RECOMMENDATION OF MEDICAL SERVICES
BASED ON DEEP NEURAL NETWORK

at
SathyabamalinstituteofScienceandTechnology

(DEEMEDTOBEUNIVERSITY)

Submitted in partial fulfillment of the requirements for the award
ofBachelor Engineering Degree in Computer Science and
EngineeringBy

VEMURI SRIKANTH (37110827)

—_—

R @ 4

\l‘:,//

DEPARTMENTOFCOMPUTERSCIENCEANDENGINEERING
SCHOOLOFCOMPUTING

SATHYABAMA

INSTITUTEOFSCIENCEANDTECHNOLOGY(DEEMEDTOBEUNIVERSITY)

Accreditedwith Grade“A”’byNAACI12B
StatusbyUGCIApprovedbyAICTE
JEPPIAARNAGAR,RAJIVGANDHISALAI,
CHENNAI-600119

March-2021



SATHYABAMA

INSTITUTEOFSCIENCEANDTECHNOLOGY ﬁeﬁm&%
J A
(DEEMEDTOBEUNIVERSITY) ———§%
_ _ DNV-GL //
AccreditedwithGrade“A”byNAAC \\Imw /

(EstablishedunderSection30fUGCAct,1956)
JEPPIAARNAGAR,RAJIVGANDHISALAI,CHENNAI-600119

www.sathyabama.ac.in

DEPARTMENTOFCOMPUTERSCIENCEANDENGINEERINGBON

AFIDECERTIFICATE

This is to certify that this Professional Training Report is the bonafide work of
VEMURI SRIKANTH (37110827) whocarriedouttheprojectentitied“‘Recommendation
of medical Services based on Deep Neural

Network”underoursupervisionfromNovember2020toApril2021

Internal Guide

Dr. R.JEBERSON RETNA RAJM.TECH.,Ph.D.,

HeadoftheDepartment

Submittedfor VivavoceExamination heldon

InternalExaminer ExternalExaminer


http://www.sathyabama.ac.in/

DECLARATION

ILVEMURI SRIKANTH
(37110827)herebydeclarethattheprojectentitied“Recommendation of medical
Services based on Deep Neural Network” done by me under the guidance ofDr.
R.JEBERSON RETNA RAJM.TECH., Ph.D.,at Sathyabama Institute of Science
and Technology is submitted in partialfulfilment of the requirements for the award of

Bachelor of Engineering degree inComputerScience andEngineering.

DATE:

PLACE:CHENNAI SIGNATUREOFTHECANDIDATE



ACKNOWLEDGEMENT

lampleasedtoacknowledgemysincerethankstoBoardofManagementofSATHYABAMA
for their kind encouragement in doing this project and for completingitsuccessfully. |

amgrateful tothem.

| convey my thanks to Dr. T. SASIKALA, M.E., Ph.D., Dean, School of
Computingand Dr. S. VIGNESHWARI., M.E., Ph.D., and Dr. Lakshmanan M.E.,
Ph.D., Headsof the Department, Dept. of Computer Science and Engineering for

providing menecessarysupportanddetailsattherighttimeduringtheprogressivereviews.

| would like to express my sincere and deep sense of gratitude to my Project
GuideDr. R.JEBERSON RETNA RAJM.TECH., Ph.D.,for his valuable guidance,

suggestions and constantencouragementpavedwayfor

thesuccessfulcompletionofmyproject work.

| wish to express my thanks to all Teaching and Non-teaching staff members of
theDepartmentofComputerScienceandEngineeringwhowerehelpfulinmanywaysfor

thecompletionof the project.



ABSTRACT

The Emergency Departments, which are life saving for many people have
negativeimpacts too, if many people are crowded in the ED, there are chances that
somepeople loose their life even before getting admitted in the ED.Therefore, we
need
toexploretheuseofinnovativemethodstoimprovepatientflowandpreventovercrowding.
The Machine Learning, can help us in learning the data, analysing thedata and
predicting the future. The ED’s overcrowding can be reduced by predictingthe future
of patient's admission using Machine Learning and making the

resourcesavailablebeforehand.
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CHAPTER-
1
INTRODUCTI

ON

1.1 OUTLINEOFTHEPROJECT

The Emergency Departments, which are life saving for many people. But if
manypeople are crowded in the ED, it may sometimes have negative impacts too
such
asincreasedwaittime,ambulancediversion,reducedstaffmorale,adversepatientoutcom
essuchasincreasedmortality,andcancellationofelectiveprocedures.Therearechancesth
atsomepeoplelosetheirlifeevenbeforegettingadmittedintheED.Thereforewe need to
explore the wuse of innovative methods to improve patient flow and

preventovercrowding.

The Machine Learning, can help us in learning the data, analyzing the data
andpredictingthefuture.OnemechanismthatcouldhelptoreduceEDcrowdingandimprove
patient flow is the use of data mining to identify patients at high risk of an
inpatientadmission, therefore allowing measures to be taken to avoid bottlenecks in
the system.For example, a model that can accurately predict hospital admissions
could be used
forinpatientbedmanagement,staffplanningandtofacilitatespecializedworkstreamswithin
the ED. The main aim of the project is to reduce the ED’s overcrowding predicting
theadmissionspatientsinfutureusingMachineLearningandmakingtheresourcesavailabl

ebeforehand.

This study draws on this data to achieve two objectives. The first is to create
amodel that accurately predicts admission to hospital from the ED department, and
thesecondistoevaluatetheperformanceof
commonmachinelearningalgorithmsinpredicting hospital admissions. We also
suggest wuse cases for the implementation of themodelasadecision

supportandperformancemanagementtool.

1.2 DOMAININTRODUCTION



TheDeepNeuralNetwork(DNN)isaneuralnetworkwithacertainlevelofcomplexity,a
neural network with more than two layers. Deep neural networks use

sophisticatedmathematicalmodelling toprocessdata in complex ways.



A neural network, in general, is a technology built to simulate the activity of
thehuman brain — specifically, pattern recognition and the passage of input through

variouslayersof simulatedneural connections.

Many experts define deep neural networks as networks that have an input
layer,an output layer and at least one hidden layer in between. Each layer performs
specifictypes of sorting and ordering in a process that some refer to as “feature
hierarchy.” Oneof the key uses of these sophisticated neural networks is dealing with
unlabelled
orunstructureddata.Thephrase“deeplearning’isalsousedtodescribethesedeepneuraln
etworks,asdeeplearningrepresentsaspecificformofmachinelearningwheretechnologies
using aspects of artificial intelligence seek to classify and order informationinways

thatgobeyondsimple input/output protocols.

1.3 BENEFITSOFDEEPNEURALNETWORK

Neural networks use randomness by design to ensure they effectively learn
thefunction being approximated for the problem. Randomness is used because this

class ofmachinelearningalgorithmperforms better withit thanwithout.

The most common form of randomness used in neural networks is the
randominitialization of the network weights. Although randomness can be used in

other areas,hereis justashort list:

Randomnessinlnitialization,suchasweights.

Randomness in Regularization, such as
dropout.RandomnessinLayers,suchaswordem

bedding.

RandomnessinOptimization,suchasstochasticoptimization.



CHAPTER-2
LITERATURESURVEY

2.1 In2016, OsmanAltay,MustafaUlaspresenteda researchpaperontitlewas

“Emergency department overcrowding and ambulance diversion: The
impactandpotentialsolutionsofextendedboardingofadmittedpatientsintheemerg
ency department. This proposed system used to detect Autism patient usingdata
mining concepts. Autism Spectrum Disorder (ASD) negatively affects the wholelife of
people. The main indications of ASD are seen as lack of social interaction
andcommunication, repetitive patterns of behavior, fixed interests and activities. In
thispaper, it was tried to find out whether children have ASD by using
classificationmethods. As a result of the classification, there are two classes of cases
in which
thechildisASDornotASD.90.8%accuracywasobtainedasaresultoftheLDAalgorithmand8

8.5%accuracy wasobtained fromtheKNNalgorithm.

This paper using two methodology Linear Discriminant Analysis Classifier and
K-Nearest Neighbor for classification which is used to predict the ASD diagnosis.
Thedata set consists of 292 samples with 19 different attributes. In the dataset, there
are10questionsdirectlyrelatedtoASDandascoreattributeconsistingofthesumoftheseque
stions. Ethnicity and country of residence which have a string value has
beentransformed to numerical values to make it suitable for LDA and KNN algorithms.
TheKNN algorithm is mainly based on the distance calculation. In the LDA algorithm,
it

isnecessarytocalculatethescattermatriceswithinclassesandbetweenclasses.Performan
ceEvaluationiscalculatedfortesttheclassificationalgorithmsasaccuracy,sensitivity,specifi

city,precision,andF-measure.

TheadvantageofthispaperisF-measurevalueofLDAalgorithmattained1.95%bettersucce
ssratethantheKNNalgorithm.TheF-measurevalueiscalculatedas0.9091forthe LDA
algorithm and 0.8913 for the KNN algorithm. The disadvantage of this paperis
increased number of features extracted from children During data collection,

whichtakes more time. In Proceedings of the International Journal of Advance



Research inScienceand Engineering IJARSE.

2.2 In2017,SiriwanSunsirikul, TiraneeAchalakulpresentedapaperonthetitle

Predictingemergencydepartmentadmissions.Thisproposed systemaimisto



developadataanalysistooltoaiddoctorsinthediagnosisprocessinthefuture.Inthisresearch
, attempted to extract patterns from behavioral data and develop a classifierfor
patients’ behaviors. A sufficient number of patients’ behavior records, it may
bepossibletodiscovertheassociationbetweensomeparticularbehaviorsandtheautisticsy
mptoms. This paper discusses data mining techniques aimed at providing an

arrayoftoolstoassistdoctors inanalyzingpatients’data intelligently.

The proposed methodology is an associative classification method. A
classification-basedassociation(CBA)techniqueisusedtofindassociationofbehavioralpat
ternsforautistic and PDD-NOS children. The results present some useful information
that canbe used in the future to guide clinicians in selecting appropriate treatments,
which inturn can help autistic children function better in a society as well as enable
earlydetection and intervention. CBA includes two main parts: (1) a rule generator
(CBA-RG) that is used to generate a complete set of class association rules (2) a
classifierbuilder(CBA-CB)thatisusedtoproduceaclassifier.Patients’behaviorrecordswillb
eused as input. The output is a set of accuracy rules with support and

confidencemeasures.

The advantage of this paper is the relationship of the behavior pattern for autistic
andPDD NOS children can be identified. a set of impairments, a disorder type can
besuggested with a relatively high confidence level. The disadvantage is Prediction
errorin some cases because small number of samples tend to overfit the solution.
Lack ofclinical data of normal children for use in the training phase. In Proceedings of

the The2ndInternationalConferenceonComputerandAutomationEngineering(ICCAE).

2.3 In 2017, FadiThabtah presented a paper on the title is The effect of
emergencydepartment crowding on clinically oriented outcomes. This proposed
system aimis to Reducing the screening time, improving sensitivity and specificity,
Identifying

thesmallestnumberofASDcodestosimplifytheproblem.ASDdiagnosisisconsideredatypic
alclassificationprobleminmachinelearninginwhichamodelisconstructedbasedonpreviou
slyclassifiedcasesandcontrols. Thismodelcanthenbeemployedtoguessthe new case

diagnosis type (ASD, No-ASD).This paper solving ASD diagnosis as



aclassificationproblem.Theinput willbeatrainingdatasetofcasesandcontrolsthat



have already been diagnosed. The cases and controls have been generated using
adiagnostic instrument such as ADOSR, ADI-R. The aim is identifying the best
ASDfeatures,orreducingcomputingresourcesusedduringthedataprocessing.Onceinitial
dataisprocessedthenamachinelearningalgorithmcanbeapplied.herearedifferentmeasur
es that the end wuser can use to evaluate the effectiveness of the

chosenmachinelearningmethodon guessing thetype ofdiagnosis.

In this paper, we focused on recent machine learning studies that tackled ASD as
aclassification problem and critically analysed their advantages and disadvantages.
Itshowedthenecessarystepsrequiredtoclaimthedevelopmentofintelligentdiagnostictool
s based on machine learning by replacing the handcrafted rules inside the
ASDscreeningtoolswithapredictivemodel./InProceedingsofthe 1stinternationalConferen
ceon Medical and Healthinformatics 2017 (pp. 1-6)

2.4 In 2015, Mohana e1, Poonkuzhali.s2 presented a paper on the title is
Accessblockcausesemergencydepartmentovercrowdingandambulancediversio
ninPerth,WesternAustralia.Autismspectrumdisorders(ASD)areenclosureofseveral
complex neurodevelopmental disorders characterized by impairments in
communication skills and social skills with repetitive behaviors. It is widely
recognizedformanydecades,yettherearenodefinitiveoruniversallyaccepteddiagnosticcr
iteria.This paper focuses on finding the best classifier with reduced features for
predictingthe risk level of autism. The dataset is pre-processed and classified. It

produced highaccuracyof 95.21% usingRunsFiltering.

Thispaperusingfourfeatureselectionalgorithmsandseveralclassificationalgorithms.featu
reselectionalgorithmssuchasFisherfiltering,ReliefF,runsfilteringandStepdiscareusedtofil
terrelevantfeaturefromthedataset.BallVectorMachine,CS-CRT,CoreVector

Machine,K-NearestNeighbor classificationalgorithmsareappliedon thisreduced
features. Finally, performance evaluation is done on all the classifier

results.Finally,Error rate,Accuracy, Recall,Precisionis calculated.

The advantage of this paper is BVM (ball vector machine), CVM (core

vectormachine),andMLRachievedhighaccuracyof95.21%.Thedisadvantage ofthis



paper is Fisher Filtering and Stepdisc does not filter any features. In Proceedings

ofthelnternationalJournalofAdvanceResearchinScienceandEngineeringlJARSE.

25 In 2016 Khalid Al-jabery1, Tayo Obafemi-Ajayi1, Gayla R. Olbricht 2, T.

NicoleTakahashi3,StephenKanne3andDonaldWunsch1presentedapaperontitleis

EnsembleStatisticalandSubspaceClusteringModelforAnalysisofemergencyPhe
notypes. The results provide useful evidence that is helpful in elucidating
thephenotype complexity within ASD. Our model can be extended to other disorders

thatexhibita diverserangeof heterogeneity

Inthispaper,presentanensemblemodelforanalyzingASDphenotypesusingseveralmachi
ne learning techniques and a k-dimensional subspace clustering algorithm.
Ourensemble also incorporates statistical methods at several stages of analysis. A
keyphase in any clustering framework is feature selection. Ensemble statistical
andclustering model to analyze a population of ASD patients. The ensemble
modelconsistsoffivephases.DataProcessing,CorrelationAnalysis,Uni-dimensionalClus

tering,k-dimensional Clustering,Clusters Evaluation.

The advantages of this method is five stages of statistical and machine
learningapproaches,toachieveasubspaceclusteringofASDdata. Theclusteringresultssh
owpromise for sorting out the heterogeneity that is characteristic of these
patients.Multiple techniques were also combined for the validation of the identified
clusters. InProceedings of the 38th Annual International Conference of the IEEE

Engineering inMedicineandBiologySociety (EMBC).



CHAPTERS3

AIMANDSC
OPEOFTHE
3.1AIM PROJECT

The aim of the project is to create a model that can accurately predict
hospitaladmissions could be used for inpatient bed management, staff planning and
to
facilitatespecializedworkstreamswithintheED.ThemainaimoftheprojectistoreducetheE
D’sovercrowding predicting the admissions patients in future using Machine Learning

andmakingthe resourcesavailablebeforehand.

3.2 SCOPEOFTHEPROJECT
To develop an ED focused tools, a subset of which use machine learning, to
helpwithdecisionmakingandresourceplanning.EDpredictionmodelsusingmachinelearni

ngincludesclinicalconditions,probabilityofpatientadmissionfrom theED.

3.3 OBJECTIVE
OurAimED-MLshouldmeetthreebasicrequirements,i.e.,aptresourceallocations,
avoid bottleneck, and to improve the ED admissions efficiently. Efficient EDadmission
through the three algorithms by Byron Graham can be further improved
byimprovising the system through Deep Neural Network and achieving the efficient

EDadmissions.

3.4 SYSTEMREQUIREMENTS
The System requirements are the minimum hardware and software

requirementsneededfor theimplementationandexecutionofthemodel.
3.4.1 HardwareRequirement

Thehardwarerequirementsmayserveasthebasisforacontractfortheimplementati
onofthesystemandshouldthereforebeacompleteandconsistentspecificationofthewhole
system.Theyareusedbythesoftwareengineersasthestartingpoint  for the system

design. It shows what the system does and not how it should beimplemented



SYSTEM . PENTIUMDUALCORE
RAM :8GB

HARDDISK : 120GB

3.4.2 SoftwareRequirements

Thesoftwarerequirementsdocumentisthesoftwarespecificationofthesystem.ltsh
ould include both a definition and a specification of a requirements. It is a set of
whatthe system should do rather than how it should do it. The software requirements
provideabasisforcreatingthesoftwarerequirementsspecification.ltisusefulinestimatingc
ost,planning team activities, performing tasks and tracking the team’s progress

throughoutthedevelopment activity.

OPERATINGSYSTEM : WINDOWS10

PROGRAMMINGLANGUAGE : PYTHON

TOOLS :ANACONDA,SPYDER,PYTHON

DATABASE ‘KERAS LIBRARY

3.5 SOFTWAREFEATURES

Thesoftwarefeaturesgivesadetailedaboutallthesoftwaretoolsanddatabaseusedin

themodel.



3.5.1 Python

Python features a dynamic type system and automatic memory management.
Itsupportsmultipleprogrammingparadigms,includingobjectoriented,imperative,function
al and procedural, and has a large and comprehensive standard library.
Pythoninterpretersareavailableformanyoperatingsystems.CPython,thereferenceimple
mentationofPython,isopensourcesoftwareandhasacommunity-baseddevelopment
model, as do nearly all of Python's other implementations. Python andCPython are
managed by the non-profit Python Software Foundation Python is a
multi-paradigmprogramminglanguage.Object-orientedprogrammingandstructuredprog
rammingarefullysupported,andmanyofitsfeaturessupportfunctionalprogrammingandas

pect-oriented programming

Python uses dynamic typing, and a combination of reference counting and a
cycle-detecting garbage collector for memory management. It also features dynamic
nameresolution, which binds method and variable names during program
execution.Python'sdesignofferssomesupportforfunctionalprogrammingintheLisp

tradition.lthasfilter(),map(),andreduce()functions;listcomprehensions,dictionaries,ands
ets;andgeneratorexpressions.Thestandardlibraryhastwomodulesthatimplementfunctio

naltoolsborrowedfromHaskellandStandard ML.

3.5.2 Spyder

Spyder is an open-source cross-platform integrated development
environment(IDE)forscientificporogramminginthePythonlanguage.Spyderintegrateswith
anumberofprominentpackagesinthescientific
Pythonstack,includingNumPy,SciPy,Matplotlib,pandas,|Python,SymPyandCython,as
wellasotheropen-sourcesoftware.ltisreleasedunder the MIT license. Initially created
and developed by Pierre Raybaut, Spyder hasbeen maintained and continuously

improved by a team of scientific Python developersandthecommunity.

Spyderisextensiblewithfirst-andthird-partyplugins,includessupportforinteractivetoolsfor

datainspectionandembedsPython-specificcodequalityassuranceandintrospection



instruments, such as Pyflakes, Pylint and Rope. It is available cross-platform
throughAnaconda,onWindowswithWinPythonandPython(x,y),onmacOSthroughMacP
orts,and on major Linux distributions such as Arch Linux, Debian, Fedora, Gentoo
Linux,openSUSEandUbuntu.SpyderusesforitsGUI,andisdesignedtouseeitherofthePy
QtorPySidePythonbindings.QtPy,athinabstractionlayerdevelopedbytheSpyderprojecta

ndlateradoptedbymultipleotherpackages,providestheflexibilitytouseeitherbackend.

3.5.3 Keras
KerasisanOpenSourceNeuralNetworklibrarywritteninPythonthatrunsontopof
Theano or TensorFlow. It is designed to be modular, fast and easy to use. It
wasdeveloped by Frangois Chollet, a Google engineer. Kerasdoesn't handle
low-levelcomputation. Instead, it uses another library to do it, called the "Backend.
So Keras ishigh-level APl wrapper for the low-level API, capable of running on top of

TensorFlow,CNTK,or Theano.

Keras High-Level APl handles the way we make models, defining layers, or set
upmultiple input-output models. In this level, Keras also compiles our model with
loss

andoptimizerfunctions,trainingprocesswithfitfunction.Kerasdoesn'thandleLow-LevelA
Plsuch as making the computational graph, making tensors or other variables

because ithasbeenhandled bythe "backend" engine.

3.5.4 Anaconda

Anaconda is a free and open-source distribution of the Python
programminglanguages for scientificcomputing that aimstosimplify package
management
anddeployment.Packageversionsaremanagedbythepackagemanagementsystemcon
do. The Anaconda distribution is used by over 12 million users and includes

morethan1400populardata-sciencepackagessuitableforWindows,Linux,andMacOS.

Anaconda is a Python-based data processing and scientific computing platform. It
hasbuiltinmanyveryusefulthird-partylibraries.InstallingAnacondaisequivalenttoautomat

icallyinstallingPythonandsomecommonlyusedlibrariessuchasNumPly,



Pandas, Scrip, and Matplotlib, so it makes the installation so much easier than
regularPython installation. It is painful and you need to consider compatibility, thus it

is highlyrecommendedto directly installAnaconda.

3.5.5 IDESetup
TheMachineLearningConceptscanbewellimplementedthroughPYTHON.Weh
ave a numerous Python Tools but for the DNN implementation Anaconda can meet
ourneeds.SpyderinAnacondaischosenasthelDEsetup.ThelatestAnacondaSpyderhasP
ython 3.6 version. Python 3.6 is unstable to hold the KERAS backend. Apart from
theinabilitytobuildoverPython3.6, KERASrequirestwoadditionallibrarypackagesTHEAN
OandTENSORFLOW.TensorFlow canbeimplementedoverPython3.50nly.

AcloningenvironmentisbuiltusingtheAnacondaPrompt. ThePython3.5isclonedusingthe

command.

condocreate -npy35python=3.5anaconda

After activating the cloned environment, the Spyder is installed using the command.
SothePython3.5hasitsownSpyderversion,whichdoesnotinterferewiththebaseversionof

Anaconda.

condoinstallSpyder

Therequiredlibrariescanbesetupusingthebelowcommands

condainstalltheano

condainstalltensorflow



condainstallkeras
3.6 ALGORITHM

Themachinelearningalgorithmthathastobeappliedtothetrainingdatatobuild
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themodelisDeepNeuralNetwork.

Fig.3.1DNNLayers

A DNN is a neural network with a certain level of complexity, it is a neural network

withmorethan twolayers



Deepneuralnetworksusecomplicatedmathematicalmodellingtoprocessdatainco
mplex ways. A neural network, in general, is a technology built to simulate the
activityof the human brain — specifically, pattern recognition and the passage of input
throughvariouslayersofsimulatedneuralconnections.Oneofthekeyusesofthesesophistic

atedneuralnetworks isdealingwithunlabelledor unstructured data.

The phrase “deep learning” is also used to describe these deep neural
networks,asdeeplearningrepresentsaspecificformofmachinelearningwheretechnologie
susingaspects of artificial intelligence seek to classify and order information in ways

that gobeyondsimple input/output protocols.



4.1 EXISTINGSYSTEM
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Emergencydepartment(ED)crowdingcanhaveseriousnegativeconsequencesfo
rpatientsandstaff,suchasincreasedwaittime,ambulancediversion,reducedstaffmorale,
adversepatientoutcomessuchasincreasedmortality, and cancellation of elective
procedures. There are a range of possiblecauses of ED crowding depending on the
context, with some of the main
reasonsincludingincreasedEDattendances,inappropriateattendances,andalackofalter
native treatment options, a lack of inpatient beds, ED staffing shortages,
andclosureofotherlocalEDdepartments.Usingarangeofclinicalanddemographicdatarel
atingtoelderlypatients,LaMantiaetalusedlogisticregressiontopredictadmissionsto

hospital,andED re-attendance.



Baumann and Strout also found an association between the ESI and admission
ofpatients aged over 65. Boyle et al. used historical data to develop forecast models
ofEDpresentationsandadmissions.Modelperformancewasevaluatedusingthemeanab
solutepercentageerror(MAPE),withthebestattendancemodelachievingaMAPEof

around 7%, and the best admission model achieving a MAPE of around 2%
formonthly admissions. The use of historical data by itself to predict future events
hasthe advantage of allowing forecasts further into the future, but has the
disadvantageof not incorporating data captured at arrival and through triage, which

may improvetheaccuracyofshort-termforecastingof admissions.

Sun et al developed a logistic regression model using two years of
routinelycollected administrative data to predict the probability of admission at the
point oftriage. Risk of admission was related to age, ethnicity, arrival mode, patient
acuityscore, existing chronic conditions, and prior ED attendances or admission in
the
pastthreemonths.Althoughtheirdatashowedtheadmissionofmorefemalesthanmales,ge
nder was not significant in the final model. Similarly, Cameron et al developed

alogisticregressionmodeltopredict theprobabilityofadmissionsattriage,usingtwo



years of routine administration data collected from hospitals in Glasgow. The
mostimportant predictors in their model included ‘triage category, age, National
EarlyWarning Score, arrival by ambulance, referral source, and admission within the
lastyear,withanareaunderthecurveofthereceiveroperatingcharacteristic(AUC-ROC)of0
877.

Althoughthesemodelshighlighttheusefulnessoflogisticregressioninpredicting
ED admissions, Xie achieved better performance wusing a Coxian
Phasemodeloverlogisticregressionmodel,withtheformerAUC-ROCo0f0.89,andthelatter
0.83.Wang et al used a range of machine learning algorithms to predict
admissionsfrom the ED, comparing the ability of fuzzy min-max neural networks
(FMM) to otherstandard data mining algorithms including classification and

regression trees (CART),Multi-LayerPerceptron(MLP), randomforest,andAdaBoost.

4.2 PROPOSEDSYSTEM

The Proposed system increases the prediction of patient admission in the
EDby reducing the bottleneck. The system has an additional classification called

DeepNeuralNetwork algorithm.This increases theaccuracyof thenew system.

TheMultilayerPerceptronisafeedforwardneuralnetworkmodelcapableofclassification
and regression. A  multilayer perceptron is composed of fully
Connectedlayersofartificialneuronsformingaconnectedgraph(inthesimplestcaseonehid
den,one final layer), where neurons are modelled very loosely on biological neurons;
andas a feed forward net, the output of each layer becomes the input of the next
one.Multilayer Perceptrons can be trained through the Backpropagation Algorithm.
TheBackpropagationAlgorithmisanapplicationofgradientdescentthattakesintoaccount
the contribution to the error by the neurons of the hidden layer.
Throughdifferentialcalculusthegradientsofallneuronscanbecalculatedandweightsupdat

edaccordingly.

4.2.1 Advantages of Proposed Systems

Adding the proposed system to the old system increases the predictions



byreducingthe overfitting.



Anotherbenefitofimplementingthemodeldevelopedhereisthatitcanhelptoimprovepl

anningand resourceallocationinhospitals.

4.3 SYSTEMARCHITECTURE

DATA PREPROCESSING FEATURE EXTRACTION

Label Encoding Extraction and

Engineering

ED DATASET @ OneHot Encoding §
Selection and Scaling

Scaling

\
./

TRAINING DATA TESTING DATA

~S

CLASSIFICATION

ED
SCREENING

ED
PREDICTED
DATA

PREDICTION

Fig4.1 Architecturaldesign
4.4 MODULES

Themodulesforthisstudyinvolvedsevendataminingtasks,

. Dataextraction

. Datacleansingandfeatureengineering
. Datavisualisation

. Datasplitting

. Modeltuning

. Predictingadmissions

. Evaluationofmodelperformance

NOoO OB WN -

Thesestepshelptoensurethemodelsareoptimalandpreventagainstoverfitting.Arangeofvari



ableswereconsideredinthemodelbuilding,withthefinalvariables



decideduponbasedonpreviousstudies,significanceinthemodels,andtheimpactofinclusio
n on the performance of the model. The final models consisted of variablesdescribing
whether the patient was admitted to hospital; hospital site; date and time
ofattendance; age; gender; arrival model; care group; Manchester triage category;
andwhether the patient had a previous admission to the hospital within the last
week,month,oryear.Thecaregroupisaseriesofcategoriesindicatingthepathwayapatients
hould take. The Manchester triage category is a scale rating the severity of
thecondition, and used for prioritisation. Prior admissions were measured objectively

byqueryingthe hospitaldatabase.

Featureengineeringwasalsocarriedoutonthedateofattendancetodisaggregate it
into components relating to vyear, day of the week, and month of
theyear.ThedependentvariableinallmodelswasadmissiontothehospitalfromtheED.Most
of the variables included in the model are mandatory on the ED system,
andrecordedusingofdrop-downmenus.Thisledtoarelativelycleandatasetforanalysis,wit
hlistwisedeletionofcaseswithmissingdata.Patientsattendingdirectassessmentunits and
observation units are excluded from the analysis, as these patients follow

adifferentpathwaytothose attendingthemainED.

4.5 ModuleDescription

To build the complete prediction model, it is essential to carry out

step-by-stepexecutionof allrequired modules.

4.5.1 Dataextraction

We have collected the Emergency Department dataset of Ireland for
NeuralNetworkProcessing.WeareusingthisdatainfotopredictEDforthecurrentyearandm

akeappropriate preparations.

Importing the Pandas gives massive functionality to work on data. Along with

Pandasimportingalltherequired libraries areeven imported.



1 1mporT numpy as np
2 import pandas as pd
3 import matplotlib

4 import theano

5 import tensorflow

6 import keras

o

o dataset = pd.read_csv('C:\\Users\\ED Dataset.csv')
18 X = dataset.iloc[:, 3:35].values
11y = dataset.iloc[:, 34].values

A

Fig.4.2Dataextraction

4.5.2 Pre-processing
Thedatahasto Cleanedbeforeloading into theNeuralClassifier.
LabelEncoding
Beforerunningamodel,weneedtomakethisdatareadyforthemodel. Toconv
ertanykindofcategoricaltextdataintomodel-understandablenumericaldata,we use the
Label Encoder class, all we have to do is to label encode the first column.We import
the Label Encoder class from the sklearn library, fit and transform the

firstcolumnofthedata,andthenreplacetheexistingtextdatawiththenewencodeddata.

ssing im LabelEncoder, OneHotEncoder

labelencoder X _1.fit_transform(X[:, ])
labelencoder X_2 = LabelEncoder()
X[:, '] = labelencoder X_2.fit_transform(X[:, ])
X

X[:, ] = labelencoder_X 3.fit_transform(X[:,
26 |

X
labelencoder X 4 = LabelEncoder()
X[:, '] = labelencoder_X 4.fit_transform({X[:

labelencoder_X 5 = LabelEncoder()
X[:, ] = labelencoder_X_5.fit_transform(X[:

labelencoder X 6 = LabelEncoder()
X[:, '] = labelencoder_X_6.fit_transform(X[:

Fig.4.3Pre-processing



Onehot Encoding
Onehotencodingisaprocessbywhichcategoricalvariablesareconvertedintoaform

thatcouldbeprovidedtoMLalgorithmstodoa betterjobinprediction.

Thisiswhyweuseonehotencodertoperform“binarization”ofthecategoryandincludeitas

afeatureto train themodel.

C1  temp.py

122 labelencoder (
2 - t_transform(X[:, 1

124 labelencoder 29 Labe oder()
25 X[z, 1= ) 0 X_29.fit_transform(X[:, 1)

27 X

23 labelencoder 1Encoder()
X .fit transform(X[:, 1)

ical features = [ ])

Fig.4.40nehotencoding
StandardScaler
Standard Scaler is available in Scikit Learn we are fitting and transforming
StandardScaler method on train data. We have to standardize our scaling so we will

use thesamefittedmethodtotransform/scaletestdata.

mport StandardScaler

sc.Tit_transform(X train)
sc.transform(X_test)

Fig.4.5Transformingdata
4.5.3 Datavisualisation

Theextractedfeaturesareusuallyplottedagainsttheoutputtocheckitsrelationtotheoutput.



numpy a5 np
t pandas pd
t seaborn sns
ns.set_palette( )
matplotlib.pyplot &z plt

tmp = dataset.drop(

= sns.violinplot(y= , X , data=dataset, inners
plt.show()

7 g = sns.violinplot(y= ) X= , data=dataset, inners
plt.show()

g = sns.violinplot(y= i , data=dataset, inner=
plt.show()

g = sns.violinplot(y=  X= , data=dataset, inner=
plt.show()

Fig.4.6Datavisualization

4.5.4 Datasplitting

In statistics and machine learning we usually split our data into two
subsets:training data and testing data (and sometimes to three: train, validate and
test), andfit our model on the train data, in order to make predictions on the test data.
When
wedothat,oneoftwothingsmighthappen:weoverfitourmodelorweunderfitourmodel. We
don’t want any of these things to happen, because they affect the predictability ofour
model—we might be using a model that has lower accuracy and/or is

ungeneralised(meaningyoucan’tgeneralizeyourpredictionsonotherdata).

Overfitting

Overfitting means that model we trained has trained “too well” and is now,
well fit too closely to the training dataset. This usually happens when the model is
toocomplex (i.e., too many features/variables compared to the number of
observations).This model will be very accurate on the training data but will probably
be very notaccurate on untrained or new data. It is because this model is not
generalized (or
notasgeneralized),meaningwecangeneralizetheresultsandcan'tmakeanyinferenceson
other data, which is, ultimately, what we are trying to do. Basically, when thishappens,

the model learns or describes the “noise” in the training data instead of



theactualrelationshipsbetweenvariablesinthedata. Thisnoise,obviously,isn’tpartinofanyn

ew dataset, andcannot be appliedto it.



Underfitting

In contrast to overfitting, when a model is underfitted, it means that the
modeldoesnotfitthetrainingdataandthereforemissesthetrendsinthedata.ltalsomeansthe
modelcannotbegeneralizedtonewdata.Asyouprobablyguessedthisisusuallythe  result
of a very simple model (not enough predictors/independent variables). Itcould also
happen when, for example, we fit a linear model to data that is not linear.
ltalmostgoeswithoutsaying
thatthismodelwillhavepoorpredictiveability(ontrainingdataand can’tbe  generalized

toother data).

Train/TestSplit

Thedataweuseisusuallysplitintotrainingdataandtestdata. Thetrainingsetcontains
a known output and the model learns on this data in order to be
generalizedtootherdatalateron.Wehavethetestdataset(orsubset)inordertotestourmodel

'spredictiononthis subset.

n sklearn.model selection in train_test split

X train, X test, y train, y_test = train tes

sklearn.preprocessing StandardScaler
sc = StandardScaler()
X train = sc.fit transform(X_train)
M X _test = sc.transform(X_test)

Fig.4.7Splittingdata

4.5.5 ModelTuning

A deep neural network is a neural network with a certain level of complexity, a
neuralnetworkwithmorethantwolayers.Deepneuralnetworksusesophisticatedmathemati
calmodellingtoprocessdataincomplexways.Aneuralnetwork,ingeneral,is a technology
built to simulate the activity of the human brain - specifically,
patternrecognitionandthepassageofinputthroughvariouslayersofsimulatedneuralconne

ctions.

Many experts define deep neural networks as networks that have an input layer,

anoutput layer and at least one hidden layer in between. Each layer performs



specifictypesofsortingandorderinginaprocessthatsomerefertoas“featurehierarchy.”



Oneofthekeysusesofthesesophisticatedneuralnetworksisdealingwithunlabelledor

unstructured data. The phrase “deep learning” is also used to describe these
deepneural networks, as deep learning represents a specific form of machine
learningwhere technologies using aspects of artificial intelligence seek to classify and

orderinformationin waysthat gobeyondsimple input/output protocols.

keras
keras.models Sequential
keras.layers Dense

assifier = Sequential()

ssifier.add(Dense(output_dim = = ; activation =
scifier.add(Dense(output_dim = , = , activation =
ssifier.add(De _dim = = , activation =
ssifier.compile(optimizer = i = , metrics =

ssifier.fit(X _train, y_train, size = » nb_epoch = )

Fig.4.8Modelling
We can train our model on training data. We use fit method to the fit our model
Batchsizeisusedtospecifythenumberofobservationafterwhichwewanttoupdateweight.
Epoch is nothing but the total number of iterations. Choosing the value of batch

sizeandepoch is trialanderror thereisno specificrule for that.

4.5.6 Predictingadmissions

Predictingthetestsetresult. ThepredictionresultwillgiveyouprobabilityofthePeople
getting admitted in the hospital for the given period. We can also allocate
theresourcesanddoctorsassignedtothem.WewillconvertthatprobabilityintobinaryO’sand

1’s.

sklearn.metrics confusion matrix

sklearn.metrics | AcCcuUracy scaore

Fig.4.9Prediction




4.5.7 Evaluationofmodelperformance
Thisisthefinalstepwhereweareevaluatingourmodelperformance.WebuildConfu

sionmatrix tocheck the accuracy ofmodel.

sklearn.metrics t confusion matrix
sklearn.metrics i . aCcCuracy_score

confusion matrix(y test, y pred)
(cm)
( 3 (accuracy score(y test, y pred}))

sklearn.metrics t confusion matrix
confusion matrix(y test, y pred)

Fig.4.10Evaluation

4.6 DATAFLOWDIAGRAM

DFDs are used to Specify Functions of the Information System and how
dataflow from function to function. It's a collection of function that manipulates data.
On aDFD, data items flow from an external data source or an internal data store to
aninternaldatastoreoranexternaldatasink,viaaninternalprocess.ADFDprovidesnoinfor
mation about the timing of processes, or about whether processes will operate

insequenceor inparallel.

Analysis Classifying
Emergengy Department | ——) == |Predicting the admission
Data of the Patient
Processing

Fig.4.11Dataflowdiagram



The figure explains the outer overall functionality of the proposed system
applicationthis indicates that have collected the Emergency Department dataset from

varioussourceandanalysis and processingofdatahave

Preprocessing

Predicting ED
Patient
administration

Emergency Dept

Data data Traing & Testing
Splitting Data
§<

Fig.4.12Functionality

The figure above is an overall representation of each module and their functionality
inthis project. This Level one Data Flow Diagram shows how the various modules
helpin the providing the output which predicts the accurate Emergency patient

admissioninformationdata withhighfrequency dataset.
4.6.1 DFDLevelForDataPreprocessing

It explains the data is cleaned before loading to the Neural Network
Classifier.ImporttheLabelEncoderclassfromthescleralibrary,fitandtransformthefirstcolu

mnofthedata,andthenreplacetheexistingtextdatawiththenewencodeddata.Onehot



encoding is a process by which categorical variables are converted into a
formthatcouldbeprovidedtoMLalgorithmstodoabetterjobinprediction. Thisworkfittingandt

ransforming StandardScaler methodontrain data.

E i

Preprocessing }

Calegory  ~ Opengt — Structured f;’r““«
( (" Scaling

N Encodng /" Data : S

2 Predicting ED
Emerq;n:; Dept ! Patient
= administration

Fig. 4.13 DFD Level for Pre-processingData

4.6.2DFDL evel for Feature Extraction

It explains the Feature extraction by Layering of data. For feature
extraction,first select the data and process data for original feature. Then reduce the
feature
bytransformrefiningdata.ThiscanbedonebyselectingthedatabyCSVfileandprocessthed
atafororiginalfeatureanditwastransformedandrefiningdatatoreducedfeature,finallyit

predicts the accuracy ofweather.



Ememgency Dept
Data F

Feature Extraction

Orgiral REMNG Bala 20 2T
Feature W

Fig.4.14DFDLevelforFeatureExtraction

4.6.3 DFDLevel for Splitting data

It explains the Splitting data by two ways are Training dataset and
Testingdataset. In statistics and machine learning we usually split our data into two

subsets:training data and testing data (and sometimes to three: train, validate and

test),

andfitourmodelonthetraindata,inordertomakepredictionsonthetestdata.\Whenthiswork
does that, one of two things might happen: we overfit our model or we underfitour
model. It doesn’t want any of these things to happen, because they affect

thepredictabilityofourmodel—Workmightbeusingamodelthathasloweraccuracy

and/oris notgeneralized.

Emergency Dept
Daia

Spiting Data

55
2,

[ TestDa
o st Daia
Feature Data U

Train Data

Fig.4.15DFDLevelforSplitting Data
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4.6.4 DFDLevel for Classifying Data

Fig.4.16DFDLevelforClassifying Data

It explains that Classification of data through DNN (Deep Neural Network)
AlgorithmNeural networks use randomness by design to ensure they effectively learn
thefunctionbeingapproximatedfortheproblem.Randomnessisusedbecausethisclassof

machine learning algorithm performs better with it than without. The most
commonformofrandomnessusedinneuralnetworksistherandominitializationofthenetwor
kweights. A deep neural network is a neural network with a certain level of
complexity,a neural network with more than two layers. Deep neural networks use
sophisticatedmathematicalmodellingtoprocessdataincomplexways.Aneuralnetwork,in

general,is a technology built to simulate the activity of the human brain — specifically,
patternrecognition and the passage of input through various layers of simulated
neuralconnections. Deep neural networks as networks that have an input layer, an
outputlayer and at least one hidden layer in between. Each layer performs specific

types ofsortingandorderinginaprocessthat somerefer toas “featurehierarchy.”



4.6.5 DFDL evel for Prediction

Prediction

Emergency Dept ! and - : rrF‘redim_mg ED
Dala y-pred Pafen
administration

Fig.4.17DFDLevelforPrediction

Itexplainshowtheaccuracyemergencydepartmentpredictionoccursusingtheclass
ifier, list with predicted values and plot the rainfall graph. Predicting the test
setresult. Thepredictionresultwillgiveyouprobabilityofpatientadmittinginthehospital. This
will convert that probability into binary 0 and 1. 1 for attending in the hospital andO for
not attending the hospital. This is the final step where this work evaluating

ourmodelperformance.ltpredictstheConfusionmatrixtochecktheaccuracyofmodel.



4.7 USECASEDIAGRAMFOR LOADFORECASTING

Select Data

Test & Training

Prediction

Emergency
Dept Data

ED Patient
Server

Fig.4.18Usecasediagram

Abovethefigureshowsthatitprovidesaglobalviewoftheactorsinvolvedinasystemand the

actions that the system performs, which in turn provide an observable resultthat is of

value to the actors. Actors are an abstraction of the entity that interacts

withthesoftware.Here thesystemispartitionedsimpler functions.



4.8 SEQUENCEDIAGRAMFORLOADFORECASTING

Emergency Data User Data Frame

|

Preprocessing
Transformation
Store Data
] Train & Test il Admission
S 1
Feature |
Extraction
Splitting |

L]
Classifying |
Prediction

Display
L Wi i ER——

I |

Fig.4.19Sequencediagram

4.9 SYSTEMTESTING

The purpose of testing is to discover errors. Testing is the process of trying
todiscover every conceivable fault or weakness in a work product. It provide a way
tocheck the functional of components. It is the process of exercising software with

theintentensuringthatthesoftwaresystemmeetsitsrequirementsanduserexpectations



and does not fail in an unacceptable manner there are various types of test each

testtypeaddressaspecifictesting requirement.

For doing this testing process the person have to access to the source code
oftheproducttobetested.So,itisessentialthatthepersondoingthiswhiteboxtestinghaveso
meknowledgeoftheprogrambeingtested. Thoughnotnecessaryitwouldbemore worth if
the programmer itself does this white box testing process since

thistestingprocessrequires thehandlingofsource code.

4.9.1 White Box Testing

White box testing’s testing which include the error in coding section it
includesthe error occurred during compliant and also during the development of the
project.This project is verified and tested using white box testing. The following
screenshotsare the sample of the error coding and also how it is rectified. The error in
the
sampleisbecausethecodingisnotproper.Thecodingisrewrittenandcorrectedtosolvetheer

ror.

[1] WHITE BOX TESTING FOR PRE-PROCESSING AND
FEATUREEXTRACTION

It explains white box testing which describes the importing of label encoder and
onehot encoder to transform the data from its bit level 0.Here found String Attribute

valuemissingwithoutsuitable in label encodingdeclaration.

ErrorDescriptionandRectifiedCode

Here,WhiteBoxTestingforPre-processingisdone.

Datawerecollectedandpre-processedwithinthedataset.

Labelencodingandonehotencodingweredone.

[2] WHITEBOXTESTING FORSPLITTINGDATA



Itexplainswhiteboxtesting whichdescribestheWhiteBoxTestingforName



ErrorintheSplittingofweatherdatabylayeringtheinputandoutput.Heretheerrorisnamingthe

sequentialclassifier isnotdefined.
ErrorDescriptionandRectifiedCode

ForSplittingDatathedatasetaresplitintotrainingdata andtesting

data,thenameoftheclassifierare notdefined.So, it'saNamingErrorfor SplittingData.

[3] WHITEBOXTESTINGFORPREDICTIONANDACCURACY
ItexplainswhiteboxtestingwhichdescribestheWhiteBoxTestingforCompilation
error for finding the emergency department admission prediction andaccuracy.
Naming index are not defined and it is out of range also database storedvaluesare

notmatch properly.

ErrorDescriptionand RectifiedCode
In Prediction and Accuracy, an error while declaring the values compile error
occurs.lfvalues arenotinitialized, it'sanoutof range ofindex.
4.10 BLACKBOX TESTING

Black box testing is a testing method which helps to verify the model. It
showsthe total number of attempts needed to rectify an error. Test cases are built

based onthespecification and requirementforbuildingthemodel.

4.10.1 FunctionalTesting

This is otherwise called as functional testing. In contrary to white box
testinghere the person who is doing the black box testing need not have the
programmingknowledge. This is because the person doing the black box testing
would access theoutput or outcomes as the end user would access and would
perform thoroughfunctionality testing to check whether the developed module or

product behaves infunctionalityinthewayit hastobe.



.NO INPUT TEST EXPECTED | ACTUAL STATUS
DESCRIPTION |OUTPUT OUTPUT
Data Pre- Ifthedatasetis Unwanted Accuracy
MOD1 processing givenforpre- dataare in predictionis Pass
processing dataset difficultdueto
withoutcleaning. |accuracy unwanteddata.
predictionis
difficult.
Data Convertingthe Visualization | WhiletheString
MOD2 Visualization [ layersfrom Float |isconverted | isconvertedthe | Pass
and orDoubleto toStringthe graph
descriptive String. expected generation
statistics graphsare occurs.
generated.
Datasplitting | Splitthedatafor Data are Datawerenot
MOD3 trainingand splittedand splitted. Fail
Testingprocess. [thesystem
werefeed
theinput
andoutput
corrected.
Predicting UsingDNNand Epochwill Comparisonof
MOD4 admissions SVM occuruntil twoalgorithm Pass
classificationof thecount andepoch
dataoccurs. andcompar- | occuruntil the
sionoftwo count.
algorithm
occurs.
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MOD5

The
evaluationof
model

performance

Comparison
occursand
accuracy
predictionof
weather

analyzed.

Confusion
matrix
generated
and
accuracy

predicted.

Confusion
matrix
generatedand
accuracy

predicted.

Pass

Table2.1Testcases

Black box testing is a table analysis which helps the analyser to verify the project.

Itshowsthenumberofattemptstakentoresolveanerror. Testcasesarebuiltbasedonthespec

ificationandrequirementoftheproject. Thisprojectisverifiedandtestedusingtest

These test cases are built

in the form of table this table

cases.

includes the

testdescription,inputgivenexpectedoutputandtheactualoutputitalsotellsthestatusofthete

stbriefing whether it is failorpass.
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5.1EXPERIMENTALRESULTS
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This data is from a retrospective study which included all adult ED visits. This
datasetwas derived from electronic health records of patient visits registered for

emergencyservices only. The raw data used in this study is for Predicting hospital
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Fig:5.2DatasetForCleaning

After cleansing, a Data Set should be consistent with other similar data sets in
thesystem.Theinconsistenciesdetectedorremovedmayhavebeenoriginallycausedbyus
erentryerrors,bycorruptionintransmissionorstorage,orbydifferentDataDictionary

definitions of similar entities in different stores. Data cleaning differs
fromDataValidationin that validation almost invariably means data is rejected from

thesystematentryand isperformedat thetimeofentry, ratherthanonbatchesof data.

cm - NumPy array = 0o X

Fig:5.3AccuracyPrediction ForDNN


https://en.wikipedia.org/wiki/Data_dictionary
https://en.wikipedia.org/wiki/Data_validation

A confusion matrix is a technique for summarizing the performance of a
classificationalgorithm.Thenumberof
correctandincorrectpredictionsaresummarizedwithcountvaluesandbrokendownbyeach
class. This isthekeytotheconfusionmatrix.

Classificationaccuracyistheratioof correctpredictionstototalpredictionsmade

IPython console

[ Console 2/a

643/643 [=========ss=ccooscsooooossosoos] < @5 F3us/step - loss: 8.3889 - acc: @.8336
Epoch 87/1@@
643/643 [=============sscsoossoosssos===] - @5 J3us/step - loss: B.3868 - acc: 8.8367
Epoch 88/1ee
B643/643 [======z=======s=====s==z==s=======] - @5 73us/step - loss: @.3862 - acc: B.3336
Epoch 89/1688
643/643 [==============================] - B35 97us/step - loss: @.385L - acc: ©.8383
Epoch 96,/166
643/643 [==============================] - Bs B6us/step - loss: 8.3831 - acc: B.8383
Epoch 91/1@@
G43/643 [==============================] - @5 9%us/step - loss: 8.3886 - acc: B.3383
Epoch 92/1@8
643/643 [==============================] - @5 92us/step - loss: B.3885 - acc: ©.8367
Epoch 93/188
643,643 [=================c==—o==oo====] - Bs 9@us/step - loss: @.3881 - acc: B.8351
Epoch 94/1@8
6437643 [==========================-===] - Bs 98us/step - loss: B.3788 - acc: B.8398
Epoch 95/1@@
643/643 [==============s===s=ss=s=s======] - 0@s 93us/step - loss: 8.3772 - acc: ©.83393
Epoch 96/188
643/643 [=========s=======c=soccoooso=o=)] - @5 B5us/step - loss: 8.3772 - acc: 0.8367
Epoch 97/108
643/643 [===============c====c=os======] - @5 J3us/step - loss: 8.3743 - acc: 0.8414
Epoch 28/1ee
B43/643 [==============================] - @5 97us/step - loss: @.3743 - acc: 8.3414
Epoch 99/1@@
643/643 [==============s================] - @5 97us/step - loss: B.3729 - acc: ©.3393
Epoch 186/168
643/643 [======s==s====s==cosocsooooooc] - @s BOus/step - loss: 8.3714 - acc: ©.8445
Fig:5.4Epoch

In neural networks generally, an epoch is a single pass through a full dataset. It

istheiterationsconstitutingoneforwardpass and onebackwardpass.



HAPTER

6.1 SUMMARY 6CONCLUSI
ONANDFUT
UREWORK

This study involved the development of a machine learning model aimed
atpredicting hospital admissions from the ED. This model was trained using

routinelycollectedED datausing datamining algorithm.

The model presented in this study yield comparable, and in some cases
improvedperformance compared to models presented in other studies.
Implementation of themodels as a decision support tool could help hospital decision
makers to moreeffectively plan and manage resources based on the expected
patient inflow from theED. This could help to improve patient flow and reduce ED
crowding, thereforereducing the adverse effects of ED crowding and improving
patient satisfaction.
Themodelsalsohavepotentialapplicationinperformancemonitoringandauditbycomparin

gpredicted admissionsagainstactual admissions.

6.2 CONCLUSION

Thereareseveralpracticalapplicationsofthemodelsdevelopedinthisstudy. The
predictions from the models can be automated and displayed in near real time ina
clinical or performance management dashboard to assist with decision
making.Fromaperformancemanagementandimprovementperspective.Themodelscan
beused to compare the predicted decision to admit with the clinician’s decision,
therebyidentifying patients who may have been admitted unnecessarily, or patients

whotypicallywouldhave beenadmitted.

Another benefit of implementing the model developed here is that it can help to
improveplanning and resource allocation in hospitals. Bed managers in the hospital
would haveadvance information about the number of patients in the ED department who
are likely

tobeadmitted,whichcanbecomparedtobedavailabilitytoidentifyanypotentialshortfalls,which



could result in delays to admission and hence longer stays in the ED
departmentandovercrowding.Advancewarningofhospitaladmissionscanalsoprovidetheop
portunity to make bed requests and preparations in advance of the admission. This
isimportant for both the patient's experience, and from a performance

managementperspective.



6.3 FUTUREWORK

» Further work is needed to demonstrate the extent to which
incorporationofthetoolintoclinicalpracticeactuallyimprovescareoruseofreso

urces.

* The model could be used to support planning and decision making,

individualleveladmissiondecisions stillrequire clinical judgement.

« Testingtheapproachonlargeamountsofdatawillcertainlystrengthenthework,
but enrolling a large population of users for the type of experimentstakesa

long time.

« Makingimprovementsinthepredictionmodel.
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APPENDIX

A.SourceCode

import numpy as

npimport pandas as

pdimportmatplotlib

import

theanoimport

tensorflowimport

keras

dataset=pd.read_csv('C:\\Users\\ED Dataset.csv')
X = dataset.ilocl[:,
3:35].valuesy=dataset.iloc[:,34

].values

from sklearn.preprocessing import LabelEncoder,

OneHotEncoderlabelencoder_X 1= LabelEncoder()

X[:,1]=labelencoder_X_1.fit_transform(X[:,1])



labelencoder_X_2=LabelEncoder()

X[:,2]=labelencoder X 2.fit transform(X[:,2])



labelencoder X_3=LabelEncoder()

X[:,3]=labelencoder_X_3.fit_transform(X[:,3])

X

labelencoder_X_4=LabelEncoder()

X[:,4]=labelencoder_X_ 4 .fit_transform(X[:,4])

labelencoder_X_5=LabelEncoder()

X[:, 5] = labelencoder_X_ 5.fit_transform(X]:,
5])labelencoder_X_6=LabelEncoder()

X[:,6]=labelencoder_X_6.fit_transform(X[:,6])

labelencoder_X_7=LabelEncoder()

X[:,7]=labelencoder_X_7.fit_transform(X[:,7])

labelencoder X_8=LabelEncoder()

X[:,8]=labelencoder_X_8.fit_transform(X[:,8])



labelencoder X 9=LabelEncoder()

X[:,9]=labelencoder_X_9.fit_transform(X[:,9])

labelencoder X _10=LabelEncoder()

X[:,10]=labelencoder_X_ 10.fit_transform(X[:,10])

labelencoder_X_11=LabelEncoder()

X[:,11]=labelencoder_X_11.fit_transform(X[:,11])

labelencoder_X_12=LabelEncoder()

X[:,12] =labelencoder_X_12 fit_transform(X[:,12])

X

labelencoder_X_13=LabelEncoder()

X[:,13] =labelencoder_X_13.fit_transform(X[:,13])



labelencoder_X_14=LabelEncoder()

X[:,14]=labelencoder_X_ 4 .fit_transform(X[:,14])

labelencoder_X_15=LabelEncoder()

X[:,15]=labelencoder_X_15.fit_transform(X[:,15])

labelencoder_X_16=LabelEncoder()

X[:,16]=labelencoder_X_16.fit_transform(X[:,16])

labelencoder_X_17=LabelEncoder()

X[:,17]=labelencoder_X_17.fit_transform(X[:,17])

labelencoder_X_ 18=LabelEncoder()

X[:,18]=labelencoder_X 18 .fit_transform(X[:,18])

labelencoder_X_19=LabelEncoder()

X[:,19]=labelencoder_X_ 9.fit_transform(X[:,19])



labelencoder_X_20=LabelEncoder()

X[:,20]=labelencoder_X_20.fit_transform(X[:,20])

labelencoder X _21=LabelEncoder()

X[:,21]=labelencoder_X_21.fit_transform(X[:,21])

labelencoder_X_22=LabelEncoder()

X[:,22] =labelencoder_X_22.fit_transform(X[:,22])

labelencoder_X_23=LabelEncoder()

X[:,23]=labelencoder_X 23 .fit_transform(X[:,23])

X

labelencoder X 24=LabelEncoder()

X[:,24]=labelencoder_X_ 24 fit_transform(X[:,24])

labelencoder X 25=LabelEncoder()

X[:,25]=labelencoder X 25.fit_transform(X[:,25])



labelencoder_X_26=LabelEncoder()

X[:,26]=labelencoder_X_26.fit_transform(X[:,26])

labelencoder_X_27=LabelEncoder()

X[:,27]=labelencoder_X_ 27 .fit_transform(X[:,27])

labelencoder_X_ 28=LabelEncoder()

X[:,28]=labelencoder_X_28.fit_transform(X[:,28])

labelencoder X 29=LabelEncoder()

X[:,29]=labelencoder_X_29.fit_transform(X[:,29])

labelencoder_X_30=LabelEncoder()

X[:,30]=labelencoder_X_30.fit_transform(X[:,30])

onehotencoder=OneHotEncoder(categorical_features=[1])



X=onehotencoder.fit_transform(X).toarray()

X=X[:;,1]

fromsklearn.model_selectionimporttrain_test_split

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

from sklearn.preprocessing
importStandardScalersc=StandardSc

aler()

X _train =

sc.fit_transform(X_train)X_test=

sc.transform(X_test)

importkeras

from keras.models import

Sequentialfrom keras.layers import

Dense

classifier=Sequential()

classifier.add(Dense(output_dim=6,init="uniform’',activation="relu’,input_dim
=31))

classifier.add(Dense(output_dim = 6, init = 'uniform’, activation =



'relu’))classifier.add(Dense(output_dim = 1, init = 'uniform’, activation =

'sigmoid'))classifier.compile(optimizer='adam’,loss='binary_crossentropy',m

etrics

=['accuracy')

classifier.fit(X_train,y_train,batch_size=10,nb_epoch=100)



y_pred =

classifier.predict(X_test)y pred =

(y_pred>0.5)

fromsklearn.metricsimportconfusion_matrixfr

omsklearn.metricsimportaccuracy_score

cm = confusion_matrix(y_test,

y_pred)print(cm)

print('Accuracy'+str(accuracy_score(y_test,y pred)))

from sklearn.metrics import
confusion_matrixcm

=confusion_matrix(y_test,y pred)

import numpy as

npimport pandas as

pdimport seaborn as

snssns.set_palette(‘hu

sl')

importmatplotlib.pyplotasplt

tmp=dataset.drop('id',axis=1)



g = sns.violinplot(y='disposition’, x="esi', data=dataset,

inner='quartile')plt.show()

g=sns.violinplot(y='disposition',x="age',data=dataset,inner='quartile")



plt.show()

g=sns.violinplot(y='disposition',x="asthma’',data=dataset,inner='quartile’)

plt.show()

g = sns.violinplot(y='disposition’, x="allergy', data=dataset,

inner="quartile")plt.show()
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