
PREDICTING HOSPITAL ADMISSIONS FROM THE 

EMERGENCY DEPARTMENT USING DATAMINING 

 
Submitted in partial fulfillment of the requirements for the award of 

Bachelor degree in Computer Science and Engineering 

 
by 

 
Kiran Raj.N ( Reg.No:38290036 )  

Sriram M ( Reg.No:38290088 ) 
 

 

 
 

DEPARTMENT OF COMPUTER SCIENCE   

 SCHOOL OF COMPUTING 

SATHYABAMA 
INSTITUTE OF SCIENCE AND TECHNOLOGY 

(DEEMED TO BE UNIVERSITY) 
Accredited with Grade “A” by NAAC 

JEPPIAAR NAGAR, RAJIV GANDHI SALAI, 

CHENNAI - 600 119 

 

 

APRIL - 2021 



ii  

 

SATHYABAMA 
 

INSTITUTE OF SCIENCE AND TECHNOLOGY 

(DEEMED TO BE UNIVERSITY) 

Accredited with Grade “A” by NAAC 

JEPPIAAR NAGAR, RAJIV GANDHI SALAI, CHENNAI - 600 119 

www.sathyabama.ac.in 
 

--------------------------------------------------------------------------------------------------------------------------------------- 

 
DEPARTMENT OF COMPUTER SCIENCE  

 
 

BONAFIDE CERTIFICATE 
 

This is to certify that this Project Report is the Bonafide work Kiran Raj.N             

( Reg.No:38290036 ) and  Sriram M ( Reg.No:38290088 ) who carried out the 

project entitled “PREDICTING HOSPITAL ADMISSIONS FROM THE EMERGENCY 

DEPARTMENT USING DATAMINING” under my supervision from NOVEMBER 

2020 to APRIL 2021. 

 

 
Internal Guide 

 
Dr. J. ALBERT MAYAN M.E., Ph.D. 

 
 

Head of the Department 

 
 
 
 

Submitted for Viva-Voce Examination held on: 

 
 
 
 

 
Internal Examiner External Examiner 

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


iii  

 

DECLARATION 

 
 
 

I , Kiran Raj.N ( Reg.No:38290036 ) and  Sriram M ( Reg.No:38290088 ) hereby 

declare that the Project Report entitled “PREDICTING HOSPITAL ADMISSIONS 

FROM THE EMERGENCY DEPARTMENT USING DATAMINING” done by me 

under the guidance of Dr. J. ALBERT MAYAN M.E., Ph.D. is submitted in partial 

fulfilment of the requirements for the award of Bachelor  degree in Computer 

Science. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
DATE: 

 
PLACE: SIGNATURE OF THE CANDIDATE 



iv  

 

ACKNOWLEDGEMENT 

 
 

I am pleased to acknowledge our sincere thanks to Board of Management of 

SATHYABAM A for their kind encouragement in doing this project and for completing 

it successfully. I am grateful to them. 

 
 

I convey my thanks to Dr. T. SASIKALA M.E., Ph.D. , Dean, School of Computing, 

Dr. S. VIGNESHWARI M.E., Ph.D. and Dr. L. LAKSHMANAN M.E., Ph.D. , Heads 

of the Department, Department of Computer Science and Engineering for providing us 

the necessary support and details at the right time during the progressive reviews. 

 
 
 

I would like to express my sincere and deep sense of gratitude to my Project Guide 

Dr. J. ALBERT MAYAN M.E., Ph.D. for his valuable guidance, suggestions and 

constant encouragement paved way for the successful completion of my project work. 

 
 

I wish to express our thanks to all Teaching and Non-teaching staff of the Department 

of Computer Science & Engineering who were helpful in many ways for the 

completion of the project. 



vi  

ABSTRACT 
 

The Emergency Departments, which are life saving for many people have negative 

impacts too, if many people are crowded in the ED, there are chances that some people 

lose their life even before getting admitted in the ED. Therefore, we need to explore the 

use of innovative methods to improve patient flow and prevent overcrowding. The 

Machine Learning, can help us in learning the data, analyzing the data and predicting the 

future. The ED’s overcrowding can be reduced by predicting the future of patients 

admission using Machine Learning and making the resources available beforehand .The 

Base Paper has used the DNN algorithm to build the predictive model. We identify several 

factors related to hospital admissions, including hospital site, age, arrival mode, triage 

category, care group, previous admission in the past month, and previous admission in 

the past year. Practical implementation of the models developed in decision support tools 

that would provide a snapshot of predicted admissions from the ED at a given time, 

allowing for advance resource planning and the avoidance bottlenecks in patient flow, as 

well as comparison of predicted and actual admission rates. When interpretability is a key 

consideration, EDs should consider adopting logistic regression models, although GBM's 

will be useful where accuracy is paramount. The (DNN) Deep Neural Network 

implemented is used to predict the data and to improve the accuracy. 
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CHAPTER 1 

INTRODUCTION 

 
OUTLINE OF THE PROJECT 

 
 

The Emergency Departments, which are life saving for many people. But if many 

people are crowded in the ED, it may sometimes have negative impacts too such as 

increased wait time, ambulance diversion, reduced staff morale, adverse patient 

outcomes such as increased mortality, and cancellation of elective procedures .There 

are chances that some people lose their life even before getting admitted in the ED. 

Therefore we need to explore the use of innovative methods to improve patient flow 

and prevent overcrowding. 

The Machine Learning, can help us in learning the data, analyzing the data and 

predicting the future .One mechanism that could help to reduce ED crowding and 

improve patient flow is the use of data mining to identify patients at high risk of an 

inpatient admission, 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 for inpatient bed management, staff planning and to facilitate specialized work 

streams within the ED. The main aim of the project is to reduce the ED’s overcrowding 

predicting the admissions patients in future using Machine Learning and making the 

resources available beforehand. 

This study draws on this data to achieve two objectives. The first is to create a 

model that accurately predicts admission to hospital from the ED department, and the 

second is to evaluate the performance of common machine learning algorithms in 

predicting hospital admissions. We also suggest use cases for the implementation of the 

model as a decision support and performance management tool. 
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DOMAIN INTRODUCTION 

 
The Deep Neural Network (DNN) is a neural network with a certain level of 

complexity, a neural network with more than two layers. Deep neural networks use 

sophisticated mathematical modelling to process data in complex ways. 

A neural network, in general, is a technology built to simulate the activity of the 

human brain – specifically, pattern recognition and the passage of input through various 

layers of simulated neural 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 specific 

types of sorting and ordering in a process that some refer to as “feature hierarchy.” One 

of the key uses of these sophisticated neural networks is dealing with unlabelled or 

unstructured data. The phrase “deep learning” is also used to describe these deep 

neural networks, as deep learning represents a specific form of machine learning where 

technologies using aspects of artificial intelligence seek to classify and order information 

in ways that go beyond simple input/output protocols. 

 BENEFITS OF DEEP NEURAL NETWORK 

Neural networks use randomness by design to ensure they effectively learn the 

function being approximated for the problem. Randomness is used because this class 

of machine learning algorithm performs better with it than without. 

The most common form of randomness used in neural networks is the random 

initialization of the network weights. Although randomness can be used in other areas, 

here is just a short list: 

• Randomness in Initialization, such as weights. 

• Randomness in Regularization, such as dropout. 

• Randomness in Layers, such as word embedding. 

• Randomness in Optimization, such as stochastic optimization. 
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CHAPTER - 2 

LITERATURE SURVEY 

 In 2016, Osman Altay, Mustafa Ulas presented a 
research paper on title was 

``Emergency department overcrowding and ambulance diversion: The impact 

and potential solutions of extended boarding of admitted patients in the 

emergency department. This proposed system used to detect Autism patient using 

data mining concepts. Autism Spectrum Disorder (ASD) negatively affects the whole 

life of people. The main indications of ASD are seen as lack of social interaction and 

communication, repetitive patterns of behavior, fixed interests and activities. In this 

paper, it was tried to find out whether children have ASD by using classification 

methods. As a result of the classification, there are two classes of cases in which the 

child is ASD or not ASD. 90.8% accuracy was obtained as a result of the LDA 

algorithm and 88.5% accuracy was obtained from the KNN algorithm. 

This paper using two methodology Linear Discriminant Analysis Classifier and K- 

Nearest Neighbor for classification which is used to predict the ASD diagnosis. The 

data set consists of 292 samples with 19 different attributes. In the dataset, there are 

10 questions directly related to ASD and a score attribute consisting of the sum of 

these questions. Ethnicity and country of residence which have a string value has 

been transformed to numerical values to make it suitable for LDA and KNN 

algorithms. The KNN algorithm is mainly based on the distance calculation. In the 

LDA algorithm, it is necessary to calculate the scatter matrices within classes and 

between classes. Performance Evaluation is calculated for test the classification 

algorithms as accuracy, sensitivity, specificity, precision, and F-measure. 

The advantage of this paper is F-measure value of LDA algorithm attained 1.95% 

better success rate than the KNN algorithm. The F-measure value is calculated as 

0.9091 for the LDA algorithm and 0.8913 for the KNN algorithm. The disadvantage of 

this paper is increased number of feature extracted from children During data 

collection, which takes more time. In Proceedings of the International Journal of 

Advance Research in Science and Engineering IJARSE. 
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In 2017, Siriwan Sunsirikul, Tiranee Achalakul presented a paper on the title 

Predicting emergency department admissions. This proposed system aim is to 

develop a data analysis tool to aid doctors in the diagnosis process in the future. In 

this research, attempted to extract patterns from behavioral data and develop a 

classifier for patients’ behaviors. A sufficient number of patients’ behavior records, it 

may be possible to discover the association between some particular behaviors and 

the autistic symptoms. This paper discusses data mining techniques aimed at 

providing an array of tools to assist doctors in analyzing patients’ data intelligently. 

The proposed methodology is an associative classification method. A classification- 

based association(CBA) technique is used to find association of behavioral patterns 

for autistic and PDD-NOS children. The results present some useful information that 

can be used in the future to guide clinicians in selecting appropriate treatments, 

which in turn can help autistic children function better in a society as well as enable 

early detection 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 

classifier builder (CBA-CB) that is used to produce a classifier. Patients’ behavior 

records will be used as input. The output is a set of accuracy rules with support and 

confidence measures. 

The advantage of this paper is the relationship of the behavior pattern for autistic and 

PDD NOS children can be identified. a set of impairments, a disorder type can be 

suggested with a relatively high confidence level. The disadvantage is Prediction 

error in some cases because small number of samples tend to overfit the solution. 

Lack of clinical data of normal children for use in the training phase. In Proceedings 

of the The 2nd International Conference on Computer and Automation Engineering 

(ICCAE). 

 

 
In 2017, Fadi Thabtah presented a paper on the title is The effect of emergency 

department crowding on clinically oriented outcomes. This proposed system 

aim is to Reducing the screening time, improving sensitivity and specificity, 

Identifying the smallest number of ASD codes to simplify the problem. ASD 

diagnosis is considered a typical classification problem in machine learning in which 

a model is constructed based on previously classified cases and controls. This 

model can then be employed to guess the new case diagnosis type (ASD, No-ASD). 
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This paper solving ASD diagnosis as a classification problem. The input will be a 

training dataset of cases and controls that have already been diagnosed. The cases 

and controls have been generated using a diagnostic instrument such as ADOSR, 

ADI-R. The aim is identifying the best ASD features, or reducing computing 

resources used during the data processing. Once initial data is processed then a 

machine learning algorithm can be applied. here are different measures that the end 

user can use to evaluate the effectiveness of the chosen machine learning method 

on guessing the type of diagnosis. 

In this paper, we focused on recent machine learning studies that tackled ASD as a 

classification problem and critically analysed their advantages and disadvantages. It 

showed the necessary steps required to claim the development of intelligent 

diagnostic tools based on machine learning by replacing the handcrafted rules inside 

the ASD screening tools with a predictive model. In Proceedings of the 1st 

International Conference on Medical and Health Informatics 2017 (pp. 1-6) 

 
 

In 2015, Mohana e1, Poonkuzhali.s2 presented a paper on the title is Access block 

causes emergency department overcrowding and ambulance diversion in 

Perth, Western Australia. Autism spectrum disorders (ASD) are enclosure of 

several complex neurodevelopmental disorders characterized by impairments in 

communication skills and social skills with repetitive behaviors. It is widely 

recognized for many decades, yet there are no definitive or universally accepted 

diagnostic criteria. This paper focuses on finding the best classifier with reduced 

features for predicting the risk level of autism. The dataset is pre-processed and 

classified. It produced high accuracy of 95.21% using Runs Filtering. 

This paper using four feature selection algorithms and several classification 

algorithms. feature selection algorithms such as Fisher filtering, ReliefF, runs filtering 

and Stepdisc are used to filter relevant feature from the dataset. Ball Vector Machine, 

CS-CRT, Core Vector Machine, K-Nearest Neighbor classification algorithms are 

applied on this reduced features. Finally, performance evaluation is done on all the 

classifier results. Finally, Error rate, Accuracy, Recall, Precision is calculated. 

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

machine), and MLR achieved high accuracy of 95.21%. The disadvantage of this 
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paper is Fisher Filtering and Stepdisc does not filter any features. In Proceedings of 

the International Journal of Advance Research in Science and Engineering IJARSE. 

 

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

Takahashi3, Stephen Kanne3 and Donald Wunsch1 presented a paper on title is 

Ensemble Statistical and Subspace Clustering Model for Analysis of 

emergency Phenotypes. The results provide useful evidence that is helpful in 

elucidating the phenotype complexity within ASD. Our model can be extended to 

other disorders that exhibit a diverse range of heterogeneity 

In this paper, present an ensemble model for analyzing ASD phenotypes using 

several machine learning techniques and a k-dimensional subspace clustering 

algorithm. Our ensemble also incorporates statistical methods at several stages of 

analysis. A key phase in any clustering framework is feature selection. Ensemble 

statistical and clustering model to analyze a population of ASD patients. The 

ensemble model consists of five phases. Data Processing, Correlation Analysis, Uni- 

dimensional Clustering, k-dimensional Clustering, Clusters Evaluation. 

The advantages of this method is five stages of statistical and machine learning 

approaches, to achieve a subspace clustering of ASD data. The clustering results 

show promise for sorting out the heterogeneity that is characteristic of these patients. 

Multiple techniques were also combined for the validation of the identified clusters. In 

Proceedings of the 38th Annual International Conference of the IEEE Engineering in 

Medicine and Biology Society (EMBC). 
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CHAPTER 3 
 

AIM AND SCOPE OF THE PROJECT 
 
 

 

AIM 
 

The aim of the project is to create a model that can accurately predict hospital 

admissions could be used for inpatient bed management, staff planning and to facilitate 

specialized work streams within the ED. The main aim of the project is to reduce the 

ED’s overcrowding predicting the admissions patients in future using Machine Learning 

and making the resources available beforehand. 

 

 
SCOPE OF THE PROJECT 

 
To develop an ED focused tools, a subset of which use machine learning, to help 

with decision making and resource planning. ED prediction models using machine 

learning includes clinical conditions, probability of patient admission from the ED. 

 

 
OBJECTIVE 

 

Our Aim ED-ML should meet three basic requirements, i.e., apt resource 

allocations, avoid bottleneck, and to improve the ED admissions efficiently. Efficient ED 

admission through the three algorithms by Byron Graham can be further improved by 

improvising the system through Deep Neural Network and achieving the efficient ED 

admissions. 

 
SYSTEM REQUIREMENTS 

The System requirements are the minimum hardware and software requirements 

needed for the implementation and execution of the model. 
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HARDWARE REQUIREMENT 

 
The hardware requirements may serve as the basis for a contract for the 

implementation of the system and should therefore be a complete and consistent 

specification of the whole system. They are used by the software engineers as the 

starting point for the system design. It shows what the system does and not how it 

should be implemented 

SYSTEM : PENTIUM DUAL CORE 

RAM : 8 GB 

HARD DISK : 120 GB 

 
SOFTWARE REQUIREMENTS 

 
The software requirements document is the software specification of the system. 

It should include both a definition and a specification of a requirements. It is a set of 

what the system should do rather than how it should do it. The software requirements 

provide a basis for creating the software requirements specification. It is useful in 

estimating cost, planning team activities, performing tasks and tracking the team’s 

progress throughout the development activity. 

OPERATING SYSTEM : WINDOWS 10 

PROGRAMMING LANGUAGE  : PYTHON 

TOOLS : ANACONDA, SPYDER, PYTHON 

 
DATABASE : KERAS LIBRARY 

 
 

 
 SOFTWARE FEATURES 

The software features gives a detailed about all the software tools and database 

used in the model. 
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Python 

 
Python features a dynamic type system and automatic memory management. It 

supports multiple programming paradigms, including object oriented, imperative, 

functional and procedural, and has a large and comprehensive standard library. Python 

interpreters are available for many operating systems. CPython, the reference 

implementation of Python, is open source software and has a community-based 

development model, as do nearly all of Python's other implementations. Python and 

CPython are managed by the non-profit Python Software Foundation Python is a multi- 

paradigm programming language. Object-oriented programming and structured 

programming are fully supported, and many of its features support functional 

programming and aspect-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 name 

resolution, which binds method and variable names during program execution.Python's 

design offers some support for functional programming in the Lisp tradition. It has 

filter() , map(), and reduce() functions; list comprehensions, dictionaries, and sets; and 

generator expressions. The standard library has two modules that implement functional 

tools borrowed from Haskell and Standard ML. 

 
 

 Spyder 

 
Spyder is an open source cross-platform integrated development environment 

(IDE) for scientific programming in the Python language. Spyder integrates with a 

number of prominent packages in the scientific Python stack, including NumPy, SciPy, 

Matplotlib, pandas, IPython, SymPy and Cython, as well as other open source software. 

It is released under the MIT license. Initially created and developed by Pierre Raybaut, 

Spyder has been maintained and continuously improved by a team of scientific Python 

developers and the community. 
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Spyder is extensible with first- and third-party plugins, includes support for interactive 

tools for data inspection and embeds Python-specific code quality assurance and 

introspection instruments, such as Pyflakes, Pylint and Rope. It is available cross- 

platform through Anaconda, on Windows with WinPython and Python (x,y),on macOS 

through MacPorts, and on major Linux distributions such as Arch Linux, Debian, Fedora, 

Gentoo Linux, openSUSE and Ubuntu. Spyder uses for its GUI, and is designed to use 

either of the PyQt or PySide Python bindings.QtPy, a thin abstraction layer developed 

by the Spyder project and later adopted by multiple other packages, provides the 

flexibility to use either backend. 

 
 

 Keras 

 
Keras is an Open Source Neural Network library written in Python that runs on 

top of Theano or Tensorflow. It is designed to be modular, fast and easy to use. It was 

developed by François Chollet, a Google engineer. Keras doesn't handle low-level 

computation. Instead, it uses another library to do it, called the "Backend. So Keras is 

high-level API wrapper for the low-level API, capable of running on top of TensorFlow, 

CNTK, or Theano. 

Keras High-Level API handles the way we make models, defining layers, or set up 

multiple input-output models. In this level, Keras also compiles our model with loss and 

optimizer functions, training process with fit function. Keras doesn't handle Low-Level 

API such as making the computational graph, making tensors or other variables 

because it has been handled by the "backend" engine. 

 
 

 Anaconda 

 
Anaconda is a free and open-source distribution of the Python programming 

languages for scientific computing that aims to simplify package management and 

deployment. Package versions are managed by the package management system 
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conda. The Anaconda distribution is used by over 12 million users and includes more 

than 1400 popular data-science packages suitable for Windows, Linux, and MacOS. 

Anaconda is a Python-based data processing and scientific computing platform. It has 

built in many very useful third-party libraries. Installing Anaconda is equivalent to 

automatically installing Python and some commonly used libraries such as Numpy, 

Pandas, Scrip, and Matplotlib, so it makes the installation so much easier than regular 

Python installation. It is painful and you need to consider compatibility, thus it is highly 

recommended to directly install Anaconda. 

IDE Setup 

 
The Machine Learning Concepts can be well implemented through PYTHON . 

We have a numerous Python Tools but for the DNN implementation Anaconda can 

meet our needs. Spyder in Anaconda is chosen as the IDE setup . The latest Anaconda 

Spyder has Python 3.6 version. Python 3.6 is unstable to hold the KERAS backend . 

Apart from the inability to build over Python 3.6 , KERAS requires two additional library 

packages THEANO and TENSORFLOW. Tensorflow can be implemented over Python 

 only. 

 
A cloning environment is built using the Anaconda Prompt . The Python 3.5 is cloned 

using the command . 

conda create -n py35 python=3.5 anaconda 

 
After activating the cloned environment the Spyder is installed using the command . So 

the Python3.5 has its own Spyder version , which does not interfere with the base 

version of Anaconda . 

conda install spyder 

 
The required libraries can be set up using the below commands 

 
conda install theano 

conda install tensorflow 
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conda install keras 

 
 ALGORITHM 

 
The machine learning algorithm that has to be applied to the training data to build 

 
 
 

 
the model is Deep Neural Network. 

 
 
 

Fig. 3.1 DNN Layers 

 

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

more than two layers. 
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Deep neural networks use complicated mathematical modelling to process data 

in complex ways. A neural network, in general, is a technology built to simulate the 

activity of the human brain – specifically, pattern recognition and the passage of input 

through various layers of simulated neural connections. One of the key uses of these 

sophisticated neural networks is dealing with unlabelled or unstructured data. 

The phrase “deep learning” is also used to describe these deep neural networks, 

as deep learning represents a specific form of machine learning where technologies 

using aspects of artificial intelligence seek to classify and order information in ways that 

go beyond simple input/output protocols. 
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CHAPTER-4 

METHODOLOGY 

EXISTING SYSTEM 
 

Emergency department (ED) crowding can have serious negative 

consequences for patients and staff, such as increased wait time, ambulance 

diversion, reduced staff morale, adverse patient outcomes such as increased 

mortality, and cancellation of elective procedures. There are a range of possible 

causes of ED crowding depending on the context, with some of the main reasons 

including increased ED attendances, inappropriate attendances, and a lack of 

alternative treatment options, a lack of inpatient beds, ED staffing shortages, and 

closure of other local ED departments. Using a range of clinical and demographic 

data relating to elderly patients, LaMantia et al used logistic regression to predict 

admissions to hospital, and ED re-attendance. 

 
Baumann and Strout also found an association between the ESI and admission of 

patients aged over 65. Boyle et al. used historical data to develop forecast models of 

ED presentations and admissions. Model performance was evaluated using the 

mean absolute percentage error (MAPE), with the best attendance model achieving 

a MAPE of around 7%, and the best admission model achieving a MAPE of around 

2% for monthly admissions. The use of historical data by itself to predict future 

events has the advantage of allowing forecasts further into the future, but has the 

disadvantage of not incorporating data captured at arrival and through triage, which 

may improve the accuracy of short term forecasting of admissions. 

 
Sun et al developed a logistic regression model using two years of routinely 

collected administrative data to predict the probability of admission at the point of 

triage. Risk of admission was related to age, ethnicity, arrival mode, patient acuity 

score, existing chronic conditions, and prior ED attendances or admission in the past 

three months. Although their data showed the admission of more females than males, 

gender was not significant in the final model. Similarly, Cameron et al developed a 

logistic regression model to predict the probability of admissions at triage, using two 

years of routine administration data collected from hospitals in Glasgow. The most 
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important predictors in their model included `triage category, age, National Early 

Warning Score, arrival by ambulance, referral source, and admission within the last 

year, with an area under the curve of the receiver operating characteristic (AUC- 

ROC) of 0.877. 

Although these models highlight the usefulness of logistic regression in 

predicting ED admissions, Xie achieved better performance using a Coxian Phase 

model over logistic regression model, with the former AUC-ROC of 0.89, and the 

latter 0.83.Wang et al used a range of machine learning algorithms to predict 

admissions from the ED, comparing the ability of fuzzy min-max neural networks 

(FMM) to other standard data mining algorithms including classification and 

regression trees (CART), Multi-Layer Perceptron (MLP), random forest, and 

AdaBoost. 

 
PROPOSED SYSTEM 

 

The Proposed system increases the prediction of patient admission in the ED 

by reducing the bottleneck. The system has an additional classification called Deep 

Neural Network algorithm. This increases the accuracy of the new system. 

The Multilayer Perceptron is a feed forward neural network model capable of 

classification and regression. A multilayer perceptron is composed of fully Connected 

layers of artificial neurons forming a connected graph (in the simplest case one 

hidden, one final layer), where neurons are modelled very loosely on biological 

neurons; and as 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. The Backpropagation Algorithm is an application of gradient descent that 

takes into account the contribution to the error by the neurons of the hidden layer. 

Through differential calculus the gradients of all neurons can be calculated and 

weights updated accordingly. 

 
ADVANTAGES OF PROPOSED SYSTEM 

 
• Adding the proposed system to the old system increases the predictions by 

reducing the overfitting. 



16 
 

• Another benefit of implementing the model developed here is that it can help 

to improve planning and resource allocation in hospitals. 

 
 
 

 SYSTEM ARCHITECTURE 
 

 
Fig 4.1 Architectural design 

 
 

MODULES 
 

The modules for this study involved seven data mining tasks, 
 

1. Data extraction 
 

2. Data cleansing and feature engineering 
 

3. Data visualisation 
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4. Data splitting 

5. Model tuning 

6. Predicting admissions 

7. Evaluation of model performance 

These steps help to ensure the models are optimal and prevent against overfitting. A 

range of variables were considered in the model building, with the final variables 

decided upon based on previous studies, significance in the models, and the impact 

of inclusion on the performance of the model. The final models consisted of variables 

describing whether the patient was admitted to hospital; hospital site; date and time 

of attendance; age; gender; arrival model; care group; Manchester triage category; 

and whether the patient had a previous admission to the hospital within the last week, 

month, or year. The care group is a series of categories indicating the pathway a 

patient should take. The Manchester triage category is a scale rating the severity of 

the condition, and used for prioritisation. Prior admissions were measured objectively 

by querying the hospital database. 

Feature engineering was also carried out on the date of attendance to 

disaggregate it into components relating to year, day of the week, and month of the 

year. The dependent variable in all models was admission to the hospital from the 

ED. Most of the variables included in the model are mandatory on the ED system, 

and recorded using of drop down menus. This led to a relatively clean dataset for 

analysis, with list wise deletion of cases with missing data. Patients attending direct 

assessment units and observation units are excluded from the analysis, as these 

patients follow a different pathway to those attending the main ED. 

 
 Module Description 

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

execution of all required modules. 

 Data extraction 

We have collected the Emergency Department dataset of Ireland for Neural 

Network Processing. We are using this data info to predict ED for the current year 

and make appropriate preparations. 

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

importing all the required libraries are even imported. 
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Fig.4.2 Data extraction 

 
 Pre-processing 

The data has to Cleaned before loading into the Neural Classifier. 

Label Encoding 

Before running a model, we need to make this data ready for the model. 

To convert any kind of categorical text data into model-understandable numerical 

data, 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 first column of the data, and then replace the existing text data with the new 

encoded data. 

 

Fig.4.3 Pre-processing 

One hot Encoding 

One hot encoding is a process by which categorical variables are converted 

into a form that could be provided to ML algorithms to do a better job in prediction. 
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This is why we use one hot encoder to perform “binarization” of the category and 

include it as a feature to train the model. 

 

 

Fig.4.4 One hot encoding 

 
Standard Scaler 

 
Standard Scaler is available in Scikit Learn we are fitting and transforming Standard 

Scaler method on train data. We have to standardize our scaling so we will use the 

same fitted method to transform/scale test data. 

 

 

Fig.4.5 Transforming data 

 
Data visualisation 

 
The extracted features are usually plotted against the output to check its relation to 

the output. 
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Fig.4.6 Data visualization 
 

Data splitting 

 
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), 

and fit our model on the train data, in order to make predictions on the test data. 

When we do that, one of two thing might happen: we overfit our model or we underfit 

our model. We don’t want any of these things to happen, because they affect the 

predictability  of  our  model — we  might  be  using  a  model  that  has  lower  accuracy 

and/or is ungeneralised (meaning you can’t generalize your predictions on other 

data). 

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 too 

complex (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 not 

accurate on untrained or new data. It is because this model is not generalized (or not 

as generalized), meaning we can generalize the results and can’t make any 

inferences on other data, which is, ultimately, what we are trying to do. Basically, 

when this happens, the model learns or describes the “noise” in the training data 

instead of the actual relationships between variables in the data. This noise, 

obviously, isn’t part in of any new dataset, and cannot be applied to it. 
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Underfitting 

 
In contrast to overfitting, when a model is underfitted, it means that the model 

does not fit the training data and therefore misses the trends in the data. It also 

means the model cannot be generalized to new data. As you probably guessed this 

is usually the result of a very simple model (not enough predictors/independent 

variables). It could also happen when, for example, we fit a linear model to data that 

is not linear. It almost goes without saying that this model will have poor predictive 

ability (on training data and can’t be generalized to other data). 

Train / Test Split 

 
The data we use is usually split into training data and test data. The training 

set contains a known output and the model learns on this data in order to be 

generalized to other data later on. We have the test dataset (or subset) in order to 

test our model’s prediction on this subset. 

 

 
Fig.4.7 Splitting data 

 
 Model Tuning 

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 sophisticated 

mathematical modelling to process data in complex ways. A neural network, in 

general, is a technology built to simulate the activity of the human brain – specifically, 

pattern recognition and the passage of input through various layers of simulated 

neural 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 specific 

types of sorting and ordering in a process that some refer to as “feature hierarchy.” 
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One of the key uses of these sophisticated neural networks is dealing with unlabelled 

or unstructured data. The phrase “deep learning” is also used to describe these deep 

neural networks, as deep learning represents a specific form of machine learning 

where technologies using aspects of artificial intelligence seek to classify and order 

information in ways that go beyond simple input/output protocols. 

Fig.4.8 Modelling 

 

 
We can train our model on training data. We use fit method to the fit our model Batch 

size is used to specify the number of observation after which we want to update 

weight. Epoch is nothing but the total number of iterations. Choosing the value of 

batch size and epoch is trial and error there is no specific rule for that. 

 
Predicting admissions 

 
 

Predicting the test set result. The prediction result will give you probability of 

the People getting admitted in the hospital for the given period. We can also allocate 

the resources and doctors assigned to them. We will convert that probability into 

binary 0’s and 1’s. 

 

Fig.4.9 Prediction 

 
 

Evaluation of model performance 
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This is the final step where we are evaluating our model performance. We 

build Confusion matrix to check the accuracy of model. 

 

Fig.4.10 Evaluation 

 
 
 

 DATA FLOW DIAGRAM 
 

DFDs are used to Specify Functions of the Information System and 

how data flow from function to function. It’s a collection of function that 

manipulates data. On a DFD, data items flow from an external data 

source or an internal data store to an internal data store or an external 

data sink, via an internal process. A DFD provides no information about 

the timing of processes, or about whether processes will operate in 

sequence or in parallel. 

 

 
 

Fig.4.11 Data flow diagram 
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The figure explains the outer overall functionality of the proposed system 

application this indicates that have collected the Emergency Department 

dataset from various source and analysis and processing of data have 

 
 
 

done by fetching the data from many hospitals. 

 
 
 
 

Fig.4.12 Functionality 

 
 
 

The figure above is an overall representation of each module and their 

functionality in this project. This Level one Data Flow Diagram shows 

how the various modules help in the providing the output which predicts 

the accurate Emergency patient admission information data with high 

frequency dataset. 
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DFD LEVEL FOR DATA PREPROCESSING 

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

Import the Label Encoder class from the sclera library, fit and transform the first 

column of the data, and then replace the existing text data with the new encoded 

data .One hot encoding is a process by which categorical variables are converted 

into a form that could be provided to ML algorithms to do a better job in prediction. 

This work fitting and transforming StandardScaler method on train data. 

 

Fig. 4.13 DFD Level for Pre-processing Data 

 
DFD LEVEL 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 by 

transform refining data. This can be done by selecting the data by CSV file and 

process the data for original feature and it was transformed and refining data to 

reduced feature, finally it predicts the accuracy of weather. 



26 
 

 
 

Fig.4.14 DFD Level for Feature Extraction 

 
 
 

DFD LEVEL FOR SPLITTING DATA 

 
It explains the Splitting data by two ways are Training dataset and Testing 

dataset. 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), 

and fit our model on the train data, in order to make predictions on the test data. 

When this work do that, one of two thing might happen: we overfit our model or we 

underfit our model. It don’t want any of these things to happen, because they affect 

the  predictability  of  our  model —  Work  might  be  using  a  model  that  has  lower 

accuracy and/or is not generalized . 
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Fig.4.15 DFD Level for Splitting Data 

 
 
 

 DFD LEVEL FOR CLASSIFYING DATA 
 

 

Fig.4.16 DFD Level for Classifying Data 

 
It explains that Classification of data through DNN (Deep Neural Network) Algorithm 

Neural networks use randomness by design to ensure they effectively learn the 

function being approximated for the problem. Randomness is used because this 

class of machine learning algorithm performs better with it than without.The most 
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common form of randomness used in neural networks is the random initialization of 

the network weights. 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 

sophisticated mathematical modeling to process data in complex ways. A neural 

network, in general, is a technology built to simulate the activity of the human brain – 

specifically, pattern recognition and the passage of input through various layers of 

simulated neural connections. Deep neural networks as networks that have an input 

layer, an output layer and at least one hidden layer in between. Each layer performs 

specific types of sorting and ordering in a process that some refer to as “feature 

hierarchy.” 

 

 
DFD LEVEL FOR PREDICTION 

 

 
 

Fig.4.17 DFD Level for Prediction 

 
 
 

It explains how the accuracy emergency department prediction occurs using 

the classifier, list with predicted values and plot the rainfall graph. Predicting the test 

set result. The prediction result will give you probability of patient admitting in the 

hospital. This will convert that probability into binary 0 and 1. 1 for attending in the 

hospital and 0 for not attending the hospital. This is the final step where this work 

evaluating our model performance. It predicts the Confusion matrix to check the 

accuracy of model. 
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 USE CASE DIAGRAM FOR LOAD FORECASTING 
 
 
 

 

 
 
 

 

Fig.4.18 Use case diagram 

 
 

 
Above the figure shows that it provides a global view of the actors 

involved in a system and the actions that the system performs, which in 

turn provide an observable result that is of value to the actors. Actors are 

an abstraction of the entity that interacts with the software. Here the 

system is partitioned simpler functions. 



30 
 

SEQUENCE DIAGRAM FOR LOAD FORECASTING 

 

 
 
 

Fig.4.19 Sequence diagram 

 
 

 
SYSTEM TESTING 

 
The purpose of testing is to discover errors. Testing is the process of trying to 

discover every conceivable fault or weakness in a work product. It provide a way to 

check the functional of components. It is the process of exercising software with the 

intent ensuring that the software system meets its requirements and user 
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expectations and does not fail in an unacceptable manner there are various types of 

test each test type address a specific testing requirement. 

For doing this testing process the person have to access to the source code 

of the product to be tested. So it is essential that the person doing this white box 

testing have some knowledge of the program being tested. Though not necessary it 

would be more worth if the programmer itself does this white box testing process 

since this testing process requires the handling of source code. 

 

 
 WHITE BOX TESTING 

 
White box testing’s testing which include the error in coding section it includes 

the error occurred during compliant and also during the development of the project. 

This project is verified and tested using white box testing. The following screenshots 

are the sample of the error coding and also how it is rectified. The error in the 

sample is because the coding is not proper. The coding is rewritten and corrected to 

solve the error. 

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

EXTRACTION 

It explains white box testing which describes the importing of label encoder and one 

hot encoder to transform the data from its bit level 0.Here found String Attribute 

value missing without suitable in label encoding declaration. 

Error Description and Rectified Code 

 
Here, White Box Testing for Pre-processing is done. 

 
Data were collected and pre-processed within the dataset. 

Label encoding and one hot encoding were done. 

 
 

[2] WHITE BOX TESTING FOR SPLITTING DATA 

 
It explains white box testing which describes the White Box Testing for Name 

Error in the Splitting of weather data by layering the input and output. Here the error 

is naming the sequential classifier is not defined. 
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Error Description and Rectified Code 

 
For Splitting Data the dataset are split into training data and testing data, the name 

of the classifier are not defined. So, it’s a Naming Error for Splitting Data. 

 

 
[3] WHITE BOX TESTING FOR PREDICTION AND ACCURACY 

 
It explains white box testing which describes the White Box Testing for 

Compilation error for finding the emergency department admission prediction and 

accuracy. Naming index are not defined and it is out of range also database stored 

values are not match properly. 

Error Description and Rectified Code 

 
In Prediction and Accuracy, an error while declaring the values compile error occurs. 

If values are not initialized, it’s an out of range of index. 

 
 

 BLACK BOX TESTING 

 
Black box testing is a testing method which helps to verify the model. It shows 

the total number of attempts needed to rectify an error. Test cases are built based on 

the specification and requirement for building the model. 

 Functional Testing 

 
This is otherwise called as functional testing. In contrary to white box testing 

here the person who is doing the black box testing need not have the programming 

knowledge. This is because the person doing the black box testing would access the 

output or outcomes as the end user would access and would perform thorough 

functionality testing to check whether the developed module or product behaves in 

functionality in the way it has to be. 
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S. NO INPUT TEST 

DESCRIPTION 

EXPECTED 

OUTPUT 

ACTUAL 

OUTPUT 

STATUS 

 Data Pre- If the dataset is Unwanted Accuracy  

MOD 1 processing given for pre- data are in prediction is Pass 

  processing dataset difficult due to  

  without cleaning. accuracy unwanted data.  

   prediction is   

   difficult.   

 Data Converting the Visualization While the String  

MOD 2 Visualization layers from Float is converted is converted the Pass 

 and or Double to to String the graph  

 descriptive String. expected generation  

 statistics  graphs are occurs.  

   generated.   

 Data splitting Split the data for Data are Data were not  

MOD 3  training and splitted and splitted. Fail 

  Testing process. the system   

   were feed   

   the input   

   and output   

   corrected.   

 Predicting Using DNN and Epoch will Comparison of  

MOD 4 admissions SVM occur until two algorithm Pass 

  classification of the count and epoch  

  data occurs. and compar- occur until the  

   sion of two count.  

   algorithm   

   occurs.   
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 The Comparison Confusion Confusion  

MOD 5 evaluation of occurs and matrix matrix Pass 

 model accuracy generated generated and  

 performance prediction of and accuracy  

  weather accuracy predicted.  

  analyzed. predicted.   

 

 

Table 2.1 Test cases 

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

shows the number of attempts taken to resolve an error. Test cases are built based 

on the specification and requirement of the project. This project is verified and tested 

using test cases. These test case are built in the form of table this table includes the 

test description, input given expected output and the actual output it also tells the 

status of the test briefing whether it is fail or pass. 
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CHAPTER 5 

RESULTS AND DISCUSSIONS 

5.1 EXPERIMENTAL RESULTS 
 
 
 

 
Fig: 5.1 Dataset Collected 

 
This data is from a retrospective study which included all adult ED visits.This dataset 

was derived from electronic health records of patient visits registered for emergency 

services only.The raw data used in this study is for Predicting hospital admission at 

emergency department using machine learning.The working model takes the data as 

input from the dataset which is available as .csv file. 
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Fig: 5.2 Dataset For Cleaning 

 
After cleansing, a Data Set should be consistent with other similar data sets in the 

system. The inconsistencies detected or removed may have been originally caused 

by user entry errors, by corruption in transmission or storage, or by different Data 

Dictionary definitions of similar entities in different stores. Data cleaning differs from Data 

Validation in that validation almost invariably means data is rejected from the system at 

entry and is performed at the time of entry, rather than on batches of data. 

 
 

 

 
Fig: 5.3 Accuracy Prediction For DNN 

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


37 
 

A confusion matrix is a technique for summarizing the performance of a classification 

algorithm.The number of correct and incorrect predictions are summarized with 

count values and broken down by each class. This is the key to the confusion matrix. 

Classification accuracy is the ratio of correct predictions to total predictions made 

 
 

 

 
Fig: 5.4 Epoch 

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

iterations constituting one forward pass and one backward pass. 
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CHAPTER – 6 

CONCLUSION AND FUTURE WORK 

 
 
 

SUMMARY 

This study involved the development of a machine learning model aimed at 

predicting hospital admissions from the ED. This model was trained using routinely 

collected ED data using data mining algorithm. 

The model presented in this study yield comparable, and in some cases improved 

performance compared to models presented in other studies. Implementation of the 

models as a decision support tool could help hospital decision makers to more 

effectively plan and manage resources based on the expected patient inflow from the 

ED. This could help to improve patient flow and reduce ED crowding, therefore 

reducing the adverse effects of ED crowding and improving patient satisfaction. The 

models also have potential application in performance monitoring and audit by 

comparing predicted admissions against actual admissions. 

 
CONCLUSION 

There are several practical applications of the models developed in this study. 

The predictions from the models can be automated and displayed in near real time in 

a clinical or performance management dashboard to assist with decision making. From 

a performance management and improvement perspective. The models can be used 

to compare the predicted decision to admit with the clinician’s decision, thereby 

identifying patients who may have been admitted unnecessarily, or patients who 

typically would have been admitted. 

Another benefit of implementing the model developed here is that it can help to 

improve planning and resource allocation in hospitals. Bed managers in the hospital 

would have advance information about the number of patients in the ED department 

who are likely to be admitted, which can be compared to bed availability to identify any 

potential shortfalls, which could result in delays to admission and hence longer stays 

in the ED department and overcrowding. Advance warning of hospital admissions can 

also provide the opportunity to make bed requests and preparations in advance of the 
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admission. This is important for both the patient’s experience, and from a performance 

management perspective. 

 
FUTURE WORK 

 
• Further work is needed to demonstrate the extent to which incorporation of 

the tool into clinical practice actually improves care or use of resources. 

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

level admission decisions still require clinical judgement. 

 
• Testing the approach on large amounts of data will certainly strengthen the 

work, but enrolling a large population of users for the type of experiments 

takes a long time. 

 
• Making improvements in the prediction model. 
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APPENDIX 
 

A. Source Code 

 
import numpy as np 

import pandas as pd 

import matplotlib 

 
import theano 

import tensorflow 

import keras 

 
dataset = pd.read_csv('D:\\;ljfpiware\\Emergency Department\\ED_Dataset.csv') 

X = dataset.iloc[:, 3:34].values 

y = dataset.iloc[:, 34].values 

 
from sklearn.preprocessing import LabelEncoder, OneHotEncoder 

labelencoder_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]) 

 
 

X 

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]) 
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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]) 

 
 

 
X 

labelencoder_X_14 = LabelEncoder() 

X[:, 14] = labelencoder_X_4.fit_transform(X[:, 14]) 
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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]) 

 
 

 
X 

labelencoder_X_23 = LabelEncoder() 

X[:, 23] = labelencoder_X_23.fit_transform(X[:, 23]) 
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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]) 

 
 

X 

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:] 

 
 

from sklearn.model_selection import train_test_split 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.2) 
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from sklearn.preprocessing import StandardScaler 

sc = StandardScaler() 

X_train = sc.fit_transform(X_train) 

X_test = sc.transform(X_test) 

 
 

import keras 

from keras.models import Sequential 

from 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', metrics = 

['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) 

 
from sklearn.metrics import confusion_matrix 

from sklearn.metrics import accuracy_score 

 
cm = confusion_matrix(y_test, y_pred) 

print(cm) 

print('Accuracy' + str(accuracy_score(y_test, y_pred))) 
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from sklearn.metrics import confusion_matrix 

cm = confusion_matrix(y_test, y_pred) 

 
 

import numpy as np 

import pandas as pd 

import seaborn as sns 

sns.set_palette('husl') 

import matplotlib.pyplot as plt 

 
 

 
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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B. Screenshots 
 
 
 
 
 
 

 

Splitting Of Data 
 
 

 

Esi Vs Disposition 
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Age Vs Disposition 
 
 
 
 
 
 

 

Allergy Vs Disposition 
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Asthma Vs Disposition 


