothLevel2andLevel5ATCcodeswereusedformultiple-levelassociationrulemining.Forexample,
N05representspsycholepticsandN05AH03standsforolanzapine.Theauthorscategorizedrules
into3typesaccordingtowhatlevelofATCcodeswereusedformedicationsotherthanAEDs.When
Level5codeswereused,theminedruleswerecategorizedasType1.Type2rulesweregenerated
whenLevel2codeswereused.WhenbothLevel2andLevel5codeswereused,theruleswere
categorizedasType3.

Theperiodofinterestwasbetweentheindexdateand3monthsaftertheindexdate(Figure2).
Medicationuseduringthisperiodwasidentifiedfromtheprescriptionclaims.Thedefineddailydose
(DDD)ofeachdrugwasobtainedfromtheWorldHealthOrganizationCollaboratingCenterforDrug
StatisticsMethodology.TheauthorscalculatedhowmanyDDDsweredispensedperdrugforeach
patientduringthisperiod.Followingapreviousstudy(Hungetal.,2017),patientswhohadnottaken
atleast28cumulativeDDDsofatleastoneAEDwerefurtherexcludedfromthestudy(Figure1)
becausethisstudyfocusedonpatientswithepilepsywhowerereceivingantileptictreatment.Adrug
wascodedas2if≥28cumulativeDDDsweredispensed,as1if14–27DDDs,andas0if<14DDDs.

Inthisstudy,theauthorsusedaspecialtypeofARM—classassociationrulemining(Liu,Hsu,&
Ma,1998)—todiscovertherelationshipbetweenAEDs,otherco-medications,andthedevelopment
ofdiabetes.ARMgenerallydiscoversallassociationrulesthatsatisfysomeuser-specifiedminimum
supportandminimumconfidencevalues;andthetargetofminingisnotpre-determined.Incontrast,
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classassociationrulesdescribetheco-occurrencesbetweenasetofitemsandapre-definedtarget
class.Specifically,theApriorimoduleinWeka3.6open-sourcemachinelearningsoftware(www.
cs.waikato.ac.nz/ml/weka)wasusedtodiscoverinterestingassociationrulesrelatedtothedevelopment
ofnewlydiagnoseddiabetes.The“classassociationrules”optionwasenabledwiththetargetclassset
tonewlydiagnoseddiabetes.Theminimumsupportwassetto1×E-04andtheminimumconfidence
wassetto10%.Onlyruleswithalift>1wereconsideredasinteresting.

GeneralstatisticalanalyseswereperformedusingStata15.1(StataCorp,CollegeStation,Texas).
Categorical variables were summarized as counts and percentages, and continuous variables as
mean±SD.Comparisonsweremadeusingχ2testforcategoricalvariablesandt-testsforcontinuous
variables.

RESULTS

Patient Characteristics
Atotalof58,841patientswereincludedinthestudy(Figure1).Amongthem,1,849patientsdeveloped
diabetesandwereassignedtothecasegroup;whereastheremaining56,992patientswereassigned
tothenon-casegroup.Patientsinthecasegroupweresignificantlyolderthanthoseinthenon-case
group(meanage62.0±16.1versus46.9±17.6,p<0.001)butwithasimilarsexdistribution(female
41.8%versus40.0%,p=0.124).Table2liststhedistributionofuseofAEDs.Thetopthreecommonly
usedAEDswerephenytoin,valproicacid,andcarbamazepine,whichareallolder-generationAEDs.
AlmostalloftheAEDswereprescribedmoreofteninthenon-casegroupthaninthecasegroup
(exceptforphenytoin).

Table 1. ATC codes for study medications

Anatomical main groups (Level 1) Therapeutic subgroups (Level 2)

Cardiovascularsystem C01Cardiactherapy

C02Antihypertensives

C03Diuretics

C07Betablockingagents

C10Lipidmodifyingagents

Genitourinarysystemandsexhormones G03Sexhormonesandmodulatorsofthegenitalsystem

Systemichormonalpreparations,excludingsex
hormonesandinsulins

H01Pituitaryandhypothalamichormonesandanalogues

Anti-infectivesforsystemicuse J01Antibacterialsforsystemicuse

J04Antimycobacterials

J05Antiviralsforsystemicuse

Antineoplasticandimmunomodulatingagents L04Immunosuppressants

Nervoussystem N03Antiepileptics

N05Psycholeptics

N06Psychoanaleptics

Antiparasiticproducts,insecticidesandrepellents P01Antiprotozoals

Respiratorysystem R03Drugsforobstructiveairwaydiseases

ATC = Anatomical Therapeutic Chemical.
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Results of Association Rule Mining
Table3givesthedraftresultsofARM.Atotalof52rulesweregeneratedusingthespecifiedminimum
support(1×E-04)andconfidence(10%)valuesandliftthreshold(>1).Ofthem,4,11,and37rules
belongedtotheType1,Type2,andType3rule,respectively.Becausethisstudyfocusedonthe
effectsofAEDsonthedevelopmentofnewlydiagnoseddiabetes,theauthorsonlyconsideredrules
thatcontainedatleastoneAEDontheleft-handsideoftherule.Toavoidredundancy,onlytheLevel
5ATCcodewasretainedwhenbothaLevel5codeanditscorrespondingLevel2codecoexisted.For
example,therule{N03AB02=2,R03=1,R03CC12=1}→{diabetes}wassimplifiedto{N03AB02=2,
R03CC12=1}→{diabetes}.ElevenruleswhichcontainedAEDs—includingphenytoin,valproic
acid,carbamazepine,oxcarbazepine,andlamotrigine—wereidentified(Table4).

DISCUSSION AND IMPLICATIONS

Summary of Study Findings
InthislargenationwidecohortofpatientswithepilepsystartingAEDtreatment,theauthorsdiscovered
52associationrulesregardingprescriptionsthatwerepotentiallyassociatedwiththedevelopmentof
newlydiagnoseddiabeteswithinoneyearafterstartingAEDtreatment.Amongtheserules,eleven
rulesincludedanAEDwithorwithoutotherco-medication(s).Inadditiontothecommonlyreported
culpritssuchasphenytoinandvalproicacid,prescriptionscontainingcarbamazepine,oxcarbazepine,
orlamotriginemayberelatedtothedevelopmentofnewlydiagnoseddiabetes.

Known Drugs Causing Diabetes
Asreportedintheliterature(Anyanwagu,Idris,&Donnelly,2016;Fathallahetal.,2015),theauthors
foundthatseveralclassesofcardiovasculartherapeutics—includingdiuretics(ATCcodeC03),beta
blockingagents(C07),andlipid-modifyingagents(C10)(inparticular,atorvastatin(C10AA05))—
wereassociatedwiththedevelopmentofdiabetes.Otherwell-knownculpritdrugclasses—suchas

Table 2. Use of antiepileptic drugs

ATC code 
(Level 5) Generic name Total 

N = 58,841
Case group 
N = 1849

Non-case group 
N = 56,992 P

N03AA02 phenobarbital 3,188(5.42) 28(1.51) 3,160(5.54) <0.001

N03AB02 phenytoin 23,370(39.72) 797(43.10) 22,573(39.61) 0.002

N03AE01 clonazepam 13,130(22.31) 155(8.38) 12,975(22.77) <0.001

N03AF01 carbamazepine 13,464(22.88) 163(8.82) 13,301(23.34) <0.001

N03AF02 oxcarbazepine 6,509(11.06) 104(5.62) 6,405(11.24) <0.001

N03AG01 valproicacid 20,374(34.63) 414(22.39) 19,960(35.02) <0.001

N03AG04 vigabatrin 1,463(2.49) 16(0.87) 1,447(2.54) <0.001

N03AG06 tiagabine 185(0.31) 3(0.16) 182(0.32) 0.235

N03AX09 lamotrigine 5,400(9.18) 62(3.35) 5,338(9.37) <0.001

N03AX11 topiramate 6,749(11.47) 83(4.49) 6,666(11.70) <0.001

N03AX12 gabapentin 3,866(6.57) 85(4.60) 3,781(6.63) 0.001

N03AX14 levetiracetam 10,303(17.51) 138(7.46) 10,165(17.84) <0.001

N03AX16 pregabalin 405(0.69) 1(0.05) 404(0.71) 0.001

Data are listed as numbers (percentages)
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Table 3. Draft results of association rule mining for medication use and newly diagnosed diabetes ({medication(s)} → 
{diabetes})

Rules N Support 
(E-04)

Confidence Lift

Type1
{C01DA14=2,N03AG01=1} 6 1.02 0.14 4.55
{N03AF01=1} 52 8.84 0.11 3.51
{C01DA08=1} 11 1.87 0.11 3.40
{C01AA05=1} 12 2.04 0.10 3.26
Type2
{C03=2,N03AX09=1} 6 1.02 0.19 6.16
{C01=2,N03AF02=1} 6 1.02 0.15 4.90
{C03=2,N03AF02=1} 7 1.19 0.15 4.74
{C07=1,N06=1} 12 2.04 0.14 4.49
{N03AB02=1,N05=1} 12 2.04 0.14 4.39
{C01=2,C10=1} 7 1.19 0.13 3.98
{N03AG01=1,N05=1} 13 2.21 0.12 3.66
{N03AF01=1} 52 8.84 0.11 3.51
{C01=2,C07=1,N03AB02=2} 9 1.53 0.11 3.49
{N03AG01=1,N06=1} 9 1.53 0.10 3.33
{C07=1,N05=1} 11 1.87 0.10 3.27
Type3
{C01=2,C10=1,C10AA05=1} 6 1.02 0.21 6.82
{C03=2,N03AX09=1} 6 1.02 0.19 6.16
{C01=1,C01DA08=1} 9 1.53 0.16 5.02
{C01=2,N03AF02=1} 6 1.02 0.15 4.90
{C07=1,C07AG02=1,N03AB02=2} 9 1.53 0.15 4.77
{C03=2,N03AF02=1} 7 1.19 0.15 4.74
{N05CD03=2,N06=1,N06AX05=1} 6 1.02 0.15 4.66
{N05=2,N05CD03=2,N06=1,N06AX05=1} 6 1.02 0.15 4.66
{C07=1,C07AG02=1} 21 3.57 0.14 4.61
{C01=1,C01DX16=1} 8 1.36 0.14 4.55
{C01=1,C01AA05=1} 11 1.87 0.14 4.55
{C01AA05=2,C07=1} 7 1.19 0.14 4.55
{C01DA14=2,N03AG01=1} 6 1.02 0.14 4.55
{N03AB02=2,R03=1,R03CC12=1} 6 1.02 0.14 4.55
{C01=2,C01AA05=2,C07=1} 7 1.19 0.14 4.55
{C01=2,C01DA14=2,N03AG01=1} 6 1.02 0.14 4.55
{C07=1,N06=1} 12 2.04 0.14 4.49
{C07AB07=1,N05=1} 6 1.02 0.14 4.44
{N03AB02=1,N05=1} 12 2.04 0.14 4.39
{C01=2,C07=1,C07AG02=1} 6 1.02 0.13 4.24
{C01=2,C10AA05=1} 6 1.02 0.13 4.15
{C01=2,C10=1} 7 1.19 0.13 3.98
{C07=1,C07AG01=1} 8 1.36 0.12 3.74
{N05=1,N05BX01=1,R03=2} 6 1.02 0.12 3.74
{N03AG01=1,N05=1} 13 2.21 0.12 3.66
{N05CD04=1,N06=1} 7 1.19 0.11 3.59
{N03AF01=1} 52 8.84 0.11 3.51
{C01=2,C07=1,N03AB02=2} 9 1.53 0.11 3.49
{C01DA08=1} 11 1.87 0.11 3.40
{N03AG01=1,N06=1} 9 1.53 0.10 3.33
{C07=1,C07AB07=1} 41 6.97 0.10 3.29
{C07=1,N05=1} 11 1.87 0.10 3.27
{C01AA05=1} 12 2.04 0.10 3.26
{C01=1,C03CA01=2} 10 1.70 0.10 3.25
{C01=1,C03=2,C03CA01=2} 10 1.70 0.10 3.25
{C01=2,C07=1,C07AB07=1} 8 1.36 0.10 3.22
{N05=1,N05CF02=1,N06=2} 8 1.36 0.10 3.22
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psycholeptics(N05),psychoanaleptics,(N06)ordrugsforobstructiveairwaydiseases(R03)—were
alsoreproduciblydetected.Tothebestofourknowledge,ARMhasbeenrarelyappliedtodetect
adversedrugeffectssuchasnewlydiagnoseddiabetes.OurresultsconfirmedthepotentialofARM
asaneffectivemethodtodetectsignalsinpharmacovigilancestudies.

Amongthe11associationrulesregardingprescriptionofAEDs,phenytoinandvalproicacid—
asexpected—wereincludedinsevenofthem.Fordecades,phenytoinhasbeenknowntoinduce
hyperglycemia.Thepotentialmechanismsmayinvolveimpairedinsulinrelease(Fariss&Lutcher,
1971)andincreasedinsulininsensitivitythroughtheinductionofapost-bindingdefectininsulin
action (al-Rubeaan & Ryan, 1991). On the other hand, valproic acid may cause overweightness
andimpairedglucosehomeostasisandthusmayincreasetheriskofdiabetes(Verrottietal.,2010).
Notably, the burden of comorbidities such as heart disease, depression, and dementia are up to
eighttimeshigherinpatientswithepilepsythaninthegeneralpopulation(Keezeretal.,2016).Co-
medications for treating thesecomorbidities—includingbetablockingagents,psycholetpics,and
psychoanaleptics—werefoundintheassociationrulescontainingphenytoinorvalproicacid.These
rulesmaybeofgreatclinicalsignificanceinguidingphysicianstomonitorbloodglucoseclosely
whensuchdrugcombinationsareused.

Previously Unknown Associations
TheauthorsidentifiedseveralAEDsotherthanphenytoinandvalproicacidintheremainingfour
associationrules.Forexample,carbamazepinealonewasassociatedwithnewlydiagnoseddiabetes.
Carbamazepineisthefirstchoiceofepilepsywithfocalonsetinadults(Burakgazi&French,2016)
andiswidelyusedlocally(Laietal.,2016)becauseitiseffectiveandrelativelyinexpensive.Itshigh
frequencyofprescriptionmayexplainthehighvalueofsupport(8.84E-04)forthisrule.Similar
tovalproicacid,carbamazepinemaybeassociatedwithmetabolicsyndromeandinsulinresistance
(Güler,Güneş,of,2016,2016).Anotherstudyalsoreportedthatcarbamazepinewasassociatedwith
anevenhigherriskofelevatedfastingserumglucoseascomparedtovalproicacid(Rakitin,Kõks,
&Haldre,2016).

Besides,theauthorsalsofoundthatdrugcombinationsofoxcarbazepinewithcardiactherapyor
diuretics,andlamotriginewithdiureticswereassociatedwithnewlydiagnoseddiabetes.Althoughthe

Table 4. Results of association rule mining for medication use containing antiepileptic drugs and newly diagnosed diabetes 
({medication(s)} → {diabetes})

Rules N Support (E-
04)

Confidence Lift

{phenytoin=2,carvedilol=1} 9 1.53 0.15 4.77

{phenytoin=2,bambuterol=1} 6 1.02 0.14 4.55

{phenytoin=1,PSYCHOLEPTICS=1} 12 2.04 0.14 4.39

{phenytoin=2,CARDIACTHERAPY=2,BETABLOCKING
AGENTS=1}

9 1.53 0.11 3.49

{valproicacid=1,isosorbidemononitrate=2} 6 1.02 0.14 4.55

{valproicacid=1,PSYCHOLEPTICS=1} 13 2.21 0.12 3.66

{valproicacid=1,PSYCHOANALEPTICS=1} 9 1.53 0.10 3.33

{carbamazepine=1} 52 8.84 0.11 3.51

{oxcarbazepine=1,CARDIACTHERAPY=2} 6 1.02 0.15 4.90

{oxcarbazepine=1,DIURETICS=2} 7 1.19 0.15 4.74

{lamotrigine=1,DIURETICS=2} 6 1.02 0.19 6.16
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linkbetweendiureticsandnewlydiagnoseddiabetesiswellknown(Anyanwaguetal.,2016;Fathallah
etal.,2015),theriskofdevelopingdiabetesislessdescribedforoxcarbazepineandlamotrigine.So
far,diabeteshasonlyaccountedforasmallproportionofreportedadversedrugreactionstothesetwo
drugs,accordingtoonlinereports.Readersmayreferto“LamotrigineandDiabetesmellitus–from
FDA reports” (https://www.ehealthme.com/ds/lamotrigine/diabetes-mellitus/) and “Trileptal and
Type2diabetes–fromFDAreports”(https://www.ehealthme.com/ds/trileptal/type-2-diabetes/).The
authorsarenotawareofanypublishedstudiessuggestingtheassociationbetweenoxcarbazepineor
lamotrigineandnewlydiagnoseddiabetes.Furtherstudiesarewarrantedtoconfirmorrefutethese
associationrules,becauseeitheroxcarbazepineorlamotrigineisusedasthefirst-linemonotherapy
inadultpatientswithepilepsy(Faught,Helmers,Thurman,Kim,&Kalilani,2018;Laietal.,2016).

Application of Association Rule Mining to Detect Adverse Drug Effects
Conventionalpharmacoepidemiologicalstudies,suchasthoseusingthecohortstudydesign,may
provide a straightforward way to evaluate the association between drug exposures and adverse
outcomes.However,suchstudydesignsmaybehardtoperformwhendrugexposuresarecomplex
andtimevarying(Pottegård,Friis,Stürmer,Hallas,&Bahmanyar,2018),asisseeninthecaseof
patientswithepilepsy.Incontrast,ARMmayhereinserveasanalternativewaytofindpotential
drugsordrugcombinationswhichmayhaveanassociationwiththeriskofdevelopingdiabetes.
Inourview,ARMmaynotandshouldnotreplaceconventionalpharmacoepidemiologicalstudies
intheconfirmationofadversedrugreactions.Nevertheless,ARM,asacomplementarytool,can
facilitatethescreeningandexplorationoftherelationshipsbetweenAEDs,variousdrugclasses,and
diabetes—thusprovidingusefulsignalsorhypothesesforfutureconfirmatoryprospectivestudies.

Suggestion
Thisstudyverifiedthefindingsofpreviousstudiesthatcertainprescribedmedicationsareassociated
withnewlydiagnoseddiabetes suchasolder-generationAEDs, several classesof cardiovascular
therapeutics,psycholeptics,andpsychoanaleptics.Moreover,severalAEDs—includingcarbamazepine,
oxcarbazepine,andlamotrigine—wererevealedtobeassociatedwithnewlydiagnoseddiabetesin
thiswork.Inadditiontomonitoringtheadverseeffectsofasingledrug,thedetectionofadverse
effectsofdrugcombinationshasbecomeanimportantissueinpharmacovigilance.Therefore,this
studyprovidesanexampleofhowdataminingtechniquescancontributetopharmacovigilanceand
clinicalpractice.

Limitations
Certainlimitationswerepresentinthisstudy.

Firstly,theassociationbetweenmedicationuseandnewlydiagnoseddiabetesisnotnecessarily
a causal one. It may be confounded by other factors that are associated with the use of certain
medicationandthedevelopmentofdiabetes.Forexample,sharedriskfactors(e.g.,genetics)may
predisposepatientstodevelopingepilepsyandmooddisorderssimultaneously,therebyleadingtothe
co-prescriptionofvalproicacidandpsycholepticsorpsychoanaleptics;whilesedentarylifestyleand
unhealthydiethabitduetomooddisordersmaycontributetothedevelopmentofdiabetes.

Secondly,thepossibilityofareversecausalitycannotberuledout.Inotherwords,apatient
withcovertdiabetesmaydevelopanepilepticseizureasthefirstmanifestationofdiabetes(Omar,
El-Khabiry, & Vaughan, 2012) and may thus be prescribed AEDs. A presumption of a causal
associationisthattheexposuretotheriskfactor(medicationuse)occursfirstandislaterfollowed
bytheoccurrenceofthedisease(diabetes).Hence,theuseofathree-monthlagtimeperiodbetween
medicationuseandnewlydiagnoseddiabetesinthestudydesignmayhelpamelioratetheriskof
reversecausation(Pottegårdetal.,2018).

Thirdly,theminedassociationscouldbeartifactualasaresultofsurveillancebias.Forexample,
theprescriptionofphenytoin,valproicacid,orcarbamazepineoftenrequiresrepeatedbloodtestsfor
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therapeuticdrugmonitoring.Patientsprescribedwiththesedrugswerelikelytodobloodglucose
testsat thesametimeandthusmayreceiveadiagnosisofdiabetesearlier thanthoseprescribed
withotherantiepilepticdrugswhichdonotneedtherapeuticdrugmonitoring.Similarsurveillance
biasmightalsohappeninpatientsprescribedwithcardiactherapy,isosorbidemononitrate,andbeta
blockingagentsforcardiovasculardiseasesbecauseaggressiveinvestigationofvascularriskfactors
isindicatedforsuchpatients.

Finally, the authors were unable to adjust for several important confounders such as age.
Consequently,theauthorscouldnotexcludethepossibilitythatsomeassociationrulesholdonly
becausecertainantiepilepticdrugsordrugcombinationsweremorelikelytobeprescribedtoelderly
patientswhoseriskofdiabetesisrelativelyhigh.However,newusersoflamotrigineoroxcarbazepine
wereyoungerthanthoseofotherAEDs(Laietal.,2016).Therefore,theassociationrulescontaining
eitherofthetwodrugsmightbefreefromthepotentiallyconfoundinginfluenceofage.

CONCLUSION

ThisstudyusedARMtoexplore therelationshipsbetweenmedicationuseandnewlydiagnosed
diabetes in adult patients with epilepsy—and discovered several rules that may be useful for
physiciansandresearchers.Inaccordancewithpreviousliterature,phenytoinandvalproicacid—
whenusedincombinationwithotherdrugclassessuchasbetablockingagents,psycholeptics,and
psychoanaleptics—accountedformorethanhalfoftheminedassociationrules.Inaddition,theauthors
foundrulescontainingcarbamazepine,oxcarbazepine,orlamotriginethathadnotbeenreportedin
previousliterature.Suchrulesmayserveashypothesestobetestedinfuturestudies.Furthermore,
ourworkmaysupporttheuseofARMinthefieldofpharmacoepidemiologytobothdetectsignals
andgeneratehypothesesbetweendrugexposuresandadverseevents.
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