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ABSTRACT

Thisstudyinvestigatedthemostcommonchallengesofhuman-computerinteraction(HCI)while
usingelectronichealthrecords(EHR)basedontheexperienceofalargeRussianmedicalresearch
center.Thearticlepresents theresultsof testingDSSimplemented in themodeofanadditional
interfacewiththeEHR.Thepercentageoferroneousdatafortwogroupsofusers(withandwithout
notifications)ispresentedfortheentireperiodoftheexperimentandtheweeklydynamicsofchanges.
TheimplementationofCDSSinthesupplementedinterfacemodeofthemainmedicalinformation
system(MIS)hashadapositiveeffectinreducingusererrorsinthedata.Theresultsofusers’survey
arepresented,showingasatisfactoryevaluationoftheimplementedsystem.Thisstudyispartofa
largerprojecttodevelopcomplexCDSSoncardiovasculardisordersformedicalresearchcenters.
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INTRoDUCTIoN

Inrecentyears,so-calledpersonalizedmedicinehasbecomewidespreadanddeveloped(Hamburg&
Collins,2010).ThetransitiontopersonalizedmedicinewithintheparadigmofP4medicine(Predictive,
Preventive,ParticipatoryandPersonalized)(Sobradillo,Pozo,&Agustí,2011)isinseparablylinkedto
thetransitionfromevidence-based(orvolume-based)medicinetovalue-basedapproach.Thisapproach
canbeexpressedastheratioofthechangeinthequalityofpatientlifeandthenumberofresources
spentonthetreatment(thenumberoftests,procedures,prescriptiondrugs,medicalhours,etc.)(Bae,
2015).Themostvaluableisthecaredelivery,whichisbasedonrigorousscientificknowledgeand
hastheminimumcostwithmaximumbenefitforpatients.Costsaredeterminednotsomuchbythe
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moneyspendingoftreatment,asbythetimeandeffortthepatientspendsonthetreatment,andalso
bythenumberofstaff-hours.Thatiswhyitisnecessarytocarryoutcomprehensiveeffortsthatwill
reducecostsandimprovethequalityoftreatmenttoprovideaqualityhealthcaredelivery.

Oneofsuchareasistheimprovementofhuman-computerinteraction(HCI)betweenphysicians
andmedicalinformationsystems.Ontheonehand,satisfactionwiththesystemwillallowphysicians
toentermorecorrectlyandquicklyallrequiredinformation,andontheotherhand,itwillimprove
thequalityofthedataitselffortheirsubsequentanalysis.

TheWesternworldinvestssignificantresourcestodigitizehealthcarewithaparticularemphasis
onthecreationofanintegratedelectronichealthrecord(EHR)toimprovetheefficiencyandquality
ofcare(Fitzpatrick&Ellingsen,2013).EHRoffersseveralcriticaladvantagesoverpaperhealth
records(PHR)relatedtothequalityofcare,efficiencyandhighlevelofpatientsafety(Hsiao,Hing,
&Ashman,2014).Inaddition,EHRisavaluablesourceofqualityassuranceofmedicalpracticeand
research(Middleton,2014).PracticaluseofEHRrequiresstructureddataentry.Itcanbeachallenge
forusersduetoEHRmethodofinteraction,whichdoesnotcoincidewiththeirmentalmodelsand
donotmeettherequirementsofdocumentflow(Belden,Grayson,&Barnes,2009;Friedberget
al.,2013).PoorlydesignedandcumbersomeuserinterfacesofEHRinputdatacancomplicatethe
structureddata-entry thatwill lead toadeteriorationofdataqualityand incompletenessofdata
(Khajouei,Peek,Wierenga,Kersten,&Jaspers,2010).Consequently,thiscanleadtosuboptimal
functioningofinformationsystemsofmedicaltechnology,integratedintotheEHR,forexample,
computerized support formaking clinical decisions (CDSS).CDSS is oneof themost effective
strategies for improving clinical decisions (Roshanov et al., 2013). CDSS often requires a large
amountofdataaboutthepatient(demographicdata,dataoncomplaints,symptoms,medicalhistory,
physicalexamination,laboratoryandothertests).

Despitethefactthatresearchersaimtoimprovethequalityofservice,mostofthemreported
onlyabouttheimprovementoftheprofessionalperformanceandattemptedtoidentifythecritical
successfactorsforCDSShaveprovidedconflictingresults(Brightetal.,2012;Roshanovetal.,2013).
CDSStaketheirinformationfromformswerefilledinEHRandcanprovideincompleteadvicedue
toincompleteandunstructuredEHRdata(Jaspers,Smeulers,Vermeulen,&Peute,2011).However,
oftentheapplicationoftheexistingapproachestodesignDSShealthcareandmedicineisfacedwith
significantdifficultiesforseveralreasonsconsideredfurtherconcerninghospitalpractice.First,health
informationsystems(HIS)inuseoftendonotprovidethefunctionalityofDSSorthepossibility
toaddsuchoptions.DSSdeploymentwithexistingHISwillcomplicatephysicians’workbecause
withfillingpaperrecordsandenteringdataintoHIStheywillhavetodoublethedataintheCDSS.

Meanwhile,asmentionedabove,improvementofhuman-computerinteractioninEHRdemands
notonlytechnicalsolutionsbutalsofacilitationofphysicians’understandingoftheimportanceof
suchsystemsfortheirroutinepracticeandfurtheruseofdatastoredinsuchsystems.

Therestofthepaperisorganizedasfollows.Insection2relatedworksarepresented.Insection
3wedescribeseveralproblemsconnectedwithbadorganizedhuman-computerinteractioninmedical
informationsystems(MIS),andalso,weproposethewaytosolvesomeoftheseissuesbyintroducing
clinicaldecisionsupportsystemdevelopedasanextensionofMIS.Section4describesthegoals
ofexperiments,mistakesthatwefindinEHR,andtheschemeofextensionforMISisproposed.
Insection5resultsofexperimentalsampleexploitationoftriggersforMISaredescribed.Finally,
Sections6and7presentdiscussionsandconclusions.

RELATED WoRKS

HCIarefrequentlyassociatedwithsystems’usabilityandusersatisfaction.Usability isawidely
recognized feature of designing industrial systems and products, consumer software and other.
Therequirementsforusabilityintheseareasarenotlimitedonlybytheuser-friendlyinterfaces.In
general,theapplicationofHCImethodsmustmeetthedesign’srequirementsforthedevelopmentof
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user-centered,participatoryandinteractivesystems.ThemainaspectsofHCIare(i)methodologies
andinterfacedesign,(ii)methodsforimplementinginterfacesandtheirevaluation,(iii)interaction
methods and descriptive and predictive models. CDSS links clinical observations with medical
knowledgeandexperienceandthusimprovesthequalityofdecisionsandmedicalcareprovided.

ThecentralattemptsinthedevelopmentofCDSShavebeenaimedatcomplexsupportofmost
aspectsofclinicalproblems.However,thiskindofsystemhasbecomewidespreadmainlyinthe
fieldofpharmacies,billingandtelemedicine(Curtain&Peterson,2014;Mohktar,Lin,Redmond,
Basilakis,&Lovell,2013).Partlythisisbecausethedevelopedsystemsdonotmeetalltheusability
requirementsmentionedabove.Incontrast,theuseoftheprinciplesofusabilityinthedevelopment
ofEHRandCDSSissporadicandunsystematic,inpartbecauseofalackofattentionandeffective
designandevaluationstructures.Theauthors(Zhang&Walji,2011)defineHCIasastudyofthe
interactionsofpeoplewithcomputers,andhowtocreatecomputersystemsthatareeasy,fastand
productivetouseforpeople.

AnothergroupofresearchersemphasizestheimportanceoftheimprovedHCIparadigmforthe
presentationofrecommendations.Accordingto(Sittigetal.,2008)oneoftheproblemswiththeease
CDSSusingistomakethemworkunobtrusivelyinthebackground,butstillbeusefulandspecific.
CDSSshouldremindusersofthingsthattheymayhaveforgotten,misinterpretedormissedbefore
decidinginsteadofcorrectingusersafteranerroroccurred.Currently,aseriousproblemisthehuge
numberofpop-upnotifications.Whenpatientsaresubjectedtofrequentandoverwhelmingwarnings
indailypractice,cliniciansmaybecomeinsensitivetowarningsandthereforemaypaylessattention
orevenredefinethemwithoutofferinganysignificantreasons.

TherearealsoafewstudiesthatcomparedifferenttheoriesofHCIappliedforhealthcare.The
authors(Wiser,Durst,&Wickramasinghe,2018)concludethattheActivityTheoryismostsuitable
forthetasksofdescribingsuchcomplexsystemslikeMIS,fixingchangesandevaluateoftheimpact
ofthesechangesonallactors.

Thisphenomenoniscalled“alertfatigue”(Rose&Joshi,2018),anditreflectshowbusyclinicians
becometoleranttosafetywarnings.Thissymptomcanbeextremelydangerous,asthecriticalalerts,
warningofimpendingorsevereharmtothepatient,cannotbeheardwiththeannoyingwarningsor
clinicallymeaningless.Potentialsolutionstoreducetheeffectof“alertfatigue”ondecisionsmakers
are (1) increasing alert specificity; (2) tier alerts according to severity; (3) apply human factors
principleswhendesigningalerts,andincludeonlyhigh-level(severe)alertsinanalertset;(4)tailor
alertstopatientcharacteristics;(5)customizealertsforphysicians(Marcilly,R.,Ammenwerth,E.,
Roehrer,E.,Niès,J.,&Beuscart-Zéphir,2018).

Curiously enough, computer warnings aimed at improving safety can lead to an increased
probabilityofpatient’sdamage.SinceEHRsystemsarewidelyusedinthemodernhealthenvironment,
fatigueisrecognizedasaserious,unintendedconsequence,aswellasasevereproblemofpatient
safety in case of drug-drug interaction alerting (Slight et al., 2013). The research (Payne et al.,
2015)isaimedatestablishingpreferredstrategiesforsubmittingdrug-druginteraction(DDI)alerts,
recommendationshavebeengeneratedforinterfaces,includingtheuseofterminology,visualsignals,
minimaltext,formatting,contentandreportingstandardsforeaseofuse.Allcliniciansinvolvedin
theuseofdrugsshouldbeabletoviewwarningsaboutDDIbyotherphysicians.Theredefinition
levelsaretypicalbutcannotbeagoodmeasureofefficiency.WarningsaboutDDIinclinicaldecision
supportrequiresignificantimprovements.

CDSSusabilityissuesareassociatedwithbothclinicalandtechnicalproblems.(Sittigetal.,
2008)arguethatitisnecessarytobegininitialeffortstodevelopmorereliablemethodsforidentifying,
describing,evaluating,collecting,cataloging,synthesizinganddisseminatingbestpracticesforthe
development,implementation,maintenance,andevaluationofclinicalsolutions.Previously,many
CDSSwerenotwellintegratedwiththeCPOEcomputer-basedphysicianorderentry(CPOE),and
physicianspreferredtoignoreCDSSonlybecauseoftherequirementof“doubledataentry”that
interruptspatientcare.AsmoreandmoreCDSSisintegratedintoEHRsystems,theproblemofdual
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dataentryisnolongeramajorproblemforclinicians,althoughseveraldecisionsupportsystemsfor
diagnosisremainautonomousratherthanintegratedintoEHRsystems(Milleretal.,2015).

PRoBLEM DEFINITIoN

Basically, EHR represents the case history of a patient and contains information about patient
complaints,investigations,andtreatmentobtainedduringvisitstothemedicalcenter.Theinformation
includesgeneral informationaboutthepatient(age,gender,etc.),resultsofmedicalexamination
byadoctor(diagnosisandprescriptions)anddataaboutvariousmedicalprocedures(medicaltests
results,surgery).Theincompletecasehistorymayresultinanunderestimationoftheseverityofthe
diseaseoradversedruginteractions,jeopardizetheintegrityoftheinformation,andleadtomistakes
andmisdiagnosis,therebyinterferingwithpatientsafetyordecreasingthequalityofhealthcare.In
thecurrentstudy,wefocusedontheanalysisofinformationfilledbythetreatingphysicianduring
outpatientvisits.

Withinour study,weconsider themodel-basedgeneralizedarchitectureof clinicaldecision
supportsystembased(CDSS)developedasanextensionofmedicalinformationsystem(MIS)for
variouskindofdecisionmakersandexperts(Figure1).Theproposedenhancedarchitecturemaybe
consideredasageneralizedviewontheimplementationwaysofpreviouslyproposedmodel-based
CDSSconcepts(Krikunovetal.,2016;Syomovetal.,2016).Thearchitectureincludesthreemain
scalestoconsiderdataandmodelprocessingaswellaskeyusersinteraction.Also,thearchitecture
isdividedintothreemainsub-systems:

• BasicMISmodules(client-andserver-side)consideredasexistingwithinahospitalinfrastructure;
• Server-sideDSSmodulesresponsibleforcentralizedmanagementofdata,knowledge,and

clientinteraction;

Figure 1. Generalized architecture of CDSS
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• Client-sideDSSmodulesresponsibleforlocalhuman-computerinteractiontosupportcertain
activitiesofauser.

Globalscaleincludesbasicdata(EHRisconsideredasthemaindatasourceinourstudies),
knowledge(weuserulebaseasasimplerepresentationofstaticknowledge)andmodels(whichmay
alsobeconsideredasknowledge)incorrespondingbases.Additionally,thisscaleincludesprocesses
ofknowledgecontrolwithautomaticorsemi-automaticmodeltrainingandknowledgeexpression
andmanagementperformedbyanexpert.PersonalscalerepresentsthekeyusecaseoftheCDSS
wheresupportofphysician’sdecisionsisprovided.HerebasicpersonalizedEHR-basedrepresentation
in MIS is extended with predictive (mainly data-driven) models which extend available facts.
Knowledge-BasedreasoningwithEHRandpredictedfactsisusedtoinferasetofrecommendation
fora)physicianactivity;b) supportendextensionofknowledgeandmodelbases;c) requesting
additionaldata.Finally,departmentscalerepresentssupportformanagerialtasksusuallysolvedby
headsofhospitalsordepartments.Inparticular,thisscaleincludespredictive(bothdata-drivenand
simulation)modelstoanalyzeinflowandprocessingofpatients,aloadofahospitaloradepartment
andsupportofstrategicdecisionmakingforreachingofthehigherperformanceoftheorganization.

Theproposedarchitecturemaybeimplementedinvariousways.Still,animportantpartinthe
approachisinteractionwithkeyusers(experts,physicians,managers)duringsupportandusingof
CDSS.Withinthecurrentstudy,wewerefocusedontheinvestigationofhuman-computerinteraction
inCDSSwithspecialattentiontocontrollingandimprovementofEHR.Furthersectionsdescribe
theimplementationoftheproposedgeneralizedarchitectureandexperimentalstudyinahospital
duringprovidingcareforoutpatientswitharterialhypertension.

Experimental Setting Details
Thissectiondescribesexperimentalsettings,keyfeaturesinfluencingthestudy,aswellasimplemented
CDSS.Within the study,weconsideredaprocessofprovidingcare foroutpatientswitharterial
hypertension(AH).DiseasedevelopmentandtreatmentprocessinAHcasesisoftencomplicated
byvariouscomorbiditiesandexternalfactors(habits,physicalactivity,mentalhealth,etc.).Such
complexity may cause potential mistakes, inconsistencies, missing and erroneous data in EHR.
Therefore,AHwasselectedasatargetdiseasewithintheresearch.RevealedmistakesinEHRwith
AHpatientsweresystematicallyarrangedintosixclasses.TherulebaseofthedevelopedCDSS
wasextendedwithcorrespondingrulestopreventandcorrectthemistakesduringout-patientvisit.
ThissectionpresentsthedetailsonanalysisofAHpatientsandEHR,inferredmistakeclassesand
developmentofCDSS.

Case Study
AHasawidelyspreadexampleofchroniccardiovasculardisease,whichmayleadtoseverehealth
conditionslikeacutemyocardiuminfarction(AMI)orstroke.AHisamultifactorialdisease,andits
contractioncausesareusuallyunknown.Themanifestation,progression,andtreatmentoutcomesof
AHareassociatedwithvariousfactors,suchasthepopulationgenetictrait,comorbidities,climate,
andotherriskfactors.Inthisregard,currenthypertensionguidelinesprovideforalargenumberof
treatmentoptionswithoutapparentdifferencesinthetreatmenteffectiveness.

Federal Almazov North-West Medical Research (Almazov Centre) as one of the leading
cardiologicalcentersinRussiaprovideextendedcareandconsultingforoutpatientswithAH.From
2010to2016Almazovcenterprovidetreatmentto44393patientswithchronicdiseasesassociated
withAH.Also,theMISdatabasecontainsEHRoftreatmentepisodes(3252)thesepatientdiseases
oftheheartcirculatorysystem(angina,ACS,myocardialinfarction).Atthesametime,EHRsare
laboratory test data (cholesterol level, glucose level, general blood test, etc.), instrumental tests
(electrocardiography,echocardiography,etc.),comorbidities(diabetes,atherosclerosis,dyslipidemia,
fibrillation,COPD,CKD),observationdata (BMI, age, gender), event logs (activity, date, time,
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Department, responsibleperson),anamnesisandother records. InGeneral, thegroupofpatients
doesnotdiffersignificantlyincharacteristics.Ofthetotalnumberofpatients,37%aremenand63%
arewomen.Atthesametime,theaverageageofmenis52years,andtheaverageageofwomen
is60years.Obesity(BMI>30)isdiagnosedin27%ofmenand33%ofwomen.Elevated(>4.9)
cholesterolin81%ofpatientsforwhomlaboratorystudiesoflipidswerecarriedout.Theincreased
bloodglucoselevel(>5)wasdiagnosedin84%ofpatients.

ObserveddiversityoftheAlmazovCentre’spatientsenablesenhancedanalysisoftheAH
patientpopulationinRussia.Forexample,Figure2showsselectedresultsintheanalysisofAH
patientsinAlmazovCentre.Figure2ashowsclusteringofepisodes(usingproximitycomplex
measure) with selected popular chronic diseases: AH (green), diabetes mellitus (blue), and
chronicheartfailure(red).Theanalysisshowsa)existenceofvariousclustersofAHpatients
showingdiverseconditiongroupsandtreatmentpatternsapplied;b)presenceofAHpatients
inconsistentclusters(seeclustersfordiabetesmellitus);c)widelyspreadcombinationofAH
with other chronic diseases (also with heart failure, which has highly diverse patterns, so it
doesn’tformconsistentclusters).Inaddition,dynamicsanalysis(Figure2b)showsaconstantly
growingportionofelderlypeopleinAHpopulation.Althoughthiscouldbeconsideredasgood
evidence(peoplelivelonger),thecomplexityofthatcasessignificantlygrows.Theanalysislets
topredicthigh(andgrowing)complexityofAHcasesandmorecomplexanduncertaincare
process.Therefore,weselectedAHasatargetdiseasewithinourexperimentalstudyinCDSS
andEHRimprovementafterHCIsupportinclinicalpractice.

Mistakes in EHR of AH Patients
Sincetheoriginalsystemwasnotdesignedfordataanalysisandcarriedoutmoreadministrative
function,thequalityofthedatadoesnotconfirmtheentryrequirementsforanalysis.Aswedescribed
earlier(Bologva,Prokusheva,Krikunov,Zvartau,&Kovalchuk,2016),weselectedsixclassesofthe
mostcommonmistakesinEHRtobeanalyzed.Totalcountofanalyzedrecordswas32158.

Mistakes’classesandfrequencyoftheiroccurrencewerethefollowing:

Figure 2. AH patients observed in Almazov Centre: (a) Clustering of episodes with selected chronic diseases and AH; (b) Six-year 
trends in patients with severe hypertension in different age groups
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1. Mistakes in drug prescriptions: (a) typos and (b) brand drug name was written before the
internationalnonproprietaryname(212361[57%]of369417totalprescriptdrugs,and31598
[12%]ofprescriptioncasesof261815,respectively);

2. Nobloodpressuredata(3283[11%]records);
3. NoBMIdata(26130[81%]records);
4. Diagnosiswasnotproperlystructured:itwasdifficulttoretrieveinformationabouttheunderlying

disease,concomitantdisease,andcomplications(20902[65%]records);
5. Weassumeerroneoussituationif(a)attachedlaboratoryresultsoflipidsprofilewereabove

thresholdlevels;(b)doctorprescribedstatinsand(c)term“dyslipidemia”wasnotinthefield
‘diagnosis’(163[0.5%]records);

6. Multiplerecordingmethodsofthesameinformation.Forexample,frequentuseofboth“-”
and“notcomplicated”inthefield‘concomitantdiseases’(16500[51%]and3887[12%])
recordsrespectively).

Thesekindsofmistakesmakerecordsunsuitableforanalysis,andwecanlosevaluableinformation
ormedicalcases.Wesuggestedill-designedHCIistheleadingcauseofsuchmistakes.

CDSS Implementation
Previousstudiesdeterminetheresultsofthecurrentexperiment.Inparticular,papers(Bologva
etal.,2016;Semakova,Zvartau,Bolgova,&Konradi,2016)describetheanalysisofdatafrom
MISforthemostcommonmistakes,anditwassuggestedthatthedevelopingofaCDSSthat
integrates with an existing MIS could solve the problem. Authors of the paper (Syomov et
al.,2016)provideageneralapproachthatwastakenasthebasisfortheintroductionofsuch
aCDSS.Asaresult,anexperimentalsampleofanintegratedCDSSwithalimitedfunctional
wasdevelopedandimplementedforthecurrentexperiment(theCDSSarchitectureisshownin
Figure3).ThefunctionalityofCDSSwasintendedtobelimitedforfixingerrorsandnotifying
usersofaparticularerror.Thiswasdonetofocusontheeffectinworkandtheperceptionof
usersfromtheoperationofsuchasystem.

TwoEHRsubsectionwereallocatedfortheexperiment:

1. Subsection“General inspection”, inwhichthefieldsaredistinguished:height,weight,waist
circumference(WCirc),heartrate(HR),arterialbloodpressure(ABP).Wechoosethisfields
tocontrolbecausetheyareimportantforAHpatients.Forthissection,twoerrorclassesare
considered:miss-ifthefieldisleftblankanderror-ifthefieldcontainserroneousdata(for
example,lettersinanumericfield,orthevalueisoutofbounds);

Figure 3. The architecture of integrated CDSS
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2. Subsection“Recommendations”,whichverifiesthecompatibilityofprescriptiondrugs.Forthis
purpose,wecreateaknowledgebaseofdrugsthatareoftenprescribedforpatientswithAH.
Everydruginthisbasecontainsinformationaboutharmfulornegativeinteractionwithother
drugs.Ifintheprescriptionthereisatleastonenegativedrug-druginteractionawarningwill
beissued.

EXPERIMENT RESULTS

ThetestingperiodoftheexperimentalsampleoftheCDSSwastenfullweeks.Inthetestinginvolved
seven physicians: men and women 30-45 years old which could be characterized as users with
shallowcomputerskills.Theyweredividedintotwogroups:4doctorsworkedwithincludedmistakes
notifications(withtriggers),and3oftheminthe“fixingactions”mode,thatis,notificationswere
notshown(withouttriggers).TheresultsareshowninTable1.

StatisticsforspecificmistakesarepresentedinTable2.Specialattentionwaspaidtothe“General
inspection”sincethevastmajorityoferrorswaspreviouslyassociatedwitheitherthelackofdata
inspecificfieldsortheerroneouswritingofthem.Thetableshowsthepercentageofmissingor
erroneousdatathatwasrecordedinthesystemandthepercentageofmissingorerroneousdatathat
remainedinthesystemaftertheformwasclosed.

InFigure4,theresultsfromTable2arepresentedgraphically.Thegraphsshowthatthenumber
ofomissionsanderroneousdataremainingintheMIShasdecreasednoticeablyinthefocusgroup
thatworkswithenablednotifications(withtriggers).Figure5showsthepercentageoftheinitial
omissionsorusererrorsrecordedinthesystemforeachofthetenweeks.

Inadditiontoanalyzingtheresultsofmistakes,asurveywascarriedoutbyphysicianswho
workedwiththesystemwithenablednotifications.Thepurposeofthesurveywastofindout
howthesystemisconvenientandusefulintheworkofadoctor.Theresultsofthesurveyshowed
thatmostphysicianswereabletoadapttothenewmodeofoperation,allnotedthatnotifications
wereusefultothemintheirwork.However,almostallrespondentsnotedthatitwasnotmore
convenientforthesystemtowork.Thisissincethereareadditionalpop-upwindowsandthe
adaptationtothemrequiresaslightlylongertimeinterval.Also,fornow,wecannotovercome
the«alertfatigue»phenomenontothefullextent.However,wewilldiscusswithdoctorswhat
factorsaffectfatigue,whathoursarethemoststressfulandtogetherwithdoctorswewilldevelop
somescenariostosolvethisproblem.

Table 1. General results of system testing

With Triggers (%) Without Triggers (%)

Subsection “General inspection”

Atleastwithonemistake 49,1* 63,7

Remainedwrong 8,7 42,2

Subsection “Recommendations”

Recordedmessagesaboutdrugsincompatibility 25,5** 24***

Informationchangedafterthemessage 7 0

* 84.7% of mistakes were committed in the first weeks.
** Some of the reports were about “Mutual intensification of the hypotensive effect” (64.3%) and “Reduction of the effect of one drug in interaction with 

another” (21.4%)
***Some of the reports were about “Mutual intensification of the hypotensive effect” (37,5%) and “Reduction of the effect of one drug in interaction with 

another” (12,5%)
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Table 2. Statistics for specific mistakes

With Triggers (%) Without Triggers (%)

Height
Missing 7,3 25,5

Remainedwrong 2,9 23,5

Weight
Missing 24,6 27,5

Remainedwrong 8,7 21,6

WCirc
Missing 20,3 49,1

Remainedwrong 7,25 41,2

HR
Missing 23,2 39,2

Remainedwrong 10,14 29,5

ABP
Missing 13 15,7

Remainedwrong 1,5 11,7

Height
Error 1,5 0

Remainedwrong 0 0

Weight
Error 7,25 9,8

Remainedwrong 1,5 9,8

WCirc
Error 0 0

Remainedwrong 0 0

HR
Error 8,7 5,9

Remainedwrong 0 5,9

ABP
Error 18,8 30,3

Remainedwrong 4,35 21,2

Figure 4. The percentage of user mistakes during the system testing period: (a) The total number of recorded mistakes; (b) The 
number of mistakes remaining in the MIS (after corrections)
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DISCUSSIoN

InFigure5weseethecurvesnoticeablydecrease,andthenincreaseslightly,butatthemomentitis
difficulttopredicttheirbehaviorinthefuture,soadditionaltestingisnecessary.Figure4showsthe
averagemistakesvalue(solidblueline).Asmentionedinthepreviouswork(Bologvaetal.,2016),
weusetheDMAICcycle(George,2010)todevelopthesystem,andwehavealreadypassedoneturn,
thenweneedtoclarifytherecommendationsofusers,makesomechangestothesystemandconduct
furthertesting.Weassumethatwithoutchangesthebehaviorofthecurvewillnotchangemuchlater
(Figure6,thebluedashedline).However,whenfollowingtheDMIACcycleandconsideringthe
interestsandrequirementsofusers,thebehaviorofthecurvecanbeasimilar(Figure6greenline).
Thus,weneedtoachievethebehaviorshowninFigure6.Thatinitsturn,whenapproximated,will
giveacurveverysimilartotheFoggcurve(Fogg&BJ,1998).Andifwecangetthisresult,wecanuse
theFoggmodeltopredictbehaviorandtocontrolbehaviorthroughmotivation,training,andtriggers.

Figure 5. The percentage of user mistakes by week: (a) The focus group with enabled notifications; (b) Focus group with 
notifications turned off

Figure 6. The average mistakes value and the further behavior
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Animportantissuetobeconsideredistheintegrationoftheproposedapproachesinaframework
ofautomaticlearningofCDSStosupporttheactivityofusersfromvariousgroups.Wecantreatthis
taskasreinforcementlearningproblem(Sutton&Barto,1998).Inthatcasemodelsandknowledge
basesintheproposedgeneralizedarchitecturemaybecontrolledbyanintelligentalgorithmwhichmay
constantlyimprovetheHCIprocessconsideringa)issuesoftheparticularhospital;b)personalized
behavioralpatternsoftheusers;c)changinginbehaviorandknowledgeundercontroloftheCDSS.
Thisleadstotheideaofsymbiosisofusersandinformationsystemevolvingtowardsabetterlevel
ofserviceproviding.

CoNCLUSIoN AND FUTURE WoRK

Theproposed ideaof implementationofCDSSin thesupplemented interfacemodeof themain
MIShashadapositiveeffectinreducingusererrorsinthedata(EHRintheconsideredcase).We
observeshifts towardsbetterdataqualityafter introducingcontrollableHCIhavingdecreased in
EHRmistakesasagoal.Furtherlyweconsiderthedevelopmentofmoreadvanced,flexible,and
transparenttechniquesinHCItomakethenextiterationinMIS-basedsolutionimprovement.Future
researchdirectionsincludeenrichmentofknowledgeandmodelbaseswithnewentities,anextension
oftheproposedsolutionforHCIwithvariousclassesofusers,applicationofthesolutioninvarious
diseasetreatment(includingout-andin-patients,consulting,etc.),andothers.

Weconsideredtheapproachtoimproveinformation(EHRinourcase)throughexplicitcontrol
ofHCIasapromisingresearchdirectionwheretheclosecollaborationofhumanandmachinescan
reachanewlevel.TheideamaybeappliedwidelybeyondtheareaofCDSSinmultipleinformation
systemswhereHCIplaysacrucialroleinthequalityoftheprocessorservice.
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